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Abstract. Sports in India are gradually gaining traction, and people are more and
more inclined towards various other sports apart from cricket. Even though sev-
eral sporting leagues are currently running in India, the attention and viewership
that the Indian Premier League (IPL) enjoys are unmatchable. Social media posts
and the growing viewership on TV and Over the Top (OTT) platforms are evi-
dence of this. This research investigates the level of attachment of the fans with
the players of their favorite team. We study the opinions of fans through the
tweets extracted during the IPL players auctions held in the preseason of the thir-
teenth edition of the IPL. The fans were very active on social media, airing their
views about the various players available in the auction for their team to buy,
indicating high team identification. In total, 15,374 tweets that were extracted
and processed confirmed the same. Further, using System Dynamics (SD) meth-
odology, we develop a causal loop linking the various parameters of importance
in the IPL ecosystem that could help the league and the team managers to under-
stand the importance of player attachment among the fans better. This study is
the first in the context of IPL that uses the System Dynamics methodology to
justify the findings of twitter analytics.

Keywords: Opinion mining, Twitter analytics, Indian Premier League, Player
auctions, Causal loop diagram, System dynamics.

1 Introduction

Social media has emerged as a medium to express the feelings of the users without any
hesitation. Such impulsive postings that people make on social media regarding various
events/topics/issues have many implications to various interested parties. Researchers
have been studying the social media posts of people and have successfully drawn con-
clusions about specific topics under concern. E.g., Brand marketers have successfully
captured the sentiments/opinions of the people towards their brands based on social
media posts. Likewise, social media posts about specific issues help the stakeholders to
gauge the sentiments of people like positive, negative, neutral, fear, agony, etc.



In sports, especially in Western countries, the user-generated content on social me-
dia has been a prevalent concept. Fans with high attachment to their favorite teams and
favorite players have been generating much content on social media, and such contents
have gained millions of views and have helped the team or players to maintain their
popularity and has garnered much interest from the sponsor and other stakeholders
alike.

In India, cricket is watched more than any other sport. With the penetration of the
internet happening at a never seen before pace, the viewership of all other sports is on
the rise, but cricket stills stand much ahead. The current study deals with the auctions
of players in the Indian Premier League (IPL). IPL is a T20 cricket league based in
India with a viewership of over 400 million both on TV and over the top (OTT) plat-
forms. IPL is the second most popular sporting league in the world. The first season of
IPL was played in 2008 in India, and in 2019 it completed its 12 years. Even though
there were several player auctions held from time to time, this research deals with the
player auctions held in December 2019 before the 13th season of the IPL. The auctions
were live on TV, and also live streaming was available on OTT platforms.

The purpose of this study is to look into the social media posts of the fans during
the auctions and assess the involvement of the fans through their posts and their senti-
ments displayed during the auction process. Fans who were following the auctions have
expressed their opinions on social media sites like Facebook and Twitter. Our study
deals with posts on Twitter. The tweets were extracted, and then through opinion min-
ing using the software R, we tried to gauge the attachment the fans have towards the
various players, both national and international. The word cloud of the frequently used
words helped in visualizing the words clearly and helped in highlighting the underlying
pattern of the content of the tweets.

Further, we try to highlight the effect of fans’ attachment to the players in IPL on
the other parameters in and around the IPL ecosystem using a causal loop diagram
based on the available literature and highlight the possible linkages between the points
of attachment and the fans’ attachment to their favorite teams. In this pursuit, we con-
sider the bigger picture with several direct and indirect factors influencing the entire
IPL ecosystem.

The rest of the paper is designed as follows: First, we discuss the importance of
attachment points in sports. Next, we look at social media analytics literature in the
context of sports. Subsequently, we discuss the methodology of this study, followed by
the results and discussions leading to the contribution of this study.

2 Literature Review

2.1  Attachment Points

Attachment theory says that human beings tend to maintain psychological ties with
particular objects. Attachment points influence indirect sports consumption. Kwon et
al. (2005) define attachment points as “a consumer’s psychological ties with various



aspects associated with his or her favorite sport team.” Funk et al. (2016) define attach-
ment as the emotional, functional, and symbolic meaning assigned by a fan to a sports
team. Heere and James (2007) argue that the American sports team usually carries the
name of the city or state in their team name because, according to them, the attachment
with a team happens because of several external factors like geographical, ethnic, or
several other factors surrounding the team. In the IPL, all the eight teams have their city
names included in their team name like Chennai Super Kings (CSK), Delhi Capitals
(DC), Kings XI Punjab (KXI Punjab), Kolkata Knight Riders(KKR), Mumbai Indians
(MI), Rajasthan Royals (RR), Royal Challengers Bangalore (RCB), and, SunRisers
Hyderabad (SRH).

Yoshida et al. (2015) studied attachment points in Japan professional League and
established a link between the attachment points and team identification. According to
Katz and Heere (2013), attachment points play a role in influencing how the sport is
consumed (direct or indirect).

Shapiro et al. (2013) highlighted that multiple attachment points could influence the
way the sport is consumed and how the fans would react to the sponsors. Heere et al.
(2011) highlighted the importance of attachment towards players in a sport and argued
that including players in the marketing plans can be fruitful for the sponsors. Lock et
al. (2011) say that attachment towards the sport itself can be a vital factor that influences
the formation of team identification in the case of a new team.

Overall, the literature on attachment points indicates that there are three main attach-
ment points with respect to any sport. They are sport attachment, player attachment,
and the city attachment. In this research, since we study the sentiments of fans during
the pre-season players’ auction, we confine our scope to the players’ attachment with
an assumption that fans who are tweeting already have higher sport attachment.

2.2 Social Media analytics

According to Pang and Lee (2008) and Liu (2012), Opinion Mining has become an
active area of research, and there are various applications such as competitive intelli-
gence (Xu et al., 2011), and market prediction (Liu et al., 2007, and Zhang and Sjiena,
2010), product pricing (Zhang and Sjiena (2010), Jin et al. (2019), and nation relation-
ship analysis (Chambers et al., 2015). There is a significant growth in user-generated
content on the internet. Extracting useful information from the user-generated content
is interesting and challenging (Pang and Lee, 2008).

Several prior studies, like Derczynski et al. (2013), Pak and Parouubek (2010), have
researched twitter and sentiment analysis. According to Liu (2012) the word opinion
can be represented as a quintuple (ei, aij , sijk€, hk, t€), in which ei is the i" entity, aij
is the j™ aspect of the i entity, hk is the kth opinion holder, t€ is the time when the
opinion is expressed, sijkC is the opinion or sentiment towards the ith aspect of the jth
entity from opinion holder hk at time t€. As per the definition, for opinion mining, for
the given text, the quintuple is determined. The third component is enough for docu-
ment-level opinion mining instead of the full quintuple. However, for the fine-grained
level, more components are required.



The growth of social media platforms, e-commerce, and review sites such as Twitter,
Reddit, Yelp, and Amazon provides a sufficient amount of resources as corpora for
academic research. Mining the useful information from social media will be valuable
and benefits the different applications. Hence social media data can be used as a repre-
sentative tool of real-time experiences such as for sports events. During these events,
people post a large number of posts, thus revealing their expressions, opinions, and
suggestions according to the circumstances occurring during the events. Stojanovski et
al. (2015) analyzed the views conveyed in the users’ posts during football games and
could intimate the concerned authorities of possible riots after the match. Fan and Gor-
don (2014) investigated the differences and similarities between the Chinese NBA fans
and western NBA fans with a global presence in terms of their social media usage and
points of attachment to a team.

The Social Media Analytics Process (Fan and Gordon, 2014) is mainly a three-stage
process that involves capturing relevant data from social media sites by carefully mon-
itoring various social media resources and extracting the required details from those
sources. The data extracted is generally in an unstructured format. The second stage
involves an understanding of the data and converting the extracted unstructured data in
a structured format. This stage is crucial because it involves selecting relevant data for
modeling, removing noisy and low-quality data. This process consists of various ad-
vanced data analytic strategies to analyze the retained data and gain insights from it.
The third stage is the presentation, which becomes a representational way to visualize
the relevant information extracted. There are many easy to use built-in analytic tools
available in the market for research and academic purposes for Facebook, Twitter, etc.
The problem with these tools is that these are “black-box” where a researcher does not
know how the data model is built and the methodology is not transparent. The use of
programming languages such as Python or R with their associated packages for data
science analytics to analyze social media data makes a fully transparent methodology
(Yunetal., 2019).

3 Methodology

This research combined two methods. First, opinion mining was done using social me-
dia analytics. Next, the importance of attachment points was highlighted using the sys-
tem dynamics methodology. A causal loop was developed to study the interrelation-
ships between the various constructs and parameters within the scope of this study.

3.1  Twitter analytics using R

The IPL players’ auction was held on 19th December 2019 in Kolkata, India. The
tweets were extracted for the following period: one week before the auction date and
one week after the auction ended. This research is limited to opinion mining of the
tweets during and after the IPL player auction. Fifteen thousand three hundred seventy-
four tweets were extracted concerning all the eight teams in the tournament. This study
is limited to developing a word cloud using the software R. The word cloud would



enable one to understand the frequently used words in the tweets and analyze the opin-
ions of fans visually, regarding the auctioning and buying of their choicest players by
the team management.

3.2 Data mining

We have collected data from the popularly used social media platform Twitter. Twitter
data is actively used for many purposes like to make recommendations, gather insights,
and lodge public complaints. The tweets posted by the users are in the form of hashtags,
and the extent that users find valuable information shows its validity. Hence appropriate
hashtags used by the concerned eight IPL teams were used to extract the tweets posted.
To ingest the social media data from Twitter, Twitter API is used, which requires con-
sumer key, consumer secret key, request token URL, access token URL, and authorize
URL. The function called searchTwitter defined in twitter package will pull the tweets
associated with the hashtags defined in the function. Data is mined for all eight teams
using the teams’ hashtags and stored in separate files.

The data thus mined is not well structured and hence requires some preliminary pro-
cessing. Preliminary processing involves converting all words to lowercase, removing
all punctuation, and dropping the stopwords. The pre-processing mainly consists of im-
posing some structure on the text data and converting it into a document-term matrix
(dtm). The necessity of the Document-term matrix is the easiness of analyzing the terms
and finding the unique, common, and repeated words from the collection of documents
called corpus. Further from this matrix, we can explore the data and find the correlation
in the document-term matrix between the term it references and the specific word in the
corpus using the term association (i.e., using a function called findAssocs). Data visu-
alization provides an easy way to view and analyze the data. In this paper, from the
obtained document-term matrix (dtm), a word cloud is formed, and this is used to vis-
ualize the term frequency. Only the top 250 terms were used in this wordcloud. The
process used for data mining is depicted in Fig. 1.

Data Extraction
hJ

Data Storage

Pre-processing

Find the Term Frequency
and Term association

Visualization of data using
wordcloud

Fig. 1. Process of data collection and processing.
3.3  System Dynamics methodology

The main objective of using this methodology is to develop a cause and effect relation-
ship between the player attachment and other selected parameters in and around the
event. If we consider only the player attachment, it will not be clear how the attachment



fits in with the system. When we look at the bigger picture of the league with player
attachment points as one of the parameters, we can see how the whole cause and effect
relationship unfolds within the given boundary. The current study takes some links
among the variables from the research conducted by Choi et al. (2017), Crescitelli and
Figueiredo (2009), Hsiao, Peng, and Huang (2010), and Levine and Call (2003). Hsiao
et al. (2010), in their study on a professional baseball game in Taiwan, developed a
system dynamics simulation model to understand the system structure and simulate the
developing trend. Using System Dynamics methodology (Sterman, 2000), we attempt
to model the IPL ecosystem by focussing on the following clusters: attachment points,
player attachment, sport attachment, city attachment, event attachment, team identifi-
cation, number of fans, team income, and the event income. SD methodology follows
the steps as shown in Fig. 2.

Problem articulation

Policy formulation

Fig. 2. System Dynamics methodology (Source: Sterman, 2000).

As seen in Fig: 3, we relate the city attachment, player attachment, and sport attach-
ment to the event attachment. The other attachment points drive the attachment towards
the event. The players’ attachment is also dependent on player performances and the
players’ popularity. Players who enjoy immense popularity because of their on-field
performances and off-field conduct are the most sought after by the teams and the team

fans.
City attachment
Player performances
> Player attachment Event attachment

Player popularity
Sport attachment

Fig. 3. Factors affecting event attachment.

Fans wish that their team buys such popular players who can contribute to the team
performances. This is evident from the tweets during the auction period. Fans were



either hoping their teams bought certain players or were seen tweeting positive tweets
after their favorite teams bought the anticipated players.

Market share of the event sponsor brand

> Decision to continue sponsorship
Market share of the team sponsor brand
Event image

Event attachment
Perceived event-sponsor fit >Evem attitude
Team Identification

Fig. 4. Factors affecting event image.

Fig. 4 shows the links assumed in this study to relate specific parameters with the
event image. The market shares of the event sponsors and the team sponsors determine
their decision to continue with the sponsorship deals, respectively. This decision could
have an impact on the event image. Also, the attitude towards the event that the fans’
have influences the event image.

City attachment
Player attachment > Event attachment
Sport attachment

Number of fans
i > Fan attendance
Team image

Event image
> Sponsorship

Player popularity

Event income

(Event image) - o
B . >Te|ew5|0n broadcasting licencing fees
Television ratings

Fig. 5. Factors affecting event income.

The number of fans and the image of the team influences fan attendance. The event
image and the popularity of the players influence sponsorship. The income that the
event generates depends on the factors such as the fan attendance at the games in the
stadium, the sponsorship deals with the sponsors, and the television broadcast licensing
fees, as shown in Fig. 5.

City attachment
Event attachment
Perceived event-sponsor fit > Event attitude
(Team Identification)

Number of fans Team Identification
) > Fan attendance
Team image

Player performances
. > Player attachment
Player popularity

Sport attachment

Fig. 6. Factors leading to team identification.

Fig. 6 depicts the connection between the parameters that explain the team identifi-
cation. As seen in the previous research work, we have equated the attachment points
as predictors of team identification. Also, event attitude and fan attendance at the games
strengthen team identification. Event attitude is influenced by the event attachment and
the perceived fit between the event and the sponsoring brand of the event. We further



assume that the link or the strength of the relationship between the event and the spon-

sor influences the attitude the fans hold towards the event, which in turn affects the
team identification.

4 Results and discussions

The tweets were structured in the pre-processing stage to estimate the word frequency.
From these structured tweeted data, we found the term frequency of each term present
in the corpus and found the associativity of these terms. From the obtained term fre-
quency matrix, wordcloud was created for data visualization purposes. The worcloud
of the selected three active teams in the auctions are as follows. We can see that the
fans have tweeted about the players already existing in their favorite team and also are
welcoming the new buys their team management has made. The word cloud helps us
visualize the word frequencies as shown in Fig 7.

ﬂ
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Fig. 8. Wordcloud for Rajasthan Royals.

The wordcloud of the next two teams is shown in figure 8 and 9, respectively. It is
very evident that the fans were very concerned about the players of their teams and had
a strong attachment, which leads to higher team identification. A clear link between the
players’ attachment and team identification can be seen here. Fig. 10 depicts the
wordcloud after considering the overall tweets of the auction. Here it is visible that
apart from the player names, fans have been tweeting about their favorite teams and, in
general, positively about the event and the sport as such in excitement.



jaan

y Y ag quinto
-xambani i winlPINer pri

.H,g;”;m likopen come s

baiindian::

o

\.u

dl—"

fmeri

1umb

gfamnp’e;t :

yb

Fig. 10. Wordcloud for the entire auctioning event.

This overall involvement of the fans is an indication that the event is held in high
regard by the fans and the sponsors of the event, and the teams can make use of the
fans’ attachment to communicate with their target audiences strategically.

In the next step, we model the IPL ecosystem with key emphasis on the attachment
points leading to team identification and study its causal impact on other associated
parameters. By considering the wordclouds as the base, a causal loop is developed, as
shown in Fig. 11.

Fig. 11 shows the bigger picture of how the attachment points are related to the var-
ious parameters of the system. The primary constructs considered are the attachment
points, team identification, the number of fans, event income, and team income. The
causal loop shows how the attachment points influence the team identification, which
then affects the attitude towards the team sponsors, thus affecting the purchase intention
and word of mouth about the sponsor brand. Similarly, the link between the event atti-
tude and the purchase intention of the event sponsor brand is explored.
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Fig. 11. Causal loop diagram.

The causal loop highlights the benefits of fans’ attachment to players in a sporting
league. If seen in isolation, the fans’ attachment to players may not seem to be of much
importance to the sponsors. But when modeled and focused on the interrelations, one
can see how strong the attachment to the players is. Attachment to specific players is
dependent on the player's past performance and experience too. Hence, teams can target
to get players based on their experience in the sport. This could add stability and balance
to the side, and a balanced team can always be backed for better performance in the
league, thereby satisfying the fans’ anticipation.

5 Conclusions

Through opinion mining of the 15374 tweets during the players' auction in the IPL, this
study highlights the importance of the fans’ attachment to players. The context here
was the IPL players auctions held in December 2019. The resulting word frequency
tables and the wordclouds generated thereby, using the software R indicates that the
fans were actively involved in the auctions celebrating the bids won by their respective
teams, of their anticipated players. It was clear that the attachment points like sport
attachment and city attachment were the driving factors along with the attachment to
players that strengthened the team identification of the fans.
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Further, a causal loop was developed using the attachment points as the epicentre to
model the interrelationship among the various parameters influencing the event income
and the team income. The causal loop can help the event organizers to understand the
underlying structure of the IPL ecosystem. Further, the respective team management
can target the right players to buy for their team so that the fans' team identification
caused because of the attachment to players remains intact and favorable to the stake-
holders involved, especially the sponsors.

6 Limitations and future work

This study has some limitations. Firstly, this study only considered opinion mining of
the tweets extracted based on one-off auction in the IPL. Future studies can compare
the tweets of two or more auctions and try to draw conclusions about the fluctuating
attachment points. Secondly, the current study is limited to drawing the causal loop
diagram. Future studies can simulate the model by drawing the stock and flow diagram
whereby the system can be simulated using the mathematical equations governing the
inter-relationships. The graphs that can be generated as the simulation outputs can high-
light the importance of the various causal links. Further, future studies can attempt to
model the players’ auctions by modeling all the parameters that influence the fans and
the team’s decision to go for a particular player in the auction.
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