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Abstract

The relationship between television shows and social media
has become increasingly intertwined in recent years. Social
media platforms, particularly Twitter, have emerged as sig-
nificant sources of public opinion and discourse on topics
discussed in television shows. In India, news debates lever-
age the popularity of social media to promote hashtags and
engage users in discussions and debates on a daily basis.
This paper focuses on the analysis of one of India’s most
prominent and widely-watched TV news debate shows:
“Arnab Goswami — The Debate”. The study examines the
content of the show by analyzing the hashtags used to pro-
mote it and the social media data corresponding to these hash-
tags. The goal is to understand the composition of the audi-
ence engaged in social media discussions related to the show.
The findings reveal that the show exhibits a strong bias to-
wards the ruling Bharatiya Janata Party (BJP), with over 60%
of the debates featuring either pro-BJP or anti-opposition
content. Social media support for the show primarily comes
from BJP supporters. Notably, BJP leaders and influencers
play a significant role in promoting the show on social media,
leveraging their existing networks and resources to artificially
trend specific hashtags. Furthermore, the study uncovers a re-
ciprocal flow of information between the TV show and social
media. We find evidence that the show’s choice of topics is
linked to social media posts made by party workers, suggest-
ing a dynamic interplay between traditional media and online
platforms.

By exploring the complex interaction between television de-
bates and social media support, this study contributes to a
deeper understanding of the evolving relationship between
these two domains in the digital age. The findings hold im-
plications for media researchers and practitioners, offering
insights into the ways in which social media can influence
traditional media and vice versa.

1 Introduction

Television and social media platforms have emerged as in-
fluential players in shaping public opinion and political dis-
course. The interdependence between these two spheres has
garnered considerable attention in recent years, as they col-
lectively contribute to the agenda-setting process and influ-
ence public perceptions (Brojakowski et al. 2015; Valen-
zuela, Puente, and Flores 2017).
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In this paper, we focus on the popular prime time de-
bate show “Arnab Goswami — The Debate” on Republic TV,
which is the most-watched English language news chan-
nel in India (Broadcast Audience Research Council 2022).
Broadcasting from 9 to 11pm India time on weekdays, this
show garners a significant viewership of over 5 million indi-
viduals across the country. An intriguing aspect of this show
is its active engagement with social media platforms. Each
day, the show’s producers promote a specific hashtag related
to the debate topic, urging social media users to actively par-
ticipate in discussing and deliberating upon the subject mat-
ter. This integration of television programming with social
media interaction forms the basis of our investigation.

By examining the content discussed on the show and
analyzing the corresponding social media data, we aim to
comprehensively understand the intertwined nature of tele-
vision news debates, and social media support, and politi-
cal influence, specifically in the context of the BJP in India.
While previous research has explored the impact of media
and social media on political communication (Bimber 2014;
Gerodimos and Justinussen 2015), there remains a dearth
of studies that investigate the connection between television
shows and a political party’s online support base. Our study
fills this gap by examining the content, audience compo-
sition, and influence of social media discussions surround-
ing the television news debate show closely aligned with the
BIJP.

We show that there is a clear bias in the topics chosen
by the show and they favor the BJP significantly. Next, we
show that the audience who engages with the show’s con-
tent on social media is mostly made up of BJP support-
ers, with official BJP spokespeople also actively promot-
ing the show. These BJP supporters specifically amplify pro
BJP and anti opposition narratives from the show that ben-
efit their agenda. Given the influence and infrastructure the
BJP has on social media, this provides a significant boost to
the show. Finally, and most importantly, this relationship be-
tween the show and the party does not seem to be just one
way. We find evidence that some of the hashtags being used
on the show were previously used by BJP supporters, indi-
cating that the show might be picking up topics to debate
through content generated on social media.

This research is of paramount importance due to several
reasons. Firstly, understanding the relationship between tele-



vision news debates and social media support is crucial in
comprehending the contemporary media landscape and its
impact on political communication. The influence of par-
tisan media on public opinion and agenda setting has far-
reaching implications for democratic processes. Secondly,
analyzing the BJP’s utilization of social media support and
its symbiotic relationship with the television show sheds
light on the tactics employed by political parties to shape
public discourse and maintain their political influence. Such
political influence might be an age old practice typically
done through back channels and lobbying, but our study pro-
vides some evidence of its existence.

Previous work in this space either look at the topics of
discussion on the show (Subhajit and Pegu 2021) or on the
influence of the news on social media (De and Pal 2022).
Such approaches that solely focus on either television news
debates or social media discussions fail to capture the inter-
dependence and feedback loop that exists between these two
domains. By integrating content analysis of the television
show, examination of social media support, and understand-
ing the influence of political narratives, our study offers a
comprehensive perspective on this intricate interplay. Also,
even though literature on political communication and me-
dia effects have talked about the impact of traditional and
new media (Guo 2019), quantitative evidence of the spe-
cific feedback loop observed between television news de-
bates and political party supporters may not have existed
prior to our work.

Understanding these dynamics is essential for fostering
informed public debate, promoting media literacy, and safe-
guarding the democratic ideals that underpin a healthy me-
dia ecosystem.

2 Related Work

Use of hashtags on TV shows. The use of hashtags on tele-
vision shows has proven to be an effective means of con-
necting with viewers on social media platforms. By incor-
porating hashtags, TV shows can encourage audience en-
gagement, facilitate discussions, and promote the show to a
wider audience. This approach not only generates free pro-
motion and marketing for the show but also fosters a sense
of community among viewers, ensuring the longevity of the
program (Mukherjee and Jansen 2014).

Audience engagement has emerged as a vital aspect, es-
pecially with the rise of user-generated content (Newman
2009). In leading news organizations, audiences are increas-
ingly becoming active contributors to the way stories are re-
searched and told. This lends credence to our findings re-
garding the strong role of party workers and supporters in
shaping the discussion topics of the debate show we study
in this paper. User-generated posts often lead news bulletins,
pointing to a historic shift in control towards individual con-
sumers and grassroots political actors.

Scholars in the field of communication have long explored
the relationship between television and social media, recog-
nizing social media as a platform for re-articulating audience
engagement. However, capturing and understanding audi-
ence engagement, especially with the proliferation of media

channels, has posed challenges for researchers (Moe, Poell,
and Van Dijck 2016).

The emergence of social media as a “back channel” for
television, as described in the book by (Proulx and Shep-
atin 2012), has opened up new opportunities for marketers
to reach and engage audiences in innovative ways. The con-
cept of “Social TV” gained attention in the early 2010s,
highlighting the potential for viewers to connect with oth-
ers who share similar interests and engage in synchronous
discussions during television viewing (Wohn and Na 2011).
However, despite initial enthusiasm, many television shows
have since abandoned the use of social media channels as
a primary means of promoting their shows (Hu et al. 2014;
Guo 2019).

Numerous television shows have embraced the use of
hashtags to engage their audiences. For example, shows
like #TheEllenShow, #Survivor (a reality game show on
CBS), and #TheTonightShow have encouraged fans to
create and participate in discussions using specific hash-
tags. Popular television series such as #GameofThrones
and #StrangerThings have also witnessed active hashtag-
based conversations among dedicated viewers. Several news
shows, including CNN’s Anderson Cooper 360 (#AC360)
and Fox News’s Tucker Carlson Tonight (#TuckerCarlson-
Tonight), utilize hashtags as a promotional tool. However,
these news programs do not employ distinct hashtags for in-
dividual episodes or segments.

One notable application of hashtags in the television
realm has been during US presidential debates, starting in
2014. Robertson et al. (2019) argue that social media hash-
tags have played a democratic role in spreading information
about political debates, while Lin et al. (2013) explore the
social dynamics of emergent hashtags. Khosla et al. (2019)
demonstrate that the use of debate hashtags on Twitter can
even predict users’ voting behavior.

Lastly, understanding the multifaceted relationship be-

tween media platforms and their publics adds another layer
of complexity (Coleman and Ross 2010). Various publics are
increasingly finding ways to subvert the gatekeeping func-
tions of mainstream media to articulate their voice. This phe-
nomenon deepens our understanding of the intricate dynam-
ics we observed between the media, public discourse, and
political engagement concerning the studied television de-
bate show.
Impact of social media on newsroom content. The ex-
isting literature on the interrelationship between traditional
news media and social media platforms is extensive and
multidisciplinary, covering communications, media studies,
and political science. In recent years, both news organiza-
tions and social media platforms have found that their mis-
sions increasingly overlap, each moving into domains tra-
ditionally ascribed to the other (Braun and Gillespie 2011).
This confluence resonates with our study, where we observe
a reciprocal flow of information between the TV show and
its social media audience. In similar lines, news organiza-
tions are grappling with the need to host user communities
that may not abide by traditional journalistic norms, while
social media platforms are dealing with content that resem-
bles news and challenges their established user guidelines.



Furthermore, the disruptive impact of social media on tra-
ditional news media’s business models is another area of
concern (Newman 2011). This paper’s findings extend the
context of our analysis by highlighting the need to under-
stand the commercial implications of the interplay between
social media and television debates. News organizations are
becoming increasingly cautious about the influence of social
media on their economic sustainability, which complements
our observation on how the popularity of television debates
is bolstered by targeted social media activities, particularly
from political supporters.

The connection between social media and the choices ed-

itors make in newsrooms have also been studied previously
in various other contexts. Sen and Yildirim (2015) study the
causal relationship between social media popularity and how
that influences editorial decisions in newsrooms. They show
that editors prefer to schedule follow up content for stories
which are popular on social media much more. Mukerjee,
Yang, and Peng (2023) also show similar trends for editorial
choices for newsrooms to post content on Facebook. Edi-
tors typically prefer posting more content on popular topics
which are being engaged highly because of the advertising
dollars associated with engagement. Petre (2020) explores
the dual nature of social media metrics in journalism. While
the metrics serve as a form of managerial surveillance and
can lead to increased pressure on journalists to improve their
metrics, some journalists also find ways to leverage metrics
to assert their professional value and autonomy, challeng-
ing the perception of metrics as solely disempowering. The
book offers insights into data-driven journalism and offers a
glimpse into how the metrics revolution could impact other
professions in the future.
Indian television debates and social media. Indian tele-
vision debates have come under scrutiny recently due to
their poor quality and biased nature (Newslaundry 2020).
In the study by Akbar et al. (2022), the authors demon-
strate how television debates enabled the formation of so-
cial media communities to contribute to the politicization of
a death by suicide. Chakravartty and Roy (2015); Subhajit
and Pegu (2021) found that a majority of prime time de-
bate shows in India exhibit a pro-government bias. Bhat and
Chadha (2022) conducted an analysis of television shows
in India and discovered that instead of facilitating meaning-
ful deliberation on important civic issues, these shows of-
ten prioritize promoting religious majoritarianism, defend-
ing the policies of the Modi government, and advocating
hyper-nationalism. The hosts of most TV debate shows em-
ploy a combative style and polarizing tone to stifle dissenting
voices and impede free expression.

On social media, De and Pal (2022) found that the BJP
engages more with anchors and commentators from these
debate shows. It is therefore expected that the support for
these shows predominantly comes from an audience sympa-
thetic to the BJP’s agenda. Previous research (Jakesch et al.
2021) also reveals the existence of an organized machinery
of users on social media who actively tweet and amplify BJP
hashtags by making use of a complex network of WhatsApp
groups and pre-written templates to trend hashtags.

These findings shed light on the complexities and bi-
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#SushantTruthNow

Figure 1: Example hashtag being promoted at the beginning
of the show

ases within Indian television debate shows and social media,
highlighting the need for critical examination and fostering
of more inclusive and balanced discussions.

3 Datasets
3.1 Background

Republic TV is an Indian English-language news channel
founded by the journalist Arnab Goswami in May 2017. The
channel has been the most-watched English news channel in
India since its inception, according to data from the Broad-
cast Audience Research Council (BARC) with an average
viewership of 40% (Broadcast Audience Research Council
2022). Republic TV is known for its sensationalization of
news, and its controversial anchor Arnab Goswami who has
been accused of being biased and of consistently taking a
pro-hindu, pro-nationalist and pro-government tone (Subha-
jit and Pegu 2021).

Republic TV’s flagship shows are the prime time debate
shows hosted by Arnab Goswami at 9pm and 10pm every
week day with over 5 million daily viewers. Every debate
has a unique hashtag which is promoted by the host of the
show. Since its inception, these debate shows have been us-
ing hashtags to promote discussion about the topic on so-
cial media. The anchors often remind viewers about using
these hashtags to engage with them on social media. Fig-
ure 1 shows an example hashtag (#SushantTruthNow) being
promoted at the beginning of the show.

3.2 Debate hashtags dataset

We first start by collecting all debate shows that aired on Re-
public TV in 2022 by scraping their website.! To isolate the
effects of Republic TV debates on Twitter users and to re-
move the influence of other news channels, common hash-
tags that were used by both Republic TV and other news
channels were removed from the dataset. We also manually
went over the hashtags and removed any generic hashtags
which could be used outside the show. This removed 28
hashtags. We were left with 636 hashtags which we can be
sure that they were unique and used only by the show.

"https://www.republicworld.com/the-debate



Next, using the Twitter API V2, we searched for these
hashtags and obtained all the users who tweeted about these
hashtags. We also apply a temporal filter and restrict our
search to tweets that were created within a 3-day window
before and after date the debate show aired using the hash-
tag. This additional step ensures that the tweets captured in
the dataset are directly related to the debate show, and not
due to other external factors.

Typically, hashtags used in debates have a relatively short
lifespan, lasting anywhere from a few hours to a few days.
Most tweets start immediately after the 9pm show airs and
have a lifespan of a few hours. However, the longevity of a
hashtag depends on several factors, including the popularity
and relevance of the debate topic, the level of engagement
from users, and the overall visibility of the hashtag across
social media platforms. Some hashtags may continue to be
used for several days or even weeks if they spark a broader
public conversation or if they are picked up by influential
social media users and amplified to a wider audience.

Next, we got the 3,200 most recent tweets for the users
who have tweeted at least three of these hashtags. This cut
off ensures that the users in our dataset were actively en-
gaged in discussing the topics covered by the debates.” We
also collected the profile information of these users.

Our final dataset contains 50,580 users with over 107 mil-
lion tweets, of which 1.7 million contained hashtags used
in the debates. 90% of the tweets were in either English or
Hindi. Even though the show was only in English, we found
roughly 40% of the tweets by the users were in Hindi. 3

3.3 Classifying BJP users

One of our primary hypothesis is that there is a connection
between the BJP members and Republic TV shows. To study
this connection, we need a classifier which can classify if a
user is pro BJP or not. To identify users who are supporters
of the BJP, we developed a machine learning model. Given
a Twitter user, the model identifies whether the user is a BJP
supporter or not.* In the rest of the paper, we refer to these
two classes as pro—BJP and Other .

To build a comprehensive dataset for analyzing political
leanings on Twitter, we used two different types of sources.
The dataset was annotated in a semi-supervised manner by
leveraging the hashtags employed by users. We operated un-
der the critical assumption that hashtags with established po-
litical leanings can serve as proxies for the user’s own polit-
ical bias. This approach allowed us to acquire a large-scale

2The limit of three hashtags was decided based on the practical
limitations of the API. Due to the uncertainty of the availability of
the API at the time of the data collection (March 2023), we chose a
cutoff that enabled us to get the most amount of data in a reasonable
amount of time.

3 The language of the tweet was obtained directly from the
Twitter API results (Twitter 2015).

*BIP supporters are broadly defined as supporters of causes that
the party espouses, including Hindu religious accounts, and users
who promote hyper-nationalism. The users who are not in the BJP
supporter class could include a wide range of users who are either
opposition party supporters or just news consumers.

Table 1: Number of users obtained from each dataset

Num users
Coordinated posting (pro-BJP) | 4,220
Trend4India (Other) 4,158
Nivaduck Pro-BJP 3,690
Nivaduck Other 3,780

dataset efficiently. We manually validate this assumption in
later in the section.

1. Coordinated posting of party specific hashtags: For
pro-BJP , we used the dataset from Jakesch et al.
(2021), who show that these users coordinate and post
BJP talking points on Twitter to get hashtags trend-
ing. Jakesch et al. provide concrete evidence (see Sec-
tion 7.1 in their paper) that these accounts were in-
deed affiliated with the BJP.We obtained all tweets from
these users. For Other , we used hashtags by the Twit-
ter account @trend4india, which actively promotes anti
BJP hashtags every day. Since there is no similar doc-
umented top-down operation run by the Congress party,
we used the Twitter account @trend4india, which does
not seem to be officially linked to the Congress but regu-
larly promotes pro-Congress (and anti-BJP) hashtags and
organizes trending raids similar to the BJP ones docu-
mented by Jakesch et al. (2021). A user is designated as
pro—BJP or Other based on their utilization of a min-
imum of three unique hashtags from the corresponding
sets.

2. We used the dataset of politician accounts from Panda
et al. (2020) to obtain BJP and all other politicians for
pro-BJP and Other respectively. We used hashtags
used by opposition politicians to obtain additional ac-
counts for the Other category.

Overall, this gave us 16k users (7.9k pro—BJP and 8k
Other ). We chose a stratified random sample of 12K users
for training (6k of each class) and a stratified random sam-
ple of 4k users for validation (2k users of each class). The
final number of users we used in our classification (after the
sampling) is shown in Table 1.Next, we obtained the recent
3,200 tweets using the API for these users and pre-processed
the data by removing stopwords, lower casing and lemmati-
zation.

We created term frequency-inverse document frequency
(tf-idf) vectors of the tweet text. We observed that men-
tions and hashtags particularly help in the classifier per-
formance and hence created a separate vector of mentions,
hashtags and urls for each user using td-idf. Following the
technique presented in (Datta, Chakraborty, and Mukherjee
2022), we pass these mentions/hashtags/urls vectors through
a five layer fully connected deep neural network and train it.
Once the model has been properly trained, we take the out-
put of the second last hidden layer of the neural network and
call it the hashtag/mention/URL embedding for each user.
According to Datta, Chakraborty, and Mukherjee (2022),
this embedding captures the user’s personality features well,
much more so than text.



Table 2: Classification report of the model on full validation
set

Precision Recall Fl-score Support

Other 0.93 0.89 0.91 1,600
Pro-BJP  0.89 0.93 0.91 1,570
accuracy 0.91 3,170

For each user, we concatenated the embedding vector with
the tf-idf vector from the tweets text and passed it to classical
machine learning classifiers such as Random Forest Clas-
sifier, SVC, Logistic Regression, and XGBoost for classi-
fication. We found that Random Forest performs the best,
scoring an accuracy of 0.91 and an F1 score of 0.91 on the
validation set. Table 2 shows the results on the best model.

After the validation, we also manually tested our model on
an unseen sample of 500 users. The testing data is selected
randomly but is stratified to ensure that the class distribution
is similar to the training and validation datasets. We obtain
the predictions from the model on the testing data and then
manually checked the user’s profile to see the correctness of
the classification. The confusion matrix for the model from
the manual testing is shown in Table 3. As we can see, the
model performs reliably well on the task. We manually eval-
uated the small number of false positives and false negatives
and found that the classifier confused journalists who mostly
tweet for pro government stances (such as @OpIndia_com)
as Other . In most false positive cases, users have used
the word ‘Hindu’ in a non-political sense in some of their
tweets.

Table 3: Confusion Matrix on the test set

Prediction

pro-BJP | Other | Total

pro—-BJP 207 31 238

Actual
Other 9 253 262
Total 216 284 500

Finally, we applied the classifier over the entire Debate
Hashtag Dataset and found that 24,149 (47.74%) of all users
in the dataset are BJP supporters.

In our analysis, we further divide the BJP supporters to
identify active BJP supporters as those who have tweeted
more than 10 different hashtags of Republic debates. These
users are not only supporters of BJP but are also actively
engaged in discussions and debates related to Republic TV
and BJP. In our dataset, there were 2,065 such users.

4 Analysis
4.1 Hashtag analysis

We manually annotated all the 636 hashtags into differ-
ent categories. One of the authors conducted the annotation
through an iterative process. Initially, we established cod-
ing categories for hashtags, drawing inspiration from work

by Jafrelot, , and Jumle (2020). We then started qualitative
coding to identify emergent themes, refining these through
successive iterations until they could be aggregated into fi-
nal codes. Most hashtags were unambiguously classifiable,
but some necessitated group discussion among the authors
for accurate categorization. We instituted a policy that each
hashtag must be assigned a single ‘primary’ topic. In the few
instances (less than 1% of cases) where a hashtag could be-
long to multiple categories, we allocated it to one primary
topic for the sake of analytical rigor.

Upon annotation, we found that a significant portion of
the debates covered anti opposition topics (34%), with other
popular categories were being covered by the show pro
BIP (28%), hyper-nationalism (9.5%)>, news (8.6%), Rus-
sia (6.7%) and Pakistan (3.5%). Only 2.1% of the shows
featured hashtags that were anti BJP. This is in line with
previous analysis which showed that the channel picks top-
ics which are mostly pro government (Jafrelot, , and Jumle
2020).

Next, we analyze the activity of posting about these hash-
tags over time. Figure 2 shows the number of users who
tweet the hashtag over time. We see that on average around
1,000-1,500 users post tweets about the debate every day.
There are a few periods of high activity which are analyzed
in Table 4. The red line (corresponding to the second y-axis)
plots the ratio of the orange and blue bars, indicating the
fraction of users on any day who are pro BJP. Interestingly,
we see that this fraction is almost consistently around 60%.

By analyzing the news around the peaks in Figure 2, we
want to understand whether there were any external events
which drove an increase in engagement of the hashtags.

As we can see most of the peaks correspond to events
which were popular politically and in many cases related to
events where the BJP government was involved.

There seems to be a give and take relationship between
the party and the channel, for instance, when Republic was
acquited in a case, there was a huge support by BJP folks
even though it was not related to BJP or politics. Given how
popular the show is, this finding raises questions about the
influence of media on public opinion formation and the po-
tential for media outlets to shape the narrative and priorities
of political discourse.

4.2 Users posting debate hashtags

Next, we look at the users posting the debate hashtags by
looking at properties of twitter usage in the three sets of
users (active BJP supporters, BJP supporters and other).
Our analysis of tweet count and follower count reveals
a significant difference between active supporters and the
other two user sets (p<<0.001). Active supporters have a con-
siderably higher number of tweets and followers compared
to the other groups, as shown in Figure 4 and Figure 5. No-

>We specifically opted for the term ‘hyper-nationalism’ over the
term ‘nationalism’ used by Jafrelot, , and Jumle (2020) because the
traits expressed by the show —labelling anyone disagreeing with
them as ‘anti-national’ or or aggressively advocating for exclusion-
ary practices that marginalize certain communities— are better cap-
tured by the former term.
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Figure 2: Number of users tweeting Republic TV debate hashtags over time. The blue bars show the total volume of users. The
orange bars indicate BJP supporters. The red line (second y-axis) shows the fraction of the total users each day which was BJP
supporters. We can observe that this fraction is consistently around 60%.

tably, the most followed and retweeted users within the ac- The findings indicate a notable presence of BJP support-
tive supporters group are predominantly BJP supporters or ers on Twitter who actively engage in discussions surround-
official spokespersons, such as @gauravbh, @Shehzad_Ind, ing Republic TV debates. This highlights the distinct prefer-
and @shaziailmi. This finding establishes a clear connection ences and priorities observed among different user groups.
between the individuals involved in the discussions and the Supporters demonstrate a strong inclination to promote their
amplification of messages related to these debates. preferred political party and its ideologies, whereas non-

Additionally, the most followed and retweeted users in supporters engage in a wider range of discussions encom-
the general supporters category also consist mostly of BJP passing diverse news topics and international affairs.

supporters or affiliates. However, it is important to note that
their messages have limited reach, as indicated by the me-
dian number of retweets, which is 20 for supporters com- EEE non_supporter
pared to 7 for non-supporters. This suggests that the influ- I supporter

ence and dissemination of messages are more concentrated BN active supporter
among the active supporters and their affiliated accounts. —

o
w

4.3 What are they amplifying?

The analysis reveals that these supporters selectively am-
plify content aligned with their own interests. Figure 3 pro-
vides insights into the preferred topics for each group, lead-
ing to several key findings:

Fraction of tweets
o o
= N

* Supporters predominantly amplify pro-BJP and hyper- & @ PN
nationalism related content. Their focus is largely cen- R R P N L ° *00\\
tered around promoting the party and its ideologies. 6.”\0 N

2

e Active supporters, in addition to pro-BJP and hyper-
nationalism content, heavily engage in discussions re- . . . .
lated to the opposition, often taking an anti-opposition Figure 3: Topics being amplified by the three sets of users..
stance. Interestingly, they also show a significant inter-
est in Bollywood content, such as criticizing Bollywood

celebrities. 4.4 Coordinated Posting
* Non-supporters, on the other hand, tend to focus more Next, we looked at whether there was any coordinated post-
on general news and a diverse range of topics, including ing posts promoting the debate hashtags. Jakesch et al.

issues related to Russia. (2021) present how pro BJP hashtags are manipulated us-



Table 4: Narratives for the peaks in Figure 2.

Date Of Peak Narrative
8th February 2022 Hijab ban®
18th March 2022 Kashmir FilesP
. Religious tensions due
14th April 2022 to Ram Navamic
12th May 2022 Gyanvapi mosque?
Ist June 2022 PFI Conspiracy®
Opposition Government
20th June 2022 collapse in Maharashtra’
6th September 2022 Bengal violence®
20th September 2022 | TRP report acquits Republic”
10th December 2022 India/China clashes'
22nd December 2022 Bharat jodo yatral

2 https://archive.is/DGg4V
® https://archive.is/MTY Ur
¢ https://archive.is/31LXw
4 https://archive.is/geY lu
¢ https://archive.is/ccOMI
' https://archive.is/PoKkI
£ https://archive.is/2ECpn
" https://archive.is/d7Tw0
' https://archive.is/VSj4a

J https://archive.is/70pgt

ing a network of WhatsApp groups to coordinate posting
and get hashtags trending on Twitter.® The manipulation
works by using a set of template tweets which are copy
pasted by a network of BJP supporters at a pre agreed time.
We explored whether any such coordinated posting exists
in our dataset. We used fuzzy matching with Levenshtein
distance to identify near similar tweets. We were able to
identify seven Republic debate hashtags which were ma-
nipulated this way in our dataset by BJP supporters. The
hashtags have specific themes like promoting development
of Kashmir (#TirangaAtLalChowk), supporting BJP gov-
ernment decisions (#indiawithagniveer), supporting Hindu
causes (#hinduholocaust, #kashmirfilestruth, #justiceforhar-
sha), supporting BJP victories (#yogireturns), and amplify-
ing anti opposition topics (#banpfi). Though this only repre-
sents 1% of all the hashtags we studied, this bolsters the evi-
dence that there is a concerted connection between the hash-
tags the show uses and the hashtags official BJP accounts
promote. We also obtained data of what hashtags were trend-
ing on the day these shows aired and found that six of the
seven hashtags were trending on the day they were manipu-
lated.

4.5 What else do they tweet?

The tweets containing republic hashtags only make up
roughly 1.5% of the tweets by the users in our dataset. What
else do the users in our dataset tweet? This would help us
learn more about these users and the topics they post. To
identify these, we applied topic models on the users tweets.

8An example of coordinated posting: https://archive.is/vOwfi
promoting the an initiative by the BJP.
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Figure 4: Comparison of the number of tweets for the three
sets of users.
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Figure 5: Comparison of the number of followers for the
three sets of users.

To identify topics, we first selected a tweets from each user
category: active supporter, supporter, and non-supporter. We
then employed Latent Dirichlet Allocation (LDA) for topic
modeling on these sets.We use the LDA implementation pro-
vided by Gensim (Rehiek, Sojka et al. 2011) to obtain top-
ics from our tweets. The LDA model generates a probabil-
ity distribution over the topics for each tweet, indicating the
likelihood of the tweet belonging to a particular topic. It also
returns the most significant words belonging to a particular
topic. We experimented with various topic numbers rang-
ing from 10 to 150 and picked the one (N=50) which gave
us the most coherent topics. We experimented with smaller
numbers of topics, but found that they were insufficient to
capture the richness and diversity of themes in the dataset.
Topics were either too broad or overly fragmented, making it
challenging to gain meaningful insights. On the other hand,
when we tested with a higher number of topics, say 150, the
topics became too granular and often exhibited significant
overlap, making it harder to interpret and use the results ef-
fectively. After careful examination, we found that 50 topics
struck a balance, providing a coherent and interpretable rep-
resentation of the underlying structures within the data with-
out being overly detailed or redundant.We run separate topic
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Figure 6: Comparison of tweet topics for the three user sets.

models for the three different sets of users (active supporters,
supporters and non supporters).

After generating 50 topics for each dataset, we manually
label them with high-level categories. We chose 10 different
high-level categories to label the topics. These are politics,
religion, crime, business, health, hyper-nationalism, interna-
tional, terrorism, bollywood and other. We ensure that the
labeling is consistent across all the different user sets.” To
label the topics, we follow a two-step process. First, we ana-
lyze the most important words within each topic and identify
the underlying theme. Then, we assign a high-level category
to each topic based on the underlying theme. For example,
if a topic has frequent words as ‘BJP’, ‘Modi’, and ‘Mani-
festo’, we assign it to the ‘politics’ category, and if a topic
has frequent words as ‘Hindu’, ‘Shiva’, and ‘Muslim’, we
assign it to the ‘religion’ category. If some topic, doesn’t
match any of our high-level categories, we assign it ‘other’
category. We found that the topics we came up with in Sec-
tion 4.1 were too narrow for this analysis. This is expected
since the users might tweet many other topics outside of the
topics covered by the debates.

Once we labeled the topics, we calculate the counts of
tweets in each high-level category in our dataset. We com-
bine all counts of topics belonging to a specific high-level
category to find its total count. This provides insights into
the most prevalent topic categories among the different user
sets. A comparison of the tweet counts of different cate-
gories between the three user types is shown in Figure 6.

On comparing the tweet distributions of the three user
types, we see that non supporters tweet much more about
Politics and issues around terrorism. Supporters and ac-
tive supporters tweet more on religion and Bollywood. This
rhetoric of supporters of the BJP consistently targeting par-
ticular Bollywood celebrities and movies has been docu-
mented previously (Kommiya Mothilal et al. 2022; Akbar
et al. 2022). Overall, our analysis closely aligns with previ-

"This was needed to be able to compare topics across the differ-
ent user sets. However, we had to make a compromise and choose
high level topics which had to be aggregated at a level which
matches all three user sets.
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Figure 7: CDF of the time difference (in minutes) between
when a hashtag was first shared on social media and when
@republic or @republic_bharat tweeted the hashtag.

ous literature. It is expected that active BJP supporters would
be highly engaged in political discourse and religious mat-
ters, while non-BJP supporters would be more concerned
with social and political issues.

4.6 Impact of social media on debate hashtag
choice

Finally, we study whether the hashtags chosen by the show
are in any way connected to user’s activity on social media.
To study this, we check whether the hashtags used by the
show were used prior by anyone on social media. Since most
of the hashtags used by the show are peculiar and unique, the
chances of them being used earlier, even by BJP supporters
should be rare. Concretely, we computed the following: for
each hashtag used by Republic, we get the time when it was
first posted by any of Republic’s Twitter accounts (denoted
by ti}v) and the first usage of the hashtag by a BJP supporter
(denoted by %, ). We compute difference ., —t% . If the
difference is negative, this means that Republic posted the
hashtag first. If the difference is positive, a BJP supporter
posted the hashtag first before it appeared on Republic TV.
Figure 7 shows a CDF of this difference over all the hash-
tags. We can see that around 35% of the hashtags were used
on social media prior to being used by Republic TV. Around
15% of the hashtags were used at least 2 hours before Re-
public accounts used them.

Qualitative analysis of these hashtags reveals interesting
observations. Take the case of the hashtag #AbuseNo092,
a hashtag keeping count of the number of abuses by the
Congress party on Prime Minister Narendra Modi.® The
hashtag is very specific and there is a little chance that some-
one else had tweeted it earlier to it being chosen. The first
tweet for this hashtag was done at 4pm India time by a user
@SMedia4’ and then there was a show using the hashtag

8https://archive.is/y 1 XBm
*https://archive.is/OcUqG The user claims on their bio ‘My TL



at 10pm. A few more examples of this pattern include: (i)
#HinduphobialsReal tweeted 3 days prior to the show using
the hashtag (by a user who mostly tweets anti Congress top-
ics), (ii) #KashmirFilesPolitics was tweeted 2 days earlier
by a user who claims to be ‘Proud to be an Indian, BJP sup-
porter’, (iii) #BanPFINow being used by a user 2 days earlier
by a user who says in his bio ‘Luv my India and Narendra
Modi Sir’.!°

We aggregated the topics which were posted earlier by
social media users and Figure 8 shows that most of them
were anti opposition or pro BJP hashtags. Note that it is im-
portant to note that we do not claim that there is a causal
connection here since identifying a causal connection is not
possible given our data. However, given that close to a 100
hashtags in the past year seem to have been used by BJP
supporters prior to being used on the show does provide a
signal that the show might be taking inspiration from social
media users.

To find further evidence of this, we used topics labeled
in Section 4.5 and created a time series of topic fractions
for each of the three user sets per week. For each week, we
compute the fraction of tweets belonging to a certain topic.
We also labeled all the hashtags used by Republic into the
same topics and created time series of the shows by Republic
per week. Next, we applied Granger Causality tests (Granger
1969) on these time series to check if any of the topic time
series can help predict the Republic TV show time series.
Granger Causality test is a statistical test that is used to de-
termine if a given time series and it’s lags are helpful in
explaining the value of another series. If a certain time se-
ries t1 ‘Granger causes’ another time series %o, it statistically
means that the values in 5 lag the values in ¢; by a certain
amount and that ¢, can be used to predict values in to. We set
a lag of 4 weeks and run Granger Causality tests for all the
10 topics for the three user sets. Using a p < 0.01, we find
that only three of the time series have statistically significant
values. These are topic time series for Bollywood and hyper-
nationalism for active supporters and hyper-nationalism for
the supporters group. This analysis provides more evidence
that certain types of topics used by BJP supporters are cor-
related with hashtag choices made by Republic TV.

5 Discussion

The study reveals that social media platforms, particu-
larly Twitter, have emerged as influential channels for pub-
lic opinion and discourse on issues discussed in televi-
sion shows. The popularity of these platforms has been ef-
fectively harnessed by news debates in India, as they ac-
tively promote hashtags and encourage users to engage
in discussions and debates on social media. Though this
nexus between social media and television is over a decade
old (Proulx and Shepatin 2012), there is not much study in
the context described in this paper — using social media to
study the bias of a news show.

reaches Modi ji ...~
10All three users have less than a thousand followers. To protect
the privacy of these users, we do not include their screen name.
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Figure 8: Topics posted earlier

The analysis of hashtags used by the news debate show in-
dicates a significant bias towards the ruling Bharatiya Janata
Party (BJP). Over 60% of the debates featured content that
either favored the BJP or criticized the opposition. By dom-
inating the content and narrative of the show, the BJP effec-
tively controls the information flow and influences the issues
that are highlighted and discussed. This enables the party to
set the agenda and shape public opinion in alignment with
its own political interests. While the initial impression of the
finding may seem “trivial”, its significance becomes appar-
ent when considering our subsequent two findings.

Our next significant finding is the role of social media sup-
port in amplifying the show’s reach and promoting specific
hashtags. It is evident that the show garners substantial sup-
port from BJP supporters on social media platforms. BJP
leaders and influencers actively participate in promoting the
show, leveraging their existing networks and resources to ar-
tificially amplify and trend specific hashtags (Jakesch et al.
2021).

Finally, completing the cycle, we identify the reciprocal
flow of information between social media and the topics
picked for debate on the show. Our evidence suggests that
the show’s choice of topics is influenced by social media
posts made by party workers. While causality cannot be es-
tablished in this particular setup, our results suggest a low
probability of this occurrence happening by chance. This is
notably influenced by the active participation of BJP sup-
porters in promoting the channel’s content and the adoption
of hashtags by influential users within their ranks.

These findings highlight the dynamic interplay between
traditional media and online platforms, where political ac-
tors utilize social media as a tool to shape public discourse
and extend their influence beyond the television screen and
in turn social media discussions can influence the agenda-
setting process of television debates. This nexus means that
the BJP sets a narrative on social media which is picked up
and ‘debated’ (amplified) by the TV show giving it legiti-
macy and prime time coverage, while the same BJP support-
ers amplify the debate narrative on social media promoting
it to be an issue of national importance. It underscores the
need to consider the complex inter-dependencies and feed-



back loops between these domains when analyzing the me-
dia landscape in the digital age.

Understanding the importance of our findings in the
agenda setting by the BJP is crucial for several reasons.
Firstly, our study documents the extent to which the rela-
tionship between the show and the party exist. It sheds light
on the strategies employed by political parties to control the
narrative and influence public opinion. It is important to note
that such agenda setting on media might already be happen-
ing through back channels (such as personal connections or
lobbying) and are not usually visible. Our study provides
some quantitative evidence of this connection.

Secondly, it underscores the need for media literacy and
critical engagement among the public. Awareness of the bi-
ases present in media outlets and the influence of political
actors on agenda setting is essential for individuals to make
informed judgments and engage in meaningful debates.

Lastly, our findings call for further research and scrutiny
into the role of political parties in agenda setting and the im-
plications for democratic processes. The ability of a political
party to control the agenda and manipulate public discourse
raises concerns about the diversity of voices and perspec-
tives being represented in the media landscape. It prompts
discussions on media ethics, journalistic independence, and
the role of media regulators in maintaining a balanced and
inclusive media environment.

Limitations and Broader Impact

While the study provides valuable insights into the relation-
ship between a TV news debate show and social media sup-
port, there are several limitations that should be acknowl-
edged:

Generalizability: The study focuses on one specific TV
news debate show in India, which may limit the generaliz-
ability of the findings to other shows or contexts. The dy-
namics observed in this particular case may not be represen-
tative of the entire media ecosystem in India or other coun-
tries. Even for India, English news viewers make up a small
fraction of the viewership of news. Given the prevalence of
media bias in multiple countries, it would be interesting to
see if similar patterns exist for other countries or languages.

Sample Selection Bias: The analysis of social media data
relies on a specific selection of hashtags related to the TV
show. This selection may introduce a bias by excluding other
relevant discussions or perspectives that do not use those
specific hashtags. On a similar note, the topic of the show
and its leaning/bias is decided based on the hashtag and not
the content of the show which may also introduce bias in our
analysis.

Choices in user classification: Our analysis quantifying
BJP support for the show hashtags depends on an automated
classifier. Even though the classifier performs well in terms
of accuracy, there are false positives, which might bias the
results. Our results must be interpreted with a margin of
error that could include these false positives. Our classi-
fier identifies whether a Twitter user is a BJP supporter or
not. Non supporters are not a homogenous group and con-
tain a wide range of users from diverse ideologies, includ-
ing neutral users. A finer way of classifying users should

be thought of in the future. Another issue which could im-
pact our results is the misclassification. We thoroughly went
through these examples of false positives and false negatives
to understand where our classifier gets it wrong and tried
to include features that capture such behavior. We found
some cases where the classifier systematically gets it wrong.
Our manual analysis indicates that the misclassifications are
mostly towards classifying pro BJP as Other (the other way
was quite rare). In most of these cases, the accounts be-
longed to journalists or activists who support the BJP, but
also tweet about other news related stuff. With these cases in
mind, we tried to understand the downstream impact of our
findings. Since our paper mostly focuses on pro-BJP support
to the TV show, if anything, our results are slightly under
counting the support.

In grappling with the ethical, political, and interpretive
challenges inherent to our methodology, we acknowledge
the complex landscape of decisions that come into play. Data
labeling is not a neutral act; the very act of categorizing users
as ‘supporters’ or ‘non-supporters, for instance, could be
interpreted as an oversimplification of a complex and nu-
anced spectrum of public opinions. Additionally, the allo-
cation of topics to tweets and hashtags is intimately tied to
the politics of representation, often reflecting latent power
structures and sociopolitical orientations within the media
and broader society. To mitigate these issues, we employed
a rigorous process that involved consulting multiple sources
of information, including academic literature and collective
authorial discussions, especially in cases where the catego-
rizations were ambiguous. We also established guidelines to
ensure that each hashtag or topic would be allocated to a sin-
gle ‘primary’ category, thereby maintaining analytical con-
sistency and reducing interpretive bias.

On another note, our positionality in this research is an-
chored in a profound commitment to shed light on the anti-
democratic tendencies manifest in the media landscape in
India. As scholars, we are concerned with how specific me-
dia outlets may exert disproportionate influence in shaping
public opinion, often in ways that align with the interests of
ruling political parties, thus undermining the essential demo-
cratic dialogue. This informs not only the subject of our re-
search but also the interpretive lens we adopt in analyzing
our dataset. It is crucial to acknowledge this positionality
to fully appreciate how our research questions were formu-
lated, how the data were evaluated, and how our findings
contribute to larger, ongoing debates about media ethics and
the role of democracy in a digitized world.

Causality and Directionality: While the study suggests a
reciprocal flow of information between the TV show and so-
cial media, it does not establish causality or the direction
of influence. The observational setup we have in this paper
does not allow us to make causal claims. Further research
would be needed to determine whether the potential direc-
tion of influence we point out is actually a causal link.

Twitter focus: The study focuses on Twitter as a social
network for convenience reasons. However, since Twitter
is used only by elites in India, not focusing on other plat-
forms like WhatsApp or Facebook might bias our findings
to a certain type of user. If Twitter is an elite social net-



work with only a small fraction of the Indian electorate on
it, why is a party like the BJP focused on creating infrastruc-
ture on Twitter? While the overall user base on Twitter may
be smaller, it often includes influential individuals, journal-
ists, opinion leaders, and celebrities who have a wide reach
and can shape public opinion. Engaging with this influential
subset of users can have a ripple effect on broader public
discourse.
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