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Abstract—Protests and mass mobilization are scarce;
however, they may lead to dramatic outcomes when
they occur. Social media such as Twitter has become
a center point for the organization and development
of online protests worldwide. It becomes crucial to
decipher various narratives shared during an online
protest to understand people’s perceptions. In this
work, we propose an unsupervised clustering-based
framework to understand the narratives present in a
given online protest. Through a comparative analysis of
tweet clusters in 3 protests around government policy
bills, we contribute novel insights about narratives
shared during an online protest. Across case studies
of government policy-induced online protests in India
and the United Kingdom, we found familiar mass mo-
bilization narratives across protests. We found reports
of on-ground activities and call-to-action for people’s
participation narrative clusters in all three protests
under study. We also found protest-centric narratives
in different protests, such as skepticism around the
topic. The results from our analysis can be used to
understand and compare people’s perceptions of future
mass mobilizations.

Index Terms—social media campaign, unsupervised
clustering, protests

I. INTRODUCTION

Social media has become integral to various social move-
ments and protests due to easy information dissemination
and wider public reach [1]-[5]. Over 230 influential anti-
government protests have erupted worldwide in the past
six years, covering 110 countries B Irrespective of the dif-
ferent socio-economic circumstances or political agendas,
the various online protests share similar morphological
features in using social media for self-organization and ob-
taining a more significant number of participants [6]. Using
a hashtag to build a collective narrative makes Twitter
one of the prime spots for conducting protest [7]. While
Twitter enables a broad reach of the protest, a fine-grained
analysis of various narratives present within a protest
setting may also help decipher the people’s perception
and shed light on people’s will and social protest’s overall
focus.

Previous studies on social media movements/protests
have focused on different collective narratives in the
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Keep it up!! When we tweet/RT/QT/comment with the
daily hashtag from SKM it helps farmers’ issues trend!
Help bring awareness to the farmers on the roads!
#BoycottBJP_4Farmers
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| applaud you @<user>! The village idiot in front of the
camera' #AndrewBridgen is indeed talking a c** of sh**.

Yy

OGA *9 N9
#ToriesDevoidOfShame

A friend of mine was detained while trying to record
@DelhiPolice illegally harassing and attempting to
detain a woman (yes, she is wearing the Hijab, no it's
still illegal). Delhi Police doesn't want the world to see
this video. #IndiaRejectsCAB #delhi

:

GRV

Fig. 1: Figure showing examples of different narratives
expressed by people during online protests. CTA: Call-
to-action, OGA: On-ground activities, GRV: personal
grievances.

campaign [|4], [§8]. The narratives range from information
dissemination (such as personal grievances) around the
topic [3], [9]; to call for participation [10] or reporting
of on-ground activities |11, as shown in Figure |1l The
grievance narrative might include personal stories of per-
ceived injustice or other forms of hardships related to the
cause. On-ground activities are narrative that either comes
from people who are witnessing the offline 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 either being part of
the physical protest or using social media to tweet protest-
related posts. Although the different narratives during a
protest have been studied individually, a unified discussion
of various narratives present within a protest is scarce [4].

In this paper, we focus on various narratives in recent
instances of the Reform movement [12] in India and
the UK, where policies introduced by the government
in power were deemed unjust and demanded to be re-
pealed [13]-[15]. According to Social Movement Theory,
Reform movements [12] is a subclass of movements that
calls for change in a policy/behavior without alteration
to the complete social institution. The reform movements
studied in this work are as follows -

Citizenship Amendment Act, 2019 (CAA): The
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Citizenship amendment Act, 2019 was passed by the
Indian Government on December 11, 2019. It allows the
illegal immigrants who have faced religious persecution in
Afghanistan, Bangladesh, or Pakistan to seek citizenship
in India if they have entered India on or before December
31, 2014 [16]. This led to a protest in the country with a
debate on the non-secular roots of the Act. The protests
were rooted in the exclusion of other religious minority
communities like Rohingya Muslims, Jews, Bahais, and
Zoroastrians from seeking citizenship.

Farmer’s Protest, 2020 (FP): The Indian govern-
ment proposed the Farmer’s bill on September 20, 2020,
which stirred the country. The country’s farmers feared
that the three laws introduced in the bill would result in
the abolishment of the minimum support price (MSP),
leaving farmers at the mercy of big corporations. Protests
broke out in both the online and offline world due to the
proposed bill, with people demanding it be repealed. The
turn of events in the country led the Indian government
to finally repeal the bill on November 09, 2021, ending the
year-long protest in the country [13].

Kill the Bill Protest, 2022 (KTB): The Police,
Crime, Sentencing, and Courts Bill (PCSC) introduced
new police powers and reviewed the present rules around
crime and protests in England and Wales. The activists
opposed the law due to its ability to impose conditions
on any protest deemed disruptive to the local community,
leading to upto 10 years of jail. The punishable conditions
included disruption of public properties, and statues, along
with restricting access in and out of parliament [15].

Since each protest is unique in its goals, we propose
an unsupervised cluster-based framework to identify the
different narratives of the protest. The primary motivation
for using cluster-based analysis is to leverage the seman-
tic difference between clustered texts and identify fine-
grained separation between clusters as different narratives
in a protest. We also focus on a comparative study of
narratives in protests under study to examine converging
narratives across the different protests. Using a clustering-
based framework, we bridge the gap of unified narrative
detection in social media protests and identify converging
narratives across different protests. Broadly, we ask the
following research questions:

RQ 1: What are the different narratives present in a
protest?

RQ 2: What are the most prominent narratives present
within a protest?

RQ3: Are there any converging narratives across protests?

The succeeding sections of the paper are organized as
follows. We discuss the related work in Section II. Next,
we discuss the Data and Methods in Section III, followed
by Results in Section IV and the Conclusion in Section V.

II. RELATED WORK

The early work on social media protests focused on how
a protest can reach critical mass for collective mobilization
through network analysis of participants [6], |17]. The
analysis of textual features for understanding the senti-
ment of protest tweets shows the prevalence of negative
sentiment 18] and specific psycho-linguistic lexicons over
the others [19]. A study of tweeting activity during a
protest shows that social media activists plan the protest
and share relevant tweets with a future date and time
of offline protest conduct (call-to-action) to gain critical
mass [20], [21]. The call-to-action tweets have helped
successfully predict future protests [22]—[24].

More recently, researchers have focused on advo-
cates [25] and extreme users [26]-|29] who tend to spread
the content of one particular side over the other, leading to
the formation of echo chambers and biased opinions [30],
[31). Moreover, the politicians use social media to create
a “us vs. them” narrative leading to marginalization and
polarization among the public at large [32]. While some
protests are accompanied by offline gatherings, which may
turn violent [5], [9], [33], others are sustained on the online
platform only [8], [34]. The use of collective action to
conduct recent anti-government protests has shown how
hashtag activism has helped reach mass mobilizaiton [9],
[33].

Social media protests often tend to bring social justice
and help marginalized social groups [35]. On the other
hand, posts shared during protest activity shed light on the
people’s will and hardships [18]. Protest tweets have been
used to study and reduce online prejudice around certain
social groups [36]. The study of anti-vaccine infodemic
helped to understand the human perception around the
topic [37]. With twitter achieving the center position for
most of the modern online activism and protests, manip-
ulation of the campaigns has emerged as another topic
of interest among various research [38]-[40]. The study of
social media-mediated protests have been done concerning
protest prediction [1], protest participation [6], and study
of protest growth [17].

Our work builds on the previous literature on the ingre-
dients present in the protests, including grievance [9], call-
to-action [6], [10], and reporting of on-ground activity [5].
However, to the best of our knowledge, we are the first to
propose an unsupervised tweet clustering-based framework
to identify the presence and relative abundance of all the
narratives in an online protest.

III. DATA AND METHOD

This section discusses the dataset and method for dis-
covering the narrative clusters in the protest tweets.
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Fig. 2: Framework to identify dominant narratives amid social media protest. The different color of tweet represents

different narrative tweets present in the dataset.

A. Data

As a starting point of data collection, we used the trend-
ing hashtags in the debate. We used the Twitter API E|
to collect tweets and incrementally include the relevant
hashtags through snowball sampling. The statistics of the
collected data are present in Table[l]

TABLE I: Statistics of the collected data used for the
analysis of campaign narratives. Abbr; CAA: Citizenship
Amendment Act, FP: Farmers Protest, KTB: Kill the Bill
protest.

Protest Start End #Tweets F#Users
date date

CAA Dec 07, Feb 27, 11,350,276 931,175
2019 2020

FP Mar 31, Aug 13, 1,509,703 160,286
2021 2021

KTB Jan 14, Jan 26, 280,549 73,666
2022 2022

The collection for CAA and KTB coincides with the
initial months of the protest. The collection of FP tweets
was done during a much later stage. The reason for the
timestamps for data collection is arbitrary.

Pre-processing: After we collect the initial tweets, as
shown in Table [ we follow the following pre-processing
steps to ensure good quality of data: a) remove the
mentions and URLs and emojis b) case-folding, where we
lowercase the tweets ¢) remove tweets with less than 10
words d) split the hashtags at the capital letters.

As shown in Table the initial data collected for
CAA was 11,350,276 from 931,175 users. Among the
total tweets, the original tweets were 1,543,805, while
Retweets/Quoted tweets were 9,806,471. After the first
pre-processing step, the CAA tweet count was 11, 302, 023.
The initial data collected for FP was 1,509,703 tweets,
with 199, 626 original tweets and 1,310,077 retweets. The
first step of pre-processing reduced the FP tweet count
to 1,500,022. The initial tweets collected for the study of
KTB were 280,549, produced by 73,666 users. The data
constituted 40, 798 original tweets and 239, 751 retweets /
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quoted tweets. After pre-processing step, the total number
of tweets for KTB was 278, 065.

B. Method:

The narratives in an online campaign tend to be topic-
driven (8], [41]; therefore, a fixed set of labels may not
always fit a given protest. Hence, we propose an unsu-
pervised framework for identifying significant narratives
of a protest, as shown in Figure | Our framework is
inspired by the unsupervised user-based stance detection
framework proposed recently [42], [43]. Instead of user-
based detection, we follow a tweet-based approach to
identify the prominent narratives present in a social media
protest.

Active tweet identification: We use a two-step pro-
cess to consider a rich and unique instance of tweets
around a protest. First, we use string matching to identify
duplicate tweets in an online protest. We remove the
hashtags and mentions to conduct string matching on the
tweet text. While using most retweeted tweets is one of
the approaches to identify duplicates, we also wanted to
include the use of the same text tweeted by two or more
users. The practice of tweeting the same text instead of
retweeting has recently gained much traction in the global
south recently [38]. Secondly, we use the tweets whose
occurrence (duplicates) exceeds a particular threshold.
The threshold adopted is based on the size of the data, and
manual intervention, where we recheck the cluster outputs
with different threshold values.

Tweet representation: To identify the most active
tweets for CAA, we choose the threshold for semantic
similarity as 30. With 30 as the threshold, tweets identified
as duplicates were 36,109 unique tweets, which account
for total 7,878,996 tweets/retweets in our dataset. For
FP, we choose the threshold as 30 based on the manual
analysis of clusters. With the threshold as 30 for FP, we
obtained 7,553 unique tweets that constituted 112,186
total tweet/retweet in the FP dataset. The threshold for
KTB was set to 5, with total tweets considered for analysis
after threshold selection being 278, 065 tweets. The unique
tweets considered for clustering are found to be 3,821
tweets.
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Once we have identified the most active tweets, we first
represent the tweets in the embedding space using Bil-
STM encoder based universal language agnostic sentence
embedding ( LASER ) [44], which has proven to give best
performance for retaining linguistic information among
various sentence embeddings [45]. The other motivation
for using LASER is that it offers a benefit over limited
resource language and code-switching texts. Given India’s
rich linguistic diversity, building models that cover as
many languages as possible for a protest/campaign study
becomes essential. LASER uses Moses tool E| for pre-
processing a sentence. After pre-processing, the sentence
representation is 1024 dimensional.

Tweet projection: We then project each tweet onto
a two-dimensional plane using Uniform Manifold Approx-
imation and Projection (UMAP) algorithm [46]. UMAP
attempts to project the similar elements closer to each
other while dissimilar elements are projected far away.
The performance of UMAP has shown better projection
than other techniques, including t-distributed Stochastic
Neighbor Embedding (t-SNE) [47].

Clustering: We cluster the projected tweet vec-
tors using hierarchical density-based clustering (HDB-
SCAN) [48]. HDBSCAN finds clusters of varying densities.
We also tried using other clustering algorithms, including
Meanshift [49] and DBSCAN [50]. However, HDBSCAN
gave us the best clustering performance, determined by
manual evaluation. We used prominence score to analyze
and validate our manual labeling of different narratives
qualitatively.

IV. RESULTS

RQ1: Narratives present in a protest

Per RQ 1, we examine the clusters formed in each
campaign using our framework. We leverage the semantic
difference in the clusters to identify plausible narratives in
the campaign. We have not reported the tweets clustered
as noise for brevity. For annotation of protest clusters into
different narratives, we leverage the previous literature on
protest studies in different parts of the world [5], [9], [10].

CAA: With the duplicate threshold set as 30, the
number of unique tweets for clustering was 36,109. As
shown in Figure 6 clusters of tweets were formed for
CAA. For analysis of narratives, we manually annotate
randomly selected two sets of 10 sample tweets from each
cluster. Table [[1l shows the 4 different narratives clusters
in the campaign with highest engagement. The other two
clusters belonged to personal grievances and location-
specific tweets. In terms of engagement (i.e., tweet /retweet
activity), the largest cluster showed skepticism towards the
Act. On manual intervention, we found that skepticism
was present in both tweets that opposed the Act and who
opposed the protesters. The second dominant narrative
for CAA was the Questioning cluster, where the tweets
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posed questions to the Act, politicians, and protesters
for violent actions. The other two important narrative
clusters included call-to-action and on-ground activities
clusters. The example tweets for the 4 major narratives
are presented in Table [}

FP: The duplicate threshold to give the best clustering
result for FP is 30. Unlike CAA, with the same framework
for narrative clustering, we found 20 clusters for FP. How-
ever, we focused on the top 4 clusters for further analysis,
constituting more than 500 unique tweet text each. As
shown in Table[[] the most dominant narrative in FP was
call-to-action, with 6,287 (CTA-AP) and 845 (CTA-AP)
unique tweets respectively . While the cluster ( denoted as
CTA ) called for participation in support of farmers, the
cluster CTA-AP (i.e., Call to action against politicians)
contained tweets against the ruling government for their
proposal of the bill.

KTB: The duplicate threshold for KTB was set to 5, as
the data collected for the protest was small. With dupli-
cate threshold as 5, KTB had 203, 355 total engagements,
with 5,601 original tweets and 197, 754 retweets. The UK
protest on the policing formed 2 clusters using our frame-
work as shown in Figure Among the two clusters, more
engagement was around call-to-action. Table [T shows the
example of tweets from both on-ground activities and call-
to-action for the protest.

RQ2: Prominent narratives in a protests

From the analysis of the clusters in the protests, we
found that the protests might show specific clusters unique
to the protest. There also exist narratives that are common
across all protests. We found the presence of call-to-action
(CTA) and reporting of on-ground activities (OGA) form-
ing two persistent clusters in all the protests under study.
The other common narrative across protests is grievances
or personal complaints |9]. While grievances play a vital
role in contentious politics, they are highly subjective in
nature |51]. Therefore, it becomes challenging to deduce
meaningful narrative clusters for the grievances across the
protests.

However, our proposed framework was able to form
clusters with deductible characteristics for call-to-action
and on-ground reporting of activities with similar fea-
tures across the protests under study. The skepticism and
questioning in CAA reveal the contention in the online
social media about the Act. On the contrary, the FP
protest was more in harmony with opposing the bill, with
narratives formed majorly towards CTA and OGA. The
call-to-action narrative in FP was further differentiated
into CTA against the bill (CTA) and CTA against the
current ruling government (CTA-AP). The KTB protest
also formed two clusters for CTA and OGA narratives,
respectively.

RQ3: Converging narratives across protests

The converging narratives across protests were call-to-
action (CTA) and on-ground activities (OGA). With the
help of Prominence score Pr in Equation [1} we found the
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Fig. 3: Clusters of narratives for CAA, FP and KTB respectively.

TABLE II: Main narratives present in the protests under study.

Protest Narrative Unique

Tweets

#Tweets

#Users

Example

Questioning 13, 380 2,387,533 278,184

CAA Skepticism 15,274 3,911,679 466,139

CTA 865 154,926 72,415

OGA 647 98,221 48,276

The police showed patience and did not shoot. Who fired
at 56 policemen in Lucknow? Those who are saying that
they do not have any paper, are they who are the end?
Listen to the story of Pakistani Hindu.

Thousands on the street in support of CAA! I was not
expecting this from Bhubaneshwar

What ever way is there we oppose poisonous #CAA
Rangoli is our tool

The demonstration was held today at the Valluvar Fort
in Chennai on behalf of the Tamil National Party and
the Tamil National Alliance. Urged to withdraw the
Citizenship Act

CTA 6,287 13,734 464

FP CTA-AP 845 26,897 9,470

OGA 683 66, 660 2,538

Through violence, haarsh weather, beatings, & amp;
Deaths of OurThers and Sisters, We Stand Tall And
Adud! We Will Not Back Up Down Till Farm Laws
ARE Repealed. #300deathsatProtest The war continues
... the war continues ...

We want humanity in our country We want a government
who serve for nation/people not for corporations No
more BJP

Watch- On +#HolikaDahan, Farmers in Rajasthan
#BurnFarmLawsOnHoli amidst slogans for 3004+ who
have died in #FarmersProtest.

OGA 742 20,557 9,431

KTB CTA 2,958 178,499 56,079

Don’t worry we are no longer being gaslighted
@BorisJohnson @Conservatives @sajidjavid no trial
needed you are as bad as each others. Lie after lie af-
ter lie #BorisJohnsonMustGo #ToriesDevoidOfShame
#ToriesUnfitToGovern

The government are stripping away our fundamental
rights with the #PolicingBill. It would: - Ban noisy
protests - Criminalise the GRT community - Increase
stop search powers - Jail protest organisers for up to 10
years. Join us at protests tomorrow to #KillTheBill

most prominent terms, emojis, hashtags, and mentions in
each narrative cluster. The Prominence score also helped
validate the cluster narratives identified through manual
annotations. Table [[V] shows the engagement around the
prominent narratives in the protests under study.

Since the collection of protest data for CAA and KTB
was done during the initial months of the protest, while

the data collection for FP was done during a later stage,
the analysis shows that the narratives for CTA stayed
strong throughout the protest and not just start of the
protest. While FP and KTB have tweets divided into
OGA and CTA, we find the dominant narratives in CAA
as Questioning and Skepticism. It can be catered to the
fact that CAA led to a vibrant discourse in the country.



TABLE III: Prominence score for CAA

Protest| Narrative Top terms Emoji Top hashtags Top Mentions
OGA Assam, struggle, &, {4, &, 8,8, #assam, #curfew, Q@nishantchat,
reality, curfew, P, o, B, #tripura, Qnaguimukhtar,
Tripura, Punjab, 7?7, | 6 @, 1? #£section144, @abbas_nighat,
Chennai, Northeast F#uttarpradesh, Q@prashantjourno,
#keralagovt Qsanjaykumar__ind
CAA CTA initiative, require, W ¥, 12l, #jaishriram, Qrepublicpoll,
showcase, <, B, . 0, v, #jaihind, Qjyotithakur8l,
stronger, trending, &, EZ, U, A, *® F#protestisplanned, Qsatpalsattibjp,
bhaktriot, #jihadists, @manojkureel,
trending, we #solidaritypledge @Qmrsgandhi,
Qkushwahpoojal9
OGA wife, missing, , @, ., , €9,  #taliban, #toolkit, Qthemsbf,
arrest, bathinda, 8, 1, [Ed, g8, i, #pakistan, Qimrankhanpti,
arrested, hospital, , 6,9, W ##{reeranjitsingh, Qcnn, Qsikhpa,
hindutva, survived, #lahore, Qanilvijminister,
gazipur, toolkit, #bangladesh Qpotus
rajasthan
FP CTA-AP boycottbjp_ 4farm- &5, Ja, Ao, -, &y, #boy- Q@sushant__says,
ers, boycotting, , bo, @, cottbjp_ 4farmers, Qrakeshtikaitbku,
satisfaction, #23march- Qlambaalka,
socialism, nazi, withfarmers, Qramnsekhonramn,
meal, child #wholootedbanks Quishallochab6
CTA modisansad, , 0@, W, (7, v | Fmy- Qnarendramodsi,
kisansansad, , da farmer__mypride, Qrakeshtikaitbku,
strengthen, #Dboy- Qnavjammu,
shipping, cottbjp_ 4farmers, Qdrarchanainc,
appreciating, #modi, #india @Qwhoneerajkumar
represent
OGA toriesdevoid- &8, 8, ., &, #toriesde- Q@borisjohnson,
ofshame, 2, 2 voidofshame, Qrishisunak,
toriespartied- Ftoriesoutnow, Qconservatives,
whilepeopledied, #toriesun- Q@scottories,
toriesunfittogovern, fittogovern, Qtrussliz
borisjohnsonout, Ftoriespartied-
sue whilepeopledied,
#borisjohnsonout
KTB CTA draconian, peers, ¢, I, 1,8, ¢«  #killthebill, Qnatalieben,
amendments, < #policingbill, Qgreenjennyjones,
manchester, votes, #pcscbill, Qkillthebilly,
protesters,  noise, F#£protestis- Qlabourlordsuk,
saturday, activists notacrime, Qthegreenparty
#righttoprotest,
##nationalityand-
bordersbill

TABLE IV: Total engagement in the narrative common
across protests in our study.For FP, we report a consoli-
dated result for CTA and CTA-AP.

Protest| Narra- Total Tweet Retweet
tive Tweets
CTA 154,926 2,926 152,000
CAA OGA 98,221 1,580 96,641
CTA 40,631 925 39, 706
FP OGA 66, 660 879 65,781
CTA 178,499 4,546 173,953
KTB OGA 20,557 868 19,689

However, FP and KTB were predominantly single-sided
protests, where users were mainly tweeting against the bill.

A. Qualitative analysis of clusters:

This section sheds light on the framework’s perfor-
mance. We focus on the semantic difference between clus-
ters as a measure of cluster quality [42], [43]. We identify

the most prominent term in each cluster to show how
each narrative uniquely talks about the same issue in
a different context. To suit our need, we generalize the
prominence score used in the literature [43] for more than
two cases. The prominence score uses valence score and
term frequencies to distinguish cluster narratives.

For each term t, we capture the degree of its occurrence
in a set of tweets from cluster i, i.e., tf;, as compared to
all other clusters tf; ( where j ranges from Cluster; to
Cluster,). The prominence score of a term t is defined as
a product of its valence score and its term frequency as
follows:

tfi
V(t,i) =log(tfe:) * (2 % total;

tf;
n J
2j:l total;

-1 (1)

Using the Prominence score Pr, we compute the top
terms, emojis, hashtags, and mentions for each narrative
cluster. We present the result of the Pr score for each



protest in Table[[TI} and discuss the result for each protest
in detail below:

CAA: Table [[II] shows that the top terms for OGA
include state and location information. It gives evidence of
users sharing location-specific on-ground activity on social
media. We exclude the prominent terms that included
the various forms of CAA (e.g., Citizenship, CAB, Bill)
due to their redundancy through all the narratives. The
top hashtags also include states in India (i.e., Assam,
Uttar Pradesh, etc.). Since the offline protest broke in
different states, the top terms and top hashtags show
prominence of states in the cluster. The top emojis used
in OGA were index-pointing fingers, loudspeaker, red flag,
and black heart. The top mention in OGA included news
editors, reporters, and ministers. The top terms for CTA
included words like initiative, showcase, trending, and
notion of ‘we’, among others. The top hashtags also had
a call-to-action context, including a pledge to solidarity
(#solidaritypledge). Most of the top accounts under CTA
are currently suspended by Twitter. At the same time,
others included political party leaders. In CAA, we found
that the OGA narrative more prominently mentioned news
channel personnel, while common people were mentioned
mostly in CTA.

FP: The top terms for the OGA narrative for FP
included terms like arrest, missing, and locations, which
were in line with the on-ground activity narrative. The
most prominent emojis include black heart, broken heart,
video camera, and money. The OGA narrative’s prominent
mention included NGO handles, politicians, and news
outlets. The top terms and hashtags for CTA included
terms like appreciation and farmer’s pride. CTA-AP in-
cluded terms like nazi and socialism. The context-specific
emojis of crops, farmers, and tractors were commonly used
in CTA and CTA-AP. Prominent mentions in CTA-AP
were of Bollywood actors, farmer’s unions, and activists.
CTA mentioned the prime minister among other activist
accounts and a few suspended accounts.

KTB: The top prominent terms and hashtags for OGA
in the KTB protest included narratives of shame against
the Prime Minister and reporting of deaths. The emojis
used included anger, face, facepalm, and fire. The mentions
in OGA included the Prime minister’s handle, members of
parliament, and other politicians. While the CTA cluster
top terms and hashtags included words like peers, places,
and calling out activists, the top mentions included mem-
bers of the green party and activists’ handles.

V. CONCLUSION

In this work, we propose an unsupervised framework to
identify the different narrative clusters in a social media
protest. Catering to the fact that protests are composed
of certain narratives discussed in previous literature, we
leverage clustering algorithms to cluster protest narra-
tives. We used the anti-government policy bill-related
tweets in India and the United Kingdom and deciphered

the most prominent and common narratives within and
across the protests. The proposed Prominence score val-
idation for narratives is qualitatively consistent in all
protests under study. We found that call-to-action and on-
ground activities as converging narratives across protests.
In a protest that led to discourse, we found narratives
that show skepticism and questioning tweets. However, we
can conclude that the protests that contain majorly on-
ground reporting and call-to-action are single-sided anti-
government protests. With the help of the prominence
score, we found a pattern of emojis commonly used in
protest-related tweets. The mentions in the protests pro-
vide evidence that OGA has more verified accounts tagged,
while the CTA mentions more of the general public, some
of whom were suspended.
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