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Abstract: The data from the Twitter sentimental analysis experiment has gained much renown as a topic of research. The
potential to obtain information about public opinion by breaking down Twitter data and automatically classifying its
sentimental polarity has consistently attracted researchers due to the concise language commonly used in tweets. The aim
of this study was to use the Valence Aware Dictionary for sEntiment Reasoner (VADER), to classify the sentiments
expressed in Twitter data. In this study, we developed a generic tool for analyzing tweets. We used VADER to categorize
tweets on a particular keyword to predict recent trends about it. We successfully used the generated tool to classify
multilingual tweets on any keyword to analyse public opinion.
Keywords: Natural Language Processing, NLP, Twitter, sentiment analysis, VADER.
I.

INTRODUCTION

In recent years, countless people have been attracted to social-networking platforms. Social media technologies exist in
several different forms, such as blogs, business networks, photo sharing, forums, microblogs, enterprise social networks,
video sharing networks, and social networks. With the increase in the number of social media technologies, various online
social networking platforms, such as Facebook, YouTube, and Twitter have become popular. People mainly use these
social sites to express emotions, thoughts, and opinions about life events. Because of this, such platforms rapidly became
eclectic sources of information. This is simply due to the varied nature of microblogs on which people post real time
messages about their opinions on a variety of topics, discuss current issues, complain, and express positive, negative or
neutral sentiments in daily life. These networks enable users to have discussions with different people across the world
and to post messages in the forms of texts, images, and videos [1], [2]. Moreover, social media is an enormous
compendium of information for companies to monitor public opinion and receive polls about the products they
manufacture. Microblogging services like Twitter have become the best known and the most commonly used platforms.
They have evolved to become the significant hives of information that they are known for today [3]. Twitter is a popular
microblogging service that allows users to share, deliver, and interpret real-time, short, and simple messages called tweets
[4]. Therefore, Twitter provides a rich mine of data that is used in the field of opinion mining and sentiment analysis.
Recently, sentiment analysis of Twitter data has been used to extract and classify information about the opinions expressed
on Twitter concerning several topics, such as predictions, reviews, elections, and marketing. Companies have started to
use the data provided by these general sentiment studies to examine user reactions and reply to users on microblogs. One
major challenge in sentiment analysis has currently been observed in recent studies: building technology to detect and
summarize an overall sentiment.
Sentiment Analysis, in a nutshell, is a text and data classification tool that leverages Natural language Processing (NLP)
for data analysis and provides insight into the overall sentiment (positive, negative or neutral) about the data. This in turn,
helps in determining the author’s opinions and attitude towards a written piece of text. This technique uses a scaling
system that tells the emotions and attitude of a text. This scoring makes it easier to bifurcate the text into three categories:
positive, negative and neutral. Sentiment analysis, also known as Opinion Mining or Emotion AI, is widely used in the
business sector to understand customer feedback and public opinion towards a brand or product. This knowledge can then
be used for marketing strategies, advertising campaigns, market research, service or product improvement, and much
more.
In this study, we took a look at one such popular social-networking platform called Twitter and developed a software tool
to sort through “tweets” into positive, negative and neutral sentiment using keywords. The primary issue with Twitter
sentiment analysis is the identification of the most suitable sentiment classifier that can correctly classify the tweets. In
our work we used VADER (Valence Aware Dictionary and sEntiment Reasoner) [5]. It is a lexicon and rule-based
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sentiment analysis tool that is specifically attuned to sentiments expressed in social media. It is fully open-sourced under
the MIT License. We analysed the tweets on Indian Oil Corporation Limited (IOCL) to study the overall reputation of
the company. The tweets in different Indian languages using different keywords were extracted using IOCL Twitter
handle. We extracted the recent tweets and filtered those tweets having Indian Oil Corporation Limited in one form or
the other. After that we cleaned, translated, and analysed the tweets. The hashtag is then extracted from each handle. The
count of mostly used hashtags is displayed in different ways to judge the overall reputation of the company.
II.

METHODS AND MATERIALS

A. Phases of the system
The current study consists of following Seven phases. The detail is shown in system flow chart (Fig. 1)
i) Acquisition of Twitter Data- For this user can give any number of keywords to extract the tweets given by tweeters.
The interface extracts only the most popular tweets on a particular keyword i.e tweets with more than ten counts.
ii) Storing the extracted twitter data - It stores the extracted tweets in a csv file database.
iii) Cleaning of twitter data-It focuses on initial pre-processing work carried out to clean and remove irrelevant
information from the tweets. It includes removing handles, tweet id, URL and any special character’s present in the
tweets.
iv) Translation of multi-linguistic tweets into English- The tweets having the keywords may be in different languages.
it needs translation of the multi-lingual tweets messages into English language.
v) Sentiment Analysis using VADER- VADER analyser is used to classify and to give scores to the tweets. Based on
sentiment whether neutral, positive or negative tweets are stored in a list [6].
vi) HashTag Analysis-The hashtags are extracted from each handle. The count of mostly used hashtags is displayed.
vii) Report generation-Based on the overall analysis a report is generated. Report contains strong hold and weak point or
scope of development with a numerical count.

Fig. 1 System Flow chart
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1)
Data Extraction: The methods used to extract Twitter data allowed real-time access to publicly available raw
tweets. To gather the data, we used TweePy [7]. Tweepy is a python library for accessing Twitter API. Using Twitter
API, we extracted recent tweets made form the user. Also tweet stream is possible which enable us to filter out the recent
tweets. Tweet stream is a real time process so performed for a particular time interval. Using tweet stream from twitter
API we extracted those tweets which has company name mentioned in one form or the other. Thus, recent tweets
concerning any keyword e.g Oil or Indian Oil which were published on Twitter’s public message board and posted
recently were extracted. In order to collect the most relevant tweets, we used hashtags containing the company’s name
and product like Indian Oil, Oil, IOCL, Indian Oil Corporation Ltd. These were used as keywords to retrieve tweets, such
as #Indian Oil, #Oil, #IOCL, #Indian Oil Corporation Limited. Once we get the enough tweet, we store them in a csv file.
The latest 100 tweets are extracted from IOCL Twitter handle. Given below are the latest 30 tweets (Fig. 2). The tweets
are in raw format and need to be cleaned for analysis.

Fig. 2 Latest 30 tweets having the Indian Oil Corporation Ltd in different forms
We extracted the recent tweets and filtered those tweets having Indian oil corporation limited in one or the other forms.
After that we cleaned, translated, and analysed the tweets. (Fig. 3)

Fig. 3 Filtered tweets having Indian oil corporation limited in one or the other forms
The steps are discussed in detail as under.
2)
Data cleaning: The tweets extracted are in raw format. They contain text and embed URLs, pictures, usernames
emoji, user handle, tweet id etc. They also contain misspellings. Hence, a series of pre-processing steps were carried out
to remove irrelevant information from the tweets [8]. The reason is that the cleaner the data, the more suitable they are
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for accuracy of the sentiment analysis. The tweets were also pre-processed to eliminate duplicate tweets and retweets
from the dataset. Each tweet was processed to extract its main message. We used Python’s Natural Language Toolkit
(NLTK) to pre-process these data, NLTK is a free open-source Python package that provides several tools for building
programs and classifying data [9]. We used tweet-pre-processor and re python library. This module provides regular
expression matching. A regular expression (Regex) in Python was run to detect and discard tweets with special characters,
such as URLs (“http://url”), retweet (RT), user mention (@), and unwanted punctuation. Because hashtags (#) often
explain the subject of the tweet and contain useful information related to the topic of the tweet, they are added as a part
of the tweet, but the “#” symbol was removed. These cleaned tweets are passed for further process.
3)
Data translation: After cleaning the data, the tweets in different languages were translated to English. To translate
tweets in English for VADER sentiment analysis, we used Googletrans which is a free and unlimited python library that
implemented Google Translate API [10]. This uses the Google Translate Ajax API to make calls to such methods as
detect and translate. When all the pre-processing steps were complete, the dataset was ready for sentiment classification.
4)
Sentiment Analysis: For sentiment analysis VADER (Valence Aware Dictionary and sEntiment Reasoner) was
used [11]. VADER is a lexicon and rule-based sentiment analysis tool that is specifically attuned to sentiments expressed
in social media. It is fully open sourced under the [MIT License]. VADER takes only English as an input, so all the multi
lingual tweets were translated using Googletrans. The translated tweets were passed as an input to VADER which returned
the sentiment score. The negative means inclined to negative sentiment. While positive means inclined to positive
sentiment. Based on the score we classified the tweets on negative sentiment, positive sentiment, and neutral sentiment.
The sentiment score is further classified as -1(negative), 0(neutral) and +1(positive). Each classification is further stored
along with the tweets in the csv file.
5)
Report Generation: Once this overall sentiment analysis is done and tweets are classified. Hashtags are extracted
for each classification. Word cloud is generated for company tweets. Based on hashtag count plot is generated which
represented count of public on that opinion.
B.
Tools Used
Different tools used in the study are described below.
1)
GoogleTranslate: Googletrans is a free and unlimited python library that implements Google Translate API. It
uses the Google Translate Ajax API to detect and translate text. This specific python library was used in this study due to
its immense linguistic efficiency because Googletrans is fast and reliable. Additionally, its automatic language detection
and ability to complete translations in bulk, allow for multiple tweets to be translated and simplified quite easily. This
and countless other elements (such as the presence of customizable service URLs, connection pooling, and HTTP/2
support Python) made it one of the best translation tools available.
2)
VADER (Valence Aware Dictionary and sEntiment Reasoner): It is a lexicon and rule-based sentiment analysis
tool that is specifically attuned to sentiments expressed in social media. VADER uses a list of lexical features (e.g., words)
which are generally labelled according to their semantic orientation as either positive or negative. VADER not only
provides a Positivity and Negativity score, but also tells us about how positive or negative a sentiment is. By informing
how positive and how negative a sentiment is, VADER allows users to determine the exact polarity of a sentiment. And
in turn, it provides more detailed, complex information to users that a simple binary algorithm could never match.
3)
Word Cloud: Word Cloud is a data visualization technique used for representing text data in which the size of
each word indicates its frequency or importance. Significant textual data points can be highlighted using a word cloud.
Word clouds are widely used for analysing data from social network websites [12]. For generating word cloud in Python,
modules needed are – matplotlib, pandas, and wordcloud. By revealing the most commonly used words in tweets, Word
Cloud further enhances the sentimental analysis done by VADER’s algorithm. This is because users now have insights
regarding not only sentimental polarity, but also regarding the emotion highlighted by the keywords in a tweet.
4)
Tweet-preprocessor: Preprocessor is a pre-processing library for tweet data written in Python. When building
Machine Learning systems based on tweet data, a pre-processing is required. This library makes it easy to clean, parse or
tokenize the tweets. It is a tool which help in cleaning the twitter tweets. Currently it supports cleaning, tokenizing, and
parsing of twitter tweets:URLs, Hashtags, Mentions, Reserved words (RT, FAV), Emojis, Smileys, JSON and .txt file
support.
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C.
Code Development
The code development is described in below sub-sections.
1)
System requirement: There are few libraries that are needed to be installed first (Fig. 4). The below code installs
googletrans, vaderSentiment, Tweepy, wordcloud alsnd tweet-preprocessor.

Fig. 4 Code for setup of system environment
2)
Importing Tools: After the libraries are installed, there is a need to import the tools that are being used from
these libraries. The code given below (Fig. 5) imports the tools needed.

Fig. 5 Code for importing different tools required for the analysis
3)
Twitter API: We used twitter API to get the tweets. For ease of access, Tweepy was used (Fig. 6). All the
credentials were got from twitter developer portal. After all setup and authorization of the credentials, we can extract
tweets from twitter.

Fig. 6 code for setup of twitter API and authorization of the credentials
4)
Setup Google Translator: We used google translator for translating the tweets. For setup of google translator and
the tweeter preprocessor to clean the tweets by removing emoji, URL, handle etc. except hashtags. we used following
code (Fig. 7)

Fig. 7 Code for setup of google translator and tweeter preprocessor
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5)
Sentiment Analysis: We get the polarity score using Vader to judge how much negative or positive is the content.
Score ranges from +1 to -1. We created a function that will give me the classification of the sentiment (Fig. 8). This
function takes any tweet and will return us the sentiment of the tweet i.e., positive negative or neutral.

Fig. 8 Code for classification of sentiment of the tweets
6)
Translation: Before passing to Vader, we need to translate text to English as Vader can predict sentiment for
English language only. We need to translate the multi-lingual tweets to generate word cloud of the tweets. The function
in Fig. 9 takes the tweets list and translate them which were then used to generate the word cloud. This gave us the major
words used.

Fig. 9 Code for translation of tweets and generating word cloud
7)
Analysis: This is a function that analyses the tweet input for this tweet list and it will generate the graph showing
count of positive, negative and neutral tweets (Fig. 10). This function is also used to analyse the user tweets.

Fig. 10 Python code of function for analysing the user tweets.
8)
Extracting Tweets: This is the function that extracts the tweets from the keyword given by the user. This function
takes user handle and the count. And return the list of tweets with given count from the handle provided. (Fig. 11)

Fig. 11 Python code of the function to extract list of tweets
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9)
Cleaning Tweets: The tweets extracted is cleaned so that we can analyse it to get good quality of results. Below
is the function (Fig. 12) that cleans the tweet, it takes tweet list and returns the cleaned tweet list.

Fig. 12 Python code for cleaning the tweets
10)
Hash tag Analysis: Hash tags are very important as they are the keywords. We need to analyse the hashtag. For
this created the following function (Fig. 13) that gives the visual output of the hashtag. This returns the count graph with
count of major hashtags.

Fig. 13 Python code for Hashtag analysis
III.

RESULTS AND DISCUSSION

The exact functioning and application of the overall system is described in detail in this section.
A.
Translation
The Image given below (Fig. 14) shows the how the translation of Hindi tweet to English. In this way tweet in any
language can be translated to English.

Fig. 14 Screenshot showing translation of Hindi tweet to English
B.
Analysis Of tweets
The latest 100 IOCL tweets were translated and analysed. After analysis they were classified into -Negative, Neutral and
Positive, based on the sentiments. After classification the count plot was drawn for the Same (Fig. 15).
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Fig. 15 Classification of the tweets based on sentiments
C.
Public Opinion Analysis
The real time public opinion was analysed to judge the reputation of IOCL by drawing the count plot based on the
sentiment (Fig. 16).

Fig. 16 Real time public opinion analysis
D.
Word Cloud
The image below (Fig. 17) shows the word cloud for latest 100 tweets of Indian Oil Corporation Limited (IOCL).

Fig. 17 Word cloud for latest tweets of IOCL
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E.
Word Cloud Public
The word cloud was drawn for the most common words used by public in their tweets regarding IOCL (Fig. 18). This
contains both positive and negative tweets.

Fig. 18 Word cloud for the most common words used by public
We draw the word cloud from all the positive tweets based on sentiment (Fig. 19).

Fig. 19 Word cloud for positive tweets by public
The word cloud from all the negative tweets was then drawn based on sentiment (Fig. 20).

Fig. 20 Word cloud for all negative tweets by public
F.
Hashtags
The count plot of the hashtags was drawn. Hashtags represents the main key points and their count plot represents number
of people with the same opinion. From positive count plot (Fig. 21) we can interpret what are the things public like where
the company can promote further to contribute better for the public.

Fig. 21 The positive count plot of hashtags
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The negative count plot (Fig. 22) helps the company to interpret what public dislikes. This helps to know the points of
action that need to be improved further to strengthen the overall reputation of the firm.

Fig. 22 The negative count plot of hashtags
IV.

CONCLUSION

In this study, the NLTK and the VADER analyzer were applied to conduct a sentiment analysis of Twitter data. The
tweets in different Indian languages using different keywords were collected for Indian Oil Corporation Ltd using twitter
API. It is then converted into English language using “Google Translator” to generate word cloud of the tweets. The
hashtag is then extracted from each handle. The count of mostly used hashtags was used to judge the overall reputation
of the company. The case study was to judge the public opinion about Indian Oil Corporation Limited based on the 100
most recent tweets in different languages The results indicated that the VADER Sentiment Analyzer was an effective
choice for sentiment analysis classification using Twitter data. VADER easily and quickly classified huge amounts of
data. The positive opinion helped to interpret what are the things public like about the organization so that it can promote
further to contribute better for the public. Whereas from negative opinion it was easy to interpret what public dislike about
the organization that needs to be improved further to strengthen the overall reputation of the firm. The tool developed in
the study can be used in future to study public opinion on any topic of interest by giving a suitable keyword.
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