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Political polarization on social media has been extensively studied. However, most research has examined polarization about
topics that have preexisting associations with ideology, while few studies have tracked the onset of polarization about novel
topics or the evolution of polarization over a prolonged period. The occurrence of COVID-19 provides a unique opportunity
to study whether social media discourse about a novel event becomes increasingly polarized along ideological lines over time.
This paper analyzes trends in Twitter polarization in relation to COVID-19 and other geopolitical events of 2020. The first two
studies use topic analysis to examine the evolving difference over time in discussions of COVID-19 and other topics by liberals
and conservatives on social media. COVID-19-related polarization is initially absent but gradually increases over time, in
contrast to polarization related to other events. A third study examines structural polarization in retweet networks and finds
that the frequency of counterpartisan retweets reduces over time. Across all three studies, we find evidence that Twitter

discussion of COVID-19 has become more polarized over time.

1. Introduction

There is growing concern about the extent of political polar-
ization on online media such as Twitter, as selective atten-
tion to social media sources may lead to reinforcement of
preexisting beliefs (as with echo chamber effects, e.g., [,
2]). People’s opinions may become polarized along partisan
lines, which may in turn lead to the expression of more
extreme opinions [3] and to other social problems such as
the spread of misinformation [4] and distrust in society [5].
Although the extent and consequences of such polarization
on social media remain debated [6, 7], it is of both theoretical
and practical importance to understand the development of
polarization over time.

Natural language processing (NLP) approaches have
been widely used to study political polarization: Németh
[8] identifies over 150 studies published since 2010. Previous
studies have quantified polarization on social media in a
number of ways. Several researchers have trained machine
learning models to classify messages into different groups

(liberal or conservative, positive or negative in sentiment,
etc.) based on words and hashtags [9-12]. Polarization can
then be quantified with “identification scores” (as we do in
the present paper). For example, higher polarization exists
when it is increasingly possible to identify a person’s political
partisanship from the language he/she uses in tweeting
about a particular topic. Sentiment analysis has also been
used to quantify polarization [13-15]. Another strand of
research focuses on structural isolation and polarization in
communication networks (e.g., [16-18]), analyzing interac-
tions between users including their following (accounts one
chooses to pay close attention to), retweeting (spreading of
messages sent by someone else), and mentioning (using
@+username in messages).

Most previous research into the development of polariza-
tion on social media, although extensive, is limited in impor-
tant ways. First, such research has typically examined
transient (e.g., [17, 19-21]) or short-term (e.g., [10, 22-24])
trends in polarization rather than tracking long-term changes.
Second, studies have generally focused on polarization in
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discussions of long-discussed and highly politicized topics
such as gun control [25] and presidential elections [26]. Many
new events related to these topics (such as political demonstra-
tions and presidential elections) lead to extensive discussion
on Twitter and elsewhere. However, such events typically
relate to well-formed and preexisting individual belief systems
and social network structures and hence may be associated
with polarized discussion from the outset. Analyses of Twitter
discussions following such events therefore cannot inform
understanding about the development, over time, of polariza-
tion in discussions of novel topics that may not tap directly
into preformed belief systems.

To understand the development of polarization on
social media, it is therefore essential to examine (a) the
extent to which polarization is present at the time a new
topic enters the social media discourse and (b) how polar-
ization subsequently develops. This paper provides such an
examination.

Understanding the development of polarization on
social media, over lengthy periods of time and for novel
and initially unpoliticized topics, is important for theoretical
as well as practical reasons. Many researchers have used
agent-based models to simulate the dynamic process of
opinion formation and expression and have shown how sig-
nificant polarization can emerge within an initially unpolar-
ized system (e.g., [27, 28]). For example, social judgment
theory [29, 30] and a family of bounded confidence models
[27, 28, 31-34] assume that individuals are only influenced
by other opinions if those opinions lie within a threshold
distance of their own [35]. Some models additionally assume
that exposure to opposing voices will solidify rather than
weaken prior opinions [36-38]. The spiral of silence theory
[39, 40] suggests that people are more likely to keep silent
when their opinions are in the minority and explains why
diversity of information disappears in an isolated group or
“echo chamber.” There are also model-based simulations of
polarization of multidimensional opinions [41], complex
interaction networks [42], and agents with psychologically
plausible characteristics [3].

Agent-based models of polarization typically assume
that the environment is initially unpolarized: Individuals’
opinions (represented by a continuous value) are uniformly
distributed at the outset, but this distribution eventually
comes to follow a bimodal or multimodal pattern [27]. Field
data from social media are also widely used by researchers to
test their models (e.g., [34, 43]). However, as noted above, in
many real-world contexts, the relevant social environment is
already polarized. Most field evidence from social media
studies the outcomes of polarization processes—situations
in which the opinion dynamics may have already become
stable. Although many studies have measured the intensity
of polarization on social media, relatively few have tracked
changes in intensity over time (e.g., [23]), especially over a
long period. Thus, the assumption (made by many models)
that significant polarization can emerge from an initially
unpolarized environment remains underinvestigated.

The outbreak of COVID-19 in 2020 provides an oppor-
tunity to test the growth of polarization concerning a novel
topic for which there may be relatively weak preexisting
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associations between political attitudes and the new topic,
as COVID-19 was unknown by almost everybody at the
beginning of our data collection period (start of 2020). Here,
we examine how polarization levels respond to different
types of geopolitical events. In Study 1 and Study 2, we
compare the development of polarization in discussions of
COVID-19-related topics to the development of polarization
regarding two other significant geopolitical events in the
same year (BLM activity and the 2020 U.S. Presidential
election). Although discussion of all three topics reflects
ideology to some degree, a unique feature of COVID-19
discussion is its novelty. BLM activity started in 2013, in
contrast, and racism has been a widely discussed social prob-
lem in the U.S. for many decades. Similarly, the presidential
election in the U.S. occurs every four years, and arguments
between Democratic and Republican supporters are long-
standing. The aim of this paper is to answer the following
research questions:

RI: Are social media users’ attitudes toward both the
novel topic of COVID-19 and long-existing topics of BLM
activity/presidential election significantly polarized?

R2: Does the degree of polarization for each of the three
topics increase over time?

R3: Are increases in polarization greater for a novel topic
(COVID-19) that is not initially associated with political
ideology?

Before moving on to our methodologies for measuring
polarization, we clarify how we use the term “polarization”
because it is used in several ways in the research literature
[44]. Polarization as we use the term in this paper describes
the difference in people’s behaviors as a function of their
membership of one of two partisan groups (Democratic
and Republican supporters). According to this definition, if
polarization is insignificant, we will not be able to identify
a person as Democratic or Republican through his/her
behavior on social media. Across our three studies, we quan-
tify this behavioral difference in two ways. The first measures
the tendency for Democratic and Republican supporters to
use different language when discussing the same topics in
approximately 30 M tweets from one dataset (referred to as
dataset A) sent between February 2020 and January 2021.
Topics are identified using latent Dirichlet allocation topic
modeling [45]. We examined both long-term (throughout
2020 in Study 1) and short-term (100 days in Study 2)
changes in polarization in discussions about COVID-19
and other topics. Our second method, in Study 3, examines
structural network polarization, defined as the tendency for
Democratic and Republican supporters to receive informa-
tion from, and propagate it to, different sources using a dif-
ferent dataset (B).

2. Study 1: Long-Term Polarization

Our first two studies focus on polarization in tweets’ content.
The aim of these two studies is to answer three specific ques-
tions. The first is simply whether or not evidence for polar-
ization is available in our dataset. The second question,
assuming that polarization does indeed occur, is whether
the average levels of polarization differ over the three
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important political topics in 2020 (COVID-19, BLM activity,
and Presidential election). The third question, central to the
present investigation, is whether the level of polarization
changes over time for each topic.

2.1. Data. Our data are publicly available tweets posted by
accounts categorized as conservative (i.e., Republican) and
liberal (i.e., Democrat) from 1 Feb 2020 to 17 Jan 2021.
We used the Twitter API to collect tweets sent by the fol-
lowers (mainly from the U.S.) of a set of seed accounts. Seed
accounts are well-known Twitter accounts owned by sources
with clearly identifiable partisanship, including media (such
as @FoxNews), politicians (@JoeBiden), and organizations
(@GOP). Table S1 in the supplemental material lists the
seed accounts that were used in the present study. We
selected 35,000 accounts that primarily follow Democrats
and 35,000 accounts that primarily follow Republicans
using the following criteria: First, accounts were included
only if they follow at least three seed accounts associated
with one party and fewer than three accounts associated
with the other party. We used the tweetsbotornot2 package in
R to identify bots and removed all accounts with an
estimated probability (of being bots) > 0.5. We also removed
accounts created later than 1 Feb 2020, non-English language
accounts, users who did not send any tweets from 1 Feb 2020
to 17 Jan 2021, protected or private accounts, and highly
active users (those who sent more than 3200 tweets from 1
Feb 2020 to 17 Jan 2021). The Twitter API only allows
collection of the most recent 3200 tweets sent by each Twitter
user. Therefore, if we include those highly active users who
sent many thousands of tweets in a short period, we can only
collect their tweets sent during the last few months of our
dataset, and our dataset will not reflect Twitter users’ real
activity level at different periods as the activity level during
the last few months will be overestimated. This is also the
reason why we removed Twitter accounts created later than 1
Feb 2020. Any resulting bias is manageable as those highly
active users comprise only approximately 1% of accounts in
our dataset.

Figure 1 shows the number of seed accounts followed by
users in our dataset. A clear partisan division is evident:
63.5% of Democratic users and 70.9% of Republican users
follow no accounts in the opposite group, and 22.7% of
Democratic users and 35.3% of Republican users follow over
six accounts in their own group and no accounts in the
opposite group. We then collected up to 3200 most recent
tweets from each user but only included tweets sent between
1 Feb 2020 and 17 Jan 2021. The result is a dataset with 30 M
tweets, including both original tweets and retweets.

2.2. Methodology

2.2.1. Associating Tweets with Topics. We used the Mallet
latent Dirichlet allocation (LDA) [46] topic modeling tool
to identify a topic for each tweet. To train the LDA model
and reduce memory load, we preprocessed and tokenized
tweets as follows (tokenization is the process of dividing a
large quantity of text into smaller pieces called tokens): All
text was lowercased, and all URLs, hashtags, punctuations,

emoticons, and numbers were removed. We removed short
messages because a message’s polarization level is calculated
using an average score for each word used in the message
(see below), and so if the number of words is small, the mea-
surement will be unreliable. All tweets with fewer than five
words were removed. Stopwords (such as “the” and “a,”
selected from the SMART (System for the Mechanical Analy-
sis and Retrieval of Text) information retrieval system) were
also removed, and the remaining words (except nouns) were
lemmatized (i.e., inflected forms of words like “said” were
changed to the relevant base form, like “say”). Common
bigrams and trigrams (those that appeared over 500 times in
our corpus) were turned into single words (e.g., “Donald
Trump” became “donaldtrump” and “Black lives matter”
became “blacklivesmatter”). This step is needed because two
words can represent different concepts when they appear in
pairs—e.g., the words “white” and “house” are typically uncor-
related with political issues when viewed in isolation but not
when taken in combination. Rare words (defined as those
appearing fewer than 20 times in our corpus of 30 M tweets)
were removed, and finally, we removed tweets that contained
only one word after the preceding steps were completed.

After the preprocessing, 29,501,806 tweets remained in the
corpus. These provided the data for the topic modeling, which
we now describe. LDA assumes that the probability of a word
appearing in a document, p(word|document), is equal to
Zt{)m:l p(word|topic)p(topic|document), where T is the num-
ber of topics. Here, the documents are tweets. This function can
be represented in matrix form as a D x W document-word
matrix which is equal to the product of a D x T document-
topic matrix and a T x W topic-word matrix, where D and
W are the numbers of documents and words in the corpus,
respectively. To choose the optimal number of topics, we used
10% of the tweets in our dataset to train LDA models with T
ranging from 10 to 70. Figure S1 shows the coherence score
(a measurement of classification performance based on the
semantic similarity between representative words in each
topic) for each number of topics. We selected 35 topics
(where the coherence score converged to 0.55). Although 35
is not the number of topics that gives the highest coherence
score, choosing a larger number only produces a small
increase in coherence but reduces the number of tweets
available for each topic in the next step of the analysis. The
result of running Mallet LDA on the whole dataset was a
29,501,806 x 35 document-topic matrix with each element,
p(topic|document), indicating the estimated probability of
each document, i.e., tweet, belonging to the corresponding
topic. Figure S2 in the supplementary material visualizes the
topic modeling outcomes for 2 of 35 topics.

The next step removed tweets that could not clearly be
assigned to particular topics (to reduce noise caused by multi-
topic tweets). We searched for the highest (mean 0.730,
median 0.743) and second-highest scores (mean 0.142,
median 0.079) values in the document-topic matrix for each
tweet. Next, we calculated the ratio of these two scores and fil-
tered out the 20% tweets with the lowest ratios. This procedure
had the effect of preserving only tweets with clear topic assign-
ments. The final corpus contains 23,602,737 tweets.
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FiGureg 1: Number of Democrat (blue/lighter bars) and Republican (red/darker bars) users in our dataset who follow different numbers of
seed accounts in Table S1. The subscript AnBm indicates users who follow # seed accounts from group A and m seed accounts from group
B. For example, the top left bar indicates that there were 7271 Democrats who followed three Democrats and no Republicans.

Next, we used the topic-word matrix to find the most rep-
resentative tokens for each topic. Each element in the matrix,
i.e., each conditional probability p(word|topic), can be inter-
preted as the representativeness of the token for the corre-
sponding topic. Table S2 shows the five most representative
tokens for each topic. 35 topics include issues related to
politics, such as the 2020 U.S. election, diplomacy, and
national security, and nonpolitical issues, like sports, religion,
showbiz, and cooking. Detailed topic modeling results are
presented in the supplemental material (available here).

2.2.2. Measuring Polarization. We measured polarization by
determining the probability with which a Twitter user could
be correctly classified as a Republican or Democrat by the
content of his/her tweets. Higher classification probabilities
correspond to increased polarization.

Specifically, we used the leave-out (LO) estimator intro-
duced by Gentzkow et al. [47]. This algorithm defines the
partisanship of a user as the posterior probability of classify-
ing that user as a member of the corresponding group on the
basis of his/her tweets. Tokens from the users’ tweets are
treated as samples for updating the posterior probabilities.
The polarization level associated with tweets about each
topic is then defined as the mean of the posterior probabili-
ties for all users, measured by the following function:

11 A 11 Gins (1= Poin)
Tt= 575 7 z AireP-ite ¥ 5757 Z Qir(1 = P-irs)
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(1)

where IT;, is the polarization level for topic T at week t;
Dy and Ry, are the sets of Democratic and Republican
users, respectively; c; ;, is a vector for token counts for user

i; and m; ., is the total number of tokens used by user i for
topic T at week t, so g; -, in the second equation represents
a vector for token frequency for user i. We removed short
text in the preprocessing steps to ensure that each user in
our dataset sent a certain number of tokens. g, 7, is the fre-
quency vector for all tokens given by all members of a group
P(P € [R, D)) except the user i. Therefore, p_; -, in the third
equation is a vector in which each element measures the
probability (calculated from a corpus without text from user i)
that the token (used by at least two users) is sent by a Republi-
can user. g; ., p_; , in the first equation measures the probabil-
ity of assigning user 7 to the Republican group based on tokens
used by that individual, and the first/second component in the
first equation represents the average probability of correctly
attaching each Republican (Democratic) user to the Republi-
can (Democratic) group (i.e., identifiability). Overall, IT;, is
the average identifiability of the two groups. If IT;, is close
to 0.5, messages sent by the two groups are similar, and
the classifier performs no better than flipping a coin, while
if I, is significantly higher than 0.5, messages sent by
Democratic and Republican users are significantly different,
which means that the topic is polarized. Note that the key
feature of the LO estimator algorithm is it measures a user’s
identifiability using a corpus that excludes messages from the
user him/herself. This step removes the influence of tokens
used only by a single user, which is important for an unbi-
ased estimation. Imagine that there is a user from the
Republican group whose message contains a unique token,
like aaa; then if we use the full corpus including user s
message to estimate his/her identifiability, we will overesti-
mate the value as the token aaa will be misdiagnosed as a
very representative token for Republicans (because it only
appears in the Republican corpus).

2.3. Results

2.3.1. Robustness of Polarization Measure. First, for robust-
ness, we confirm that the LO estimator methodology we
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used can quantify the intensity of polarization in our dataset.
Figure S3 in the supplementary material shows that if we
assign users to random rather than partisan groups, then the
LO estimator is close to 0.5. In addition, the LO estimators
for most nonpolitical topics are lower than for political
topics, as shown in Figure S4 and Figure S5. Therefore, a
high LO estimator value reflects a significant difference in
language usage and hence the polarization intensity, between
supporters from both parties. We conclude that the LO
estimator is appropriate for measuring polarization in
our dataset.

2.3.2. Extent of Polarization. Our first research question was
whether polarization exists and for which topics. Figure 2
shows polarization (the LO estimator values) over 50 weeks
for tweets for the 6 of the 35 topics that were most clearly
related to COVID-19 (Figures 2(a)-2(c)), BLM (Figures 2(d)
and 2(e)), or the 2020 election (Figure 2(f)). The supplemental
material includes analytical results for the remaining 29 topics.
The bar charts in Figure 2 show the number of tweets users
sent at the corresponding time period.

We find high polarization in discussion of all six topics:
Leave-out estimators for both tweet sets (with and without
retweets) were significantly higher than 0.5 for most weeks.
The two values in the parentheses following representative
tokens for each panel in Figure 2 (e.g., 0.573 and 0.524 for
Figure 2(a)) give the average LO estimator over 50 weeks
for each topic. Figures 2(a)-2(c) show the time course of
polarization in discussions of three topics related to the
COVID-19 pandemic. The volume of discussions reached a
peak for each topic in the middle of March; COVID-19 was
a relatively new concept for most Twitter users at that time.

To identify typical tokens used by Republican and
Democrat accounts, we calculated the odds ratios of particu-
lar tokens (in each week) being used by Democrats (vs.
Republicans). The log odds ratio O;, for a token i in week
t is as follows:

Countp; ,/(TCountp, — Countp;,)
0, =In i ’ il ()
County; ,/(TCounty , — County;,)

where Countp,;, is the number of times the token i appears
in the Democrat (or Republican for County;,) corpus. T
County,;, = ) ,Countp;, is the total number of tokens in
the Democrat corpus, and TCounty;, is the equivalent num-
ber for the Republican corpus. A negative O,, means that
Republicans are more likely to use the token i and vice versa
for Democrats. Typical tokens used by Republican accounts
in their comments about COVID-19 include “lockdown”
(mean log odds ratio over 50 weeks=-0.371), “flu”
(-0.898), and “China” (-1.024), and tokens with strong Dem-
ocratic identity include “pandemic” (0.489), “dead” (0.600),
and “Trump” (1.016).

2.3.3. Changing Polarization over Time for COVID-19-
Related Topics. Our second research question was whether
the discussion of each topic shows a growing level of polar-
ization over time. We first report changes in polarization
regarding COVID-19-related topics. We used a linear func-

tion (y=f,+ f,x) to describe the change in polarization
level over time. The dependent variable y represents the esti-
mated level of polarization, i.e., the LO estimator value, and
the independent variable x represents the time period by
week. Ordinary least squares (OLS) regression outcomes
are given in Table S3. The polarization of the two topics,
test|covid|virus|death|case (B, =6.787e— 04, p <0.001with
retweets/ 3, = 3.076e — 04, p <0.001 without retweets) and
life|feel|lwearmask|peoplelmental (B, =2.227e — 04, p < 0.001
with retweets/ 8, = 1.032e — 04, p < 0.001 without retweets),
shows highly significant linear growth. The vaccine|doctor|
hospital|patient|medical topic, also related to COVID-19,
just failed to show significant growth (8, =2.965¢ - 04, p =
0.065 with retweets/ 3, =1.103e—04, p=0.039 without
retweets), possibly because this topic emphasizes the medical
system, which is also a long-discussed political issue in the U.S.
Overall, there was a clear tendency for the discussion of
COVID-19-related topics to become more polarized over time.

2.3.4. Changing Polarization over Time for Non-COVID-19
Topics. Next, we examined the time course of polarization
for topics unrelated to COVID-19 (i.e., topics with preexist-
ing associations with ideology). Representative tokens for
the topic shown in Figure 2(d) are related to protest activi-
ties. The distribution of this topic’s popularity over time is
similar to that seen in Figure 2(e), which shows activity
related to racism-related topics, with a sharp increase from
an initially low level of activity. Although this topic does
not show any long-term linear tendency, it appears that
the first polarization peak of Figure 2(d) (in June 2020)
reflects the lively discussion about the BLM protest in
2020. Consistent with this interpretation, the video of
George Floyd’s death was in widespread circulation at
the end of May. We tested a bilinear model of polarization
in this topic using the first linear function to describe data
before week 17 (24 May 2020-30 May 2020) and a second
linear function to describe data after that time point,
shown by two dashed lines in Figure 2(d). Then, we com-
pared the Bayesian information criterion score (BIC) for
this two-component model with the score for the linear
model. We found strong evidence (ABIC > 10) that a bilinear
function (BIC =-235.0) fits better than a linear function
(BIC =-214.5). We observed a sharp increase in polarization
immediately after the event, coinciding with the sudden
increase in the volume of tweets, but this polarization
reduced as the discussion volume reduced: the estimator
(B, =-1.187e—03, p<0.001 with retweets/ 3, =—1.162¢ -
03, p <0.001 without retweets) in the linear regression of
the second part of the bilinear model is highly significant
and negative.

Unlike Figure 2(d), however, Figure 2(e) does not show a
sharp increase in polarization after the event (presumably
because the topic is generic and less exclusively related to the
specific relevant event). Figure 2(f) illustrates polarization
around the topic of the 2020 election, where a large increase
in tweet volume occurred around 1 Nov 2020. Twitter users
were highly polarized throughout the year (the LO estimators
are significantly higher than 0.5 for all weeks) for the election
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FIGURE 2: Week-based changes for polarizations and popularities of six topics. Titles for each subplot give the five most representative
tweet sets of each topic.
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topic. Only the original tweet set without retweets for this topic
shows a significant increase (3, = 4.615e — 04, p < 0.001), but
the overwhelming majority of messages were retweets (as
shown in bar charts of Figure 2(f)). This phenomenon is
consistent with the hypothesis that public attitudes will not
become more polarized if those events relate to long-
discussed affairs about racism and elections. An unexpected
finding is the sharp and temporary increase in polarization
level after the death of George Floyd (see Figure 2(d)).
Overall, the analysis of tweets over 50 weeks for the three
topics related to COVID-19 reveals significant polarization.
Even though Twitter users’ discourse concerning COVID-19
was not as polarized as their discussion about topics related
to the election and racism, the public’s attitude toward
COVID-19 became increasingly polarized over time. For other
topics, in contrast, there was no systematic long-term increase
in polarization over the same time period. These results under-
line the need to study online discourse about novel topics if the
development of polarization is to be understood.

3. Study 2: Short-Term Polarization

According to models that assume polarization levels will
increase gradually from an initially unpolarized environ-
ment (e.g., [27]), increasing polarization should be more
likely during the early stage of discussion when people’s
opinions are still unstable. In other words, if our hypothesis
that the trends in discussions about novel topics like
COVID-19 will be different from trends for preexisting
topics is correct, we will find growing polarization during
the early stages of discussion when people are still unfamiliar
with COVID-19, and this tendency will not exist for discus-
sion about BLM activity and the 2020 election. Study 1 finds
that polarization for topics related to COVID-19 increased
over the year. However, this growth may appear some time
after COVID-19 first comes into public view. The bar charts
in Figure 2 show that the volume of tweets is unevenly
distributed for each topic. Most tweets were sent during
particular periods. For topics about COVID-19, extensive
discussions start from March. In addition, the large numbers
of tweets sent within a short time period enable us to com-
pute a more precise measurement—of daily polarization
intensity, rather than the weekly intensity examined in Study
1. Therefore, Study 2 supplements Study 1 in two ways. First,
it examines polarization during and shortly after the period
when each topic attracted substantial public attention, and
second, it tracks changes in daily polarization intensity.

3.1. Data. To examine changes in the Twitter environment
over a shorter period during and after trigger incidents, we
selected tweets sent within 100 days (78 days for the election
topic, because our dataset ends on 17 Jan 2021) after the crit-
ical event for each topic from the whole tweet sets. We ran a
linear regression (y = B, + f3,x) for day-based leave-out esti-
mators. Independent variables were the number of days after
29 Feb 2020 (the first COVID-19 death case in the U.S.) for
three COVID-19 topics, after 25 May 2020 for two racism-
related topics, and after 1 Nov 2020 for the election topic.
The proportions of retweets for political and event-sensitive

topics were high, as shown in the bar charts of Figure 2. We
used the whole tweet (i.e., including retweets) set rather than
the original tweet set because the latter was too small to pro-
duce reliable results for day-based regressions.

3.2. Results. Changes in polarization (the leave-out estima-
tor) for each day, and regression results, are shown in
Figure 3 and Table S4. The line in each panel in Figure 3
gives the change of polarization intensities (LO estimator
values) over 100 days and also shows the day-based linear
regression models for each topic; the bar chart gives the
number of tweets users sent each day. The test|covid|
virus|death|case topic in Figure 3(a) again shows significant
linear growth (3, = 3.422e — 04, p < 0.001) in polarization as
measured by the day-based leave-out estimator. Another
topic related to COVID-19 in Figure 3(c), with the five
most representative tokens, vaccine|doctor|hospital|patient]|
medical which emphasizes medical systems during the
pandemic, also shows significant linear growth (8, = 3.171e
- 04, p<0.001) in polarization. The life|feellwearmask]|
peoplelmental topic in Figure 3(b), however, shows no
significant growth (3, = 8.017e - 05, p = 0.064).

The police|coplarrest|shoot|riot topic in Figure 3(d)
shows a trend in polarization similar to the one seen in the
week-based regression. Attitudes became increasingly polar-
ized until reaching a peak around the end of June. To iden-
tify whether polarization increases after the critical event
and reduces afterwards, we ran a quadratic regression
(=B, + Byx + f,x*) on polarization in the discussion of
this topic, which gives a significant and positive 3, estimator
(B, =1.707e - 05, p <0.001), as represented by the dashed
line in Figure 3(d). Estimators for the election topic and
the racism topic (Figures 3(e) and 3(f)) again showed no sig-
nificant change in polarization after critical events.

In summary, two topics about COVID-19 showed a sig-
nificant upward trend in day-based estimated polarization
levels during the 100 days after 29 Feb 2020. The test|covid|-
virus|death|case topic shows significant linear growth in
both long-term (Study 1) and short-term (Study 2) datasets.
In contrast, the discussions about racism and election showed
no significant change in their polarization level after impor-
tant events. These results provide further evidence that politi-
cal polarization for a novel topic increases over time.

4. Study 3: Polarization of Network Structure

In Study 3, we study the change in polarization by studying
the structure of partisan retweet networks over time.

Our first two studies found that American Twitter users’
discussion about COVID-19 becomes polarized over time as
reflected in language usage. To check the robustness of our
conclusion, Study 3 examines the development of polariza-
tion in the discussion of a novel topic (i.e., COVID-19) using
a very different methodology—analysis of the structure of
the social network of Twitter users.

One widely used measurement of political polarization is
the frequency of cross-partisan interaction (e.g., [48-50]),
that is, how often individuals choose to communicate with
others from the opposite group. The higher the proportion
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of cross-group interactions, the lower the polarization. We
used the retweet network to represent these interactions.
Nodes in our network represent Twitter users, and each edge
(i.e., the connection between any two nodes) indicates at
least one retweet relationship between a pair of users. A
retweet relationship reflects the retweeter’s willingness to
spread the retweetee’s message and often (although not
always) indicates agreement with the message. A “cluster”
in a social network indicates a group of nodes with internally
dense connections and externally sparse connections. If the
discussion environment is polarized, Democratic and
Republican users will form two segregated clusters, and there
will be many within-cluster edges relative to the number of
between-cluster edges.

4.1. Data. We downloaded the dataset collected by Qazi et al.
[51], which includes approximately 100 M English language
tweets about COVID-19 from 1 Feb 2020 to 30 Apr 2020
(the period during which COVID-19 was one of the most
discussed topics on Twitter). The tweets were collected by
using a set of keywords (e.g., “coronavirus”) and hashtags
(e.g., “#coronavirus”). Full information for this dataset can
be found at https://crisisnlp.qcri.org/covid19.

4.2. Methodology

4.2.1. Selection of Nodes and Tweets. In order to enable
examination of time trends in network structure, we first
divided the tweet set over three months into eighteen sub-
sets, each covering a 5-day interval. We then identified and
visualized the largest component of the retweet network for
each subset. To clarify the visualization, we first removed
self-loops (users who retweet themselves) and pure followers
(users who only retweet others but are never retweeted). We
then selected popular influencers (the 30% of accounts that
received the highest number of retweets) to be nodes in the
visualization. To estimate the political leaning of each of these
nodes, we used the same lists of seed accounts as in Studies 1
and 2 (Table S1) and constructed separate sets of Democrat
supporters (66,758,942 accounts who follow more Democrat
accounts in Table S1) and Republican supporters (34,386,997
accounts). Nearly 50% of tweets were sent by accounts in
one of our two supporter sets. Next, we estimated each
influencer (node)’s partisanship as follows:

S G)

Lt T A7R D’
N + Ny

where A;, measures node i’s partisanship at time interval
t. Ni,(P€[R,D]) is the number of times node i was retweeted
by Republicans or Democrats. Because the Democratic
supporter set is larger than the Republican supporter set and
Democratic supporters tend to be more active than
Republican supporters, Nﬂ is larger than th for most
influencer nodes. Therefore, we cannot assume that a node i
with A;, equal to 0.5 (i.e., a node that received the same
number of Democratic and Republican retweets) is neutral.
Rather, this node i is more likely to be a Republican because
the total number of retweets from Democrats is larger than

that from Republicans. We therefore estimated the “neutral”
rate of A;; as follows:

jeDMjt
Neut = TD]E—]TR . (4)
ZjeDnj,t + Zjean,t

Ty and T, are the sizes of Republican and Democrat
supporter sets. 7;, is the number of times user j retweets a

message from any node. The average Neu, over eighteen
intervals is approximately 0.75. Any node i with A;, smaller
(larger) than Neu, is therefore classified as a Republican
(Democrat) influencer.

4.2.2. Polarization Measure. To quantify structural polariza-
tion in the network at each time step, we used the random
walk controversy (RWC) measure defined by Garimella
et al. [49]. The intuition behind this algorithm is that a ran-
dom walk from one node to another is more likely to end up
in the same cluster to the extent that the network is structur-
ally polarized.

The algorithm was implemented as follows: First, nodes
with the highest 25% (for Democrats) and lowest 25% (for
Republicans) A;, values were defined as “extreme” accounts.
We selected the 0.5% x N nodes with the highest degree
(number of connected edges) from each extreme set, where
N is the number of nodes in the network. Second, we initial-
ized a random walk from a randomly selected node. Imagine
that there is a walker who can move along edges from a node
to one of the node’s neighbors but will stop when it reaches a
high-degree node from either extreme set. We defined the
conditional probability P, as the probability that a walker
starts from a node in partisan set A and stops after reaching
a high-degree node in extreme set B:

P,p = Prob|start from partisan set A|end in extreme set B],
(5)

where A, B € [D, R], and each node with A;, higher (lower)
than the neutral rate Neu, was classified as a member of par-
tisan set D for Democrats (partisan set R for Republicans).
Finally, we calculated the “controversy” of the network as
follows:

RWC = Ppp Py = PrpPpr- (6)

A high RWC level, therefore, indicates that the two par-
tisan sets are isolated from each other because the random
walk is more likely to start from and stop in the same cluster
than to enter the opposite cluster. We calculated the average
RWC level of 100 rounds of random walks for each five-day
interval. For each round, we randomly selected 1000 nodes
from each partisan set to initialize the random walk.

4.3. Results. Figure 4 shows the network structures among
American influencers (who account for nearly 37.3% of all
influencers) for four out of eighteen time intervals (end of
February, middle of March, end of March, and middle of
April; Figure S6 in the supplemental material gives graphs
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FIGURE 4: Structure of retweet networks. The title for each subplot gives the time interval.

for all intervals). The colors of the nodes in Figure 4
represent the estimated strength of partisanship of each
influencer, i.e., Ay values, from 0 (dark red; Republicans)
to Neu, (white) to 1 (dark blue; Democrats). Thus, dark
color nodes exhibit clear partisanship as their A;;s are
close to 1 or 0, and light color nodes are relatively neutral
as their A; ;s are close to Neu,. The sizes of nodes represent
the number of times they were retweeted during the
corresponding time interval. Networks were visualized on
Gephi with the ForceAlter2 layout algorithm [52].

Figure 4 shows that Democrats provided the majority of
COVID-19 discussion on Twitter (i.e., the blue cluster is
larger). Republican supporters were less active on this topic
before the end of March, as shown in Figure 4(b) where
the red cluster is sparse compared with the blue one. More
Republicans joined the discussion from April, and
Figures 4(c) and 4(d) show more significant red clusters
and segregation. In addition, there are many large nodes in
the blue clusters for each graph, representing influential
Democratic political accounts (such as @JoeBiden and
@BarackObama) that received many retweets. However,
large nodes in the red cluster can be clearly observed only
in Figure 4(d), representing Republican political accounts
(such as @WhiteHouse45 and @GOPleader).

Figure 5 shows the changes of the estimated level of
structural polarization from 21 Feb 2020 to 30 Apr 2020.
(The number of American accounts before 21 Feb 2020 is
too small to be used. There are fewer than 1000 nodes in
either or both partisan sets.) The first panel of Figure 5
shows the strength of polarization estimated by RWC values,
which shows sharp growth at the end of February, then
decreases before the middle of March, and finally increases
steadily afterwards.

To test the robustness of the results obtained using the
RWC estimate of polarization, we used another network
modularity measurement algorithm introduced by Blondel
et al. [53]. This algorithm classifies nodes into multiple
clusters based on the network topology and estimates the
level of segregation between clusters with a scale value
between -1 (low segregation) and 1 (high segregation). If
the network shows significant structural polarization, i.e.,
high segregation between clusters, nodes will be densely
connected within clusters and loosely connected between
clusters. Results are shown in the second panel of
Figure 5, which show a similar trend to the RWC mea-
surement of polarization. We also find that the modularity
algorithm assigns around 15% of nodes into the second
largest cluster (of Republican influencers) in the second
time interval from 26 Feb 2020 to 1 Mar 2020. For the
third to fifth time intervals, i.e., from 2 Mar 2020 to 16
Mar 2020, in contrast, only around 5% of nodes become
assigned to the second largest cluster (ie., Republicans;
over 70% nodes were assigned to the largest, Democratic,
cluster), while this proportion increased to over 20% after
the sixth interval. This explains why the intensity of struc-
tural polarization measured by RWC value in Figure 5
reduces sharply from the second to the fifth interval:
Republican users sent many fewer tweets about COVID-
19 than their Democratic peers did during this time
period. Therefore, a random walk starting from a Republi-
can node has a higher chance of ending in the Democratic clus-
ter. The levels of structural polarization in time period 3-5 are
therefore low because there were no significant Republican clus-
ters. Other researchers have also found that Republican Twitter
users were less concerned about COVID-19 than Democratic
users during the early stage of the pandemic [54, 55].
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Because we only chose influencers (accounts that were
retweeted many times) as nodes, the network structure and
RWC level only represent the interaction between influential
accounts such as those owned by famous politicians, media,
and commentators. We therefore also used linear regres-
sions to test whether the broader public also became polar-
ized in choosing retweet targets. The independent variable
was each influencer’s extremeness (distance from neutrality),
and the dependent variable was the number of retweets the
influencer received (#retweets=f3, + 3, extremeness). The
extremeness of an influencer i in period ¢t was measured by
the following function:

A;; —Neu, A

> Neu,
1 — Neuy, ot v

(7)

Extremeness; , =
Neu, —A;, .
——— if Neu, 2 4;,.
Neu,

Thus, the extremeness level represents the gap between
estimated partisanship for a Democratic or Republican (with
A;; >Neu, or Neu, > A;,) influencer and the neutral parti-
sanship rate in the corresponding time period. The change
of estimated f3, is shown in Figure 6. The magnitude of the

estimated coefficient shows an overall upward trend and is
significantly larger than 0 after the fourth interval (21 Feb
2020-25 Feb 2020). Accounts with clear partisanship
received more retweets than neutral accounts from the end
of February. If Twitter users were apolitical in their discus-
sions about COVID-19, neutral accounts would receive
more retweets than their partisan peers because neutral
accounts receive retweets from both rather than single
parties. However, our analysis shows that the opposite pat-
tern is seen in practice.

To sum up, in Study 3, we find Twitter users became
polarized as measured by their choices of information sources
to retweet from, and the magnitude of this polarization
increased from Feb 2020 to Apr 2020. Influential Twitter
accounts were more likely to retweet from, and be retweeted
by, others with the same partisanship. Twitter users in the gen-
eral public became more and more likely to retweet informa-
tion from partisan rather than neutral accounts.

5. Conclusion

The primary aim of the present study was to examine the
time course of polarization on social media for a novel topic
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(COVID-19) and to compare it to polarization for existing,
and already politicized, topics. Our results show that the
average levels of polarization in Twitter users’ discussions
about BLM activity and the 2020 election are higher than
for discussion of COVID-19. On the other hand, we also
find long-term growth in polarization intensity reflected in
the different language usage for the discussion about
COVID-19, while such growth is insignificant for the other
two non-COVID-19 topics. In addition, we also find Twitter
users from opposite partisanships become increasingly isolated
over time in their retweet network for the COVID-19 topic.

Public opinion toward COVID-19 is a focus of recent
political research, and much evidence has shown that peo-
ple’s attitudes toward some topics have become polarized
over ideological lines, especially in the U.S. (e.g., [56]). Our
research shows that such attitude polarization is not preex-
isting at the time of a specific event and does not emerge
suddenly but instead grows steadily over time. Our results
also raise a question for future research about polarization
and echo chamber effects in the online environment. This
question concerns how claims about polarization relate to
preexisting belief systems about the relevant topic. For
example, many researchers have used messages posted
online by voters during elections to demonstrate the exis-
tence of attitude polarization. However, our study shows
that when their attitudes are compared with those before
the 2020 U.S. election, Twitter users did not become more
polarized during and after the election. Appendix A in the
supplementary material shows the dynamic change of
leave-out estimators of polarization for other political topics
in Study 1, such as national security, economy, and abortion.
Besides topics related to COVID-19, only one topic with five
representative  tokens, biden|debate|joebiden|joe|bernie,
shows significant (p < 0.01) growth in estimated polarization
intensity (see Table S5 in the supplementary material;
Table S6 also gives the estimates for the nonpolitical
topics). This outcome shows that even though Twitter
users are polarized for many political topics, the strength
of polarization is relatively stable. Therefore, future
research may need to shift the focus away from those long-
discussed political topics to novel debates which are
initially unrelated to ideology, because the latter are more
likely to cause the aggregation of partisan conflict.

As noted in Introduction, many models about opinion
dynamics offer accounts of how polarization may emerge
in initially unpolarized environments. However, as we also
noted, it has been difficult to evaluate the general idea that
polarization will increase over time, because most existing
studies of polarization on social media have examined dis-
cussions about long-standing, and often politicized, topics
which may already be polarized at the time of investigations.
By taking advantage of the emergence of a novel topic
(COVID-19) and by examining time trends over a long
period, we have been able to provide empirical test of the
assumption that polarization of a novel topic may increase
over time. Of course, our data do not show that any novel
topic will become polarized during discussion on social
media, and future research will be needed to investigate the
boundary conditions of this phenomenon.

Human Behavior and Emerging Technologies

Our study is subject to both strengths and limitations.
A relatively underutilized advantage of online datasets is
continuity. In the dataset we used for Study 1, the average
number of tweets posted or retweeted by each user over
the year is 24 (median 8) for discussions related to
COVID-19, which is insufficient to track the opinion
change for an individual based on messages he/she posted
at different time points. Our research illustrates polariza-
tion trends in the online environment by using between-
group comparison to analyze the differences in behaviors
(language usage and retweeting) between the two parties,
but it fails to track opinion dynamics at the individual
level. In other words, a limitation of our work is it cannot
say whether the environment becomes polarized because
people become more opposed as individuals or because
more extreme people join in the discussion. Different
methodologies are required for analyzing information car-
ried by individual rather than group corpora.

In summary, our research emphasizes the importance of
analyzing the dynamic trend of polarization on social media,
which is a research field of practical and theoretical impor-
tance. We hope future work can extend this tracking of
dynamic opinions for different topics (especially novel topics
such as COVID-19), social media platforms, and cultural
backgrounds.
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