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Abstract — The world is heading towards more modernized and
digitalized data and therefore a significant growth is observed in
the active number of social media users with each passing day.
Each post and comment can give an insight into valuable
information about a certain topic or issue, a product or a brand,
etc. Similarly, the process to uncover the underlying information
from the opinion that a person keeps about any entity is called a
sentiment analysis. The analysis can be carried out through two
main approaches, i.e., either lexicon-based or machine learning
algorithms. A significant amount of work in the different domains
has been done in numerous languages for sentiment analysis, but
minimal research has been conducted on the national language of
Pakistan, which is Urdu. Twitter users who are familiar with Urdu
update the tweets in two different textual formats either in Urdu
Script (Nastaleeq) or in Roman Urdu. Thus, the paper is an
attempt to perform the sentiment analysis on the Urdu language
by extracting the tweets (Nastaleeq and Roman Urdu both) from
Twitter using Tweepy API. A machine learning-based approach
has been adopted for this study and the tool opted for the purpose
is WEKA. The best algorithm was identified based on evaluation
metrics, which comprise the number of correctly and incorrectly
classified instances, accuracy, precision, and recall. SMO was
found to be the most suitable machine learning algorithm for
performing the sentiment analysis on Urdu (Nastaleeq) tweets,
while the Roman Urdu Random Forest algorithm was identified
as the best one.

Keywords — Machine learning algorithms, sentiment analysis,
Tweepy, WEKA.

[. INTRODUCTION

Sentiment analysis can be defined to identify humans’ views
and emotional behaviour in textual form, towards any product,
organisation, service, or individual. It is also a kind of data
mining, which involves the extraction of human opinions
through natural language processing (NLP) and text analysis.
Sentiment analysis is often termed “Opinion Mining”, for
which the source of data extraction is usually the Web [1]. In
this era, there are opinionated data of humans stored in digital
form, which are received from different discussion forums,
reviews, blogs, and available social media sites. Individuals
seek the opinions of others, while making any decision; this is
not only restricted to a person, but also organisations plan their
marketing strategies based on the reviews of their customers.
Thus, these opinions of others/customers are not limited to
friends and family, but there are many public forums available
on the Internet [2]. Sentiment analysis involves the
categorization of positive, negative, and at times neutral facts
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from the textual data available at hand. It is affecting a wide
range of domains and applications such as enhancing sales and
improving the marketing of a brand/product, identification of
political strategies and analysing the trends, and forecasting the
movement of the stock market by world news or financial
reports available online [3]. Over time, the concept of sentiment
analysis has grown beyond the detection of polarity; different
techniques are now available, which can detect the emotions of
the humans such as anger, happiness, and sadness. There are
two techniques available through which the sentiment analysis
can be performed. The first technique is machine learning-
based, which uses the well-labelled training dataset, and then
an automatic classifier is applied to it. The performance of the
classifier is evaluated by how well it predicts the polarity of a
sentiment(s) that is supplied to it through a test dataset. Machine
learning can further be divided into supervised and
unsupervised learning [4]. The second approach that can be
adopted for the sentiment analysis is lexicon-based, which can
assign the polarity to the sentence of a document based on the
words available in its dictionary. In this case, a dictionary is a
collection of positive and negative words that are either
collected manually or can be extracted from already shared
resources, such as SentiWordNet [5].

Apart from the English language, the sentiment analysis has
also been performed for the Arabic language. The Arabic
language is written from right to left and involves diacritical
marks. It has 28 letters, 25 consonants, and 3 vowels. Several
works have been done on the Arabic dataset, in which machine
learning algorithms, i.e., SVM and Naive Bayes have been
applied to the dataset of Arabic tweets. An attempt has also been
made to perform an aspect-based sentiment analysis, opinion
holder extraction, and opinion spam detection [6]. One of the
approaches of sentimental analysis lies in sentimental lexicon
that can be either a word or a phrase, which conveys either a
strong positive or strong negative emotion towards something
be it any product or an event. Similar study has been performed
in the Arabic language, in which a tweet regarding one brand
has been extracted. Arabic sentiment ontology has been made
consisting of 24 words that would express sentiments. Hence,
positive and negative emotions have been evaluated based on
ASO in that dataset of Arabic tweets [7].

Social media is an Internet-based platform, which is central
to user-generated content and provides public membership. It is
the most convenient way nowadays to propagate information to
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others in the blink of an eye. There are several social network
sites available, which are widely used by people around the
globe among which the most used one are Facebook, Twitter,
Instagram, YouTube, LinkedIn, etc. These sites can be
categorized into dimensions such as conversations, information
openness, connectivity, community formation, and
participation [8]. Social media sites generate unstructured data
in bulk amounts, on which the sentiment analysis can be applied
to gain valuable insights. The data of all public posts posted on
social media sites can be extracted through their respective
APIs (Application Program Interface), such as Twitter has its
user timeline API, streaming API, and REST API [9]. Similarly,
Facebook is another largest platform for people for expressing
their thoughts and ideas about areas such as politics, business,
government, health, etc. These data in textual format can be
extracted by using its Graph API [10]. Twitter was launched on
15 July 2006. It was first given the name Twttr; however, soon
after six months of its launch, its name was changed to Twitter.
The adoption of Twitter among the users of social media started
to increase in March 2007 as it was a micro-blogging site, which
caught the attention of the users [11]. Similarly, since the first
quarter of the year 2017, rapid growth in the number of Twitter
active users has been observed [12], as shown in Fig. 1.

Number of monetizable daily active Twitter users (mDAU) worldwide from 1st quarter
2017 to 2nd quarter 2020 (in millions)

Q117 Q2'17 Q3'17 Q417 Q118 Q2'18 Q3'18 Q4'18 Q1'19 Q2'19 Q319 Q419 Q1'20 Q2'20

Fig. 1. Twitter statistics for active number of users from Q1 2017 to Q2 2020.

The time spent by users on Twitter is 3.39 minutes per
session on average, on a daily basis. Moreover, the number of
tweets sent each day equates to 5787 tweets per second [13].
Initially, Twitter could not tweet with a maximum of 140
characters only which allowed its users to be brief and creative
with a post. It is termed a micro-blogging site; it allows the
users to post and share the posts, which are termed tweets [14].
Currently, Twitter supports 34 languages, the English language
being the topmost used language [15]. Urdu is the national
language of Pakistan. It is an Indo-Aryan language having its
roots in the Persian and Arabic languages. It is bidirectional
language, i.e., the text is written from right to left, while the
numbers are written from left to right. Urdu set consists of 38
alphabets; it has 7 diacritics marks which are optional, and 7
punctuation marks [16].

The main aim of this study is to perform the sentiment
analysis specifically on the Urdu language (both Urdu and
Roman Urdu). As far as social media platforms are concerned,

its users who can speak, understand, and write in Urdu update
their status or writing comments in both Urdu scripts, i.e.,
Nastaleeq, and in Roman Urdu. Hence, this study is an attempt
to perform the sentiment analysis on both Nastaleeq and Roman
Urdu by extracting the data from Twitter using its API called
Tweepy. This study will have its focus on experimenting with
the sentiment analysis for the Urdu language by using one of its
approaches, i.e., machine learning. Twitter will also be used to
gather the data for Urdu and Roman Urdu tweets. A lot of work
has been done on the sentiment analysis in the English language
and fewer studies have been performed on the sentiment
analysis in the Arabic language. However, detailed research has
not been conducted to date for performing the sentiment
analysis on Urdu (Nastaleeq) and Roman Urdu. There is certain
limitation that is faced while performing the sentiment analysis
on the Urdu language, such as a lack of lexicon, stop words, etc.
Considering the social media and its users in Pakistan, they
update their status on social media apps or write comments in
Roman Urdu (using the English language to write in Urdu), as
well as in actual Urdu (Nastaleeq), i.e., writing from right to left
in the Urdu language fonts. There is no denying the fact that
handling the Urdu script is an uphill task using the existing
tools. The present paper is organised as follows. Section II
covers a literature review to see what work has been done for
the Urdu language; Section III discusses the material and
methods used in this study; Section IV highlights the results and
findings and Section V discusses the study along with future
recommendations.

II. LITERATURE REVIEW

Content over social media has transformed over the years; it
has become a rich source for getting people’s opinions and
views regarding the specific topic, brands, products, social
issues, etc. Similarly, new research and techniques are
emerging with the passing days of performing text mining and
semantic analysis. This gives a path to gain valuable insights,
which exist within the data obtained from the data being
generated from social networking sites in all aspects of life
whether it is healthcare, politics, etc. In [17], an attempt has
been made by the author to analyse and predict the stock
movement of Microsoft by extracting the data from Twitter and
applying sentiment analysis to it. The data consisting of tweets
comprising of keywords #MSFT, #Microsoft, #Windows, and
other Microsoft brands have been collected for a certain date
range of the year 2016. Also, the stock prices (opening and
closing) of Microsoft have been obtained from yahoo. The data
are first pre-processed through three steps such as tokenization,
stop words removal, and regex. Extracted tweets are further
categorized as positive, negative, and neutral. Two methods
such as n-grams and word2vec have been used for textual
representation. This process further passes through model
training and is analysed for correlation of price and sentiment.
Thus, it has been found that strong relationships exist between
people’s reviews about a company, expressed through tweets
on Twitter, and the rise or fall of a company’s stock price.

The social media platform “Twitter” is also widely used by
sports fans; hence, the winner can already be predicted through
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user thoughts and reviews posted on Twitter. Similarly, in [18],
the winner of a premier league of football has been predicted.
The real-time based data from Twitter has been extracted from
Twitter API, which consists of all the tweets having hashtags
related to the league and is stored in the Central Sport system,
which is a tool for the Twitter collector and sentiment analysis.
Match results are obtained from ESPN.com. Every tweet is
analysed on two axes, such as tone and opinion finder. Separate
models are built based on objectively classified tweets, all
positive and all negative tweets. Social media being an open
platform for all of its users around the globe give people
freedom of speech. Whether it is the people protesting against
some issue or supporting any good cause; all of the thoughts of
people can be viewed and analysed on social media. Back in
2015, there were refugee crises in Europe and different views
were coming from different people. The sentiment analysis on
this crisis has also been performed in [19]. For this purpose, the
tweets in two different languages, i.e., English and German,
have been gathered. These data after being pre-processed and
filtrated undergo a natural language processing tool called
Linguistic Inquiry and Word Count (LIWC), which further
filters the tweets into emotions like positive, negative, anger,
and anxiety. The sentiment score has been calculated for each
category and in each language. The dataset obtained from
Twitter is mostly used for viewpoint analysis of users of
different things. The views can be positive, neutral, or negative.
One of the many ways to perform this analysis is to use a
cluster-based method, such as in [20]. A new method CSK has
been proposed by combining k-mean and cuckoo search. This
method inputs the Twitter data and clusters them into three
phases: (1) pre-processing of data, which removes all the noise
from the data such as URLSs, and hash (#) characters; (2) feature
extraction, i.e., alphabets are removed according to the
dictionary of stopwatch and acronym, and (3) hybrid clustering
using k-means. Then, the tweets are converted into the feature
vectors by segregating them into positive, negative, and neutral
emoji, positive and negative exclamation and negation, and
positive, negative, and neutral words. The results obtained from
the proposed method are then compared with cuckoo search,
improved cuckoo search, SVM-tri, and Naive Bayes-tri based
on statistical comparison of accuracy, computational time, and
fitness functional value. Thus, the proposed method has been
found most effective for the viewpoint analysis of Twitter data.

Twitter not having any language barrier, comprises millions
of tweets every single day. These tweets are not only restricted
to the English language, but users update their Twitter accounts
in their native languages as well. Similarly, thousands of users
are found that tweet in the Arabic language. Several attempts
have already been made by different authors/researchers to
perform the sentiment analysis in Arabic. However, Arabic is a
very challenging language for the sentiment analysis, as it is
written from right to left and may or may not have special
characters, which can also be termed as diacritical marks. A
hybrid approach has been proposed in [21], and manually
labelling data for the machine learning classifier SVM has been
tried. Twitter data have been collected using the Tweet
Archivist tool, based on the hashtag of the social issue in Saudi

Arabia. Of 500 000 crawled tweets collected, only 1103 tweets
have been left after data pre-processing and filtration. These
data are passed through a lexicon-based classifier, which gives
an output of labelled data, which is further passed through SVM
to build a classifier model using the WEKA tool. These labelled
classes are based on the negative and positive polarity of the
tweets. The results are based on the accuracy and the confusion
matrix. This study has proven that neither of the individual
approaches such as lexicon-based classifier or SVM can
achieve the highest accuracy of 84.01 % as this hybrid
approach.

An attempt has been made in [22] to identify which machine
learning algorithm best classifies the tweets either positive or
negative regarding healthcare. The data from Twitter was
extracted through Twitter API, using the keywords related to
healthcare in Arabic. Initially, 126 959 tweets were extracted
based on the keywords, such as dsall 3las 4w (Closing
Hospital), (e gl Asaally (Solving Health),
DR et dsal¥ (Improving Health), <l cilaaally daaliy
(Opinions about Health). Then, the data were pre-processed and
the noise was removed; the total number of tweets left was
2026. Further, the deep learning method was compared with the
machine learning classification algorithms such as naive Bayes,
logistic regression, and SVM, based on calculated accuracy.
Thus, SVM was found to be the best among all methods with
accuracy between 85 % and 91 %. Apart from the application
of linear models for the sentiment analysis on the Arabic data
of tweets, now research has also been started for the application
of deep learning models. Two models of deep learning such as
Convolution Neural Network (CNN) and Long Short-Term
Memory (LSTM) models have been combined to make an
ensemble model [23]. This model then predicts the sentiment of
Arabic tweets. All the tweets have a fixed size vector. CNN and
LSTM were trained with different hyper-parameters. These
data were divided into training (70 %), testing (10 %), and
validation (20 %). Thus, the ensemble model gave an accuracy
of 65.05 % and an F1 score of 64.46 %. Most of the work for
the sentiment analysis has been done in the English language,
while other languages hold minimal importance in the world of
social media, such as Urdu, which is the national language of
Pakistan. Twitter allows tweeting short blogs in Urdu as well.
However, Urdu on Twitter can be found in two different ways,
i.e., either in actual Urdu (Nastaliq) written from right to left
(using the Urdu language fonts) or it can be written in Roman
Urdu using the English language to write in Urdu. Very little
research and practical work have been done on the sentiment
analysis on Twitter in the Urdu language.

In [24] data based on 12 different hashtags were extracted.
#CrimeMinisterNawaz, #JiyeBhutto, #MaryamMeriAwaz, and
#PakStandsWithSC are to name a few. These tweets were first
extracted in the Urdu language by Twitter APl and then
translated into Urdu through translator API. The actual dataset
had 100 000 tweets, after pre-processing 6250 tweets were left.
These tweets were first analysed through three different
analysers, namely TextBlob, SentiWord, and W-WSD.
TextBlob had the highest number of positive tweets, i.c., 3380
with 54.08 %, while SentiWord gave 3054 — the highest
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negative number of tweets with 48.46 %. To verify the polarity
obtained from these sentiment analysers, the data were further
passed through two machine learning algorithms, i.e., Naive
Bayes and SVM. W-WSD analyser was found to give the
highest number of correct instances along with 79.00 % for the
given data using Naive Bayes, while TextBlob gave an
accuracy of 62.67 % using SVM. Another attempt was made in
[25], in which sentiment analysis was performed on a bilingual
dataset, i.e., data consisting of tweets in English as well as in
Roman Urdu. The data were extracted based on the hashtags
related to the General Election of Pakistan. 89 000 tweets were
collected out of which 82 224 were further classified as political
and 6847 as non-political. A bi-lingual sentiment lexicon (BSL)
was developed using WordNet, SentiStrength, and a bilingual
glossary. The sole purpose of BSL was to calculate the
frequency of terms used in tweets in the language to give them
strength also known as sentiment scores. Thus, English tweets
had the strength of 2600 words and Roman Urdu had 3200
words. Results were analysed by evaluating the measure of
recall, precision, accuracy, and F-measure.

Many tweets are updated in Urdu, which is related to
different political situations prevailing in Pakistan; similarly,
the polarity of these views can be measured by the sentiment
analysis. An attempt was made in [26], in which data of 2703
tweets in Roman Urdu from Twitter were extracted based on
the hashtags of cellular companies, such as Ufone, Zong,
Mobilink, Warid, and Telenor by using Twitter API. The
statistical calculations were done using the R language. The
polarity of the tweet was analysed by giving a weighted score
through SENTIWORDNET. Six machine learning algorithms
such as bagging, SVM, Boosting, Forest Tree, Maxen, and
Naive Bayes were compared based on precision, recall, and F
score. Thus, bagging was found to predict the best results of
sentiments among all. The results of sentiment analysis may
differ in different languages; in [27], Twitter data were
extracted based on six different keywords in Urdu and English.
The keywords were Pakistan, Imran Khan, Nawaz Sharif,
Bhutto, justice, and Dam. First, the sentiment analysis was
performed on English tweets of keywords and then on Urdu
tweets. As for in English the keyword “Pakistan” had the
highest strength of 42 %, while the keyword “Justice” had the
lowest strength of 14 %. The keyword “Imran Khan” had the
polarity of 9:7, i.e., 9 positive and 7 negative. However as of
Urdu the keyword “a 3 had the highest strength of 20 % and
“a 4 )5 had 0 % strength. Also, the keyword “Imran Khan”
had a sentiment of 11:3 i.e., 11 positive and 3 negatives, unlike
the result obtained in English for the same keyword which was
9:2. It was observed that Roman Urdu differs in many ways, in
terms of how people write it. Everyone has a different style of
spelling words. Thus, it does not have any standard for writing
it. An attempt was made by the authors in [28] to perform the
sentiment analysis on Roman Urdu. The data extracted was
based on people’s reviews of different products on an e-
commerce site known as Daraz.pk. The data of 80 285 reviews
were collected and stored as vector space models, which were
then labelled as negative, positive, and neutral. Later support
vector machine algorithm was applied with the linear and cubic

kernel. To make SVM classify multiple classes, two approaches
such as one-vs-one (OVO) and one-vs-all (OVA) were adopted.
The algorithms were applied directly to complete data, and it
was found that the cubic kernel was marginally better than the
linear one as both of them showed the accuracy of sentiment N,
i.e., Neutral as high, while sentiment analysis for E, i.c.,
negative remains a challenge. The technique of deep learning
was also applied for the sentiment analysis in Roman Urdu. The
author of the paper [29] used a deep neural network long short-
term memory (LSTM) model on the Roman Urdu dataset. The
training model was built by using four layers: the input
(embedding) layer, the hidden layer, the LSTM layer, and the
output layer. The cross-validation approach was applied with
10-folds in which 90 % was used as training while 10 % for the
validation testing. The obtained results were compared with the
machine learning-based classifiers that were Naive Bayes,
random forest, and SVM. Thus, it was found that the proposed
deep learning model was able to give better results with the
highest accuracy of 0.95180 among the other three machine
learning classifiers. Similarly, in [30] it was found that around
64 million people spoke the Urdu language and knew about its
Roman script. In the, a deep learning model was proposed
which was able to mine the emotions and feelings of people in
Roman Urdu. Two types of classifications were carried out
known as binary classifications and tertiary classification. It
was concluded that the RCNN model performed exceptionally
better than the baseline models with an accuracy of 0.652 for
binary classification and 0.572 for tertiary classification.

III. MATERIAL AND METHODS

This section of the research illustrates the methodology that
has been adopted to perform the sentiment analysis of the Urdu
language. There are two ways through which the sentiment
analysis can be performed: one is lexicon-based, and the second
is machine learning-based. Since the Urdu language is very rich
in terms of morphology, creating lexicons in Urdu is a
challenging task. Therefore, a machine learning approach has
been selected for this study. First, the medium that is used for
the data collection is Twitter, a well-known social media site.
The tweets are extracted in the Urdu language, i.e., in Roman
Urdu and the tweets are written in Urdu scripts (Nastaleeq).
Access to Twitter data has been gained using one of twitter’s
APIs called TWEEPY API. Second, the extracted data are pre-
processed. Third, the pre-processed data are translated into the
English language. Next, polarity is assigned to each tweet by
using NLTK and TextBlob library of python. In the next step,
the obtained data are prepared for training and testing and are
further passed through several machine learning algorithms
available in the WEKA tool.

A. Data Collection and Tools

Tweets that are updated in Urdu language (Nastaleeq and
Roman) on Twitter have been extracted using Tweepy APIL
Python is used as a programming language for API and data
extraction. Lastly, sublime text editor has been used as an editor
for writing down the code.
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B. Data Analysis Model

The extraction of tweets from Twitter begins by selecting the
hashtags. The selected hashtags serve as the baseline for
collecting the tweets related to one specific domain. In this
study, several hashtags have been used that are related to the
prevailing corona virus and its situation in Pakistan only.

#LockdownExtended

#StayStrongImranKhan
#PMIKFightsCorona

#CoronaVirusPakistan
#CoronalnPakistan
#sealeddown

#stayhomestaysafe
#COVIDisnotFlu
#PakistanFightsCorona

#COVID-19 #CoronaFreePakistan #WeStandWithPMImranKhan
#COVID-19 #StaySafeStayHome #TigerForce
#COVID-19 #StayAtHomeChallenge #LockdownEnd

#LiftingRestrictions #CoronaVirus
#PMIKCoronaFund

#COVID19outbreak

#lockdownpakistan

#PakistanUnited AgainstCorona #PunjabFightsCorona

The extraction took place at different time intervals,
depending upon the fact that either of the mentioned hashtags
is trending on Twitter or not. Once a topic is trending on
Twitter, the chances of getting a maximum number of tweets is
getting higher. The Tweepy API supports the Urdu language;
similarly, a python code was used along with the API to extract
the tweets only in the Urdu language given the hashtags. A
condition was added in the code to discard all the tweets that
were in another language except for Urdu. During this
extraction, the pre-processing of data was also done to save the
clean tweets in a CSV file.

The total number of tweets gathered was 2300. In this
dataset, there were some tweets, which only included unwanted
text followed by a link such as « sy <K 2 ol S _6Sas %
w S KK Thus, such kinds of tweets were removed and the
final dataset that was obtained had 1914 tweets, which were
further used to perform the sentiment analysis. The pre-
processing steps were performed.

The process to gather the tweets in Roman Urdu is similar to
the extraction process of tweets in the Urdu language
(Nastaleeq). Except for the fact that Roman Urdu is similar to
the English language in terms of the alphabet and letters used
for it. Similarly, the identification of tweets written in Roman
Urdu that differs from actual English was a challenging task in
the research. To overcome this challenge, the hashtags that were
selected for this purpose were solely related to ongoing political
issues in Pakistan. Also, a condition was added in the python
code to exclude all the tweets that were found either in English
or Urdu, leaving behind the tweets that were in Roman Urdu
only based on the selected hashtags.

The hashtags used are provided below. 1127 is the total count
of the tweets in Roman Urdu that were gathered after the
extraction and basic pre-processing. The pre-processing steps
were performed.

#CorruptionDushmanARY #Patwari #LanatARY
#calloffuniversityexams #SindhDushmanPPP #BilawalBhuttoTheLeader
#SindhDushmanARY #supportARY #ARYNewsUrdu
#ARYNews #chorPPP #ARYLanat

#PMIK #BoycottARY #WeWillExposeARY
#We_love_ARY #igrarulhassan #PMImranKhan

#PPP #GoNaiziGo #ImranKhan
#extendlockdown #TeamSareAam #imrankhanPTI
#SaeedGhani #BilawalBhuttoJawabDo #ThankY ouPMIK
#SindhGovt #We_love_iqrar #kaptan

#ARYNiazi #bhuttozardari #PEMRAShouldBanlqrarARY

The next step after the tweet extraction was to get the polarity
of each tweet to get the labelled data. The labelled data were
used to implement the machine learning approach of sentiment
analysis. Python provided the packages, which could
automatically detect the sentiment of a sentence whether the
sentence was positive, negative, or neutral. These packages are
NLTK (Natural Language Toolkit) and TextBlob. NLTK takes
the string as an input, tokenizes it into words, removes the stop
words, and then performs stemming. It also tags each word of a
string into parts of speech. These words are then matched with
the words available in the bag of words to get the sentiment
scores. In NLTK, the bag of words that is used is called
SentiWordNet. This is how NLTK works and assigns the
polarity of each sentence in a dataset. TextBlob, in turn, is built
upon NLTK, as it uses the NLTK corpora only. TextBlob
identifies the polarity by calculating the number of positive and
negative words in a sentence [31]. The mentioned two libraries
of python do not provide support for the Urdu language. Also,
there is not any python library, which has tokens for Urdu
words, Urdu POS, complete and authentic list of positive and
negative words. Due to this reason, the polarity of extracted
Urdu tweets cannot be detected. To overcome this issue, the
Urdu tweets were translated into English using the Google
translator API provided by python. After the translation, the
polarity was assigned using TextBlob and NLTK. A CSV file
having Urdu tweets was passed through the python code with
Google translator API. Once the tweets were translated into
English, they were again saved into a CSV file. In the next step,
the translated tweets were given the polarity by using NLTK
and TextBlob. The tweets underwent some basic pre-processing
again that was mentioned earlier to avoid unwanted noise that
might have occurred during the translation. If the polarity of the
tweet was greater than zero (0), then it was declared as positive;
if it was less than zero (0), then it was declared as negative.
Moreover, if the polarity of the tweet was exactly zero (0), then
it was declared neutral. Table I depicts the polarity assignment
to Roman Urdu Tweet as an example.

Roman Urdu is written using the English letters and
alphabets, but it differs from the English language. Similarly,
the python libraries NLTK and TextBlob cannot be used for
gaining the polarity of Roman Urdu tweets. Therefore, in this
study, the collected Roman Urdu tweets from Twitter were
converted into the English language by using an online website
https://www.ijunoon.com/. After the tweet conversion from
Roman Urdu to English, the tweets were passed through NLTK
and TextBlob to assign the polarity to each tweet. Table II
depicts the polarity assignment to Urdu Tweet as an example.

Stop words can be defined as those words in a natural
language that carry little or no information at all. These are the
words that occur frequently in the documents, but they are less
informative. Removal of such words from the text helps in
significant information retrieval. The removal of stop words
usually takes place in the pre-processing step of data. Thus, the
elimination of such uninformative words from a sentence or
document plays an important role in gaining better efficiency
and accuracy of textual data [32]. Several works and studies
were performed in the past for the development of stop word
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list in the Urdu language for both Natalee and Roman Urdu. In
[33], an algorithm was proposed, which removed the stop words
from Urdu documents. The methodology of this algorithm was
defined by using deterministic finite automaton (DFA).
However, as a result, there was no stable list of stop words
obtained by using the proposed algorithm. The authors of the
paper [34] attempted to perform text classification in the Urdu
language for which stop word removal was an essential step in
pre-processing. Hence, a list of stop words was built manually
based upon the data used. The list also included Arabic words.
In this study, while considering the stop words for Urdu
language (Nastaleeq), a list has been compiled for stop words
from three different sources. The sources along with the number
of words obtained from each source are mentioned below:

e  Ranks NL: This is an online website that provides stop
words in 40+ languages. A list consisting of 548 Urdu
stop words has been obtained from this site. This source
can be accessed at
https://www.ranks.nl/stopwords/urdu. However, in the
provided list some words have been found, which do not
belong to the Urdu language, and some have been
duplicated. Hence, after the elimination process, 286
stop words have been obtained from this source.

e The second source, which has been used to get the Urdu
stop words, is the paper [35]. An algorithm was designed
that identified the most frequently used words in each
document. This algorithmic approach was implemented
on the publicly available dataset of BBC Urdu news
articles. The authors were able to get 93 different stop
words for the Urdu language.

e  The third source which has been used in this study is the
paper [36]. The authors of the paper have attempted to
present the list of 783 Urdu stop words. These words
have been obtained by translating the available list of the
English language stop words into Urdu.

Similarly, after the stop word data collection from the above-
mentioned sources, the duplication was removed to get the
unique set of words. The final list that has been obtained
consists of 1003 stop words in the Urdu language (Nastaleeq
script).

Urdu written in the Roman script is called Roman Urdu.
Currently, there is no proper standard defined for writing
Roman Urdu. It also has many irregularities in spelling;
therefore, every other user on social media is updating their
posts, tweets, or writing comments in their style in Roman
Urdu. As far as this study is concerned, a list of stop words for
Roman Urdu has been prepared manually. The stop words are
extracted directly from the data used for the sentiment analysis,
1.e., the tweets extracted in Roman Urdu from Twitter. The final
list that has been obtained consists of 8§15 stop words of Roman
Urdu.

C. WEKA

WEKA stands for Waikato Environment for Knowledge
Analysis. This tool is easily available online and has a public
license. WEKA supports several machine learning tasks, such

as classification, clustering, regression, attribute selection,
visualization, and most importantly data pre-processing [37].

The testing and training dataset has been divided in the ratio
of 70:30 (refer to Table III). The training set comprises 70 % of
the tweets, while the remaining 30 % is used for testing. The
total number of tweets in the Urdu language is 1914, out of
which 1414 are reserved for the training purpose and the
remaining 500 — for testing. As for Roman Urdu, the dataset
consists of 1127 total tweets. Out of the total count, 789 tweets
are used for training the machine learning algorithms, while 338
tweets are used for testing purposes.

The dataset is prepared in .arff file format that will be loaded
into WEKA. The attributes of the dataset are the following:

@relation Urdu_SA;

@attribute Tweet Urdu string;

@attribute 'Class' {'Positive','Negative', Neutral'}.

Pre-processing is the most important step that has to be
performed before the application of any machine learning
algorithm on the dataset. Similarly, in the research, the training
is first loaded into WEKA using the explorer tab for pre-
processing. Feature extraction is the first step in pre-processing.
Feature extraction can be described as an initial reduction in a
dataset without the loss of important and relevant information.
It extracts the important features or variables from the dataset
through different techniques, thereby reducing the machine
learning algorithm effort in building a classifier. It also helps in
improving the accuracy of the selected classifier for the dataset.
There are different methods available for feature extraction
such as a bag of words, word embeddings, TF-IDF and count
vectors. However, in this study TF-IDF has been used [38].
StringToWordVector filter, which is available in WEKA, was
applied.

Along with feature extraction, some other task of pre-
processing has also been carried through the
StringToWordVector filter, which is listed below:

e TF-IDF stands for Term Frequency-Inverse document

frequency. It helps in identifying how important a
certain word is to the document or a sentence. If a word
has a high occurrence in a document, then its importance
also increases, while this importance is offset by its
frequency in a corpus [39].
For example, the word “S”, “ =7, “ux” etc. may appear
very frequently in a document as well as in a complete
corpus, while the word “< ) a1 53” may occur frequently
in a single document, but not in the whole corpus; thus,
it would be considered relevant and important
information for the analysis.

e LowerCaseToken parameter was used during the pre-
processing of Roman Urdu only. All the words were
transformed into lower case alphabets so that all the
words were in the same format for further analysis.

e StopwordsHandler. In this parameter a file was given
input which consisted of compiled stop words for Urdu
(Nastaleeq) and Roman Urdu. The stop words were used
in the respective pre-processing of Urdu and Roman
Urdu.
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e Tokenizer splits the words present in a string into a
single token. These tokens are identified by WEKA
using different delimiters. The delimiters used by the
tool are \r\n\t,,::\\"()?!"

e WordsToKeep. This parameter allows the user to set the
possible limit of words per class. It helps in keeping a
maximum number of words even with the smaller
frequency, which may be useful when building a
classifier for the given dataset. In this study, the range
was set as 10 000.

Other available parameters for StringToWordVector were
not utilized in this study; hence, they were left with the default
settings. The dataset was already pre-processed as per the
requirement with the above-mentioned parameters. The last
attribute of the loaded dataset in WEKA is considered the Class.
However, in this case, after the StringToWordVector filter was
applied to the dataset of Urdu and Roman Urdu tweets, the class
was found to be the very first token. Similarly, the dataset was
edited in WEKA and the column of the class was declared as
“Attribute as Class” and was moved to the last attribute.

In the next step, another filter “NumericToBinary” was
applied. This filter is used to normalize the attributes by
converting each attribute into binary form, thereby assigning
the value either 0 or 1. In the next step, another filter “Attribute
Selection” was applied. The reason for applying this filter was
to find the importance of attributes. Only applicable attributes
are involved in the data mining process, instead of processing
all the attributes. This way performance of the mining task is
increased, and it will reduce the processing time as well. Thus,
attribute selection algorithms are applied before implementing
other data mining tasks. Attribute selection can be performed in
two steps. The first step is subset generation, and the second
step is ranking [40]. In this case, InfoGainAttributeEval was
used followed by Ranker search. The training and testing
dataset is passed through the previously mentioned pre-
processing steps. Table IV represents the number of attributes
obtained after the successful execution of pre-processing phase
on the testing and training dataset.

The next step is to train these datasets with different machine
learning algorithms in WEKA and then test the trained models.

TABLE I
EXAMPLE OF POLARITY ASSIGNMENT TO EXTRACTED URDU TWEETS
Urdu Tweet English Translated Tweet Pre-Processed English Tweet Obtan'led Polarity
Polarity Label
S Jad ) sea (S Uy S e g sas alile _SLia| Corona's situation began to improve in Corona's situation began to 0.6 Positive
SN s different parts of the world improve in different parts world )
Eil o€ 55 oS Il s 0o 8 s S a3 s " . 3
S (855 (S e s 0 a5k (S Uiy G S| Corona wrapped up the world's three- | Corona wrapped world three half: —0.166666667| Negative
WS S and-a-half-year development year development
i - " . ;.| Oh Allah eradicate this epidemic from | Allah eradicate epidemic Pakistan
| asSh S L u [P
Ol 22 S o5 o (RSl Sl S S0l Al Pakistan. Amen Amen 0 Neutral
TABLE I
EXAMPLE OF POLARITY ASSIGNMENT TO EXTRACTED ROMAN URDU TWEETS
Roman Urdu Tweet English Translated Tweet Pre-Processed English Tweet Obtan'led Polarity
Polarity Label
ARY corruption ke khelaf awaz otane ka ARY, thank you for speaking out ARY thank you for speaking .
. . . . . 0.7 Positive
shukeria against corruption against corruption
Lanat ho aise jhoti media p Damn such false media Damn such false media -04 Negative
Corrupt logon sy sawal tu hoga Corrupt people will be questioned Corrupt people questioned 0 Neutral
TABLE III
TESTING AND TRAINING DATASET OF URDU (NASTALEEQ) AND ROMAN URDU
Positive Negative Neutral Total Training Testing
Tweet Tweet Tweet Dataset Dataset
Urdu (Nastaleeq) 586 379 949 1914 1414 500
Roman Urdu 378 300 449 1127 789 388
TABLE IV
NUMBER OF ATTRIBUTES OBTAINED AFTER PRE-PROCESSING IN WEKA TESTING AND TRAINING DATASETS
Training Dataset Testing Dataset
Number of Number of Number of Number of
Instances Attributes Instances Attributes
Urdu (Nastaleeq) 1414 3184 500 2158
Roman Urdu 789 3872 338 2193

After the training and testing datasets were prepared, the next
step was the selection of a machine learning algorithm to be
used for the sentiment analysis. Currently, the following are the
two approaches that exist for machine learning:

e  Supervised Machine Learning: Supervised learning can
train the machine with the help of a well-labelled
training dataset. The training dataset already has the
instances tagged with the correct answers. Once the
model is built, a testing set is supplied with unlabelled
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instances. The trained model then produces the correct
outcome for the testing dataset. Supervised learning can
further be divided into classification in which an output
label is a class such as rainy day, sunny day, patient, non-
patient etch and other is regression in which the output
label is a real-time numeric value such as price, weight,
etc. [41].

e  Unsupervised Machine Learning is based on the logic of
building the model with training data that does not have
any labelled class. It works by making groups of similar
data, analysing the patterns, making some rules, etc.
Unsupervised learning is further classified into
clustering and association [41].

Thus, in this study supervised machine learning approach
was adopted. Similarly, for this purpose classification
algorithms were needed. WEKA provides a number of the
classification algorithms. All of these algorithms were first
trained by using the pre-processed training dataset. After that,
the trained models were re-evaluated by supplying the test
dataset.

Evaluation of a machine learning model is as important as
building it on the desired dataset. Evaluation metrics identify
the algorithm or model that is most suitable and robust for
providing the solution to a given problem. Similarly, in this
study, four parameters have been selected to find near to the
best algorithm for sentiment analysis of Urdu (Nastaleeq) and
Roman Urdu.

e Accuracy defines how effective a model is on the
provided dataset. The ratio of correct predictions made
to the total number of predictions is termed accuracy.
The higher the accuracy of the classifier, the better the
model is [42].

Number of correct predictions

A ccuracy = .
Y Total Number of predictions made

In other words, it can also be said that the ratio of true
positive and true negative to the total number of assessments is

called accuracy. It is the proportion of the true results in a
sample.

TP+ TN
TP+TN+FP+FN’

Accuracy =

where

TP = True Positive (Actual class is positive and so is the

predicted class);

TN = True Negative (Actual class is negative and so is the

predicted class);

FP= False Positive (Actual class is negative, but predicted

class is positive);

FN = False Negative (Actual class is positive, but predicted

class is negative).

e  Precision is measured by dividing the true positive class
in a model that was correct in the actual result also to the
total number of predicted true positive and false positive.
Precision has a range between 0 and 1, where 0 indicates
low precision and 1 indicates high precision [43].

TP
TP+FP’

e The recall is defined as the ratio of correctly identified
positive values to the total number of actual values. Like
precision, it also has a range between 0 and 1, where 1
is the highest range and 0 is the lowest. The more recall
a value gets closer to the range of 1 the more a model is
considered to yield the best results [43].

Recall = L
TP+FN

e F-Measure is a combined measure for precision and
recall as it maintains the balance between both. It also
takes into account both FN and FP as they should have
minimum cost in the model to gain high accuracy [43].

2 (Precision - Recall)
(Precision + Recall) '

Precision =

F —Measure =

IV. RESULTS

This section of the research gives a detailed view of the
experiments carried out for the sentiment analysis of the Urdu
language (Nastaleeq) and Roman Urdu. The results obtained
from different classifiers on the dataset extracted from Twitter
have been discussed.

A. Urdu (Nastaleeq)

All the existing classifiers in WEKA mentioned previously
also were applied to the training dataset of Urdu (Nastaleeq)
tweets to perform the sentiment analysis. The total number of
the classifier is 31 and each of them is applied to the dataset.
Execution of each classifier on the extracted dataset from
Twitter played a significant role in identifying the most
appropriate machine algorithm for the sentiment analysis,
specifically in the Urdu language. During the experiment, it
was observed that the results were obtained for 17 classifiers
out of 31, while 14 classifiers were unable to give any results
using WEKA.

The total number of instances for the training dataset was
1414, while for the testing it was 500. Once the classification
model was built on the training data, the test data were provided
to further predict the sentiment of the Urdu tweet. The most
suitable algorithm that was found for this experiment was SMO
(Sequential Minimal Optimization). This algorithm was
anticipated in 1998 by John Platt. SMO is used for the training
purpose of Support Vector Machine (SVM). The core purpose
of SVM is to create boundaries between the classes involved in
training and testing datasets, thereby considering the error risk
involved in it. To achieve this goal, SVM requires the solution
for large quadratic programming (QP) problems, which in turn
requires plenty amount of time [44]. Similarly, SMO provides
support to SVM by dividing the large QP problems into series
of smaller QP chunks and then solving them analytically. This
ability of SMO also reduces the time needed for training the
dataset for SVM. Also, SMO can handle very large datasets
easily as the amount of memory it requires is linear in the
provided training data [45]. SMO had the highest accuracy of
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83.6 % among other classifiers. 418 instances out of 500 were
correctly classified by SMO, while only 82 instances were
classified incorrectly. Based on the classification identified by
SMO, it also satisfied the passing criteria of the evaluation

metrics as it had the precision value of 0.837; recall was
obtained as 0.836 and F-measure as 0.833. The results obtained
by all other classifiers are shown in Table V.

TABLE V
RESULTS OF MACHINE LEARNING ALGORITHM ON A DATASET OF URDU (NASTALEEQ) TWEETS FOR SENTIMENT ANALYSIS
Total Test Correctly | Incorrectly | Total
Classifiers in WEKA Instance Classified | Classified |Accuracy| Precision Recall F-Measure
Instances Instances %

Random Forest 500 413 87 82.6 0.849 0.826 0.820
Random Tree 500 386 114 77.2 0.770 0.772 0.769
REP Tree 500 283 217 56.6 0.555 0.566 0.521
LMT 500 N/A N/A N/A N/A N/A N/A
J48 500 359 141 71.8 0.725 0.718 0.707
Hoeffding Tree 500 389 111 77.8 0.779 0.778 0.774
Decision Stump 500 N/A N/A N/A N/A N/A N/A
BayesNet 500 392 108 78.4 0.798 0.784 0.775
NaiveBayes 500 N/A N/A N/A N/A N/A N/A
NaiveBayesMultinomialText 500 N/A N/A N/A N/A N/A N/A
NaiveBayesUpdateable 500 N/A N/A N/A N/A N/A N/A
IBK 500 393 107 78.6 0.793 0.786 0.780
K-Star 500 N/A N/A N/A N/A N/A N/A
LWL 500 N/A N/A N/A N/A N/A N/A
Logistic 500 N/A N/A N/A N/A N/A N/A
MultilayerPerceptron 500 N/A N/A N/A N/A N/A N/A
SimpleLogisticRegression 500 408 92 81.6 0.819 0.816 0.814
SMO 500 418 82 83.6 0.837 0.836 0.833
AdaBoostM1 500 263 237 52.6 ? 0.526 ?
Bagging 500 341 159 68.2 0.694 0.682 0.664
AttrributeSelectedClassifier 500 N/A N/A N/A N/A N/A N/A
ClassificationViaRegression 500 259 241 51.8 ? 0.518 ?
CVParameterSelection 500 259 241 51.8 ? 0.518 ?
FiletredClassifier 500 359 141 71.8 0.725 0.718 0.707
IterativeClassifierOptimizer 500 285 215 57 0.562 0.570 0.527
LogitBoost 500 285 215 57 0.562 0.570 0.527
MultiScheme 500 259 241 51.8 ? 0.518 41
MultiClassClassifierUpdateable 500 N/A N/A N/A N/A N/A N/A
RandomCommitte 500 N/A N/A N/A N/A N/A N/A
RandomizableFilteredClassifier 500 N/A N/A N/A N/A N/A N/A
RandomSubSpace 500 N/A N/A N/A N/A N/A N/A

It is evident from the graphical representation of the accuracy
in Fig. 2 that the SMO algorithm had the highest accuracy
compared to other classifiers, which were used in this study for
the Urdu tweet dataset.

Also, it was able to classify a maximum number of instances
correctly out of 500, while three algorithms, i.e., IBK, Logistic,

and Bagging, classified the least number of instances, which
was 259. These three algorithms had the highest number of
incorrectly classified instances (241).

SMO also satisfied the evaluation parameters. The results
obtained for precision, recall, and F-Measure were near to the
best for the supplied dataset.
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Fig. 2. Accuracy obtained for each classifier for Urdu tweets.

B. Roman Urdu

Considering the results of the sentiment analysis for Roman
Urdu, training models were built with 31 different classifiers
available in WEKA. The training dataset comprised 789 tweets
with labelled sentiment class, i.e., Positive, Negative and
Neutral, while the testing dataset had 388 tweets. However, out
of these 31 classifiers, training models were successfully
executed for 27 classifiers only. The remaining five
classification algorithms were K-Star, LWL,
MultilayerPerceptron, and AttrributeSelectedClassifier. These
algorithms in WEKA took a much longer time such as
60 minutes, but they failed to successfully execute on the given

dataset and hence no training model was obtained. During the
experiment, it was also observed that precision and F-measure
were not calculated by WEKA for the classifiers, which had an
accuracy of less than 40 %. Such classifiers are DecisionStump,
NaiveBayesMultinomial Text, AdaBoostM1,
ClassificationViaRegression, = CVParameterSelection and
MultiScheme. Among all the applied classifiers, Random
Forest was found to be the best for Roman Urdu. Random forest
(RF) was proposed by Leo Breiman and Adéle Cutler in 2006.
It is based on the technique of ensemble learning. Before
random forest, there were only two classifiers available that
worked on the logic of ensemble learning, i.e., boosting and
bagging [46]. During the training phase, RF builds several
decision trees also known as the forest of decision trees. Thus,
the greater the forest, the highest the accuracy gained by the
classifier. When it comes to predicting the data in the test
dataset it works on the mechanism of voting, i.c., each of the
created decision trees gives the class prediction vote for the test
instance. Random forest assigns the class or category that has
most of the votes [47]. It has achieved an accuracy of
89.0533 %. Also, it was able to classify 301 instances correctly
out of 388 in the test dataset. The precision was 0.895, the recall
was 0.891 and F-measure was 0.891. Table VI is the tabular
representation of the results obtained for Roman Urdu
sentiment analysis by WEKA.

TABLE VI
RESULTS OF MACHINE LEARNING ALGORITHM ON A DATASET OF URDU (NASTALEEQ) TWEETS FOR SENTIMENT ANALYSIS
Total Test Correctly | Incorrectly | Total
Classifiers In WEKA Instance Classified | Classified |Accuracy| Precision Recall F-Measure
Instances Instances %

Random Forest 388 301 37 89.0533 0.895 0.891 0.891
Random Tree 388 290 48 85.7988 0.860 0.858 0.859
REP Tree 388 176 162 52.071 0.531 0.521 0.515
LMT 388 292 46 86.3905 0.864 0.864 0.864
J48 388 229 109 67.7515 0.692 0.678 0.675
Hoeffding Tree 388 261 77 77.2189 0.808 0.772 0.771
Decision Stump 388 126 212 37.2781 ? 0.373 ?
BayesNet 388 269 69 79.5858 0.823 0.796 0.796
NaiveBayes 388 261 77 77.2189 0.808 0.772 0.771
NaiveBayesMultinomialText 388 118 220 349112 ? 0.349 ?
NaiveBayesUpdateable 388 261 77 77.2189 0.808 0.772 0.771
IBK 388 295 43 87.2781 0.882 0.873 0.874
K-Star 388 N/A N/A N/A N/A N/A N/A
LWL 388 N/A N/A N/A N/A N/A N/A
Logistic 388 290 48 85.7988 0.861 0.858 0.858
MultilayerPerceptron 388 N/A N/A N/A N/A N/A N/A
SimpleLogisticRegression 388 273 65 80.7692 0.811 0.808 0.808
SMO 388 297 41 87.8698 0.879 0.879 0.879
AdaBoostM1 388 126 212 37.2781 ? 0.373 ?
Bagging 388 238 100 70.4142 0.715 0.704 0.702
AttrributeSelectedClassifier 388 N/A N/A N/A N/A N/A N/A
ClassificationViaRegression 388 118 220 349112 ? 0.349 ?
CVParameterSelection 388 118 220 349112 ? 0.349 ?
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Classifiers In WEKA Instance Classified Classified |Accuracy| Precision Recall F-Measure
Instances Instances %
FiletredClassifier 388 229 109 67.7515 0.692 0.678 0.675
IterativeClassifierOptimizer 388 138 200 40.8284 0.536 0.408 0.321
LogitBoost 388 171 167 50.5917 0.542 0.506 0.487
MultiScheme 388 118 220 349112 ? 0.349 ?
MultiClassClassifierUpdateable 388 298 40 88.1657 0.885 0.882 0.823
RandomCommitte 388 290 48 85.7988 0.861 0.858 0.858
RandomizableFilteredClassifier 388 288 50 85.2701 0.854 0.852 0.852
RandomSubSpace 388 215 123 63.6095 0.695 0.636 0.626
Two algorithms, ie., Random  Forest and  in morphology; also, its grammar differs from English and other

MultiClassClassifierUpdateable were able to gain the highest
accuracy, which was very close to each other, but Random
Forest ranked first among all classifiers as it had an accuracy of
89.0533, a bit higher than MultiClassClassifierUpdateable,
which had the accuracy of 88.1657. As it can be seen in Fig. 3,
four algorithms out of 31 produced the worst results in terms of
accuracy, which was 34.9112. These classifiers are
NaiveBayesMultinomialText,  ClassificationViaRegression,
CVParameterSelection, MultiScheme.
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Fig. 3. Accuracy obtained for each classifier for Roman Urdu tweets.

Random forest yields the best results by classifying the
highest number of tweets correctly in the testing dataset
compared to other classifies.

V. DISCUSSION

Sentiment analysis has been performed in many languages to
extract valuable information about products, brands, politics,
etc. Such languages are very rich in sentiment analysis
resources; the most important resource, in this case, is the
availability of the lexicons, while other resources include stop
words, techniques for tokenization, and stemming. Thus, unlike
other languages, the Urdu language has poor resources for
performing the sentiment analysis. The Urdu language lacks the
availability of lexicons, similarly, the stemming of Urdu words
gets more complicated. The most used python packages for the
sentiment analysis (TextBlob and NLTK) work for 21 different
languages, but they do not provide support for the Urdu
language. This is because Urdu (Nastaleeq script) is very rich

languages. Also, stop word removal is a very important task in
the approach of sentiment analysis, i.e., lexicon-based or
machine learning. However, there is no authentic resource
available for the compiled stop words.

VI. CONCLUSION

This study aimed to perform the sentiment analysis of the
national language of Pakistan (Urdu). Urdu is found on all
platforms of social media and a wide range of its users use their
national language (Urdu Script and Roman Urdu) to express
their thoughts on different topics/issues going around the globe.
Therefore, in this study, Twitter opted as the medium for data
extraction in the form of Urdu (Nastaleeq and Roman Urdu)
tweets. The data were extracted in different time intervals using
Tweepy API. Also, Urdu is a resource-deprived language when
it comes to the sentiment analysis compared to other rich
languages, on which a wide variety of research has already been
done for sentiment extraction using the lexicon-based approach.
Especially, Roman Urdu has many irregularities in its spelling
and allows for free-style writing. Thus, the Urdu language
(Nastaleeq and Roman Urdu) lacks the lexicons and its
associated components such as stemming, tokenization, and
lemmatization. Another step in the research of sentiment
analysis specifically for the Urdu language can be the creation
of lexicons, which might yield better results than other available
approaches. Due to this reason, a machine learning approach
was adopted to perform the sentiment analysis in this study.

Once the data were successfully extracted and pre-processed,
each tweet was assigned the polarity and 31 different classifiers
were applied to the obtained dataset. The best one was chosen
for Urdu and Roman Urdu based on the evaluation metrics.
SMO was found best for the sentiment analysis on Urdu
(Nastaleeq) and Random Forest ranked number one for Roman
Urdu. Also, the stop word list has been compiled for Urdu script
from three different sources, while stop words were extracted
manually from the dataset for Roman Urdu. The training and
then testing of the classifiers took place in the tool WEKA.
These lists of stop words can play a significant role in future
research on the Urdu language. Moreover, in this study, some
of the classifiers out of 31 were unable to give any results in the
WEKA tool on the provided dataset. Thus, in the future, a
different approach and techniques of preprocessing can be
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adopted on the dataset so that some valuable results can be
obtained from the leftover machine learning algorithms as well.
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