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ABSTRACT

Protests (or movements) are a form of collective sociopolitical action in which mem-
bers with similar beliefs express their objections to a cause or situation. Often, a heated
debate during protests on social media, such as Twitter, may lead to divided users and
divergent discourse. On the bright side, studying divergent discourse on contentious
topics can help infer the collective perceptions of people in terms of their collective
narratives. On the dark side, narratives shared during protests may become susceptible
to various harmful in uence operations, disrupting society's peaceful fabric. This thesis
aims to understand digital strategies to organize protests, identify collective narratives
shared during protests, and identify harmful behaviors with potential online and of ine
consequences. We focus on hate speech and coordinated inauthentic behavior as prox-
ies for harmful conduct during online protests. We divide the thesis into four parts: (i)
Understanding strategies used for conducting online protests, (ii) Detecting and analyz-
ing collective narratives shared during protests, (iii) Detecting and analyzing opposing
stances during the protest, inclusive of authentic and inauthentic actors, (iv) Detecting

and analyzing harmful behavior during protest.

To focus on the strategies used for conducting protests on social media, we examine
the protest over the cause of the death of Sushant Singh Rajput (#3BR)witter.
Study of shared hashtags and retweets during #SSR protests reveals a combination of
centralized and decentralized information aggregation strategies in retweet networks,
suggesting a mix of self-motivated individuals and organized entities. Next, we pro-
pose an unsupervised clustering-based framework to focus on the collective narratives
shared during protests. Our ndings suggest clusters of call-to-action and on-ground
activities across protests under study. Next, we delve into the opposing stances formed
during an online protest, using #CAA protest on Twitter as a case study. We build

an unsupervised stance detection technique to identify users' stances and analyze their

IAn Indian actor whose untimely death by suicide led to an online movement towards his cause of
death.



content, follower networks, and inauthentic behavior (i.e, bots, suspended users, and
deleted users). Our ndings suggest homophily (i.e., users of the same stance follow
each other on Twitter) in follower network and presence of edges between authentic
and inauthentic users, suggesting their connectedness. Finally, we focus on hate speech
and coordinated inauthentic behavior as proxies for harmful conduct and study their
contribution during the divergent discourse on #CAA. To this end, we built a multi-task
classi cation model with hate speech detection as the primary task and stance detection
as an auxiliary task and obtained an F1 score of 0.92. Our ndings suggest that more
hateful users produced more tweets, received faster retweets, and held a central position
in the retweet network. Regarding coordinated inauthentic behavior, our ndings sug-
gest that coordinated communities, which were highly inauthentic, showed the highest

clustering coef cient towards a greater extent of coordination.

In conclusion, this thesis examines strategies, collective narratives, and harmful
behavior within protests, comprehensively exploring the intricate facets of online ac-
tivism. To summarize, the research contributions of the thesis are: - (i) Analyze protest
hashtags and retweet communities to provide insights into protest strategies, (ii) Build
an unsupervised collective narrative detection technique, (iii) Build an unsupervised
stance detection technique for user-level stance detection for multi-lingual Twitter data,
(i) Build automated hate speech detection method for opposing stances, (iv) Build a
framework for coordinated communities in opposing stances. Through our research, we

aim to foster a more secure digital environment for participants in online protests.

Vi
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CHAPTER 1

INTRODUCTION

Recent technological advancement has transformed Online Social Media (OSM) plat-
forms into a signi cant place for debate around socio-political phenomena, helping
users express their opinions and mediate social interactions [154]. The abundance of
communication capabilities on social media has produced a resilient network of peo-
ple responsible for a continuous ow of information between the of ine and the on-
line ecosystem [47]. With the help of provided communication capabilities, users can
identify like-minded people who boost their belief system on social media [72]. While
identifying like-minded people on social media gives a sense of belongingness and helps
ght for a cause [32], it sometimes leads to a polarized information ow between users
who are ignorant of the other side [91]. Moreover, the tendency of users to adjust inter-
ests, opinions, and actions according to ongoing developments (e.g., call to action on
the online ecosystem for of ine protest) introduces a feedback effect, where the of ine
and the online ecosystem might affect each other [157]. This feedback loop becomes
particularly impactful during protests, as information circulating about the protest can

in uence people's judgments and actions.

Protests and social movements are scarce; however, they may lead to dramatic out-
comes when they occur [76]. Social media, such as Twitter, has become central to
organizing and developing collective action, such as online protests worldwide. Man-
ifestation of collective identity (for example, #wearethe99percent launched by the Oc-
cupy Wall Street movement ) is accompanied by a set of goals that provides users with a
collective sense of self and what they stand for [74]. Often a heated debate between par-
ticipants on Twitter during protests may lead to divided users and divergent discourse
around the topic [70]. In particular, social-technical convergence has paved way for
social sensing, where humans act as data sensors that continuously post about ongoing
phenomena [206]. On the bright side, studying divergent discourse on contentious top-
ics can help infer the collective perceptions of people in terms of collective narratives.

Information from the collective narratives produced by human sensors can provide data-



driven decision support to policy-makers and stakeholddos making an informed

decision and adjusting any interventions according to the needs of people [12].

Initially hailed as a powerful tool for promoting diverse perspectives, critical think-
ing, and democratic discussions, social media's global reach and information-sharing
capabilities presented great opportunities [190]. However, as it became the primary
source of information for many, the convergence of social and technological factors
began to pose signi cant risks to society [38]. For example, due to the innate hu-
man tendency of “con rmation bias”, individuals often gravitate towards consuming
information that aligns with their existing beliefs. As a result, the potential bene t of
exposure to diverse perspectives is greatly restricted [221]. Moreover, the algorithms
governing news feed curation and the dynamics of social networks contribute to the
reinforcement of selective exposure mechanisms [42]. This transformation has resulted
in the formation of echo chambers, where users tend to reinforce their own opinions

and biases on a given topic instead of engaging in a truly democratic discussion [55].

Apart from “con rmation bias”, selective exposure mechanisms, and formation of
echo chambers, online environment created by social media also becomes a perfect
breeding ground for malicious activities ranging from promoting terrorist activities [23],
disruption of foreign campaigns [22], and inducing fear among fragile audience [9].
Threats to secure society can range from genuine users involved in occasional harass-
ing fragile people [62] to more profound inauthentic actors who purposefully become
part of an online discussion with ill-intention to create polarization [78], spread propa-
ganda [189], among other intentions. Despite the efforts of the platform to remove ma-
licious content, posts made by malicious accounts may reach a wider audience before
being suspended from the platform [172]. Malicious accounts constantly adapt their
content to evade platform regulations, camou aging themselves within benign online
social media (OSM) content to achieve viral reach before any intervention occurs. The
feedback loop between online and of ine ecosystems ampli es the impact of malicious
content. For instance, vaccine debate on social media sparked an infodemic online and

hindered the progress of vaccinations of ine [75].

Our primary objectives are to understand how protests are conducted digitally, iden-

tify collective narratives shared during protests, and identify harmful behaviors that

1Examples of stakeholders are political parties, advocacy groups, religious and ethnic minorities, etc.



may have potential online and of ine consequences. Speci cally, we focus on hate
speech and coordinated inauthentic behavior as proxies for harmful conduct during on-
line protests. We investigate these factors to uncover underlying elements contributing

to negative outcomes and help develop effective strategies to mitigate such risks.

1.1 Understanding Protest Strategies

In the past decade, the prevailing approach to studying social movements emphasized
the signi cance of shared grievances [183] and potential routes for addressing them as
fundamental prerequisites for collective actions [66]. However, more recently, the pre-
viously strong hypothesis regarding the centrality of grievances has shifted to a weaker
one [200]. The current assumption suggests that any society always has enough dis-
content to foster a movement as long as the campaign is effectively organized [131].
Protests, as observed during the Arab Spring at the beginning of the decade, involve
a dynamic interplay between two distinct logics. First is the formal association of or-
ganizational resources, known as the logic of collective action. Second, is the users’
inclination to share personalized content on social media, referred to as the logic of
connective action [29]. Social media has become a prime site where protests are cre-
ated, channeled, and contested [74]. Social media has emerged as a central platform
for organizations and individuals to share protest-related content, and its potential con-
tributions are manifold. For example, the study of protesters' posts on social media on
the "no ban, no wall' protest was done to reduce prejudice towards a given section of
society [212]. In another instance, the study of social media posts was used to under-
stand the dogmatic mindset of the users of a marginalized community [62]. The new
direction of social movement research has attracted much attention in two directions:

the movement-media relationship [223] and social movement strategy [49].

1.1.1 Challenges

Understanding the major strategies adopted for a socio-technical protest requires (i)
extracting actionable and concise knowledge from the online ecosystem; (ii) identify-
ing and characterizing prime advocates involved in the online social movement; and

(iif) designing suitable techniques to demystify online strategies used by activist for the
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movement online. Research on social movements in non-western countries is limited
compared to the extensive body of work focused on protests in the Western context.
Understanding and analyzing protests outside Western societies poses signi cant chal-
lenges [159]. Gathering user-generated content from OSM comes with its fair share
of challenges, including incompleteness, information overload, and multidimensional
information (text, images, videos). Another major challenge concerning study protests
in non-western contexts is the barriers posed by content shared in low-resource lan-
guages [85]. Online protests may be single-sided [208] and rich in discourse [70].
We address the two challenges mentioned above: (i) broader the scope of studying the
protest in non-western content; (ii) addressing the low resource languages for protest

study.

1.1.2 Solutions

Social Network Analysis, when combined with Al techniques, facilitates the modeling
of information ow between users in online social networks (OSNSs). It allows for iden-
tifying key actors and provides valuable insights into people's perceptions and behav-
iors within networks [117]. Using Al and SNA to understand protest-related activities,
we can delve into the user's stance on a particular debate [70], discontent with a po-
litical change [208], among other knowledgeable insights. By focusing on the retweet
mechanism as a form of protest participation [36], we can study strategies for protests.
Speci cally, we can categorize participants as generators (creating content related to
the protest) and drivers (propagating the protest through retweets) to comprehensively

analyze protest strategies.

1.2 Understanding Protest Narratives

Narratives are verbal, graphic, or written interpretations of related events and partic-
ipating actors, evolving through a given duration [158]. Using a hashtag to build a
collective narrative makes Twitter one of the prime spots for conducting protest [208].
Conducting a detailed analysis of the diverse narratives within a protest can help us to
gain knowledgeable insights into the protest, understand people's perceptions, and shed

light on the main focus of the protest. Gaining concise knowledge from the shared nar-
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ratives is especially important as highly in uential users can disseminate information to

a wider audience, potentially shaping the course of the protest [208].

1.2.1 Challenges

Extracting concise knowledge from social media protests encompasses several chal-
lenges. One of the major challenges is that protests might occur due to different fac-
tors, such as racial and religious discrimination, some political outcomes, etc. Protest's
unigueness and subjectivity pose a signi cant challenge to nding common topics across
protests [144]. Another major challenge for understanding common narratives across
protests is the barriers posed by content shared in low-resource languages in non-

western countries [85].

1.2.2 Solutions

Extracting relevant topics from large OSM discussions requires a combination of Al

and SNA. We can classify a huge collection of data, understand hidden patterns of
information in the data, and use the network of users and content to understand the
user's perception and beliefs of the topic of discussion. Catering to the subjective nature
of protests, we propose to use Al and SNA to develop an unsupervised framework for

narrative detection.

1.3 Understanding Online Threats and Harmful

Behavior

Posts on OSM platforms are susceptible to the spread of hate, propaganda, manipu-
lation, and disinformation campaign, among other harmful behavior [78]. Unreliable
content shared by various inauthentic users gets attention from unaware users, who can
fall prey to harmful activities [191]. Hate and fear speech on the platform might affect
the debate on social media [169]. When a protest unfolds into discourse, there is a risk
of inauthentic or disrespectful content on either side of the discourse [70]. To fully un-

derstand the interplay of inauthentic activity within the discourse, we need to focus on



both sides of the discourse. Hence, we focus on the threats from inauthentic and harm-
ful actors and their shared content on protest. Since the co-existence of harmful users
online can lead to targeted hate being deliberated during the protest [169], we use hate-
ful content as the rst proxy for harmful behavior. Since protests are often coordinated

in nature [118], we use the coordination in the protest as a medium and use inauthentic

and hateful coordinated activity as the second proxy for harmful behavior.

1.3.1 Challenges

While protests are prevalent worldwide, those in hon-western countries have been un-
derstudied due to a lack of diverse language representations. Recently, we have seen
a slight rise in the study of harmful behavior in non-western countries [150]. The
major challenge with studying online harmful behavior continues to be the barrier of
low-resource language. Understanding the political and moral values of a country or
community poses another signi cant challenge in studying protests [86; 164], particu-
larly when it comes to examining harmful behaviors like hate. It is crucial to navigate
and comprehend the diverse political and moral awareness within a speci ¢ context. In
terms of inauthenticity, the detection of bots and platform-aided suspension of malicious
accounts are fostered by the OSM platform. However, malicious accounts continually
adjust their content to evade platform regulations, disguising themselves within harm-
less OSM content to quickly gain widespread attention before detection or intervention

OCcCurs.

1.3.2 Solutions

Since the rst proxy for harmful behavior is taken as hateful content, we devise a frame-
work to understand the hateful content during the #CAA discourse. To address the sub-
jectivity of political and moral perspectives, we propose annotating hateful tweets dur-
ing discourse and developing a classi cation model for hate speech, including oppos-
ing stances, within the context of protests. By studying hate from opposing viewpoints
during protests, we hypothesize that valuable insights can be gained, which may have

broader applicability to similar protests. We account for inauthenticity through Twitter



suspension and bot detection techniques [218]. We suggest investigating coordinated
behavior within a discourse to tackle the adaptability of harmful users evading platform
regulations. By identifying coordinated communities through shared mechanisms like
hashtags, retweets, and mentions, we aim to demystify their presence. We hypothesize
that studying the interplay of different inauthentic and harmful behaviors on Twitter can

shed light on the complexity of vulnerabilities during protest participation.

1.4 Legal and Ethical Concerns

Users' pro le data in OSM may be publicly available, but it is important to recognize its
inherent sensitivity. When users participate in a protest or express their opinions, they
might not anticipate the potential use of their data by anyone, especially when sensitive
topics are involved. In our study, we have only utilized publicly available information
and have not attempted to explore user-level demographic data. We aim to focus on
understanding public perception of various protests rather than individual perspectives,
thus safeguarding user privacy. In typical studies like ours, sharing tweet IDs is a com-
mon practice. However, due to the sensitive nature of the campaign, there is a risk
associated with sharing tweet IDs. Sharing tweet IDs makes it possible to extract user-
level information from these tweets, posing a threat to privacy. Consequently, we have
not disclosed the tweet IDs used in our studies. Instead, we share tweets and user-level
features that do not reveal personal information (such as pro le names, descriptions,
usernames, and other identi able details). This approach ensures that users' privacy is

maintained while allowing us to analyze relevant data for our research.

1.5 System Requirements

For our experiments, we used a Linux-based system with Xeon(R), an x86 micropro-
cessor developed by Intel with a system memory of 62GB. We ran our machine learning
and deep learning models using NVIDIA-SMI GPU with a driver version of 440.33.01
and installed Cuda version 10.2. Another server used for training our deep learning
models was the Nvidia RTX 3090 GPU system with an installed Cuda version of 11.3.

2https://help.twitter.com/en/managing-your- account/suspended-twitter-accounts



1.6 Contributions

We divide the thesis into four parts: (i) Understanding the strategies used for online
protest, (ii) Detecting and analyzing collective narratives shared during protests, (iii)
Detecting and analyzing the opposing stances during the protest, inclusive of authentic

and inauthentic actors, (iv) Detecting and analyzing harmful behavior during protest.

1.6.1 Understanding Strategies Used For Online Protest

First, we examine how Twitter activists build a diverse global support network and
challenge the dominant narrative during an online protest. As a case study, we analyze
strategies of the protest surrounding the cause of the death of Indian actor Sushant Singh
Rajput (#SSR). Despite the cause of death being reported as a suicide by the of cials,
a counterpublic movement emerged, discussing alternative theories such as nepotism
and murder, leading to an online protest on various social media, including Twitter.
Counterpublics [104] are de ned as marginalized communities that distribute messages
to diverse social groups, raise awareness, and challenge dominant narratives. Coun-
terpublics leverage hashtags to build a diverse support network and share content on a
global platform that counters the dominant narrative. Our rst work applies the frame-
work of connective action to the counter-narrative campaign over the cause of death of
#SushantSinghRajput. We combine descriptive network, modularity, and hashtag-based
topical analysis to identify the campaign's three major mechanisms: generative role-
taking, hashtag-based narratives, and forming an alignment network toward a common
cause. Using the case study of #SushantSinghRajput, we highlight how the connective
action framework can be used to identify different strategies adopted by counterpublics
for the emergence of connective action. Our ndings indicate a connected community
of counterpublics, combining centralized and decentralized information aggregation.
Our results suggest a mix of self-motivated individuals and organized entities, rais-
ing concerns about the potential partial manipulation of the online campaign. We also
found that different communities formed shared similar topics, showing that the shared

content united users divided by communities.



Figure 1.1: Example tweet showing call-to-action and on-ground activity reporting for
protests.

1.6.2 Detecting And Analyzing Different Collective Narratives Present

During Online Protes

Next, we study and examine collective narratives shared during protests and their role
in shaping and advancing collective opinions. To this end, we propose an unsupervised
clustering-based framework to examine collective narratives shared during a protest.
We focus on four protests: #CitizenshipAmendmentAct and #FarmersProtest in In-
dia, #KillTheBill protest in the U.K, and #BlackLivesMatter in the U.S. to study the
collective narratives across protests. Next, we investigate the evolution of identi ed
converging narratives across the protests. We further identify the most in uential par-
ticipants in a protest and study their contribution to spreading various narratives. Our
results suggest that clusters with call-to-action twéetsd on-ground activity report-

ing tweets* are common narratives across all protests. Figure 1.1 shows the example
tweets for call-to-action and on-ground activity used in protest. Analysis of the evolu-
tion of narrative suggests that the call-to-action narrative is the most consistent during
the protest. Community detection over the retweet network across protests suggests

narrative-centric community formation.

3Call-to-action category represent the tweets that urged the users to participate in the protest.
“tweets that narrate the current and ongoing development of the protest in real time



1.6.3 Detecting And Characterizing Opposing Stances During On-

line Protest, Concerning Authentic And Inauthentic Actors

Since contentious topics are prone to divergent discourse, we delve into the opposing
stances formed during an online protest in the next part of the thesis. We use India's
#CitizenshipAmendmentAct protest as a case study to investigate the opposing stances
and the content they shared during the discourse. Keeping the campaign participants
as the prime focus, we study 9,947,814 tweets produced by 275,111 users during the
starting 3 months of protest. Our investigation of the opposing stances accounts for
different authentic and inauthentic actors on the platform and compares their shared
content and network structure. Among the opposing stances, users who opposed the
Act were identi ed as protesters, while users who supported the Act were identi ed
as counter-protesters. The opposing stances were further divided into authentic and
inauthentic users based on whether they were genuine users (Authentic users) or were
identi ed as bots, suspended, or deleted by Twitter (Inauthentic users). We contribute
to being the rst study to perform a ne-grain analysis of the contention around the
#CitizenshipAmendmentAct on Twitter regarding opposing stances and authenticity vs.
inauthenticity combined. Our ndings show different themes in shared tweets among
opposing stance users, while the following network of users suggests homophily among
users on the same side of the discourse. Our ndings also suggest the presence of
inauthentic activities on both sides of the discourse and the presence of a path between
authentic and inauthentic users in the following network suggesting the connectedness

of inauthentic users to their authentic counterparts.

1.6.4 Detecting And Analyzing Harmful Behavior During Protest

Among the harmful behaviors, we rst focus on disseminating hateful content during
online protests. To this end, we study how hateful users exploited the elements of
protest mobilization (i.eresourcesle ned as the engagement methods on Twitter such
as tweeting, retweeting, etc. aadility to use themduring the divergent discourse on
#CitizenshipAmendmentAct in India. We de ne hate speech as “any content that pro-
motes violence against the opposing stance cohort, directly or indirectly threatening the

people based on their race, ethnicity, national origin, religious af liation, political ide-
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ology, and political af liation” [174]. Since the user's stance plays a vital role in hateful
tweet detection, we build a multi-task classi cation model with hate speech detection
as the primary task and stance detection as an auxiliary task. Our model outperforms
previous models catered towards Indian tweets [173], with an F1-score of 0.92. We
further use our model to analyze the hateful users and tweets during the protest mobi-
lization. Our key ndings suggest that more hateful users produced more tweets and
received faster retweets during the protest than non-hateful users. Across the opposing
stances, hateful users held a more central position in the retweet network, indicating
their reachability to genuine users. To delve deeper into the harmful activities in play
during a protest, we combine different forms of harmful behavior with inauthenticity

in our nal part of the thesis. We use #CitizenshipAmendmentAct as a case study and
decipher the various forms of inauthentic activities (bots, suspended users) and harmful
behavior (hate speech and coordinated inauthentic behavior) exerted by the opposing
stances during the online discourse. To this end, we identify the coordinated commu-
nities in the opposing stances, marked by the exceptional similarity between two users
through different mechanisms such as hashtags, retweets, and mentions. Our key nd-
ings reveal that the most hateful, strongly coordinated communities of opposing stances
also showed highly inauthentic behavior. Another key nding reveals that strongly co-
ordinated communities that produced hate may not necessarily show a high degree of

inauthentic behavior.

This thesis stands at the forefront of advancing our understanding of online protests
by introducing methodologies and conducting a comprehensive study on protest related
posts on Twitter. The study's novelty lies in its in-depth analysis of how Twitter activists
construct diverse global support networks, challenge dominant narratives, and engage in
harmful behaviors and opposing stances during online protests. The selection of Twit-
ter as the platform for the study was done due to Twitter's in uential role in shaping
real-time conversations, global reach, and information dissemination during prétests.
By speci cally focusing on diverse protests such as the #SushantSinghRajput, #Cit-
izenshipAmendmentAct, #FarmersProtest, #KillTheBill, and #BlackLivesMatter, the
research offers a nuanced understanding of varied protest contexts. The selection of
protests for the study, facilitates a comparative analysis, revealing commonalities and

distinctions in collective narratives and protest dynamics across different socio-political

Shttps://www.pewresearch.org/journalism/2009/06/25/iran-and-twitter-revolution/
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landscapes. The research in this thesis provides valuable insights for future studies, pol-
icymakers, and stakeholders seeking to navigate the complexities of online activism and

create a more secure digital environment during protests.

1.7 Thesis Outline

The rest of the thesis is organized as follows. Chapter 2 discusses the related literature.
Chapter 3 discusses the strategies used in online protest. Chapter 4 describes our ap-
proach and ndings of collective narrative detection techniques around protests. Chap-
ter 5 focuses on detecting and characterizing opposing stances during online protests.
Chapter 6 and Chapter 7 discuss harmful behavior during online protests, considering
hate speech detection and coordinated inauthentic activity during the protest, respec-
tively. Finally, Chapter 8 concludes the thesis, discusses limitations, and proposes fu-

ture directions.
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CHAPTER 2

LITERATURE REVIEW

Protests are a form of collective sociopolitical action in which members with simi-
lar beliefs express their objection to a cause or situation [15]. Time and again, the
world witnesses protests over a government policy, bill [160; 212], or the government
itself [190]. Social media use to conduct protests has been evident from the start of
the past decade [76]. Previous researchers have used social media as a social sensor to
predict when the protest will take place, i.e., protest prediction [137; 77], and whether
and how social media contributes to the explosion during protests, i.e., protest recruit-
ment [76]. More recently, researchers have focused on understanding emotional dy-
namics during protest [49] and understanding the underlying opinion of participants
to counter societal challenges such as dogmatism [62] and prejudice against immi-
grants [212]. Other recent focus includes opinion modeling, which re ects and justi es
the belief or judgment of a person towards a target entity, irrespective of having the

same stance [84].

Twitter is one of the prime social media platforms for conducting online protests.
The role of Twitter in mass mobilization against fraudulent elections in Moldova and
Iran led to the coined phrase “Twitter Revolution” in 2008lthough “Twitter Revolu-
tion” was celebrated at rst for shifting power to people, research over the past decade
shows the double-edged sword of using social media for protest, ranging from in u-
ence operations [22], manipulation [24], coordination [95] among others. The involve-
ment of inauthentic users has become more prevalent on the platform [64]. The various
forms of manipulation of the debate are studied with regards to bots [179; 30; 197; 40],
pre-de ned campaign toolkit users [106], co-ordinated accounts [148; 150; 180], or
trolls [120; 78]. Hence, the presence of inauthentic activities and harmful behavior on

the platform during protest conduct cannot be denied.

In this chapter, we rst discuss the previous protest-related social media studies

catered toward understanding strategies adopted during protests. Next, we study related

Ihttps://www.pewresearch.org/journalism/2009/06/25/iran-and-twitter-revolution/



work with respect to collective narratives, online threats, and harmful behavior during

online social media protests.

2.1 Understanding Protest Strategies

This section delves into strategies adopted by different social media-mediated protests

over the past decade.

Financial Crisis Protest of Spain, 20111n 2011, Spain withessed a mass mobilization

in response to the political management of the nancial crisis, fueling a call for renewed
democratic representation. The primary aim was to orchestrate a signi cant protest on
May 15, uniting people in 59 cities. Participants established camps in city squares
from May 15 to May 22, strategically coinciding with regional and national elections.

Despite its initial vigor, the movement gradually waned and dissipated.

Gonzalez-Baildret al.[76] examined the recruitment dynamics of the protest, aim-
ing to determine whether mass mobilization relies on weaker connections (broadcast-
ing links) or stronger connections. Over 30 days, they analyzed 581,750 protest-related
tweets from 87,569 users. By constructing a network based on followers and retweets
among the most active users, they applied threshold-based metrics to uncover recruit-
ment patterns. Their ndings indicated that multiple exposures, rather than repeated
exposure from a single individual, played a vital role in fostering social contagion and

motivating users to join the protest.

Egyptian Uprising, 2011: A wave of political uprisings swept the Arab world, in-
cluding Egypt, triggered by Tunisia's successful demonstrations in 2011. In Egypt, the
protest aimed to topple the authoritarian regime. The uprising commenced on January
25, 2011, and persisted for 18 days until President Mubarak resigned on February 11,
2011. Initially, the protest unfolded as a peaceful demonstration, but on February 2nd,
a signi cant shift occurred as clashes emerged between pro-Mubarak and anti-Mubarak
groups. This escalation led to episodes of violence, with pro-Mubarak individuals act-

ing as "thugs" and assaulting anti-Mubarak activists.

Starbird and Palen [190] studied the interplay of users involved in online activism

and those on the ground during the protest. Starbird and Palen [190] collected hashtag-
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based tweets and user information from Twitter APl and studied the diffusion of the
most popular tweets during the protest. The most popular tweet during the protest
included the text “Uninstalling dictator” with a progress bar and reporting of on-ground
activity of the users at the protest's location. The “Uninstalling dictator” variations with
progress bar tweets appear 19,836 in the dataset. The retweet was found to be the most

prominent feature for the propagation of the tweet during the protest.

Brazil Summer Protest, 2011: During the summer of 2011, protests in Brazil began
with the disruption caused by increased public transport fares. However, as the protest
progressed, it expanded its focus to include political corruption and police brutality

against the demonstrators.

Costaet al. [49] analyzed tweets shared during the protests in Brazil to nd the
emotional dynamics of the posts. They found that the peak in the tweets coincided
with days with substantial online activity. Costtal.[49] used an SVM classi er on
the initially collected tweets to identify protest-relevant tweets. On the protest-related
tweets, a multi-nominal naive Bayes classi er was trained with 9,003 tweets manually
annotated as positive, neutral, and negative emotions. The authors found the presence

of both negative and positive emotions in protest tweets.

Gezi Park protest, 2013:Gezi Park protest commenced peacefully in Turkey, a country
already marked by political divisions. On May 28, 2013, a group of approximately O-
100 environmental activists gathered for a sit-in at Gezi Park in Taksim Square, Istanbul.
They aimed to protest against the demolition of one of the city's last remaining public
green spaces. The government's plan to replace it with commercial establishments and
upscale residences fueled the outrage. Unfortunately, the peaceful demonstration was
met with harsh police response, including tear gas and water cannons, which ignited
clashes between the authorities and protesters. The occupation of the park lasted until

June 15, marking the end of the protest.

Varol et al.[202] focused on extracting topics of conversation about the social upris-
ing and identi ed the trending topics. Varet al.[202] also studied the spatio-temporal
characteristics of the conversation, including where tweets about protests started and
what locations shared the most identical trends and topics. They also reported that

online content shared was highly affected by on-ground activities.
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Brexit Referendum, UK, 2016: Brexit (UK EU membership referendum) occurred on
June 23, 2016, in the UK and Gibraltar. The referendum aimed to determine whether
the country should remain a member of the European Union or leave. In October 2015,
the pro-Remain campaign group called "Britain Stronger in Europe" was formed, while
two groups advocating for Brexit, namely “Leave EU" and “Vote Leave" competed to
become the of cial Leave campaign. On April 13, 2016, the Electoral Commission
declared Vote Leave the of cial campaign representing the Leave option. The UK gov-
ernment of cially supported the Remain option. The voter turnout for the referendum
was 71.8%, with over 30 million people casting their votes. Ultimately, the Leave cam-

paign secured 51.9% of the votes, while the Remain campaign received 48.1%.

Grcaret al. [79] focused on two main questions regarding the Brexit Referendum,
i.e., the mood of users on the Brexit referendum and who are the most in uential users
in the pro/anti-stances. The authors collected geo-tagged tweets related to the Referen-
dum, and the results of their opinion mining from the Twitter data matched well with the
opinion polls on the topic. This becomes a signi cant result, as it sheds light on the im-
portance of sharing on social media, such as Twitter can be equated to people's views
on a given opinion piece. Howard and Kollanyi [92] showed that the two most im-
portant accounts in the referendum were indeed bots(@i¥.pteLeave @ivotestay,
whose purpose was to amplify the source simply by aggregating the content and then
retweeting it. Gcaret al.[79] collected 4.5 million tweets from almost 1 million users
about Brexit from May 12, 2016, to June 24, 2016. For determining stance, 35,000
tweets were randomly selected for manual annotation bgarc&t al.[79]. The study
uses a score metric that considers users' leave, remain, and neutral tweet counts to
judge the user's stance on the topic. The analysis of users who joined the leave vs.
remain discourse shows that leave users gradually increased compared to remaining
users who were persistently present and contributing to the debate. As for the in u-
ence, Gcaret al.[79] used retweets and the number of posts a user created to measure
in uence. The leave group was found to be considerably more active in the generation

and retweeting of content, while the Remain side was found to be less active.

Day Without Immigrants & No Ban, No Wall Protest, 2017: The “Day Without Im-
migrants” and the “No Ban, No Wall” protests were the most recent nationwide protests
in the US that aimed to show the important contributions of immigration and to resist

punitive immigration policies. The “Day Without Immigrants” was held on February
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16, 2017, in response to Donald Trump's plans to build a border wall, deport potentially
millions of undocumented immigrants, and strip sanctuary cities of federal funding.
The main aim of the protest was to show the importance of immigrants in the US econ-
omy. The “No Ban, No Wall” protest took place on January 28, 2017, in response to
President Donald Trump's plan to ban citizens of certain Muslim countries from enter-
ing the US and suspend the admission of all refugees. Both protests used social media

to disseminate information and aided the online protests that were going on at the time.

Wei et al.[212] performed a control focus group-based study to identify and reduce
online prejudice towards a given part of the community. The work focuses on identi-
fying a focal event that impacts people's behavior. Prejudices are a very mild form of
hate or prede ned mindset that a person has towards another community or people. The
authors used the two protests as an intervention to reduce online prejudice. The results
show positive and negative changes in people's prejudice after the protest. The authors
also identi ed features of users who are more likely to change (or resist) their mindset
after a protest. The ndings of the work can be used to design targeted interventions

during a protest-like situation.

Venezuela Political Crisis, 2019:The past decade has witnessed sociopolitical frag-
mentation in Venezuela due to differences in interests, identities, and politics. There
are two ideologies in Venezuela, i.e., Chavism, embraced by supporters of the political
ideology of the late president Hugo Chavez, and Anti-Chavism, embraced by people
who strongly oppose Chavez's legacy. Chavism, however, still controls the Venezuelan
political system with Nicolas Maduro as the state's head. The re-election of Nicolas
Maduro as the country's president on January 10, 2019, led to the beginning of a pres-
idential crisis driven by claims of illegitimacy and reports of coercion and fraud. The
crisis continued for a while and slowly faded after March 25 when the Russian aircraft

were seen arriving at the Caracas airport guarded by the Venezuelan military.

Horawalavithaneet al. [91] focused on the content being shared on social me-
dia during the crisis as a response to external and internal factors. The authors used
Venezuela's political crisis in early 2019 as a case study to gauge how the external and
internal factors drive the related activities on social media. The external data for the
analysis was taken from ACLED (Armed Con ict Location and Event Dataset) [156]
and GDELT (Global Database of Events, Language, and Tone) database [114]. The

18



study analyzed Twitter activity related to the political situation in Vlenezuela, specif-
ically focusing on tweets either supporting or opposing President Maduro. The re-
searchers categorized the tweets into pro-Maduro and anti-Maduro groups, with inter-
nal drivers including politicians, media outlets, and regular users. By identifying the
200 most in uential users from both sides, they examined the in uence within each
community. Clustering analysis revealed that the anti-Maduro community's clustering
coef cient decreased signi cantly when media accounts were removed, indicating me-
dia involvement in the anti-Maduro campaign. Conversely, the clustering coef cient
decreased for the pro-Maduro community when political accounts were removed. Re-
moving random users had minimal impact on the clustering coef cient. The study also
investigated external drivers by correlating the volume of anti-Maduro and pro-Maduro
Twitter activities with of ine events reported in ACLED and GDELT databases. It was
found that the anti-Maduro community displayed a stronger correlation with ACLED,
suggesting that online discussions from the anti-side aligned with reports of protests

and violent clashes documented by ACLED.

2.2 Understanding Collective Narratives

Social media protests often bring social justice and help marginalized social groups [214].
Researchers have studied protest tweets to help reduce online prejudice around certain
social groups [212]. The study of anti-vaccine infodemic helped to understand human
perception around the topic [75]. The analysis of textual features for understanding
the sentiment of protest tweets shows the prevalence of negative sentiment [49] and
speci ¢ psycho-linguistic lexicons over the others [56]. A study of tweeting activity
during a protest indicates that social media activists plan the protest and share rele-
vant tweets with a future date and time of of ine protest conduct (call-to-action) to
gain critical mass [139; 220]. Besides understanding the objectives, the call-to-action
tweets have also helped successfully predict future protests [137]. With the help of
shared grievances, people's will and hardships can be understood during protests [49].
Objectives of a protest can also be understood through the study of narratives shared
during the protest. Understanding of narratives shared during the protest lies at the
intersection of understanding protest participation and protest growth. Narratives are

verbal, graphic, or written arguments of interconnected actors and events, developing
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through time [158]. Social media posts provide a fragmented narrative structure through
chained social media posts. Chained social media posts create stories through events
spread across multiple sources. Researchers have focused on the politician's use of
social media to create a “us vs. them” narrative, leading to marginalization and polar-
ization among the public in Turkey [108]. Identifying evolutionary trends that connect
the narrative components temporally is known as Story Evolution Detection [158]. Pre-
vious work on narrative evolution has discussed the shifts in the narratives shared across
social media blogs [99]. The evolution of narratives has also been studied to analyze
the themes in the misinformation spread during COVID-19 [126]. The narratives shared
during the protest can be loosely divided into grievance [184], call-to-action [167; 76],

and reporting of on-ground activity [118].

2.3 Understanding Online Harmful Behaviour

With the rise in the use of social media use for conducting protest activity, social me-
dia started becoming the target of various radicalization groups [188], inauthentic ac-
tors [119] who started to use social media for nefarious reasons such as in uence opera-
tions. In uence operations for online manipulation of users can include one or many of
the strategic tools, including fake news [34], propaganda [78], hate speech [196], paid
trolls [38; 120] and bots [63]. Although a vast body of work is centered around building
strategic tools to identify and mitigate different perpetrators, the ef cacy of proposed
methods is still under scrutiny, while information operations on social media are far
from being solved. More recently, researchers have started focusing on the interplay
of different inauthentic activities. In this section, we focus on the harmful behavior
adopted by various inauthentic and malicious actors on social media in play during the

protest.

2.3.1 Accounts Identi ed As ISIS Groups

Spiro and Ahn [188] used the pre-identi ed 25,538 ISIS accounts and conducted a fore-
casting task to identify extremist users, estimating whether regular users would adopt
their content and whether users would reciprocate contacts created by the extremists.

The authors detected extremist users with 93% AUC, while the adoption of extremist
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content was forecasted with 80% AUC. The users were predicted to reciprocate inter-
action with extremist users with 72% AUC. The datasets the authors collected included
3,395,901 tweets by ISIS group accounts 9,193,267 tweets generated by users exposed
to the ISIS content from the ISIS account followers data, which was taken for 25,538
random users from the set of followers. The authors curated several feature sets for their
prediction purpose and implemented several machine learning models for the classi -
cation task. The models included Logistic Regression with LASSO regularization and
Random Forest with k-fold cross-validation with the value of k set as 5. The authors
used the greedy method to select the best features for their prediction problem. Ex-
posure to the content of the ISIS account is determined by the Retweet mechanism on
Twitter while reciprocating the user's reply to the tweet as an alibi. As for the static pre-
diction task, the model doesn't take advantage of the timeline of the activity sequence,
while a dynamic model looks into the time while making the prediction. Random Forest
takes advantage of the temporal data dependency for real-time prediction. Spiro and
Ahn [188] shed light on the beginning of a new era of social media, where extremist
groups and content manipulators started co-existing in the digital ecosystem along with

the other naive users.

2.3.2 Bots

While some accounts are purposefully created to deceive humans on social media, the
automated accounts, i.e., bots, have drawn a lot of traction [197; 40]. Bots try to create
content that may be polarized [119], talking highly of one side or even helping spread
propaganda on social media [92]. The involvement of bots has led to discourse and
tension in the online world, which are prevalent in Elections [182]. However, the bots
have most recently invaded every discussion space on the social media platform [63].
The threat of automated and semi-automated accounts has been rising in social media

and needs to be tackled for a safer society.

2.3.3 Russian Trolls on Twitter

By 2016, researchers warned about trolls and other forms of online manipulations. Re-

searchers de ned the trolls used in the 2016 US elections as semi-automated accounts
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with humans in their blackened [24]. The authors could accurately identify the Rus-
sian trolls with AUC 96% using 10-fold cross-validation. The most important features
for their classi cation task were bot-like activity, account-level features, and politi-

cal ideology. The authors collected 43 million tweets from 5.7 million users between
September 16, 2016, and November 9, 2016. The dataset also contained 221 Russian
trolls-produced tweets. The best algorithm for their case came as the Gradient boosting
algorithm, whereas, in features, political ideology came as the most important feature
in the task. The work analyzes how the users on social media are susceptible to the

content they are exposed to and how easily target people can be made.

2.3.4 Hateful Users

While hate speech on social media is rising in general [129], the study of political dis-
course reveals that party af liation, gender, and ethnicity are reasons for individuals
resorting to posting hate speech for political leaders [186]. Online hate speech tends to
pollute online discussions. Hate speeclamy content that promotes violence against

the opposing stance cohort, directly or indirectly threatens the people based on their
race, ethnicity, national origin, religious af liation, political ideology, and political af-
liation. [174]. Recent studies have highlighted the growing prevalence of hate speech
during protests [169]. The study of hate speech detection of low-resource languages
is still nascent [130]. Early work on hate and offensive tweet detection in code-mixed
language argues that translating code-mixed or low-resource language might alter the
meaning and context of hate speech [130]. Catering to the multi-dimensional issues as-
sociated with hateful content detection, understanding of hate speech can help maintain

the peaceful cohesion of society [55].

2.3.5 Co-ordinated Users

One of the rst instances of coordination in protest participation was witnessed during
the political uprising in Egypt in 2011, where participants used the “Uninstalling dic-
tator” with progress bar tweet with different variations towards a common goal [190].
Studying individual perpetrators may overlook collective in uence operations and fail

to identify their inauthentic or problematic nature [95]. The study of inauthentic co-
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ordinated activity also brings challenges of the distinction of authentic activity from
inauthentic activity, grassroots initiatives, or deliberate hate posting activity, and the
narratives they share. Pacheztaal. [148] proposed to use a binary distinction for co-
ordinated inauthentic groups through retweets and narrative duplication as a metric.
More precisely, the de nition of coordination adopted by Pachetal. [148] was

the immediacy of systematic retweets by accounts. In their approach, Paathalco
[150] rst created suspicious behavior traces from content (hashtag, n-gram, etc.), ac-
tivity (timestamp, geolocation), identity (username, description), or a combination of
multiple dimensions. Nizzolket al. [146] proposed the de nition of coordination as an
exceptional similarity between a group of users and chose a network-based approach
for inauthentic coordination detection. Vargetsal. [201] evaluated the effectiveness

of the existing coordination detection approaches by building a binary classi er based
on the statistical features extracted from the network for disinformation campaigns and
legitimate Twitter communities. The major takeaway from the binary classi er-based
approach was that the type of coordination and behavior based on it differ from cam-
paign to campaign [201]. Sharned al. [180] proposed a generative model to capture
inherent coordination characteristics, leveraging Russia's Internet Research Agency
dataset that targeted the 2016 U.S. Presidential Elections. Hristaieg[95] pur-

sued identifying coordination activity combined with propaganda detection and found
that the combined analysis revealed harmful coordinated communities that were previ-
ously not noticeable. Most previous literature focused on elections to study coordina-
tion activity [180; 146; 201]. However, the study of coordination activity for protest is

scarce [150].

2.4 Discussion

In conclusion, previous literature on social media-mediated protests have shed light on
diverse strategies employed, including recruitment dynamics [76], emotional expres-
sions [49], sentiment analysis [65], and the interplay between online and of ine activ-

ities [66]. However, the interplay of authentic and inauthentic actors during protests is
under-explored [60]. This thesis bridges the gap of studying the interplay of authentic
and inauthentic actors during protests. The evolution of narratives during protests, is

another research gap addressed in this thesis. We also enhance the literature of com-
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parative studies across different protests and provide valuable insights into commonal-
ities and differences in strategies, contributing to a more robust framework for analyz-
ing the complexities of online activism. The previous literature on harmful activities
during various protests highlights how social media has become a target for radical-
ization groups [188], inauthentic actors [188], and in uence operations with nefarious
intentions[24]. The prevalence and impact of hate speech has been recognized as con-
cerning [213], yet the understanding of hate speech detection in low-resource languages
and its nuanced manifestations during protests remains an area requiring more in-depth
examination [130]. This thesis bridges the gap of exploring hate speech in low-resource
languages during protest. Additionally, while coordinated activity during elections has
been extensively studied, there exists a scarcity of literature speci cally addressing co-
ordination during protests [180; 146; 201]. We also enhance the study on coordinated

inauthentic activity during protests, with focus on different shared narratives.
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CHAPTER 3

UNDERSTANDING PROTEST STRATEGIES

This chapter focuses on the strategies adopted to conduct protests on Twitter over the
cause of death of an Indian actor, #SushantSinghRajput. We apply the framework of
connective action on the counter-narrative protest over the cause of death of #SushantS-
inghRajput. We combine descriptive network, modularity, and hashtag-based topical
analysis to identify three major mechanisms underlying the campaign: generative role-
taking, hashtag-based narratives, and forming an alignment network toward a common
cause. As online protests involve multiple users and their interactions, we focus on
heterogeneous user data, including user pro le information [116], the network of users

involved in protest [209] as well as content shared during protest [70].

Figure 3.1: Example tweet showing the counterpublic narrative regarding the
#SushantSinghRajput death row where the activist opposed the dominant
narrative of suicide by the actor.

3.1 Introduction

Celebrity suicide deaths produce numerous posts on Twitter [195] and increase searches
on the internet over suicide and depression-related terms [147]. Sushant Singh Rajput
(SSR), a Bollywood actor and celebrity, was found dead in his Mumbai apartment on
June 14, 2020 [103]. The death of the 34-year-old actor was reported as a case of
suicide. However, numerous dark conspiracies triggered on social media, including de-

bates of nepotism [193], and possibly being framed [44] or murdered [48]. A combined



study of prominent news channels and politicians over the SSR controversy revealed
that the commentators over the topic were rewarded with higher retweet rates, which
can be attributed to the widespread discourse engagement [8]. This study focuses on
the social media users' narratives that followed after the actor's death broke on the news
and social media. The narrative included counterpublics [104], de ned as marginalized
communities that distribute messages to diverse social groups, raise awareness, and
challenge dominant narratives. A Twitter user involved in activism activities such as
organizing online petitions and building a counterpublic campaign narrative through
hashtags is de ned as a Twitter activist [207]. Figure 3.1 shows an example of a tweet
with counterpublic narrative over the cause of death of #ShushantSinghRajput. This
study aims to reveal the strategies adopted by Twitter activists (i.e., counterpublics) to
share, spread, and mobilize the support of the counterpublic campaign about the un-
timely death of the Bollywood actor. Using the case study of #SushantSinghRajput,
we highlight how the connective action framework can be used to identify different

strategies adopted by counterpublics for the emergence of connective action.

Theory Of Connective Action: The previously de ned logic of collective action
answers the general question of why people get involved in collaboration with one an-
other by explaining that people act collectively to achieve a common goal [127]. Tra-
ditionally, collective action refers to loosely connected groups of individuals, usually
led by certain organizers or in uential users [31]. In contrast, the logic of connective
action is based on the idea of digital media functioning as organizing agents, whereas
traditional organizations are either not present or are loosely responsible for providing
coordination [29]. In that sense, connective action leverages the weaker ties present in
social media, where users are self-motivated to post about the topic or share them. The
interpersonal network hence formed can be similar to collective action sans any for-
mal organizations. There are underlining economic and psychological logic driving the
connective action, i.e., co-production and personalized sharing of expression, respec-
tively. The two prominent indicators of a connective action are (i) a large number of
participants in a movement and (ii) a very small number of users staging the connective
action through the creation of content. To enrich the knowledge of how social media
is deployed during social movements and how a movement is carried differently in the
online world than the of ine counterpart, we need to understand (i) who participates in

a given movement and (ii) how people create a narrative in the social media around the
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protest.

Connective action comprises networked and decentralized actions of mobilization in
contrast to the traditional collective action characterized by centralized resource mobi-
lization or led by a formal organization [28]. The most crucial aspect of the emergence
of connective action is the rise of self-claimed activists who co-ordinate themselves,
challenge the formal organization, and conduct a campaign [31]. Counterpublics have
been found to form retweet networks on social media to gain legitimacy [118] and rec-
ommend relevant messages to the supporters of the campaign [190]. Connective action
holds an assumption of a decentralized network since the activists who participate in
the campaign are self-motivated to participate [127]. The user retweet network can

therefore be used to analyze the organizational structure of the campaign [209].

We adopt a network perspective to unpack the three major mechanisms of the con-
nective action framework. We focus on the activists and their content posted to under-
stand the rst mechanism (i.egenerative role-takingunderlying the connective action.
When users on social media use common hashtags, it creates a context for like-minded
people. The connection of like-minded individuals thus gives rise to a networked pub-
lic [216; 217; 209]. We divide the networked public into two categories, information
generators, and information drivers. The information generators work on content cre-
ation, while the drivers engage in driving the discussion by retweeting the content. To
inspect the second mechanism (ileshtag-based storytellipngwe perform an evolu-
tionary analysis of hashtags used in the campaign. We divide the hashtags into buckets
based on their mutually exclusive appearance in the tweets and use topic modeling
on the content shared among the buckets to identify topics focused on in the different
buckets. The third mechanism (i.éoymation of alignment netwoyKocuses on how
the activists use social media for issue alignment and achieve virality. Identifying fellow
activists supporting the cause is crucial to achieving a collective goal (i.e., virality) [31].
We thus use community detection to identify sub-communities within the activist com-
munity to account for the diversity of users involved in the campaign. We also focus on
how the narratives differ among sub-communities and examine any pattern within and

among sub-communities. Broadly, we ask the following research questions:

* RQ1: What is the organizational structure of the social media counterpublic cam-
paign around the death of Singh Rajput (SSR)?

* RQ2: How did hashtag-based storytelling evolve during the counterpublic cam-
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paign?

* RQ3: How did the campaign activists with different perspectives achieve issue
alignment on the topic?

Table 3.1: Hashtag buckets in the counterpublics campaign against the dominant narra-

tive.
Hashtag bucket Hashtag variants Tweet
count
#candleforssr #candle4ssr, #candleforsushant, #cab43,897
dle4sushant, #candles4s
#justiceforssr #justiceforsushantsinghrajput, #ssrkoinsaafdd.,622

(give justice to SSR), #arrestculpritsofssr
#sushantsinghrajput| #sushantsinghrajpoot, #sushantinourheartsf@0,486
ever, #ssrians, #sushanthsinghraj, #shushant
#bollywood / #media| #akshaykumar, #salmankhan, #kanganaranati)64

#bollywoodpakisilink, #rheachakraborty,
#ankitalokhande, #boycottkhans
#cbiforssr #cbienquiryforsushantsinghrajput, #cbiinvest,904

tigationforsushant, #cbicantbedeniedforssr,
#cbienquiryforssr

3.2 Data

The time duration of data collection coincided with an increase in media coverage and
counterpublic narratives on Twitter. We used the Twitter search API to collect the
tweets about the topic through trending hashtags which included #candle4ssr, #jus-
ticedssr, #ssr, #sushantsingrajput. We curated a total of 1,027,213 tweets from 67,822
users using the of cial Twitter API. The duration of data collection spanned approxi-
mately 102 days, from July 17, 2020, to October 24, 2020. Tweets consisted of 76,781
original tweets and 950,432 retweets. Any random tweet, on average, consists of 14.9
words, giving an approximate fair window for analysis of the user's thoughts around

the campaign.

3.2.1 Data Pre-Processing

Before performing any analysis on the collected tweets, we converted all the tweets into

lower-case, removed stop-words, and removed any occurrence of URL from the tweets.
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We removed any tweet with less than 3 words to keep informative tweets for further
analysis. We also removed tweets with hashtags with a frequency of less than 100 in
our dataset. The selection of the most frequent hashtags served to identify the narratives
that became popular. Hashtags belonging to a bucket were identi ed based on a com-
mon theme (e.g., Bollywood and media cover hashtags with movie actors or journalists)
or a different variation of the same keyword (e.g., candle4SSR written as candleforssr or
candle4shushant written as candleforsushant) as shown in Table 3.1. Tweets that used
hashtags from more than one bucket were excluded from the analysis due to the limi-
tation of intention understanding that may require looking beyond hashtag usage. For
example, a tweet with #JusticeForSSR is - “Sushant did not deserve this..such a beau-
tiful and innocent soul..we demand justice..#justiceforSushanthSinghRajput”. While
a tweet with #CandleForSSR is - “Please do your contribution. Send your love and
peace.#Candle4SSR”. An example of a tweet that used hashtags from more than one
bucket is - “#Candle4SSR #JusticeforSSR Subramanian Swamy leads #Candle4SSR
movement demanding justice for Sushant”. Since the last example might t into either

bucket, we excluded such example tweets from further analysis.

We construct a retweet network from the person who posted the message to the
user who retweeted the message to capture information-sharing activities for message-
motivated communication. The retweet network is directed and weighted, where the
direction indicates the ow of information, and the weight indicates the number of

retweets between the two users.

3.3 Methodology

We use descriptive network analysis coupled with modularity analysis and hashtag-
based topical analysis to examine strategies used by Twitter users to build collective
agendas and mobilize attention. We rst make a user retweet network that consists of
79,170 nodes and 490,910 directed and weighted edges.

To answer RQ1, we examine the overall network structure and information ow of
the tweets among counterpublics. We also identify the most active hashtag activists
from the collected dataset, de ned by activists' in-degree and out-degree centrality

scores. While the in-degree centrality captures the level of user initiative in information
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(a) #candleforssr  (b) #bollywood (c) #cbiforssr (d) #justiceforssr

Figure 3.2: Word clouds for narrative hashtag bucket from Table 3.1. The word clouds
belonging to each bucket show the major topics discussed in the respective
bucket tweets were relevant to the bucket.

sharing, the out-degree centrality accounts for the in uence and communication power

of the activist.

For RQ2, we bucket the hashtags according to their mutually exclusive appearance.
Social media users created numerous hashtags relating to the Bollywood actor. Select-
ing only the popular hashtags was to identify the narratives that went popular during
the campaign. The nal set of hashtags' buckets used for the study is presented in Ta-
ble 3.1. We further analyze the content of the tweets from different hashtag buckets to

understand the dominant narratives around the hashtags.

To examine RQ3, we apply community detection on the retweet network to dis-
cuss how the counterpublic campaign narratives differ among the sub-communities.
For community detection, we use CNM (Clauset-Newman-Moore) greedy modularity
maximization algorithm [43]. CNM is a bottom-up agglomerative clustering algorithm
that maximizes the modularity [143] of the community structure in a greedy manner.
Once we have identi ed the sub-communities, we examine how the topics presented by

the sub-communities differ for detecting alignment in the sub-communities.

3.4 Analysis

In this section, we rst perform a network descriptive analysis of the retweet network
formed during the counterpublic campaign. Next, we study the evolution of the coun-
terpublic campaign narratives. Finally, we discuss how the counterpublics reached issue

alignment during the campaign.
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3.4.1 Network Descriptive Analysis

Descriptive network analysis of a network can help identify the user dynamics and their
clustering patterns during the online campaign. We present the descriptive analysis of
the retweet network of the counterpublic campaign in Table 3.2. The retweet network
was found to be very sparse, with a network density of 0.000078. The sparseness in
the network is expected, given the large number of nodes and edges in the network.
Usually, the retweet network tends to cluster rather than be evenly distributed, which
can indicate the formation of an echo chamber around a topic [181]. The average in-
degree and out-degree centrality for the activists were 7.83, which indicates that the
average connection between activists for either retweeting or being retweeted is equal.
The average clustering coef cient for the network is 0.060, which is very low. The low
clustering coef cient indicates that all the activists are not well connected. Based on the
out-degree centrality, a single user's highest number of retweets is 23,210. While based
on the in-degree centrality, the user who retweeted the maximum number of times had

count of 1,253.

The in-degree centralization of the network is 0.0065, while the out-degree central-
ization is 0.29. A higher out-degree centralization indicates a set of users who were
more frequently retweeted than others. Comparatively, a lower network in-degree sug-
gests that the activists were more or less equally active while retweeting about the
campaign. This result indicates the evidence towards slacktivism, de ned as actions
requiring minimum effort and participation cost, like retweeting since it does not re-
quire the user to create their content [36]. Since the counterpublics were mostly slac-
tivists, the campaign's main goal was to obtain momentum and raise awareness about

the campaign. To answer RQ1, we divide the activists involved in the counterpublic

Table 3.2: Descriptive statistics of the overall retweet network for SSR counterpublics

campaign.
Metric Mean value
Network Density 0.00078
In-degree Centrality 7.83
Out-degree Centrality 7.83
Clustering Co-ef cient 0.060
In-degree Centralization [67] 0.0065
Out-degree Centralization 0.29

campaign into two parts based on their in-degree and out-degree centrality measures.
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Table 3.3: Network descriptive statistics for the top information drivers and genera-
tors to understand the organizational structure of the counterpublic cam-
paign. p < 005 p < 001, p < 0:001analyzed using unpaired
Mann—-Whitney U test. SD stands for Standard Deviation. We nd signif-
icant differences across all the metrics between the top Information Genera-
tors and top Information Drivers.

Top Information Generator Top Information Driver
Metric Mean SD Mean SD
Active Days 7.65 20.19 12.05 24.94
Number of Fol-| 8024.8 107137.7 122.084 | 351.87
lowers
Number of Fol-| 479.54 3278.9 136.861 | 336.64
lowees
Number of| 8225.29 | 22076.6 9204.433 | 14673.42
Tweets
Indegree  Cen; 8.37 0.0002 0.0013 0.0052
trality
Outdegree Cent 8.37 0.0018 0.0013 0.0042
trality
Betweenness 4.86 1.50 1.29 0.00013
Centrality
Closeness Cen-0.003 0.0012 0.015 0.016
trality
Eigenvector Cen: 0.0012 0.0035 0.0024 0.0097
trality

We select the top 1000 activists in our dataset based on their in-degree and out-degree
centrality. The top 1000 users with high out-degree centrality are referred to as top in-
formation generators, and the top 1000 users with the highest in-degree centrality are
referred to as top information drivers. We analyze the descriptive network statistics for
the top information drivers and generators to understand the organizational structure of
the counterpublic campaign. The descriptive network statistics for the top generators

and drivers are listed in Table 3.3.

Based on the descriptive statistic analysis summary of the activist's attributes, a
typical information generator was active for 7.65 days, had about 8,024 followers,
followed 479 users, and tweeted 8,225 times. While on the other hand, a typical in-
formation driver was active for 12 days and had a comparable follower-to-followee
ratio. Mann—Whitney U tests were performed to examine whether the difference be-
tween information generators and information drivers is signi cant or not. We perform
Mann—-Whitney U tests since the test does not make any inherent assumption about the

population distribution. We found that there is a signi cant difference between the ac-
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tive days, the number of followers, and the number of followers, as shown in Table 3.3.

Although the average number of days a user participated in the campaign is low
for drivers and information generators, we found that the drivers were more active than
the generators. From the eigenvector centrality score, we can conclude that since the
information driver's score is more than the generator's score, drivers are more actively
connected with other active campaign activists. However, the betweenness centrality
for a generator is more than the driver, indicating generators are more likely to have a
shorter path between two activists. The active retweeting of the campaign hashtags and
a mix of centralized information aggregation and decentralized information generation

are key to developing connective action.

Figure 3.3: Evolution of counterpublic campaign over the period of three months with
respect to hashtag buckets as presented in Table 3.1.

3.4.2 Evolution Of Counterpublic Campaign Narratives

To analyze how the counterpublic campaign evolved over the period, we plot the fre-
guency of narratives' buckets identi ed through hashtags in Figure 3.3. The division
of hashtags is presented in Table 3.1. We found that all the hashtags generally saw
a spike between July 20, 2020, and July 24, 2020. The tweets with hashtags #cbi-
forssr and #justiceforssr were initially used more; however, during the period of highest
frequency, #candleforssr was used most times. The use of #Bollywood hashtags also
rises during the spike. #justiceforssr, however, was the most consistent hashtag bucket

throughout the data collection.
To understand what narrative was spread in tweets within the hashtag buckets and
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how they differ, we plot the word cloud of the tweets from hashtag buckets as shown
in Figure 3.2. The dominant narrative from #candleforssr was the declaration of online
protest against the debate on the suicide of the late actor. The #candleforssr bucket
revolves around demanding justice, mobilization through participation, and mention of
debate and journalists (e.g., Arnab Goswami). The #justiceforssr bucket showed some
narratives similar to #candleforssr, in addition to mentioning in uential people, murder
conspiracy, and shades at Mumbai police as shown in Figure 3.2(d). The #bollywood
bucket in Figure 3.2(b), mainly included tweets mocking other Bollywood celebrities
and despising nepotism. #cbiforssr, which was one of the rst spikes in the dataset,
consisted of tweets about inquiry, involvement of CBI (Central Bureau of Investigation),

and topics of justice, protest, and nepotism as shown in Figure 3.2(c).

Figure 3.4: Figure showing the community formed among top information generators
and their top drivers. Each color uniquely identi es a sub-community. Sub-
community 1, shown in purple, constitutes 92.96% of the users. The second
sub-community, shown in green, constitutes 4.15% of the users. While the
blue sub-community includes 1.27%, orange comprises 1.2%, dark green
comprises 0.7%, and pink sub-community comprises 0.42% of the users,
respectively.
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3.4.3 Issue Alignment Among Counterpublics

We used the top 1000 generators and their top 10 drivers to identify whether there is
the formation of any sub-community within the network and whether different sub-
communities share different narratives. The reason for selecting the top generators is to
account for the most popular content in the campaign. We apply the CNM algorithm
for community detection [43] among the counterpublics. The number of iterations for
the community detection algorithm was 100. The average clustering coef cient was
0.021, with an average degree of 14.075, modularity of 0.35, and network diameter of
9. We found 6 sub-communities in our user-retweet network as shown in Figure 3.4

with each community represented by a different color. The retweet network of top

Table 3.4: Table with topics discussed among top 1000 information generators and
drivers respectively.

Justice singh, world, justice, protest, digital
Candle supporting, hope, smile, many, stand
Supportr tweets, guys, digital, protest, million
Supportc comment, below, million, reach, post
Media arnab, goswami, debate, worldwide, live
Support dead, watching, where, living, duty, suicide

generators is densely connected, which shows evidence of a connective campaign and
a leaderless information-sharing framework. A few nodes with less connection indi-
cate a centralized structure where information is shared from a few generators to many
drivers. The formation of the dense cluster is evidence of connective action. We further
perform LDA [33] on the combined tweets of top 1000 generators and top 1000 drivers

to identify the major topics they share online.

Among the top 6 topics from the LDA as shown in Table 3.4, 3 dominant topics

revolved around online mobilization represented as Supp8uppor¢, and Support.

In the 3 mobilization topics, the social media users requested SSR fans and fellow so-
cial media users to retweet the content for widespread dissemination of information.
While Support is encouraged to tweet about the campaign, Suppsrggests com-

menting on the posts to gain momentum on social media. On the topic of Support,
the counterpublics used words like duty and watching to encourage fellow campaigners
and social media users to participate. The other 3 topics were identical to #justiceforssr

and #candleforssr buckets, which were the two most prominent narratives in the overall
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Table 3.5: Table with topics discussed among sub-communities.

Protest protest, want, world, justice, digital, love, tweets

Media arnab, know, rhea, raha, pagal (mad), aadmi (man),
badla (revenge), will

Nepotism money, huge, production, extract, houses, handle

Candle light, candle, support, thank, ght, unity, hope,
march

campaign. The topic represented as Media included the debate led by news media on

the investigation of the suicide.

To answer RQ3, we rst run the LDA on the tweets from each sub-communities.
Given that the people who were retweeting each other would belong to the same sub-
community based on modularity analysis, the same set of tweets is expected from a
given sub-community to remain connected. We set the number of topics as 3 with 10
words in each topic. To nd the alignment among users from the 6 sub-communities,
we identify the common topics in all the sub-communities. Table 3.5 shows the topics
in the tweets/retweets of users in different sub-communities were similar, indicating an

inter-connected community structure and issue alignment in sub-communities.

3.5 Discussion

This study sheds light on how hashtag activism can evolve into connective action by ex-
amining the mechanisms of generative role-taking, hashtag-based storytelling, and issue
alignment among diverse activist groups. Applying the connective action framework to
analyze the counterpublic campaign surrounding the untimely death of Sushant Singh

Rajput (SSR) on online social media provides valuable insights into protest strategies.

Understanding generative role-taking through constructing a user retweet network
reveals the importance of in uential information generators with a shorter path to reach
fellow activists. Additionally, it highlights the active connections maintained by top
drivers. This knowledge helps comprehend the dynamics of information dissemination

within the campaign and the roles played by key participants.

Identifying the most consistent hashtag, such as #justiceforssr, and the peak usage of

#candle4ssr provides valuable insights into the effective mobilization of the counterpub-
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lic campaign. Hashtags serve as rallying points, allowing activists to coordinate their
efforts, express solidarity, and amplify their message. Analyzing these hashtag patterns

informs our understanding of effective communication strategies in online protests.

Moreover, the community detection analysis conducted on the retweet network re-
veals a combination of centralized and decentralized information aggregation, with
densely connected top generators and sparse connections between individuals. Recog-
nizing the patterns of connectivity helps in comprehending the structure and organiza-

tion of the counterpublic campaign and the interplay between different activist groups.

Our research contributes to understanding protest strategies by demonstrating how
the connective action framework can be applied to study online social media campaigns.
This chapter provides insights into the dynamics of information diffusion, the role of
hashtags in storytelling and mobilization, and the formation of communities within the
activist network. Our ndings can help future protests and movements toward the de-
velopment of more effective strategies for online activism. The pattern of connectivity
analysis discussed can also help future researchers assess the organization structure of

the future protests.

Limitations and Future work : While studying the evolution of hashtag-based story-
telling, hashtags were bucketed based on a common theme (e.g., Bollywood and media
cover hashtags with movie actors or journalists), including variations of the theme-
identi ed keyword (e.g., candle4SSR written as candleforssr or candle4shushant writ-
ten as candleforsushant). This approach facilitated a focused analysis of distinct themes,
providing deeper insights into the underlying strategies. However, a limitation of the
study arises from the decision to exclude tweets incorporating hashtags from multiple
thematic buckets. While aiding in clear strategy distinction, this deliberate selection
criterion restricts the exploration of more intricate and interconnected themes in the
protest. The investigation of tweets featuring a blend of hashtags from different the-
matic buckets is deferred for future research, presenting a route for a more comprehen-

sive understanding of the multifaceted nature of hashtag usage in protest narratives.
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CHAPTER 4

UNDERSTANDING NARRATIVE SHARED DURING
PROTEST

In the previous chapter, we delved into the strategies employed by users engaging in
online protests. While we have utilized hashtag-based labeling and topic modeling thus
far to comprehend the protest strategies, we hypothesize that the shared content dur-
ing protests may exhibit common narratives and structural similarities. Hence, we aim
to investigate shared narratives, analyze their evolution, and explore the surrounding
communication patterns around the identi ed narratives during protests. To achieve
this, we put forth an unsupervised clustering-based framework that enables us to com-
prehend the various narratives in an online protest. Through this analysis, we offer
novel insights into the narratives that emerge during online protests by studying four
speci c protests. Our ndings indicate that clusters encompassing call-to-action tweets
and on-ground activity reporting tweets represent common narratives observed across
all protests. Analyzing the narrative evolution reveals that the call-to-action narrative
remains consistent throughout the protests under study. Moreover, through community
detection analysis conducted on the retweet network across protests, we observe the

formation of narrative-centric communities.

4.1 Introduction

Social media has become integral to various social movements and protests due to easy
information dissemination and wider public reach [110; 56; 208; 118]. Across different
socio-economic circumstances, the online protests share similar morphological features
in using social media for self-organization and obtaining a more signi cant number of
participants [76]. Narratives are verbal, graphic, or written interpretations of related
events and participating actors, evolving through a given duration [158]. Using a hash-

tag to build a collective narrative makes Twitter one of the prime spots for conducting



protest [208]. While Twitter enables a broad reach of the protest, a ne-grained analy-
sis of various narratives present within a protest setting may help decipher the people's
perception and shed light on the protest's overall focus. Understanding different nar-
ratives present in the platform is essential; likewise, it is also critical to differentiate
and assess the impact produced by various participants during an online protest. Since
highly in uential users may be responsible for spreading information to a broader au-
dience, the different narratives of in uential users might play a crucial role in shaping

the protest [208].

Previous studies on social media movements and protests have focused on different
collective narratives in the campaign [142; 208]. Some narratives include information
dissemination (such as personal grievances) around the topic[184], call for participa-
tion [167] or reporting of on-ground activities [203]. The grievance narrative might
include personal stories of perceived injustice or other forms of hardships related to the
cause. On-ground activities are narratives from people witnessing the of ine protest
or posts about current online activities related to the protest. The call for participation
(call-to-action) narrative urges the users to participate in the cause by being part of the
physical protest or using social media to tweet protest-related posts. Although the dif-
ferent narratives during a protest have been studied individually, a uni ed discussion of
various narratives present within a protest is scarce [208]. To broaden the understanding
of social media protests, it also becomes inevitable to understand the communication of
the different participants [212]. Hence, the origin and development of various narratives

during the protest require the understanding of fellow participants.

Citizenship Amendment Act, 2019 (CAA) Indian Government passed the Citi-
zenship Amendment Ac019on Decembedl, 2019 It allows illegal immigrants
facing religious persecution in Afghanistan, Bangladesh, or Pakistan to seek citizen-
ship in India if they have entered India on or before Decen#ieR014[39]. This led
to a protest in the country with a debate on the non-secular roots of the Act. The protests
were rooted in excluding other religious minority communities like Rohingya Muslims,

Jews, Bahais, and Zoroastrians from seeking citizenship.

Black Lives Matter, 2020 (BLM): In a tragic turn of events, Ahmaud Arbery, a
25-year-old Black man, was shot and killed while jogging in Georgia on Feb&gry
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