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Abstract
Social media plays a pivotal role in shaping communication among political entities. Substantial research has been carried 
out for examining the impact of politicians’ social media usage and interactions on political polarization. Analysing politi-
cal polarization is particularly significant for fragmented political systems like India where collaboration between parties 
is essential for winning support in parliament. Different topics of discussion between political entities may induce different 
levels of polarization. This study aims to examine the presence of polarization on Twitter social media platform with respect 
to different topics of political discussions among Indian politicians. The investigation is based upon two conflicting notions 
about social media in influencing political polarization. The first notion regards social media as a medium for interaction 
between different ideological users. The second opinion on the other hand focuses on prevalence of selective exposure in 
social media leading to polarization. The study will investigate the use of Twitter for forming communication ties in and 
between parties and the extent of divergence of opinions during political discourse. The investigation performs social network 
analysis and content analysis of the tweets posted by Indian politicians during some major events in India from 2019 to 2021. 
For an unbiased topic-specific analysis of polarization, some important topics related to Indian government policies, national 
security and natural disaster events have been considered. The findings of the study suggest that Twitter not only opens up 
communication spaces to Indian political users but also makes online political discussions among them polarized. Moreover, 
the extent of polarization varies with respect to topics of political discussions. Polarization is more for controversial and 
debatable topics than non-controversial ones.
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1 Introduction

Political polarization has become an important subject of 
deliberation owing to its negative implications on demo-
cratic societies. A polarized population is often divided into 
different groups of same size having opposing polarities or 
opinions. There has been a constant debate regarding the 
presence of political polarization on social media due to its 
growing popularity and usage among the politicians, parties 
and masses. Politicians use social media platforms for prop-
agating their political views and for supporting or engag-
ing in debates with other politicians. Social media might 
enable information flow by facilitating direct communica-
tion and exchange of ideas between the political entities, but 

might also induce polarization. Degree of polarization on 
social media depends on the topics of political discussions 
to a great extent. Different topics involve different levels 
of compliance and disagreement that may either unite the 
political groups or move them far apart. It is fundamental 
to understand how activities of Indian politicians on social 
media with respect to different topics influence political 
polarization.

Among all the social media platforms, Twitter is the most 
pivotal online places extensively used for political debates. 
This study focuses on Twitter because of its worldwide pop-
ularity, majority of the Indian politicians are having Twit-
ter handles and the data is easily accessible. The primary 
aim of this study is therefore, to investigate the presence 
of polarization among Indian politicians on Twitter during 
political discussions. To investigate the existence of political 
polarization on social media platforms, this study analyses 
the usage of Twitter by Indian politicians during some of the 
major events in India.
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1.1  Research questions and hypotheses

Political polarization is a diverse field of research and its 
investigation in a single dimension may not be sufficient. 
In order to examine the existence of political polarization 
on social media, the analysis must be done from different 
perspectives. This study will therefore, investigate Indian 
political polarization based on its two broad characteris-
tics: pattern of interaction and opinion divergence. For 
an unbiased analysis, political polarization will be exam-
ined with respect to several topics of political discussions 
related to some important events in India. The following 
research questions have been formulated for investing 
polarization on social media platform Twitter: 

RQ1:  What is the pattern of interaction of politicians dur-
ing discussions on political issues?

Social media on one hand can promote flow of informa-
tion, ideas and opinions among the political entities and on 
the other hand, can also induce political polarization. An 
important question in this regard is whether the political 
entities use Twitter to communicate with members having 
different ideologies or their interaction is restricted to only 
like-minded peers. Therefore, it is crucial to understand 
how Twitter is affecting the formation of communica-
tion ties within and across parties and whether it leads to 
polarization. The amount of participation and interaction 
among the politicians varies depending on the topics of 
political discourse. In this context, the first research ques-
tion will focus on the way communication ties are formed 
within and between parties with respect to different topics 
and whether this leads to polarization. While interacting 
on Twitter, the politicians make connections with each 
other, forming complex social network structures. These 
network structures demonstrate the flow of information 
and the connections in the networks reflect the sharing of 
content among politicians.

There are two basic modes of interaction in Twitter: 
(a) mention, in which one user can mention another user 
in response to his/her tweets and (b) retweet, in which 
one user can share or forward another user’s tweets. To 
identify the pattern of interaction with respect to topics 
of discussion, this study will analyse the formation of 
communication ties as well as the degree of polarization 
among Indian politicians from their mention and retweet 
networks on different topics.

Existing research on social media polarization demon-
strated the presence of cross-ideological exchange in Twit-
ter networks. Mention networks reflect the communication 
behaviour of political candidates as well as their cross-
party interactions. The cross-party connections however, 

varies based on the layers in which the interaction takes 
place. In accordance with the first research question and 
the findings of existing research, the following hypotheses 
have been formulated:

H1: Mention networks of politicians reflect more cross-
party interactions than retweet networks during political 
discussions 

H2: Selective exposure prevails only in retweet networks 
of politicians and not in mention networks during political 
discussions

RQ2:  Is there any difference in the opinion of politicians 
on different political issues?

Social media allow the political entities to articulate and 
express different opinions which often leads to conflict in 
their sentiments and views towards an issue . According to 
social scientists, this divergence in opinion leads to increased 
polarization among the political entities. In order to reach 
an agreement regarding the possible solutions about an 
issue, the political entities must recognize their opponent’s 
views as valid despite being conflicting. However, refuting 
their opponents view as invalid or improper might make the 
political discussions on crucial issues more polarized. The 
second research question will therefore, try to investigate the 
extent of divergence of opinions among the political entities 
with respect to topics of political debate. Selective exposure 
during political debates has been identified as a major fac-
tor influencing the disagreement among politicians. Retweet 
relations represent agreement among the politicians on their 
published content. Retweet networks represent the similarity 
between the interests of the communities. Considering, the 
retweet relation to be a form of agreement between users and 
selective exposure a factor influencing opinion divergence, 
the following hypothesis have been formulated:

H3: Interconnected communities in retweet networks are 
more similar to each other in terms of opinion

Literature contains ample endeavours intensifying on 
the phenomenon of political polarization on social media. 
However, very limited studies can be found concerning the 
emergence of polarization among political elites on Twitter 
or other platforms. Study of elite polarization is essential 
as it eventually gives rise to mass polarization or polariza-
tion among the general public. Existing studies investigated 
polarization either in terms of selective exposure or opin-
ion polarization but not as a whole. Investigating polariza-
tion in a single dimension may not be sufficient. Moreover, 
none of the studies have performed a topic-based analysis 
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on polarization, even though topics of political discourse 
play a significant role in influencing polarization. The grow-
ing polarization in Indian politics has become an important 
research issue for the political scientists and social media 
activities of political candidates may prove to be an impor-
tant indicator for measuring polarization. To the best of our 
knowledge, this study is the first attempt towards the inves-
tigation of Indian political polarization over Twitter with 
respect to different topics of political discussions.

The remaining paper is organized as follows: Sect. 2 elu-
cidates some existing studies on political polarization. The 
description of the data used and the methodology adopted 
for this study is illustrated in Sect. 3. The findings and 
observations of the analysis are discussed in greater detail 
in Sect. 5. The study is finally summarized and concluded 
in Sect. 6.

2  Related work

Several studies can be found in the literature that investi-
gated political polarization over social media. First study 
towards the same was performed by Adamic and Glance 
(2005) to identify the pattern of interaction among the con-
servative and liberal blogs. They performed network analysis 
and identified a clustered structure between the hyperlinks 
of blogs with opposing ideologies. Conover et al. (2011) did 
a similar study to identify the extent of polarization among 
the Twitter users during 2010 U.S. congressional elections. 
The authors pointed out that users tend to endorse or retweet 
their politically aligned peers more than users having oppo-
site polarities. Morales et al. (2015) measured the extent 
of polarization among the masses based on Twitter conver-
sations about the late Venezuelan president Hugo Chavez. 
They employed network structures and statistical modelling 
techniques and identified that the distance between users 
posting similar contents is comparatively very less. An 
analysis on user roles during polarized conversations was 
performed by Recuero et al. (2019). They pointed out that 
contents shared in one group are not shared in other groups. 
Weber et al. (2013) analysed Egyptian polarization among 
the Secular and Ismalists users over Twitter. They identi-
fied the followers of Egyptian Muslim to be more tightly 
connected than the Secularists. Olivares et al. (2019) used 
opinion distribution as the basis for analysing political polar-
ization during second round of the 2017 Chilean elections. 
They identified the Twitter conversation to be highly polar-
ized that was continuously increasing till the day of voting.

Garimella et al. carried out several studies on elite polari-
zation in their works in Garimella and Weber (2017); Gari-
mella et al. (2018). They performed a temporal analysis of 
polarization for eight years among the presidential candi-
dates and their parties in Garimella and Weber (2017). The 

findings suggest a growth of nearly 10–20% in polariza-
tion over the course of 8 years. In Garimella et al. (2018), 
through network analysis they pointed out that the retweet 
networks of polarized discussions have a well-defined struc-
ture. Cherepnalkoski and Mozetič (2016) investigated the 
community structure of European Parliament members for a 
period of one year. Their emphasis was primarily on retweet 
networks. They identified that the retweeting behaviour of 
the European parliament members is biased towards the 
members of their own political group. Del Valle and Bravo 
(2018) carried out a detailed study on the Twitter networks 
of Catalan Parliamentarians to analyse the extent of polariza-
tion between them. They discovered more cross-ideological 
interactions in the mention network than the retweet network 
and the level of polarization is observed to be highest in the 
relation network. They performed another study in Esteve 
Del Valle et al. (2021) about polarization in the Twitter men-
tion networks of the Dutch Member of Parliaments. They 
identified high degree of cross-party interactions in their 
mention networks suggesting that the MPs extensively use 
social media for discussions among different parties. van 
Vliet et al. (2020) studied polarization across 26 European 
Free Trade Association countries by analysing their network 
of interaction during political discourse. They observed 
cross-party interactions and cross-national differences in 
the way of engagement of the political entities.

Political polarization is also analysed using models 
of opinion dynamics in the literature. Models of opinion 
dynamics attempt to identify the change in opinion of users 
in a network with respect to their neighbours. The most 
popular theoretical model used for analysing the phenom-
enon of opinion formation is the averaging model. The 
DeGroot model is a well-known example of averaging mod-
els DeGroot (1974). The model analyses the formation of 
consensus with the update in individual opinions based on 
the average of the neighbourhood. User’s opinion is basically 
updated using the mean of neighbouring opinions. Friedkin 
and Johnsen (1990) further extended the model by consid-
ering consensus as well as disagreement, thus including 
both innate and expressed opinion of a user. Several studies 
employed the existing models of opinion dynamics to study 
the phenomenon of polarization. Ghezelbash et al. (2019) 
utilized the DeGroot model to study polarization in coopera-
tive networks. Alvim et al. (2021) employed the concepts of 
DeGroot model to establish the fact that polarization might 
not vanish in case of weakly connected graphs.

3  Data and methods

This section discusses the data collected for the study and 
the methodologies used for analysis. To perform a topic-wise 
analysis of Indian political polarization on social media, 
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politicians tweets based on some major events in India are 
collected. Important topics related to government policies, 
natural disaster and national security during the last 2 years 
have been considered. The data has been collected from the 
Twitter handles of 823 politicians belonging to the major 
national and state political parties of India. Twitter handles 
of most active politicians have been considered. Table 1 elic-
its the number of members from each political party whose 
data has been collected.

India has witnessed some important events during 2019 
and 2020 in terms of government policy formulation, 
national security and natural disaster management. For 
an unbiased study on Indian political polarization, topic-
specific Twitter data has been collected related to all the 
major events. Among government policies, the Citizenship 
Amendment Act (CAA) during 2019 and the recent Farm 
Bills have been considered. Indian parliament passed CAA 
in 2019 for granting the eligibility of citizenship to religious 
minorities in countries like Afghanistan, Pakistan and Bang-
ladesh. Three acts of Farm Bills were passed by parliament 
of India in 2020 as per which intra- and inter-state farmer’s 
produce trade is allowed beyond the physical premises of 
Agricultural Produce Market Committee (APMC). Topics 
related to national security like Balakot airstrikes of 2019 
and India China Stand-Off in 2020 have been considered for 
the study. In 2019, Indian warplanes conducted a bombing 
raid against an alleged terrorist training camp in Balakot, 
Pakistan. In 2020, Indian and Chinese troops got engaged in 

skirmishes and face offs along the Sino-Indian border lead-
ing to several casualties of soldiers on both sides. Apart from 
these topics, the recent natural disaster of COVID-19 has 
also been considered. Initially identified in Wuhan, China, 
the Coronavirus Disease (COVID-19) has spread exponen-
tially throughout the world affecting millions of lives. India 
is among the worst affected countries due to COVID-19 in 
terms of mortality and number of cases. The nation has suf-
fered extensive economic, political and social crisis due to 
this sudden outbreak.

For collecting topic-specific data, the most popu-
lar hashtags capturing a particular topic of interest have 
been manually identified. For analysing the data, a hybrid 
approach of social network analysis and content analysis has 
been adopted. Table 2 elicits the statistics of data collected 
for this study. The statistics depict the number of tweets col-
lected for a particular topic, the number of politicians par-
ticipating in the political discussions about the topic and the 
number of hashtags considered for collecting topic-specific 
tweets.

The Twitter activities of Indian politicians were moni-
tored from 2019 to 2020. The Twitter search API has been 
used to select the tweets posted by the politicians on impor-
tant topics on natural disaster, national security and govern-
ment policies during that duration. The collected tweets are 
then used for constructing social networks and identifying 
communities in those networks. The communication flow 
among the communities and their opinions on the selected 

Table 1  Number of members 
considered from political parties

Category Political party No. of 
mem-
bers

National All India Trinamool Congress 37
Bahujan Samaj Party (BSP) 8
Bharatiya Janata Party (BJP) 315
Communist Party of India (Marxist) (CPI(M)) 8
Indian National Congress (INC) 200
Nationalist Congress Party (NCP) 15

State Aam Aadmi Party (AAP) 59
All India Anna Dravida Munnetra Kazhagam (AIADMK) 22
All India Majlis-e-Ittehadul Muslimeen (AIMIM) 8
Dravida Munnetra Kazhagam (DMK) 53
Goa Forward Party (GFP) 13
Janata Dal United (JD(U)) 13
Jharkhand Mukti Morcha (JMM) 17
Lok Janshakti Party (LJP) 10
Rashtriya Janata Dal (RJD) 9
Samajwadi Party (SP) 19
Shiromani Akali Dal (SAD) 5
Shiv Sena (SS) 7
Telugu Desam Party (TDP) 5
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topics is then analysed. The process of identifying the inter-
action patterns of communities and their opinions on the top-
ics consists of two steps. Initially, the network of politicians 
mentioning and retweeting each other is constructed and the 
densely connected communities are identified. Secondly, the 
content published by the communities is analysed to iden-
tify the convergence and divergence in opinions within and 
across communities. Figure 1 illustrates the proposed meth-
odology and roadmap for this study. The detailed methodol-
ogy for analysing the pattern of interaction and convergence 
and divergence of opinions of the communities is discussed 
below:

3.1  Pattern of interaction

The first line of research in this study is based on identify-
ing the pattern of interaction and formation of communica-
tion ties among the political candidates. Twitter interactions 
among the politicians using mentions and retweet induce dif-
ferent network structures. The structure of networks also var-
ies with respect to the topics of discussion. These network 
structures reflect the mechanism underlying the formation 

of communication ties between the politicians. Employing 
social network analysis for solving a broad range of political 
issues has been widely accepted. Concepts of social network 
analysis can be used to identify the factors influencing the 
formation of ties in political networks and the nature and 
meaning of those ties. A social network analysis approach 
has therefore been, adopted to examine the pattern of inter-
actions in Twitter political networks of Indian politicians. 
The degree of party polarization in the politicians interaction 
networks(retweet and mention) is examined using network 
visualization and network polarization analysis. The interac-
tion patterns of politicians and its effect on polarization can 
be determined based on the following analysis of Twitter 
interaction networks: 

(a) Do politicians form distinct communities while contrib-
uting to a particular topic? 

  Politicians on social media often tend to interact 
and share their ideas more with their own party peo-
ple while discussing any topic of interest. Communi-
ties identified in the political networks can reveal the 
existence of selective exposure and polarization based 

Table 2  Data statistics Category Topic # Tweets # Politicians # Hashtags

Government policies Citizenship amendment act 1876 342 61
Farm bills 2239 438 66

National security Balakot airstrikes 762 165 26
India China stand-off 583 123 32

Natural disaster COVID-19 11,397 756 56

Fig. 1  Proposed roadmap for the study
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on their size, content and level of interconnections. 
Hence, the first step towards investigating the exist-
ence of selective exposure and polarization is identifi-
cation of distinct communities in the Twitter mention 
and retweet networks.

  From the topic-specific Twitter data, networks of 
politicians participating in discussions are mapped and 
the connections are created based on their mention and 
retweet relationships. Open source network exploration 
software Gephi is used for network visualization for 
anticipating the retweet and mention network structures 
Bastian et al. (2009). Each node in the network repre-
sents a politicians Twitter account and an edge between 
2 nodes reflects the relationship (mention or retweet) 
between the politicians. For better visualization, only 
those politicians or nodes are considered that received 
a minimum of 5 mentions and retweets.

(b) What is the level of interconnectedness and information 
flow among the communities during discussions?

  To measure the level of interconnectedness and 
information flow among the identified communities, 
modularity of the network is computed using New-
man’s measurement of modularity Newman (2004). 
Measurement of modularity has been used to analyse 
the strength of divisions of the communities identified 
in the networks. Modularity values range from 0 to 1. 
Higher modularity values indicate the communities to 
be more distinct or separated. Studies reveal that net-
works having modularity value higher than 0.6 shows 
little or no increase in the separation of communities. 
For this study, value of 0.6 and above has been consid-
ered as higher modularity, between 0.4 and 0.6 medium 
modularity and values less than 0.4 as low modularity. 
A higher value of modularity indicates the presence of 
selective exposure, where the communities are more 
exposed to their own content rather than the contents 
posted by users in other communities.

  The degree of cohesiveness among the politicians at 
the party level is examined by computing the network 
density of the retweet and mention networks. The value 
of network density varies from 0 to 1, where 0 indicates 
absence of any ties while 1 indicates that all ties are 
connected.

(c) What is the extent of party polarization and cross-com-
munity interaction during topical discussions? 

  Communities reveal significant information regard-
ing polarization. Once the communities are identified 
in the politicians interaction networks, it is essential 
to identify the extent to which these communities 
are polarized and closely associated with each other. 
Hence, it is crucial to examine the degree of polariza-
tion and homophily within and across the communities. 
This can be done by comparing the number of connec-

tions formed within and across those communities or 
groups. Several measures are identified as indicators of 
selective exposure and polarization.

  The degree of party polarization and homophily has 
been computed using the measure of external–internal 
index (E–I index), developed by Krackhardt and Stern 
(1988). E–I index is a measure of relative density of 
internal ties within a group with respect to the number 
of external ties across the group. The value of the index 
ranges from –1 representing complete homophily to +1 
indicating that all connections are external to the group. 
Cross-community interactions have been analysed to 
verify the extent of polarization. The cross-ideological 
interaction ratio measure developed by Conover et al. 
(2011) has been modified to calculate the cross-com-
munity interaction ratio. Cross-community interaction 
has been computed as the ratio between the observed 
and expected number of connections between nodes 
belonging to different groups or communities. Let C1, 
C2 and C3 be 3 communities in a network. If K C1 is the 
total number of connections arising from community 
C1 and U C1 , U C2 and U C3 are the number of users in 
community C1, C2 and C3, then the expected number 
of connections from C1 to C2 is computed as: 

3.2  Interest and opinion on political issues

The second research question of this study focuses on agree-
ment and disagreement among Indian politicians on political 
issues. Retweet relations signify agreement between users on 
posted contents. Hence, for analysing the pattern of agree-
ment and disagreement of the politicians on different issues, 
the retweet networks constructed in the previous phase have 
been considered. The process of identifying common interest 
and leaning of the politicians involves 3 steps. Densely con-
nected communities in the retweet networks of politicians 
are initially identified. Secondly, the content shared by the 
communities is analysed to identify their common interest. 
Finally, the sentiment of the communities is obtained to 
identify their sentiment towards respective topics of politi-
cal discussion. 

(a) Which communities share similar content on different 
political issues?

  To identify common interest and leaning of the poli-
ticians on various issues, it is essential to analyse their 
posted tweet contents and the hashtags used. The simi-
larity between the contents published by the communi-
ties and the hashtags used reveal their shared interest. 

E[C1 → C2] = KC1 ⋅
UC2

UC1 + UC2 + UC3

.



Social Network Analysis and Mining           (2022) 12:97  

1 3

Page 7 of 26    97 

The hashtag similarity between communities is initially 
computed based on Jaccard similarity. Jaccard Similar-
ity computes the number of common hashtags between 
two communities Ci and Cj with respect to their total 
hashtags. The Jaccard Similarity between communities 
Ci and Cj is computed as: 

 where H(x) represents the number of hashtags in com-
munity x.

  The tweet content similarity is calculated using 
cosine similarity. Term Frequency Inverse Document 
Frequency (TFIDF) approach has been used to identify 
the importance of a term in a set of documents and 
cosine similarity has been used to obtain the similarity 
between that set of documents. To examine the content 
similarity of the communities, a standard text mining 
approach has been adopted: 

1. For each community Ci , where i � {1, ...,N} , docu-
ment D i is created containing the content published 
by all the users of C i .

2. The set of terms used by communities C
1
, ....,CN is 

obtained from documents D
1
, ....,DN and the term 

frequency of each term t is computed. Term Fre-
quency TFi(t) for a term t signifies its number of 
appearances in a document Di.

3. The document frequency DF(t) for each term t is 
calculated, that represents the number of documents 
in which t appears.

4. A Bag of Words (BoW) vector is constructed for 
each document D

1
, ....,DN , where each value in the 

vector is the value of a term t from the set of terms: 

5. The cosine similarity between each document 
D

1
, ....,DN , represented by vectors is computed. 

Each document Di represents a community Ci and 
the similarity between documents is considered as 
the similarity between the respective communities. 
The cosine similarity between documents Di and Dj 
is computed as: 

(b) Which communities have similar sentiments towards 
political issues?

  This analysis for identifying the sentiment similar-
ity is done in 2 steps. Initially, the sentiment polarity 

JaccSim(Ci,Cj) =
H(Ci) ∩ H(Cj)

H(Ci) ∪ H(Cj)

TFIDFi(t) = TFi(t) ⋅ log
NDF(t)

.

CosSim(Di,Dj) =
Di ⋅ Dj

∥ Di ∥∗∥ Dj ∥
.

of the tweets are identified using TextBlob. The tweets 
having polarity value between –1 to 0 are considered as 
positive tweets, value of 0 as neutral tweets and value 
between 0 and 1 as positive tweets. To identify the 
communities having similar sentiments, the sentiment 
similarity among each community is identified based 
on the common hashtags shared. Instead of consider-
ing the sentiment score, the average number of posi-
tive, negative and neutral tweets in each community 
has been considered. The following approach has been 
proposed to compute the hashtag-based sentiment simi-
larity between communities: 

1. For each topic, identify the set of common hashtags 
CHT between communities Ci and Cj.

2. Identify the average number of positive tweets 
PTavg(Ci) and PTavg(Cj) , for communities Ci and Cj 
based on CHT.

3. Identify the average number of negative tweets 
NTavg(Ci) and NTavg(Cj) , for communities Ci and Cj 
based on CHT.

4. Identify the average number of neutral tweets 
NTTavg(Ci) and NTTavg(Cj) , for communities Ci and 
Cj based on CHT.

5. Compute similarity between Ci and Cj as: 

4  Results

Twitter data of Indian politicians related to some important 
topics of discussion have been collected initially. Separate 
datasets are then generated for each topic based on the pres-
ence of selected hashtags in the tweets. Each dataset is then 
mapped onto a network using network analysis techniques 
based on the relationships among the politicians. Analysis 
has been done to explore the two research questions of this 
study as discussed next. The results have been discussed for 
each topic-specific dataset separately. 

RQ1:  What is the pattern of interaction of politicians dur-
ing discussions on political issues?

To visually observe the level of polarization of Indian 
politicians on the considered topics of discussion, the 
mention and retweet networks are initially generated. 
Force Atlas algorithm in Gephi visualization tool has been 
used to analyse and cluster the networks into sub-groups. 

Sim(Ci,Cj) =|PTavg(Ci) − PTavg(Cj)|

+ |NTavg(Ci) − NTavg(Cj)|

+ |NTTavg(Ci) − NTTavg(Cj)|



 Social Network Analysis and Mining           (2022) 12:97 

1 3

   97  Page 8 of 26

The nodes are coloured based on their party affiliation. 
Each identified community represents a political party and 
is named from C1 to C7. The communities identified are 
represented using different colours as follows: C1 (BJP) 
= Violet, C2 (INC) = Green, C3 (AITMC) = Light Blue, 

C4 (AAP) = Orange, C5 (SP) = Pink, C6 (RJD) = Red, C7 
(SS)= Dark Blue. Figures 2 and 3 depict the mention and 
retweet networks generated for all the topics. The statistics 
for mention and retweet networks generated for all topics 
are illustrated in Table 3.

Fig. 2  Mention networks on all 
topics

(a) Covid19

(b) Citizenship Ammendment Act (c) Farm Bills

(d) Balakot Airstrikes (e) India China Stand Off
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4.1  Do politicians form distinct communities 
while contributing to a particular topic?

The mention networks generated for Indian politicians 
formed distinct communities while engaging in political 
discussions on all the considered topics. The COVID-19 
mention network shown in Fig. 2a, contains 524 nodes and 

1370 edges. Seven distinct communities are identified in the 
network accounting for nearly 72.3% of the entire network. 
Remaining 27.7% of the network contains 8 small communi-
ties containing 2–18 nodes. Only communities within 72.2% 
of the networks have been considered for visualization. 3 
large communities are identified: one with 178 users linked 
by 385 connections (C1), second with 112 users linked by 

Fig. 3  Retweet networks on all 
datasets

(a) Covid19

(b) Citizenship Ammendment Act (c) Farm Bills

(d) Balakot Airstrikes (e) India China Stand Off
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291 connections (C2) and the third with 72 users with 176 
connections (C3). These three major communities consti-
tuted nearly 69.1% of the total connected users and 62.2% of 
the total connections in the network. The mention network 
on Citizenship Amendment Act shown in Fig. 2b, contains 
256 nodes and 517 edges. Seven distinct communities are 
identified in the network accounting for nearly 78.2% of the 
entire network. A single large community is identified con-
taining 86 users linked by 165 connections (C1). The Farm 
Bill mention network in Fig. 2c contains 285 nodes and 515 
edges. The 6 communities identified in the mention network 
constitute nearly 74.6% of the entire network. 2 large com-
munities are identified in the mention network. The larg-
est community (C1) comprises of 105 users linked by 232 
connections and the second community (C2) contains 85 
users connected by 115 links. These 2 communities together 
constituted nearly 71.6% of the total connected users in the 
network. The mention network shown in Fig. 2d, contains 
164 nodes and 327 edges. Seven distinct communities are 
identified in the network accounting for nearly 75.6% of 
the entire network. A single large community is identified 
containing 86 users linked by 165 connections (C1). The 
mention network shown in Fig. 2e, contains 114 nodes and 
324 edges. Six distinct communities are identified in the 
network accounting for nearly 78.3% of the entire network. 2 
large communities are identified: one with 58 users (C1) and 
second with 42 users (C2). These two major communities 
constituted nearly 79.1% of the total connected users. From 
Fig. 2, it can be observed that the mention networks of all 
the datasets contain more number of cross-ideological and 
cross-party connections.

The retweet networks also formed distinct communities 
similar to mention networks. The COVID-19 retweet net-
work in Fig. 3a, contains 359 nodes and 576 edges. Sim-
ilar to the mention network, 7 distinct communities have 
been identified in the retweet network as well that consti-
tute around 78.4% of the entire network. Two large distinct 
communities have been identified in the retweet network. 
The largest community contains 134 users linked by 236 
connections (C1) while the second network includes 98 
users connected by 142 connections (C2). The 2 large com-
munities together accounted for nearly 64.6% of the total 
connected users and 65.6% of the total connections. The 

Citizenship Amendment Act retweet network in Fig. 3b, 
contains 125 nodes and 136 edges. Similar to the mention 
network, 7 distinct communities have been identified in the 
retweet network as well that constitute around 75.3% of the 
entire network. As observed in Fig. 3c, the retweet network 
on Farm Bill contains 115 nodes with 156 edges. Seven dis-
tinct communities were identified in the network. The com-
munities are completely separated and disjoint from each 
other with connections only between 3 communities: C1, 
C3 and C7. Users in communities C4 and C6 formed sepa-
rate connections while retweeting their community users. 
Communities C1 and C2 formed the majority accounting for 
62.7% of total users in the network. The Balakot Airstrikes 
retweet network in Fig. 3d, contains 75 nodes and 96 edges. 
Similar to the mention network, 7 distinct communities have 
been identified in the retweet network that constitute around 
74.8% of the entire network. The retweet network in Fig. 3e, 
contains 86 nodes and 105 edges. Six distinct communities 
have been identified in the retweet network that constitute 
around 71.4% of the entire network. One large community 
has been identified in the retweet network that contains 46 
users with 62 connections (C1). The single large community 
accounted for nearly 54.6% of the total connected users.

4.2  What is the level of interconnectedness 
and information flow among the communities 
during discussions?

The level of interconnectedness and information flow 
among the communities are identified using the measure-
ments of modularity and network density. The modularity 
value of the mention network of COVID-19 is observed to 
0.524, that suggests medium modularity and the network 
to be medium separated. As discussed previously, modu-
larity values between 0.4 and 0.6 have been considered 
to be medium modularity for the networks. The retweet 
network on the other hand, has a high modularity of 0.757. 
For Citizenship Amendment Act, the modularity value of 
the mention network is observed to be 0.519, suggesting 
medium modularity and medium separation. The retweet 
network on the other hand, has a high modularity of 0.794. 
The mention network on Farm Bills has a moderate modu-
larity value of 0.483 while the retweet network has a high 

Table 3  Network statistics of interaction networks on all topics

Statistics COVID-19 CAA Farm bill Balakot airstrikes India China stand-off

Mention Retweet Mention Retweet Mention Retweet Mention Retweet Mention Retweet

No. of Nodes 524 359 256 125 285 115 164 75 114 86
No. of Edges 1370 576 517 136 515 156 327 96 324 105
Modularity 0.524 0.718 0.519 0.817 0.483 0.834 0.582 0.767 0.283 0.742
Network Density 0.326 0.085 0.253 0.073 0.216 0.048 0.286 0.063 0.289 0.056
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modularity value of 0.814. The mention network is there-
fore, highly interconnected having many cross-community 
interactions. The retweet network on the other hand, is 
more separated forming distinct clusters and have lesser 
number of cross-community interactions. The modularity 
value of Balakot Airstrikes mention network is observed 
to 0.582, suggesting medium modularity while the retweet 
network has a high modularity of 0.837. The modularity of 
the mention network of India China Stand-Off is observed 
to have a low value of 0.283. The retweet network on the 
other hand, has a high modularity of 0.732. The medium 
modularity of mention network on all topics indicates 
medium level of separation among the communities while 
the high modularity of retweet network suggests the pres-
ence of selective exposure to a great extent.

The mention network of COVID-19 has a density of 
0.326 indicating that there is 32% chance of forming 
all the possible connection in the network. On the other 
hand, retweet network has a density of 0.085 suggesting 
a chance of only 8% of forming all possible connections. 
The mention network for COVID-19 is well-connected 
while the retweet network is loosely connected. Mention 
network of Citizenship Amendment Act has a density 
of 0.253 indicating that there is 25% chance of forming 
all the possible connections in the network. On the other 
hand, retweet network has a density of 0.073 suggesting 
a chance of only 7% of forming all possible connections. 
Density of mention network of Farm Bills is 0.216 while 
retweet network has a value of 0.048. This indicates that 
there are 21% chances of forming all the possible con-
nections in the mention network while the chance is only 
4.8% in case of retweet networks. The mention network 
of Balakot Airstrikes has a density of 0.286 indicating 
28% chance of forming all the possible connections in the 
network. On the other hand, retweet network has a density 
of 0.063 suggesting a chance of only 6% of forming all 
possible connections. The mention network on India China 
Stand-Off has a density of 0.289 indicating that there is 
28.9% chance of forming all the possible connection in 
the network while retweet network has a density of 0.056 
suggesting only 5.6% chances of forming all possible 
connections. The results on network density reveals that 
mention network is well-connected than retweet network 
and selective exposure is present more in case of retweet 
than mention network. The amount of information flow is 

therefore, more in case of mention network than retweet 
networks.

4.3  What is the extent of party polarization 
and cross‑community interaction during topical 
discussions?

To further assess the existence of selective exposure in the 
interaction networks of Indian politicians, the level of intra- 
and inter-party connections are identified. To examine party or 
community polarization during political discourse on the con-
sidered topics, the E–I index of both the interaction networks is 
computed. Table 4 reports the rescaled E–I index values for the 
mention and retweet networks of all the topics. The E–I index 
values indicate the interaction networks to be polarized. The 
polarization values however, varies with the type of interac-
tion. The degree of polarization is very high in case of retweet 
network while for the mention network, it is almost null.

To investigate the degree of polarization in every commu-
nity, E–I index is computed for each community separately. 
The plots in Figs. 4 and 5 report the E–I index of each com-
munity for the mention and retweet networks of all topics. 
E–I index values between 0.2 and 0.5 have been considered 
as medium cross-party interactions while above 0.5 has been 
regarded as high cross-party interactions. For the mention 
network of COVID-19, the results reveal that only commu-
nity C4 and C5 have a negative value (− 0.146 and − 0.275), 
indicating them to be highly homophilic. Rest of the 5 com-
munities have shown high to moderate level of cross-party 
interactions and are therefore, less polarized. The degree of 
polarization is highest for community C6 while lowest for 
community C2. For Citizenship Amendment Act mention 
network, community C1 and C7 have been found to be highly 
polarized while other communities are less polarized. In the 
Farm Bill mention network, Community C2 has the highest 
number of cross-party interactions. Community C1 has been 
identified to be homophilic, mentioning own party politicians 
more. For the mention network of Balakot Airstrikes, only 
community C1 has a negative value and hence high homoph-
ily. Rest of the 6 communities have shown high to moderate 
level of cross-party interactions with less polarization. In the 
Indian China Stand-Off mention network, all the communities 
have a positive value except community C1, indicating C1 
to be homophilic. Community C2 has the highest number of 
cross-party interactions.

Table 4  E–I index of interaction networks on all topics

COVID-19 CAA Farm bill Balakot airstrikes India China stand-off

Mention Retweet Mention Retweet Mention Retweet Mention Retweet Mention Retweet

E–I index 0.263 − 0.193 0.316 − 0.431 0.378 − 0.521 0.163 − 0.326 0.184 − 0.293
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(a) Covid19

(b) Citizenship Ammendment Act (c) Farm Bill

(d) Balakot Airstrikes (e) India China Stand Off

Fig. 4  E–I index of communities in the mention networks of all topics
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(a) Covid19

(b) Citizenship Ammendment Act (c) Farm Bill

(d) Balakot Airstrikes (e) India China Stand Off

Fig. 5  E–I index of communities in the retweet networks of all topics
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The analysis of retweet networks has revealed a com-
plete different scenario. All the communities from C1 to 
C7 in COVID-19 retweet network have been found to be 
homophilic and polarized. Communities C2, C3 and C5 have 
been found to be less homophilic while community C1 has 
shown slightly higher homophily. Community C6 and C7 
have been identified to be completely homophilic indicat-
ing that all ties are internal to the communities. Similarly 
for Citizenship Amendment Act, all the communities from 
C1 to C7 have been found to be homophilic and polarized. 
Communities C2 and C3 have been found to be less homo-
philic while other communities have been identified to be 
completely homophilic. All the communities for Farm Bills 
have high polarization, with community C2, C4, C5 and 
C6 being completely polarized. In the retweet network of 
Balakot Airstrikes and India China Stand-Off, all the com-
munities from C1 to C7 have been found to be homophilic 
and polarized. For Balakot Airstrikes, communities C2, C3, 
C5 and C6 while for India China Stand-Off, community C4, 
C5 and C7 have shown complete homophily.

In order to examine the amount of cross-community 
interactions, the interaction ratio within and across com-
munity is computed. For mention network, the observed 
and expected number of links between the communities 
is identified and the cross-community interaction ratio is 
computed accordingly. Table 5 depicts the ratio between 
observed and expected number of connections between 
politicians belonging to different political communities 
on COVID-19. From the table, it can be observed that the 

amount of cross-community mentions is more for most of 
the communities. Community C6 and C7 however have 
more intra-community mentions. The politicians are more 
likely to interact with the members of their own commu-
nity during retweets. The amount of interaction in both 
mention and retweet networks is more within community 
and less across community. A value of 0 between 2 com-
munities indicates that there are no interactions within 
those communities. Largest communities C1 and C2 have 
received the highest amount of cross-community mentions 
and retweets. Interestingly, the number of incoming men-
tions is more than outgoing mentions for these communi-
ties. For the smallest communities C6 and C7, the amount 
of cross-community mentions is very less and there are no 
cross-community retweets.

Table 6 depicts the cross-community interaction ratio 
for Citizenship Amendment Act. It can be observed that 
the amount of cross-community mentions is more for 
most of the communities. Community C1 and C7 how-
ever have more intra-community mentions. Community 
C1 has received the highest amount of cross-community 
mentions. Except communities C2 and C3, there are no 
cross-community retweets. The cross-community interac-
tion ratio for Farm Bill is illustrated in Table 7. Com-
munity C1 has received the highest number of external 
mentions among all the communities followed by C2. The 
mention network on Farm Bills has only 6 communities. 
Community C6 has no mention on Farm Bills. Hence, the 
column representing the mention values for C6 is null. The 

Table 5  Cross-community 
interaction on COVID-19

Community Mention Retweet

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

C1 → 0.23 1.45 0.26 0.11 0.08 0.05 0.07 1.82 0.12 0.06 0.08 0.01 0 0
C2 → 1.12 0.25 0.32 0.19 0.13 0.23 0.16 0.13 1.68 0 0.07 0 0 0
C3 → 1.07 0.46 0.22 0.09 0.13 0.07 0.02 0.28 0 1.35 0 0 0 0
C4 → 0.94 0.53 0.16 0.28 0.36 0.14 0.04 0.64 0.43 0.04 1.58 0.02 0 0
C5 → 0.67 0.36 0.23 0.18 0.15 0.05 0.03 0.67 0 0.06 0.04 1.27 0 0
C6 → 0.45 0.26 0.08 0.05 0 0.87 0 0 0 0 0 0 1.72 0
C7 → 0.04 0.05 0 0 0.04 0 0 0.71 0 0 0 0 0 0 1.37

Table 6  Cross-community 
interaction on citizenship 
amendment act

Community Mention Retweet

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

C1 → 1.34 0.65 0.42 0.09 0 0 0.06 1.75 0 0 0 0 0 0
C2 → 0.92 0.54 0.21 0.16 0.08 0.13 0.05 0 1.18 0.45 0 0 0 0
C3 → 1.13 0.23 0.62 0.14 0.08 0 0.05 0 0.23 1.03 0 0 0 0
C4 → 0.64 0.41 0.06 0.52 0.16 0.04 0 0 0 0 1.32 0 0 0
C5 → 0.51 0.22 0.13 0 0.45 0 0.13 0 0 0 0 0.87 0 0
C6 → 0.32 0.18 0.12 0 0.23 0.07 0 0 0 0 0 0 1.12 0
C7 → 0.15 0.08 0.03 0 0.17 0 0.43 0 0 0 0 0 0 0.64
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retweet network has very high level of selective exposure. 
Community C2, C4, C5 and C6 has no cross-community 
retweets.

Table 8 depicts the cross-community ratio for Balakot 
Airstrikes. The amount of interaction in retweet network is 
found to be more within community and less across com-
munity. Community C1 has received the highest amount 
of cross-community mentions and retweets. For commu-
nities C2, C3, C5 and C6, there are no cross-community 
retweets. Cross-community ratio for India China Stand-Off 
is shown in Table 9. From the table, it can be observed that 
the amount of cross-community mentions is more for all 
the communities except C1. Largest community C1 has 
received the highest amount of cross-community men-
tions and retweets. Apart from communities C1, C2 and 
C3, there are no cross-community retweets among other 
communities.

RQ2:  Is there any difference in the opinion of politicians 
on different political issues?

To analyse the interest and opinion of the politicians 
on different issues, a content analysis approach has been 
adopted. The communities identified in the retweet network 
have been considered for analysis. The analysis is done in 
two phases. Initially, the tweet content similarity of all the 
communities on the considered topics is examined. In the 
next phase, sentiments of the tweets are identified and sen-
timent similarity among all the communities is computed.

4.4  Which communities share similar content 
on different political issues?

The similarity in contents of the communities is computed in 
two ways. The hashtag similarity between each community 

Table 7  Cross-community 
interaction on farm bill

Community Mention Retweet

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

C1 → 0.32 0.21 0.14 0.06 0 0 0.06 1.91 0 0.14 0 0 0 0.05
C2 → 0.28 0.19 0.12 0.08 0.05 0 0.03 0 1.78 0 0 0 0 0
C3 → 0.17 0.28 0.21 0 0 0 0.06 0.35 0 0.53 0 0 0 0
C4 → 0.26 0 0 0.17 0 0 0.08 0 0 0 0.56 0 0 0
C5 → 0 0.28 0 0 0.19 0 0 0 0 0 0 0.64 0 0
C6 → 0 0 0 0 0 0 0 0 0 0 0 0 0.45 0
C7 → 0.24 0 0.15 0.08 0 0 0.19 0.31 0 0 0 0 0 0.48

Table 8  Cross-community 
interaction on Balakot 
Airstrikes

Community Mention Retweet

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

C1 → 1.27 0.45 0.16 0 0 0.06 0.05 1.71 0 0 0.18 0 0 0
C2 → 1.05 0.34 0.12 0 0 0.13 0.06 0 1.32 0 0 0 0 0
C3 → 1.18 0.16 0.32 0 0.06 0 0.05 0 0 1.52 0 0 0 0
C4 → 0.34 0.13 0 0.38 0 0.32 0 0.18 0 0 1.34 0 0 0.14
C5 → 0.37 0.26 0.13 0 0.45 0 0 0 0 0 0 1.43 0 0
C6 → 0.25 0.16 0.07 0 0.56 0.27 0 0 0 0 0 0 1.21 0
C7 → 0.14 0.25 0.32 0.04 0 0 0 0.23 0 0 0.14 0 0 1.27

Table 9  Cross-community 
interaction on India China 
stand-off

Community Mention Retweet

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

C1 → 0.24 0.18 0.11 0.06 0.02 0 0 0.78 0 0.08 0 0 0 0
C2 → 0.31 0.23 0.08 0.05 0 0 0.06 0 0.83 0.15 0 0 0 0
C3 → 0.21 0.18 0.31 0.04 0 0 0.08 0.26 0 0.46 0 0 0 0
C4 → 0.13 0.26 0 0.19 0.05 0 0 0 0 0 0.43 0 0 0
C5 → 0.16 0.08 0.06 0.03 0.29 0 0.02 0 0 0 0 0.46 0 0
C6 → 0 0 0 0 0 0 0 0 0 0 0 0 0 0
C7 → 0.28 0.19 0.11 0.04 0.07 0 0.14 0 0 0 0 0 0 0.38
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(a) Covid19

(b) Citizenship Ammendment Act (c) Farm Bill

(d) Balakot Airstrikes (e) India China Stand Off

Fig. 6  Hashtag similarity of communities for all topics
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(a) Covid19

(b) Citizenship Ammendment Act (c) Farm Bill

(d) Balakot Airstrikes (e) India China Stand Off

Fig. 7  Tweet content similarity of communities for all topics
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is computed based on Jaccard similarity. The tweet con-
tent similarity is then calculated based on cosine similar-
ity between documents. The heatmap visualizations of the 
hashtag and tweet content similarities across communities 
are shown in Figs. 6 and 7. Darker shades in the heatmap 
indicate higher similarity between communities. Since the 
similarity across own community is highest, the darkest 
shade can be seen diagonally.

Figure 6a depicts the hashtag similarity between commu-
nities on COVID-19. Communities C1, C2 and C3 have been 
identified to be the most similar communities in terms of the 
hashtags shared. For communities C4 and C5, the most simi-
lar community is C1 while for C6 and C7, it is community 
C2. Figure 6b depicts the hashtag similarity between com-
munities on Citizenship Amendment Act. Community C1 
is closest to C3 followed by C5 in terms of hashtags shared. 
Community C2 is similar to C1 and C4, C3 is similar to C1 
and C7, C4 is similar to C3 and C7. The hashtag similarity 
across each community on Farm Bill is illustrated in Fig. 6c. 
In terms of hashtags used, community C4 has been identi-
fied to be most similar to C1 while C3 has been identified 
to be most similar to C2 and vice versa. Figure 6d depicts 
the hashtag similarity between communities on Balakot Air-
strikes. Communities C1, C3, C5 and C7 have been identi-
fied to be the most similar communities in terms of hashtags 
shared. For communities C2, the most similar communities 
are C4 and C6 while for C6, it is community C2. Hashtag 
similarity on India China Stand-Off is illustrated in Fig. 6e. 
Communities C1 has been found to be most similar to C2 
and C3 in terms of the hashtags shared. For communities C2, 
the most similar community is C4 and C7 while for C3, it is 
community C5. C4 is most similar to C1 and C2, C5 is most 
similar to C3 and C7 is most similar to C2.

Figure 7a represents the tweet content similarity between 
communities on COVID-19. Community C1 has been found 
to be most similar to C2, C3, C4 and C5. C3 is the most 
similar community for C6 while C4 is the most similar com-
munity for C7 in terms of the tweet content published. Fig-
ure 7b represents the tweet content similarity between com-
munities. Community C1 has been found to be most similar 
to C3, C4 and C6. C2 is the most similar community for C4, 
C5 and C7 while C5 is the most similar community for C2 in 
terms of the tweet content published. The hashtag similarity 
across each community on Farm Bill is illustrated in Fig. 7c. 
In terms of tweet content, community C3 is most similar to 
C5, C2 is most similar to C6 and C1 is most similar to C7. 
Figure 7d represents the tweet content similarity between 
communities on Balakot Airstrikes. Community C1 has been 
found to be most similar to C5 and C7. C4 is the most simi-
lar community for C2 while for C4 it is C2 and C5. Tweet 
content similarity on India China Stand-Off is illustrated in 
Fig. 7e. Community C1 has been found to be most similar to 
C2 and C3 and vice versa. C7 is the most similar community 

for C4 while for C5 and C7, the most similar community is 
C2 in terms of the tweet content published.

4.5  Which communities have similar sentiments 
towards political issues?

The sentiments of the tweets on every topic posted by each 
community are initially evaluated. The average number of 
positive, negative and neutral tweets are identified. The 
heatmap visualization of sentiment similarities between 
communities is shown in Fig. 8. The similarity is more if 
difference in value is less. Hence, a lower value indicates 
higher similarity. The similarity between each community 
is computed using the methodology discussed in Sect. 3.2. 
The lesser the difference in the number of positive, nega-
tive and neutral tweets shared by the communities, the more 
similar the communities are. Therefore, the similarity across 
the same community has been identified as 0. The values 
can be observed diagonally in the heatmap. For COVID-
19, as shown in Fig. 8a, both communities C1 and C2 are 
most similar to C3, the level of similarity however is more 
between C1 and C3. Community C4 is most similar to C1, 
C5–C7, C6–C4 and C7–C5. As shown in Fig. 8b for Citi-
zenship Amendment Act, community C3 is close to com-
munity C1, C4 and C5 in terms of similarity. For C2, the 
most similar community is C4, for C6 it is C1 and for C7 it 
is C4. In case of Farm Bills as shown in Fig. 8c, for com-
munity C1, the most similar community is C7 and for C2 
it is C4 and vice versa. Most similar community for C3 is 
C1 and for C5 and C6 it is C7. The least similar community 
for C1, C3, C5 and C7 is C2, for C2 it is C1 and for C4 and 
C6 it is C3. Figure 8d illustrates the sentiment similarity for 
Balakot Airstrikes. For community C1, most similar com-
munities are C3, C4 and C7, for C2 it is C5 and C6, for C3 it 
is C1, C5 and C6, for C4 it is C1 and C7. Community C5 is 
most closest to C2, C3 and C7, C6–C2 and C3 and C7–C1, 
C4 and C5. For India China Stand-Off as shown in Fig. 8e, 
community C1 and C3 are most similar to each other, C2 is 
most similar to C5 and C4 is most similar to C1. Community 
C5 is most similar to C3 and C7–C5.

5  Discussion

This study investigates whether the online activities of 
Indian politicians on Twitter lead to polarization and how 
topics of political discussions influence the same. The paper 
performs an in-depth analysis of political polarization with 
respect to the pattern of interaction and opinions of the poli-
ticians on different political issues. This study is the first 
attempt to examine Indian political polarization on Twit-
ter social media platform. We considered 5 major events 
in India during 2019 and 2020 and analysed the pattern of 
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(a) Covid19

(b) Citizenship Ammendment Act (c) Farm Bill

(d) Balakot Airstrikes (e) India China Stand Off

Fig. 8  Sentiment similarity of communities for all topics
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interaction of the politicians and their similarities and dis-
similarities in opinion regarding those political events. This 
section provides a comparative analysis of the findings on 
all the 5 topics with respect to the hypotheses formulated 
for the study:

H1: Mention networks of politicians reflect more cross-
party interactions than retweet networks during political 
discussions 

The analysis of the mention networks revealed different 
levels of cross-party interactions with respect to topics of 
political discussion. At the network level, for all the topics 
considered, clear evidence of cross-party interactions has 
been found in the mention networks of politicians. How-
ever, the degree of such interactions is different for different 
topics of political discourse. For COVID-19, the degree of 
cross-party interactions was identified to be high (E–I index 
= 0.263). Topics of government policies like Citizenship 
Amendment Act and Farm Bill revealed highest amount of 
cross-party interactions (0.316 and 0.378). The level of such 
cross-party interaction is lowest in case of national security 
issues Balakot Airstrikes and India China Stand-Off (0.163 
and 0.184). The observations support the hypothesis formu-
lated that mention networks reflect more cross-party interac-
tions during political discussions. The findings of the study 
refute the existence of selective exposure in the mention 
networks of Indian politicians and also support the fact that 
social media opens up conversation spaces between politi-
cians and political parties.

The degree of cross-party connections in the mention 
networks of Indian politicians has been found to be quite 
high than retweet networks. These findings are in line with 
some existing studies Conover et al. (2011); Del Valle and 
Bravo (2018); Esteve Del Valle et al. (2021); Chamberlain 
et al. (2021) that suggest the mention networks to be reflec-
tive of cross-party interactions. One possible reason for this 
could be the nature of different interaction networks of Twit-
ter. Retweet networks are basically considered as support 
and endorsement networks while the mention networks are 
more indicative of a dialogical or communication network. 
The politicians use mention networks to engage with fellow 
politicians with different ideologies. Moreover, the inten-
sity of cross-party interactions in the mention networks can 
be explained by the fact that politicians engage with one 
another through mentions either in agreement Del Valle 
et al. (2020) or in disapproval Laaksonen et al. (2017). This 
view can be supported from the findings of the analysis. The 
high intensity of cross-party interactions in controversial 
government policy topics is indicative of the fact that poli-
ticians are using mentions mostly as a means of criticism. 
The level of disagreement and criticism is more in case of 
controversial topical discussions like government policies 

and less for comparatively non-controversial topics of natu-
ral disaster and national security.

Moreover, interesting differences in the degree of polari-
zation have been observed for different communities or polit-
ical parties. For instance, in all the topics except COVID-19, 
mentions among the politicians of the largest community C1 
has been found to be more homophilic than other smaller 
communities. The largest community C1 represents the party 
in power thus indicating that the party forming the govern-
ment is more homophilic in terms of mentions than other 
parties. In addition to that, community C1 has received the 
highest amount of mentions from other parties suggesting 
that the party in governance is also likely to receive higher 
cross-party mentions. This study reveals that the govern-
ing party politicians prefers to limit their political conversa-
tions within themselves while the opposing politicians tend 
to engage more with other parties. This is in line with the 
findings of Tromble (2018) that suggested the governing 
parties to be more engaging with their own party politicians 
and Esteve Del Valle and Borge Bravo (2018) that revealed 
the smaller parties to be less homophilic. Out of all the 
opposing parties, party or community C2 and C3 has been 
identified to have lowest homophily and more cross-party 
mentions. Interestingly, most of the outgoing mentions of C2 
is towards the governing community C1, particularly during 
discussions on Citizenship Amendment Act and Farm Bills. 
Our analysis also reveals interesting association between the 
level of participation and number of mentions received. It 
has been observed that higher participation of politicians 
in political discussions increases their likelihood of being 
mentioned. This can be another reason for community C1 
receiving highest mentions as C1 has shown highest partici-
pation from its members.

Figure 9 depicts the cross-party interactions among par-
ties or communities across all topics. From Fig. 9a, it can 
be observed that highest cross-party interactions have taken 
place during the political discussions on Farm Bills and Citi-
zenship Amendment Act, two important policies framed by 
Indian government. Further analysis of the data revealed that 
the politicians have used mentions mostly for disapprov-
ing and debating about the respective topic of discussion. 
The intra-party mentions were mostly in support of a politi-
cal party or politician while the cross-party mentions were 
mostly used as a form of disagreement. This can be one 
of the possible reasons for the debate on government poli-
cies getting highest cross-party mentions. Discussions on 
COVID-19 too received considerable amount of cross-party 
mentions, particularly for lockdown and migration of work-
ers. Balakot airstrikes and India China Stand-Off being com-
paratively less controversial topics, received lowest number 
of cross-party mentions. Fig. 9b elicits the degree of polari-
zation of each community in terms of mentions for all the 
topics. Community C1 being the governing party has been 
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found to be homophilic in all political discussions except 
COVID-19. Highest cross-party mentions have been identi-
fied for community C2 on all topics followed by commu-
nity C3. However, for Balakot Airstrikes highest cross-party 
mention was from C3. Interestingly, some smaller communi-
ties like C5, C6 and C7 have been found to be homophilic 
during discussions on COVID-19 and Citizenship Amend-
ment Act. 

H2:  Selective exposure prevails only in retweet networks of 
politicians and not in mention networks during politi-
cal discussions

Analysis of the retweet networks disclosed patterns of 
selective exposure, suggesting that the politicians partici-
pated in fragmented interactions and formed separate groups 
during discussions. Retweets are a form of endorsement and 
the network is a representative of a support network. A poli-
tician retweeting another politician or party is an indication 
of his/her support or agreement towards the political party or 
politician. The retweet networks of politicians on all topics 
appeared to be highly divided and segregated. The degree of 
polarization, however was different for different topics. The 
rate of polarization is highest for Farm Bills and Citizenship 
Amendment Act (– 0.521 and – 0.431) followed by Balakot 
Airstrikes and India China Stand-Off (− 0.326 and − 0.293). 
Least polarization has been observed in case of COVID-19 
(− 0.193). The findings support the formulated hypothesis 

that selective exposure prevails in the retweet networks of 
Indian politicians. This further establishes the dual nature 
of social media that it not only open up conversation spaces 
to users but can also make the communication polarized.

At the network level, values of modularity also revealed 
the retweet networks to be highly segregated. The level of 
segregation is more for controversial topics of government 
policies like Farm Bills and Citizenship Amendment Act in 
comparison to other less controversial topics. The intensity 
of polarization is also different for different communities. 
All the communities have been identified to be homophilic 
for all the topics. The extent of homophily is more for gov-
ernment policy topics followed by national security topics 
and COVID-19. The analysis revealed the presence of ’echo 
chambers’ in the retweet networks of politicians. Our find-
ings are in line with some of the existing studies Conover 
et al. (2011); Del Valle and Bravo (2018); Himelboim et al. 
(2013) that disclosed the ’echo chamber’ view in the retweet 
networks.

Figure 10 elicits the pattern of selective exposure in the 
retweet networks of all topics. The comparative analysis 
of the degree of polarization and modularity in the retweet 
networks of the topics are depicted in Fig. 10a. The extent 
of polarization is highest for government policy related top-
ics Farm Bill and Citizenship Amendment Act. A possible 
reason for this could be the fact that the governing party 
frames the policies and the opposing parties are in disagree-
ment most of the time. As retweet basically signifies support 

(a) Cross-Party Interactions of Mention Net-
work on all Topics

(b) Cross-Party Interactions of Communities on
all Topics

Fig. 9  Cross-party interactions on all topics
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and endorsement, the politicians usually support their own 
parties and people forming distinct groups. The extent of 
polarization further increases in case of controversial and 
debatable topics. The results on modularity reflect the same 
observations. The modularity values of retweet network are 
highest for government policy topics, suggesting the net-
works to be highly segregated. Figure 10b shows the E–I 
index of the retweet networks for all the communities. All 
the communities have been found to be highly homophilic. 
Some communities like C6 and C7 even found to be com-
pletely homophilic in most of the topics. 

H3:  Interconnected communities in retweet networks are 
more similar to each other in terms of opinion 

The communities identified in the retweet networks have 
been used for similarity computation. The similarity is com-
puted based on three factors: hashtag usage, tweet content 
posted and average sentiment towards a topic. For calculat-
ing the average sentiment, instead of sentiment scores, aver-
age number of positive, negative and neutral tweets posted 
have been considered. In terms of hashtag usage, the similar-
ity identified between the communities does not completely 
comply with the retweet network structure. Some polarized 
communities in terms of pattern of interaction have been 
found to be similar in their usage of hashtags particularly 
for COVID-19. One important reason for this could be the 
higher rate of participation of politicians from these com-
munities. Larger communities therefore, have been identified 
to be more similar than smaller communities. This similar-
ity however, is comparatively less for debatable topics of 

government policies. The use of similar hashtags basically 
reflects the amount of participation of the politicians and 
their interests rather than their opinion towards an issue. The 
retweet network structure is based on the pattern of interac-
tion of the politicians. The observations indicate that the 
politicians belonging to different communities or parties are 
using similar hashtags even though they are not retweet-
ing each other. This refutes the third hypothesis in terms of 
hashtag usage that only the connected communities in the 
retweet network are similar to each other.

Findings on tweet content similarity revealed that the 
content posted by politicians on a certain topic is directly 
related to their pattern of communication in the retweet 
networks. The interconnected communities in the retweet 
network have higher similarity in terms of tweet content 
published. For instance, content on COVID-19 posted by 
some of the large interconnected communities like C1, C2 
and C3 have been found to be similar. Similarly, for Farm 
Bill and Citizenship Amendment Act, the interconnected 
communities have been found to be more similar. Sentiment 
similarity observations have also revealed a similar trend. 
The overall sentiment of the interconnected communities 
on a specific topic has been found to be more similar. Tweet 
content published and the overall sentiment on that topic 
reflects the opinion of the politician towards that issue. Since 
retweet networks are a form of support network, a politician 
retweeting another politician signifies agreement and thus 
similar opinions. However, in contradiction to the hypoth-
esis, there are some interesting and exceptional findings on 
tweet content and sentiment similarity. Some non-connected 
communities in the retweet networks have also been found 

(a) E-I Index and Modularity of Retweet Net-
work

(b) E-I Index of Communities on all Topics

Fig. 10  Selective exposure in retweet networks on all topics
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similar to each other in terms of tweet content and sentiment. 
For instance, community C1 and C3 have been found to be 
quiet similar in their opinions on Citizenship Amendment 
Act despite being highly polarized in their retweet interac-
tions. This may be due to the fact that some communities 
might not have retweeted each other but the content shared 
and the overall sentiment of the community for the topic 
might be same. Similarly, some interconnected communi-
ties have been found to be dissimilar in terms of their tweet 
content and sentiment. A possible explanation of this could 
be that few politicians of a community might have retweeted 
another community but the overall tweet content and senti-
ment of both the communities are different. Few differences 
identified in the results of polarization based on pattern of 
interaction and opinion divergence only partially supports 
the hypothesis that only interconnected communities in the 
retweet networks are similar.

To better understand the difference in results, a com-
parative analysis has been done on polarization identified 
between communities in terms of both pattern of interac-
tion and opinion divergence. Table 10 depicts the polari-
zation between communities in terms of their pattern of 
interaction in the retweet networks. As already discussed, 
the amount of selective exposure in the retweet networks 
is very high and the network is therefore, highly polar-
ized. From the table, it can be observed that most of the 
communities or parties are homophilic and tend to interact 
with their own community. This makes them polarized 
towards each other. Moreover, the extent of polarization is 

higher for debatable topics like Farm Bills and Citizenship 
Amendment Act. For these topics, since the overall degree 
of polarization is highest, almost all the communities are 
polarized towards each other. Smaller communities C6 
and C7 have shown higher homophily and polarization for 
almost all the topics, suggesting that extent of homophily 
depends on the amount of participation. Politicians with 
lesser participation, retweets very less and whenever does, 
retweets only their own party politicians.

Table 11 illustrates the polarization between communi-
ties in terms of opinion divergence. The combined results 
of tweet content and sentiment similarity have been used 
as it reflects the opinion of a politician towards an issue. 
From the table, it can be seen that the amount of polariza-
tion for each community is highest in case of government 
policy topics similar to polarization in terms of pattern 
of interaction. However, there are some differences in 
the number of polarized communities identified for each 
community. As discussed earlier, the difference in results 
might be due to two factors. Some non-connected com-
munities might not have retweeted each other but may 
have posted similar tweet content and have similar opin-
ion towards an issue. Similarly, among the interconnected 
communities, some politicians from one community might 
have retweeted another community, but the overall similar-
ity in the tweet content and sentiment is very less. Thus, 
based on these findings, it can be concluded that polariza-
tion based on pattern of interaction and opinion divergence 

Table 10  Polarization between communities in terms of pattern of interaction in retweet network

Community COVID-19 Citizenship amendment act Farm bill Balakot airstrikes India China atand-off

C1 C6, C7 C1, C2, C3, C4, C5, C6 C2, C4, C5, C6 C2, C3, C5, C6 C4, C5, C7
C2 C3, C6, C7 C1, C4, C5, C6, C7 C1, C3, C4, C5, C6, C7 C1, C3, C4, C5, C6, C7 C4, C5, C7
C3 C2, C6, C7 C1, C4, C5, C6, C7 C2, C4, C5, C6 C1, C2, C4, C5, C6, C7 C4, C5, C7
C4 C6, C7 C1, C2, C3, C5, C6, C7 C1, C2, C4, C5, C6, C7 C2, C3, C5, C6 C1, C2, C3, C5, C7
C5 C2, C6, C7 C1, C2, C3, C4, C6, C7 C1, C2, C3, C4, C6, C7 C1, C2, C3, C4, C6, C7 C1, C2, C3, C4, C7
C6 C1, C2, C3, C4, C5, C7 C1, C2, C3, C4, C5, C7 C1, C2, C3, C4, C5, C7 C1, C2, C3, C4, C5, C7 –
C7 C1, C2, C3, C4, C5, C6 C1, C2, C3, C4, C5, C6 C2, C4, C5, C6 C2, C3, C5, C6 C1, C2, C3, C4, C5

Table 11  Polarization between communities in terms of opinion divergence

Community COVID-19 Citizenship amendment act Farm bill Balakot airstrikes India China stand-off

C1 C6, C7 C2, C4, C5 C2, C4, C5, C6 C2, C3, C5, C6 C4, C5, C7
C2 C3, C5, C6 C1, C3, C4, C6 C1, C3, C5, C7 C1, C3, C5, C7 C1, C4, C5
C3 C2, C6, C7 C1, C2, C4, C6 C2, C4, C5, C6 C1, C2, C4, C6 C4, C5, C7
C4 C6, C7 C1, C3, C5, C6 C1, C5, C6, C7 C2, C3, C5, C6 C2, C3, C6, C7
C5 C2, C6, C7 C1, C2, C3, C6, C7 C1, C3, C4, C7 C1, C2, C4, C7 C1, C2, C3, C4, C7
C6 C1, C2, C3, C5, C7 C2, C3, C4, C5 C3, C4, C5, C7 C1, C2, C4, C7 –
C7 C1, C4, C5, C6 C1, C2, C3, C5, C6 C2, C3, C4, C5 C2, C3, C5, C6 C1, C3, C4
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might be different. For ease of understanding, the main 
findings of this study are summarized in Table 12.

6  Conclusion

In this study, we have investigated the existence of Indian polit-
ical polarization on Twitter social media platform based on 
two broad characteristics of polarization: pattern of interaction 
and opinion divergence. Social network analysis and content 

analysis methods have been used to analyse the tweets posted 
by Indian politicians during some major events in India from 
2019 and 2020. The findings of the study illustrate that politi-
cal polarization does exist on social media platforms like Twit-
ter and the topic of political discourse plays an important role 
in the extent of polarization. High polarization exists between 
politicians and parties during retweets while for mention the 
polarization is almost null. Controversial and debatable topics 
are followed by higher level of polarization compared to less 
controversial topics. With respect to pattern of interaction, it 

Table 12  Summary of observations from the study

Method Observation

Mention Network Analysis The governing party C1 has been found to be homophilic than other parties in terms of mentions in most of the 
topics. C1 is also the largest party in terms of participation and also received highest number of cross-party 
mentions particularly for controversial topics like Farm Bill and Citizenship Amendment Act. This indicates 
that members of the party in governance are most participating and also the most popular party in terms of 
cross-party mentions. It also suggests that governing party politicians prefer to limit their political conversations 
within themselves while the opposing politicians tend to engage more with other parties. Therefore, other parties 
from C1 to C7 have been found to be less homophilic. The second largest party in terms of participation, C2 has 
highest cross-party mentions towards C1 compared to other parties. A careful analysis of the data and higher 
amount of cross-party mentions for controversial topics revealed that cross-party mentions are primarily used for 
debate signifying disagreement. Farm Bills and Citizenship Amendment Act are policies formulated by govern-
ing party C1. Hence, it received highest cross-party mentions in terms of debate by other parties for these topics. 
The intra-party mentions were mostly in support of a political party or politician while the cross-party mentions 
were mostly used as a form of disagreement. This can be one of the possible reasons for the debate on govern-
ment policies getting highest cross-party mentions.

Retweet Network Analysis All the parties have been found to be polarized and homophilic particularly for government policy topics. C2 has 
been found to be polarized for all other topics except COVID-19. This is an interesting observation from the per-
spective of cross-ideological and opposing party C2. Another interesting observation is cross-ideological party 
C3 has been found to be less polarized towards C1 in the recent topics. Polarization was high for these parties 
during 2019 topics Citizenship Amendment Act and Balakot Airstrikes. However, the polarization turned out to 
be comparatively less for recent topics of COVID-19, Farm Bill and India China Stand-Off. C1 has been found 
to be less polarized towards C7 in most of topics, primarily because of being same ideological parties. Other 
cross-ideological parties C4, C5 and C6 have been observed to be polarized in almost all the topics towards C1. 
The degree of polarization among all the parties was highest for Farm Bill and Citizenship Amendment Act.

Hashtag Similarity Some polarized communities in terms of pattern of interaction in the retweet networks have been found to be simi-
lar in their usage of hashtags particularly for COVID-19. Opposing parties C1 and C2 have been identified to be 
similar in terms of hashtags for almost all the topics. One important reason for this could be the higher rate of 
participation of politicians from these communities. This similarity however, is comparatively less for debatable 
topics of government policies. The use of similar hashtags basically reflects the amount of participation of the 
politicians and their interests rather than their opinion towards an issue.

Tweet Content Similarity The tweet content similarity of parties have been found to be related to their pattern of interaction in retweet net-
works. Content on COVID-19 posted by some of the large interconnected communities like C1, C2 and C3 have 
been found to be similar. Similarly, for Farm Bill and Citizenship Amendment Act, the interconnected commu-
nities have been found to be more similar. However, some interesting differences have also been identified. C1 
and C3 has been found to be similar in terms of tweet content on Citizenship Amendment Act, despite not being 
connected in the retweet network. Similarly, C1 and C5 are not connected in the retweet network on Balakot Air-
strikes but have been found to be quiet similar in terms of tweet content. This may be due to the fact that some 
parties might not have retweeted each other but the content shared by them on a topic is similar. Therefore, tweet 
content similarity between parties, might not always be related to their pattern of interaction.

Sentiment Similarity Sentiment similarity of parties have been found to be mostly related to their pattern of interaction in the retweet 
networks. Interconnected communities, C1, C3 and C7 have been found to be similar in terms of sentiment on 
Farm Bill. Some exceptions have been found similar to tweet content similarity. Sentiments of non-connected 
communities C1 and C3 have been found to be similar on Citizenship Amendment Act. Similarly, C2 and C4 are 
not connected in the retweet network on Farm Bills but have been found to be quiet similar in terms of senti-
ment. A possible explanation for such observation can be that some parties might not have retweeted each other 
but have similar sentiments towards a topic. Due to such observations, the fact that only interconnected com-
munities are similar in terms of sentiment can only partially be supported.
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has been identified that Indian politicians behave strategically 
on Twitter depending on the layer of communication. A clear 
tendency of homophily was observed in the retweet networks 
while mention networks basically includes cross-party con-
nections. Same party mention reflects support and agreement 
while cross-party mention reflects disagreement. In terms of 
opinion divergence, it has been observed that pattern of inter-
action in retweet networks does not always reflect the similar-
ity in interest and opinions among the politicians. Hashtag 
similarity is based on the amount of participation rather than 
interconnections in retweet network. Furthermore, findings on 
tweet content similarity and sentiment similarity revealed that 
interconnected communities in the retweet networks need not 
necessarily be similar in terms of opinion.

This study is topic specific and hence is limited to network 
analysis and content analysis of tweets of Indian politicians 
on selected topics. The results obtained therefore, might not 
be generalized to all political conversations on Twitter. Since 
follower information of politicians Twitter handle does not 
change with respect to topic, follower relations are not used 
in this study. As a future work, one can perform a more gen-
eralized study considering the follower relations along with 
mention and retweet. Moreover, the study has been done at the 
political party level, where the degree of polarization is exam-
ined across different parties. Another essential work direction 
could be the investigation of polarization at individual politi-
cians level. Such examination could be helpful in identifying 
outliers in a political party. The analysis of opinion divergence 
carried out in the current study is based on retweet networks. 
Retweets indicate endorsement and support which better char-
acterize the opinion difference among the politicians. Links 
between politicians in the mention network may not neces-
sarily imply similar opinion. However, utilizing the mention 
networks as signed networks can be useful in identifying the 
same. The positive and negative sign of the edges between 
politicians in the mention network would indicate their exact 
sentiment or opinion towards each other.
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