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ABSTRACT 

The impact of social media on business, entertainment, education, and in almost every sector is 

increasing day by day. Peoples are expressing their positive as well as negative emotions on 

different platforms of social media. On Twitter also peoples are sharing their emotions through 

tweets. Peoples are retweeting on both positive as well as negative types of tweets. The objective 

of this paper is to study the sentiments of upcoming Olympics tweets to understand the emotions 

of people and their impact on retweets. The data for the study was collectedfrom the Twitter 

website in the form of tweets related to the upcoming Olympics.Sentimental analysis of tweets 

was used using python library textblobto understand the feelings or emotions of people. The 

results of the study indicated that the tweets having lower polarization are getting more 

tweets.This study helps the organizations to understand that the negative emotions (tweets) are 

more supported in social media especially on Twitter.  
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1. Introduction 

Social media text data deliver people's opinions, thoughts, and emotions. Mining of this textual 

data or unstructured data to understand the opinion, thoughts, and emotions of a group of peoples 

is also known as opinion mining or sentimental analysis.From the last decade, social media data 

has been the main source for spreading information in various domains like entertainment, 

politics, andbusiness.The main source of these social media platforms are Twitter, Facebook, and 

Instagram. These platforms are using unstructured as well as structured data for that 

purpose.This growing volume of data introduced new avenues to know the insight of the 

different issues or topics specifically in text data. 

No study is available in the literature to identify what is the impact of a retweet on positive or 

negative tweets especially in the field of sports. So, it’simportant to know whether positive 

tweets are getting more retweets or the negative tweets are getting more retweets. So the main 

objective of this paper is to understand the sentiment of people's emotions of upcoming 

Olympics tweets. To identify the polarity and subjectivity of tweets and finally to understand the 

impact of retweets on polarization and subjectivity. 

API is used for getting the tweets from Twitter. Use Natural Language Processing (NLP) 

packages of python to extract things like polarity and subjectivity of the tweets. Python library 
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textblob is used for the processing of textual data. The result shows that as the retweets count 

(retwc) is increasing the polarity is going down. Which shows higher retwc have lower 

polarization. This means negative comments are having more retweets. 

In the second part review of literature in terms of sentimental analysis is presented. In the third 

section, the purpose or the objective of the study is discussed. In the fourth part, the methodology 

used to find the answer tothe research question is presented. In the rest of the part discussion, the 

limitation and conclusionsof the study are discussed.  

 

2. Review of Literature 

In the last decade, social media has evolved as an important driver for spreading and acquiring 

different types of information in different sectors. The major sectors are business (Beier & 

Wagner, 2016), entertainment (Shen, Hock Chuan, & Cheng, 2016), science (Chen & Zhang, 

2016), crisis management (Hiltz, Diaz, & Mark, 2011; Stieglitz, Bunker, Mirbabaie, &Ehnis, 

2017a) and, politics (Stieglitz & Dang-Xuan, 2013).Social media is generating a variety of data, 

which can be categorized as unstructured data and structured data (Baars & Kemper, 2008).The 

textual content is an example of unstructured data, while the friend/follower relationship is an 

example of structured data. Based on the mental procedures the confidence is characterized into 

influence and assessment. As far as the research on confidence there is no cultural research 

evidence is that is completed (Luqman N. 2020)  . 

The continuous growth in the usage of social media opens new avenues for identifying the 

pattern in the communication like this data can be analyzed to know the insight into the trends, 

issues, and even the influential actor of the communication. Many studies havealready conducted 

to know how people mood’s changes from morning to evening, on weekdays and season-wise on 

specific subjects or issues (Golder and Mac, 2011, Kim, Choi, & Natali, 2016; Li & Huang, 

2014; Oh, Hu, & Yang, 2016).The Android Permission Model should keep the normal 

permission in a signature or dangerous category as there can be malicious activity which can be 

misused(Malik, S., &Khatter, K. 2016). 

No study is available in the literature to identify what is the impact of a retweet on positive or 

negative tweets especially in the field of sports. So, it’s important to know whether positive 

tweets are getting more retweets or the negative tweets are getting more retweets. So the main 

objective of this paper is to understand the sentiment of people's emotions of upcoming 

Olympics tweets. To identify the polarity and subjectivity of tweets and finally to understand the 

impact of retweets on polarization and subjectivity. In this background, it is hypothesized that: 

H1: Retweets havean association with the polarity of tweets. 

H2: Retweets havean association with the subjectivity of tweets. 

3. Objectives of the Study 

 To identify the polarity and subjectivity of tweets.  
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 To understand the impact of a retweet on polarization and subjectivity  

 To open new avenues for future research. 

 

4. Research Methodology 

The study was Casual and the API was used for data collection. Thepopulation for the research 

study was all the tweets related to the upcoming Olympics 2021.  Individual tweets of the 

upcoming Olympics are treated as sample elements and the sample size of the study was 

45tweets. The tweets dated 9 August to 17 August, 2020was used to identify respondentsfor the 

study. 

Natural Language Processing (NLP) packages of python are used to identify the polarity and 

subjectivity of each tweet.Polarity is used to extract positive, negative, or neutral emotions of 

each tweete.g.(+,-,0) from the textual data. 

Subjectivity is the related concept and used to extract whether people's opinion is objective or 

subjective about that textual data. Normally its value lies between 0 to 1. Where values less than 

0.5  indicate objectivity and a value greater than and equal to 0.5 indicate subjectivity. 

The details of username having retweets count greater than 100 are shown in Fig. 1. This 

indicates that the username ‘Olympics’ has the highest number of retweets (1,837) followed by 

‘David Rudisha’ (1,751) and so on. The details of followers for each username is shown in Fig. 

2. This indicates that the username ‘CNN’ has the highest number of followers ( 99,067,846) 

followed by ‘Olympics’ (36,196,428) and so on. 

 

 

Fig1. Retweets for each Username 
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Fig2.Followers for each username 

The average of positive and negative Polarity is shown in Fig 3. This indicates that the average 

of positive polarity is .38, while the average of a negative polarity is .21. Which means that the 

number of positive tweets is more as compared to negative tweets.The average of objectivity and 

Subjectivity is shown in figure 4. The average value of subjectivity is .68 and the average value 

of objectivity is .22. These values indicate that the count of subjective tweets is more as 

compared to objective tweets. 
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Fig3. Average of positive and negative Polarity  

 

 

Fig4. Average of objectivity and Subjectivity 
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Python library textblobis used for the processing of textual data. From the textblob 

package,TextBlob class is specifically used for this purpose.Polarity values lie between -1 to 1 

and subjectivity value lies between 0 to 1.From each tweet derive to access polarity as well as 

subjectivity. Normally polarity value greater than 1 is considered positive, a value less than 1 

considered negative, and a value equal to zero is considered neutral. In the case of subjectivity 

value greater than 0.5 considered tweet is subjective and value less than or equal to 0.5 

considered objectives. 

 

 

Fig. 5. Correlation betweenretwc and polarity 

The correlation matrixis shown in figure 5. In this matrix, the correlation between retweet count 

(retwc) and polarity value is -0.2. The result shows that as the retweets (retwc) are increasing the 

polarity is going down. The scatter plow of retweet count (retwc) and polarity shown in figure 5 

shows higher retwc have lower polarization. This means negative tweets are having more 

retweets. 

 

Fig 6. Scatterplot of retweet count and polarity 
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In figure 5 the value of the correlation between retwc and subjectivity is.037, Which shows that 

there is no correlation between retwc and subjectivity. While extracting tweets having 

subjectivity value >0.5 or which is subjective and then again find the correlation between retwc 

and subjectivity, which shown in figure 7.. Now the correlation between retwc and subjectivity 

has a positive correlation(.64) which was earlier (.037). This .64 correlation value indicates that 

the more subjective the tweet is more will be the no of retweets. 

 

 

Fig. 7. Correlation betweenretwc and subjectivity 

 

5. Discussion of Results 

The main objective of this study was to identify the polarity and subjectivity of tweets related to 

the upcoming Olympics and to understand the impact of a retweet on polarization and 

subjectivity.The study reveals that the average positive polarity value 0.38 and the average 

negative polarity value 0.21 shown in figure 3. Indicates that the number of positive tweets is 

more as compared to negative tweets. Similarly the average value of subjectivity .68 and the 

average value of objectivity .22 shown in figure 4. indicates that the count of subjective tweets is 

more as compared to objective tweets. 

The study found that there isa negative cause and effect relationship between retweet count and 

polarity.  This means negative tweets are having more retweet counts.The study also found that 

there isa strong and positive cause and effect relationship between retweet counts and subjective 

tweets. This .64 correlation value indicates that the more subjective the tweet is more will be the 

no of retweets. 

6. Limitations of the Study 

The sample size of the current study was 45 tweets. So it's not justified to generalize that tweets 

with negative polarity are having more tweets. Generalizations would be further justified by 
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using a bigger sample size.This research was conducted using tweets related to the upcoming 

Olympics therefore, the resultsof this study cannot be generalized for tweets related to other 

sectors. The tweets collected for a certain period related to the sentiments of the people. 

Sentiments keep on changing, so accordingly result will also modify. 

 

7. Conclusion 

The study shows that the number of positive tweets is more as compared to negative tweets 

related to the upcoming Olympics. It has also been found that subjective tweets are more as 

compare to objective tweets. During the analysis, it has been found that negative tweets are 

having more retweets and subjective tweets get more retweets as compared to the objective ones. 
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