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ABSTRACT

It is safe to say that the constant rise of internet-based media has
changed the way people learn about the modern world, important
events, and personalities. The ease of accessing any news there is
and the speed of it being spread over social media by the users them-
selves have been the most important factors in shifting towards a
decentralized and democratic way of gathering information. How-
ever, even in that setting, there exist more and less influential sources
and spreaders of information, that play a role in forming the public
opinion about given topics. Can we identify who these sources are
in today’s social media? On the receiving side, how prone are users
to changing their minds when exposed to new information and to
what extent? How does the structure of the social network around
the users influence their opinion or change of mind? In this paper,
we try to answer these questions through the example of, perhaps the
best tennis player of all time, Novak Djokovié, and the recent drama
around him tied to his participation in the Australian Open 2022 tour-
nament. Throughout our work, we use Twitter as the main source of
data, utilizing the information carried in the tweets themselves, as
well as the topology of the network of its users. For a given period
of time, we analyze the sentiment of users’ tweets about Djokovié¢
(whether it is positive, negative, or neutral), as well as the influence
of popular Twitter users on their followers, i.e. how does the sen-
timent of their tweets spread across their followers. The results of
our analysis are then compared between two disjoint time spans -
after Djokovi¢ won his record-tying 20th Grand Slam title at Wim-
bledon 2021 and during the aforementioned drama in January 2022.
Finally, this comparison lets us inspect the trend of users potentially
changing their minds about Djokovi¢ after this debatable event.

Index Terms— Social media, public opinion, network science, sen-
timent analysis, Twitter

1. RESEARCH MOTIVATION AND PROBLEM
STATEMENT

Recent findings by the Pew Research Center show that more and
more people tend to turn to the most popular social media websites as
their main source of news [1]], even while these companies face crit-
icism for not doing enough to handle and restrict the amount of mis-
leading information on their platforms [2]]. This became an overly
important issue after the 2016 US presidential elections, when social
media had a strong influence on their outcome. Research papers that
covered this phenomenon indicate that there was an abundance of
fake news spreading around social media at that time, whose source
were often popular figures with wide reach on the internet. Still, this
type of news was regarded as trustworthy information by many of
the users. [3,4]
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Inspired by those findings, our goal is to collect and analyze the
public opinion about influential personalities over time, also focus-
ing on some events that potentially had an effect on their popularity.
In particular, we illustrate this through the case of the Serbian tennis
player Novak Djokovi¢, currently ranked number one in the world
on the ATP list. Leading up to the Australian Open Grand Slam
tournament in January of 2022, Djokovi¢ flew to Australia with a
vaccine exemption, but was denied entry after nine hours at the air-
port. His visa was cancelled due to it "not being one that allows for
medical exemptions’ and he was moved to hotel quarantine as his
team launched an appeal. Even though the Federal Circuit Court of
Australia rejected the visa cancellation, Immigration Minister Alex
Hawke decided to use his personal powers and reimpose the penalty,
after which Djokovi¢ was deported from Australia. Many have pub-
licly expressed their opinion during this turbulent period, both for
and against the Djokovi¢. In order to gather a representative dataset
about this, we turn to Twitter as our main source of data, utilizing
the Twitter API for academic research.

This problem, although it may sound naive, is challenging to
solve. It could be approached by analyzing only the text of the
tweets/articles, or by modeling popularity as a time series of men-
tions [5}/6]], either focusing on individual user actions and discrete
events in continuous time (e.g. tweets) 78], or on aggregate met-
rics of user actions and aggregated event volumes. [9}/10]

Obviously, with our goal in mind, the quantity of news (tweets)
being spread is not the only important metric to take into account,
so we also factor in the sentiment and context that these pieces of
information carry with themselves [11}/12].

This research project sets out to answer the following questions:

i) What does the overall sentiment of Twitter users towards No-
vak Djokovi¢ tell us, when observed over a longer period of
time?

ii) How can we capture sub-communities that are most active
and have the most influence on starting or spreading a certain
opinion? [[13}/14]

iii) When exposed to information on social media, how likely are
users to change their minds, and what roles do their source of
information and their neighborhood play?

In section two, the analyzed dataset is described. Results and
discussion are given in the third section. The fourth section con-
cluded the paper.

2. DATASET DESCRIPTION

This section will describe the method of data collection as well as
its cleaning and preparation for analysis. As explained above, our
primary goal is to analyze the sentiment and social media activity
of Twitter users towards Djokovié. To study this phenomena more



thoroughly, we chose 4 periods in time, each centered around a cer-
tain tennis event, that was particularly important in the career of
Djokovi¢. We targeted the events/periods as follows:

Two intuitively positive periods:

* Wimbledon 2019 - In the 2019 Wimbledon men’s singles fi-
nal, Novak Djokovi¢ defeated Roger Federer in 5 sets after
almost 5 hours of breath-taking performance by both players.
This match was the longest final in the history of Wimbledon.

¢ Wimbledon 2021 - Novak Djokovi¢ defeated Matteo Berret-
tini in the Wimbledon 2021 finals. Thereby, he won his sixth
title at Wimbledon, and 20th major title overall, tying Roger
Federer and Rafael Nadal’s record of all-time men’s singles
major titles.

Two intuitively negative periods:

* US Open 2020 - In the round of 16 of the US Open tourna-
ment in 2020, Djokovi¢ played against Pablo Carreno Busta.
During the first set, with the result being 6:5 in favor of the
opponent, Djokovi¢ hit the ball out of frustration, acciden-
tally hitting a line judge in the throat. This accident resulted
in Djokovi¢ being disqualified from the tournament.

* Australian Open 2022 - After winning the Australian Open
title in 2021, Djokovi¢ aimed at defending it in 2022, which
would ultimately make him the sole leader in the all-time
grand slams winners list. However, he was unable to par-
ticipate in the tournament after his visa was revoked by
Australian authorities, on the merits of Djokovi¢ being a
"high profile unvaccinated individual" whose presence in
Melbourne "may foster anti-vaccination sentiment".

The reason we chose periods in such a manner is to compare the
intuition with what we are able to obtain computationally. For ex-
ample, the intuitively positive periods were both followed by a wave
of congratulations and acts of appreciation towards Djokovié¢ on so-
cial media, whereas the intuitively negative periods caused a lot of
dissatisfaction in the public.

Retrieval of tweets in the specified periods was performed us-
ing Twitter API with a research license. The data was stored in the
NO SQL Mongo database. In addition to the text of the tweets, the
database also contains public data of the tweets, such as the num-
ber of likes, the number of replies, the number of retweets, and the
number of quotes, the exact moment of posting, as well as the author
who published this tweet. Finally, to obtain the sentiment results that
we wish to analyze, we opt for the Google Cloud Natural Language

Metric | Users | Tweets | Tweets per User
WIMB 2019 | 2179 3963 1.82
WIMB 2021 | 1843 2965 1.61

US 2020 | 1776 2430 1.37
A0 2022 | 11986 | 23283 1.94
TOTAL | 15815 | 32641 2.06

Table 1: Basic data statistics

API as part of the GCP. Table [I] shows the statistics of the number
of users and tweets for a certain period. Also, it shows the average
number of tweets per user, and the obtained ratio for certain periods
is below 2 tweets per user. If the union of all periods is analyzed, the
number of tweets per user is slightly more than 2.

3. RESULTS AND DISCUSSION

In our research project, we analyze the effect of social media and
their most popular users on forming public opinion about personali-
ties or topics of interest, illustrated through the example of Novak
Djokovié. We expect to show that the overall sentiment towards
Djokovi¢ is very different when we compare our periods of inter-
est - the time when he won his 20th Grand Slam title, and during
the scandal centered around him entering Australia leading up to the
Australian Open 2022. Additionally, we aim to detect the individu-
als or sub-communities on Twitter that were the most influential in
spreading information about Djokovi¢ during these time frames.

3.1. Topic modeling

To make sure that we’re analyzing the text of interest, we perform a
little descriptive analysis of our data.

Namely, we perform LDA (or Latent Dirichlet Allocation) [15]
method for topic modeling to obtain clusters of words that are the
most co-appearing in the documents, i.e. tweets.

Wimbledon 2019: Novak Djokovié, Fifth, History, Grand Slam,
London, Champion.

Wimbledon 2021: Novak Djokovi¢, Greatest, Golden Slam,
Record, Italy, England, History, Grand Slam, London.

US Open 2020: Judge, Line, Disqualified, Accident, Anger,
Serve, Hitting.

Australian Open 2022: Australia, Government, Exemption,
Covid, Vaccine, Court, Rule, Champion, Right, Think, Judge, De-
fend.

Tennis players: Novak Djokovi¢, Federer, Nadal, Berrettini,
Bautista-Agut.

3.2. Sentiment analysis

When it comes to the sentiment analysis, the Google Cloud NLP
API provides two essential metrics - sentiment score and sentiment
magnitude:

Sentiment Score - document’s sentiment indicates the overall
emotion of a document The sentiment score is in the range of -1
(negative) and 1 (positive), and corresponds to the total score of
emotions of the transmitted text. Neutral sentiment is a sentiment
that weighs 0. However, there are 2 reasons for this result. The first
reason is that there is a small amount of emotion in the text, and the
second is that the emotions are mixed with both highly positive sen-
timent and highly negative sentiment. To separate these two cases,
the magnitude attribute is used, which will be explained below.

Sentiment Magnitude - indicates how much emotional content
is present within the document, and this value is often proportional to
the length of the document. Magnitude indicates the overall strength
of emotion (both positive and negative) within the given text, be-
tween 0.0 and +inf.

Unlike sentiment, magnitude is not normalized and every emo-
tion in the text (whether positive or negative) accumulates in magni-
tude. Some examples are given below:

Clearly Positive - "score": 0.9, "magnitude": 4.0
Clearly Negative - "score": -0.7, "magnitude": 5.0



Neutral - "score": 0.1, "magnitude": 0.0
Mixed - "score": 0.0, "magnitude": 3.5

Figure [T] presents the average sentiment score depending on the
period in which the tweets were written. As assumed before the
survey, the periods during Wimbledon 2019 and Wimbledon 2021 on
average have a positive score, while tweets published in the period
when the tournaments US open 2020 and the Australian open 2022
were played have a negative score. The intuition about these events,
based on the sentiment score, aligns well with the results that we
achieve through the data.

Sentiment Analysis
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Fig. 1: Analysis of sentiment score in indicated periods

When analyzing the data, we separated the analysis of tweets of
users who were verified by the Twitter network (most often celebri-
ties, journalists, analysts, coaches, athletes, etc.) and those who were
not verified. Table 2] shows the statistics of verified and unverified
users who posted at least one tweet on the social network regard-
ing Novak Djokovi¢ (the best tennis player of all-time - GOAT). It
is noted that the number of unverified users is significantly higher
than the verified ones, especially in the recent event at the Australian
Open in 2022 when the number reached almost 10,000.

VU NVU Ratio of VU
WIMB 2019 1014 1165 0.45
WIMB 2021 657 1186 0.35
US 2020 648 1128 0.36
AO 2022 2411 9575 0.20
Legend | NVU - non-verified users | VU - verified users

Table 2: View statistics of the number of verified and unverified
users

Table[2]also shows the statistics of verified, and unverified users
on the twitter network, as well as the percentage of verified users in
each of these periods. As a first stab at the second problem of iden-
tifying influential sub-communities, we split our users into verified
and non-verified users and observe separately their tweets. To have

an understanding of what we’re comparing, we can interpret the ver-
ified users as public figures, athletes, reporters, whereas non-verified
users are regular fans such as ourselves.

As shown in Fig. [2] it can be noticed that the verified users al-
ways have larger absolute values of the score — in negative periods,
they are more negative, and in positive periods, they are more posi-
tive. However, this wasn’t very intuitive, but there is a non-negligible
pattern here, so we’re open to discussion on this one. On the magni-
tude side, as shown in Fig. [3] the results are observed, and aligned
with an intuition about the topic — non-verified users are always more
emotionally involved in their tweets, whether positive or negative.

Sentiment Score Analysis
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Fig. 2: Sentiment score for verified and unverified users

Sentiment Magnitude Analysis
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Fig. 3: Magnitude analysis for verified and unverified users

Verified users are most often well-known users, and follow
events in tennis, especially such big and significant events. The
paper analyzes the percentage of people who tweeted at least once
in all the periods, verified by the Twitter social network. For the
sake of simplicity, in the remaining work we will refer to these
users as recurring users, even though the name might be misleading.
This analysis is interesting because it reveals that users who tweeted
about Novak in all 4 periods are of interest:

 always less negative (i.e. always have higher or equal values
of the score parameter)

* always more restrained (visibly lower values of parameter
magnitude)

These regularities have led us to analyze these users a little
deeper (Fig. @] Fig. ). For example, their "activity patterns" remind
us of sports journalists - they are always active, but try to be more
objective (i.e. they are not strong on the negative and are always
more restrained than ordinary fans).



Since, the indications of such behavior is previously noticed,
which potentially indicate objectivity, in the case of verified and un-
verified users (verified were more restrained), the authors check the
ratio of the number of verified and unverified users in this subset:

* Number of users who tweeted in all periods: 191
¢ Part of them that have been verified: 142

Sentiment Magnitude Analysis
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Fig. 4: Magnitude analysis for recurring and non-recurring users
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Fig. 5: Sentiment score analysis for recurring and non-recurring
users

Table[3]shows the number of non-recurring users in each period,
as well as the percentage of verified users from that set. The ratio of
verified users is significantly lower in the set of non-recurring users
than in the set of recurring users.

The authors notice that their initial assumption is valid, i.e. as
many as 74 % of users who tweeted in all periods are verified users,
which is far higher than the percentage of verified users in "regular”
user groups per period.

Number of NRU Ratio of VU
WIMB 2019 1988 0.44
WIMB 2021 1652 0.31
US 2020 1585 0.32
AO 2022 11795 0.19
TOTAL 15624 0.22
Legend | NRU - non-recurring users | VU - verified users

Table 3: Data statistics for non-recurring users

Finally, the level of activity of these users (users who were active
in all periods) is checked and the conclusion is that the number of

tweets per user is 25.8, which is far more than the average number
of tweets per user at the level of the entire dataset (2.06).

Figure [f] presents the analyse of the public metrics of recurring
users when compared to non-recurring users. It can be noticed that
the number of tweets per user is roughly 14 times higher for recur-
ring users than non-recurring ones. Also, the number of replies,
quotes, likes, and retweets for recurring users, is much greater in
favor of recurring users.

Public metrics per user
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Fig. 6: Public metrics for recurring and non-recurring users on a
logarithmic scale

4. CONCLUSION

The public opinion of social media users place significant role in
the modern world. Many researchers evaluate the content from the
social network, and the influence of social networks to the people. In
this research, the authors analyzed Twitter users and their opinions
about Novak Djokovi¢.

In the future efforts, the authors hope to expand this research
to other important personalities and public events, as well as dis-
cover previously unforeseen factors in forming public opinion and
spreading specific information over social media. The primary goals
are fulfilled: the data-derived sentiment aligns well with the intu-
ition, and the existence of certain sub-communities that are far more
influential than the rest of the users. It is possible to use graph rep-
resentation of the data, modeling the network of users as a graph,
and trying to come up with many more useful insights, as changing
minds on social media.
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