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Abstract

This paper studies how the government-

opposition political polarization changed af-

ter nine developed countries decided to imple-

ment lockdowns during the onset of the covid-

19 pandemic. Using Twitter data from party,

party political leaders, and government official

accounts, we estimate the political polariza-

tion evolution during 2020 and provide valida-

tion evidence by observing recent presidential

elections in the US and Poland and studying

the effect of the protests after George Floyd’s

murder. We also show that the high level of

political polarization is not driven by different

communication styles between government of-

ficials and party political leaders. Implement-

ing a stacked event study, we show that politi-

cians’ tweet is 2.5 percentage points less likely

to identify group belonging two weeks after

a lockdown is implemented. This result van-

ishes four weeks after the lockdown. Impor-

tantly, results are similar when focusing on

Covid-19-related tweets.

1 Introduction

The covid-19 posed unprecedented challenges

to political leaders across the world. Most

public health experts agree on the importance

of restrictive measures such as lockdowns to

slow the spread of the virus, ease the burden

on the healthcare system and save lives. The

political environment plays a key role in the

decision-making process affecting its efficiency

and efficacy. Political polarization can delay

fiscal stabilization, increase uncompromising

obstructionism, political gridlock, the politi-

cization of regulators institutions and policy

uncertainty with implications for government

functioning and macroeconomic performance

(Baker et al., 2014; Davis, 2019; Mian et al.,

2014; Pastor and Veronesi, 2012). Also, there

is literature providing evidence on how the fi-

nancial crisis and elections can increase polit-

ical polarization (Baker et al., 2020; Mian et

al., 2014). Eventually, the political polariza-

tion can also be affected by the pandemic cri-

sis or by the implementation of life-disturbing

policies such as a domestic lockdown. There-

fore, two questions arise in the interaction

between political polarization and the policy

decision process during the pandemic. First,

how the political polarization affects the gov-

ernment’s decision-making process, and sec-
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ond, how stringent policies affect political po-

larization.

This paper aims to answer the second ques-

tion by evaluating how lockdown decision af-

fects political polarization at the onset of the

pandemic and by constructing and validating

a political polarization indicator using Twit-

ter political accounts. Using tweets of politi-

cal parties, party leaders and government of-

ficials from 12 developed countries collected

by data scientists of the Governance and Reg-

ulation Chair, Paris Dauphine—PSL (hence-

forth the Chair), we estimate political polar-

ization weekly following a leave-out estimate

(Gentzkow et al., 2019). In contrast to po-

litical polarization using Twitter users, Twit-

ter political accounts have the advantage of

better representing the political debate at the

country level. Twitter users are not repre-

sentative of the population because they can

choose to be on the platform or not. In the

case of political actors, it is not compulsory,

but they cannot waste the opportunity to use

the platform to communicate their ideas and

their work.1

Political polarization estimates using Twit-

ter political accounts are higher than using

congress speeches in the US (ibid.). This is

also true when comparing political polariza-

tion using the Twitter community for specific

events (Demszky et al., 2019). We show that

this finding is not driven by a different com-

munication style between public officials and

political party leaders. We then validate the

indicator by focusing on the US and Poland

presidential elections in 2020. Then we vali-

date the leave-out estimates by showing that

the protests after George Floyd’s murder had

a positive effect on the polarization estimate.

1In the collected data 82% of party leaders have
active Twitter accounts during the period.

Finally, using a stacked event study, we found

that the lockdown reduced political polariza-

tion, but this effect vanished after five weeks.

The next section describes the data used for

the analysis, section 4 describes the empirical

analysis and results, and section 5 concludes.

2 Data

2.1 Political Twitter accounts

The polarization analysis focuses on western

developed countries. We selected 12 coun-

tries: Poland, the United States, Germany,

France, Sweden, Spain, the United Kingdom,

Italy, Canada, Netherlands, Australia, and

New Zealand. We use the dataset named Parl-

gov (Döring and Manow, 2022) to extract all

political parties in the last lower house elec-

tions with more than 1% of vote share. Then

we selected the political leaders of each party2

and the ministries of the government. One

caveat of Parlgov is that it does not include

the US. Therefore, in this case, we selected

all accounts by hand following the next cri-

teria for Republicans and Democrats: chair-

person of the party, the speaker, the ma-

jority leader and the minority leader of the

house of representatives, and presidential can-

didates (2020 elections). Data scientists from

the Chair scrapped tweets from 1st Decem-

ber 2019 to 28th January 2021. Importantly,

because most tweets were written in local lan-

guages, they were translated to English with

Google Translation API.

After scrapping the tweets from these ac-

counts, we end up with a total of 389,297

tweets. The dataset contains 357 Twitter ac-

counts: 100 official accounts of parties, 82 ac-

counts of party leaders and 175 accounts of

2Canen et al., 2021 show the importance of party
leaders to drive political polarization.
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ministers and ministries. In this study, politi-

cal polarization is estimated using two groups:

government and opposition. The government

group is not only the members of the govern-

ment but also the parties of the government

coalition. The opposition comprises all the

parties that do not belong to the government

coalition. In total, we have 234 Twitter gov-

ernment accounts and 123 Twitter opposition

accounts. Table 1 shows the distribution of

tweets by country and governmentopposition

groups. In most countries, the proportion is

equivalent, though there are some exceptions,

like Germany and Italy. Also, not all coun-

tries have the same quantity of tweets leading

to a different level of reliability of the leave-

out estimate.

2.2 Public measurements and

COVID-19 dynamic

We took the public measurements from

Response2covid19 dataset (Porcher, 2020).

This data collects information from several

datasets and report daily public measures in

response to covid-19 in more than 200 coun-

tries identifying public health policies (domes-

tic lockdown, school closure, curfew, post-

poned elections, among others) and economic

interventions (tax credits, tax delays, wage

support among others).

The covid-19 dynamic across countries is col-

lected from COVID-19 Data Repository by

the Center for Systems Science and Engi-

neering (CSSE) at Johns Hopkins University

(Dong et al., 2020). This data contains daily

information on infection and deaths at the

country level.

3 Quantifying political polar-

ization

3.1 Methods

The estimation of the political polarization

dynamics within countries follows the method

from Gentzkow et al., 2019. The advantage of

this indicator is its relative simplicity to im-

plement, the possibility to estimate standard

errors and implement placebo tests, and that

belongs to the supervised estimators, which

in the case of political polarization seems to

work better (Goet, 2019). To estimate this

index with Twitter data, we clean tweets and

then proceed with estimation.

3.1.1 Data cleaning

We proceed by creating a vocabulary for each

period. We select unigrams and bigrams and

remove links, emails, digits, hashtags, punctu-

ation and stopwords. Then implement stem-

ming via SnowballStemmer. Also, we keep

words occurring more than ten times in a

period/country and more than 200 times in

the data (pooling countries and periods). We

group tweets by account and day and define

the period of analysis in one week.

3.1.2 Leave-out political polarization

estimation

The polarization index proposed in Gentzkow

et al., 2019 measure the expected posterior

probability that a speech is from the true

party after a single token drawn at random

from the tweets produced by the tweeters.

The estimation is as follows:

ΠLO =
1

2

(
1

|D|
∑
i∈D

q̂iρ̂−i +
1

|R|
∑
i∈R

q̂i(1− ρ̂−i)

)
(1)
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where q̂i = ci/mi is the vector of empirical

token frequencies for tweeter i, with ci being

the vector of token counts for tweeter i and

mi the sum of token counts for tweeter i; and

ρ̂i = (q̂
D\i
i ⊘(q̂

D\i
i + q̂

R\i
i )) is a vector of empir-

ical posterior probabilities, excluding speaker

i and any token that is not used by at least

two speakers. ⊘ is a element-wise division and

q̂G =
∑

i∈G ci/
∑

i∈Gmi. Note that the leave-

out estimator (ρ) helps to address the finite

sample bias due to the mechanical correlation

of the sampling errors of q and ρ.

3.2 Leave-out estimates

We estimate the political polarization index in

9 countries weekly. We discarded Australia,

New Zealand and Italy because there were

too few observations in some periods. Figure

1 shows the dynamics of the index in weeks

from December 2019. The black line shows

the polarization index using government op-

position. The blue line shows a placebo to

quantify the noise by assigning groups ran-

domly. The red dotted line is fixed in 0.5.

The value resulting from the placebo random

group assignment (green lines) are all close

to 0.5, suggesting that the actual values are

not a result of noise. Results show that coun-

tries display different levels of polarization; for

example, Poland and the United States show

higher levels (mean approx 0.6 over the period

observed). This could be a cultural difference

or the fact that these countries face higher lev-

els of polarization in this period of analysis. In

the case of the United States, recent studies

have shown that the level of polarization has

been higher in recent years (Gentzkow et al.,

2019). Importantly, the levels of the polar-

ization index using Twitter political data are

higher than analyzing US congress speeches

or Twitter community analyzing mass shoot-

ing eventsDemszky et al., 2019. In our case,

the average is ∼ 0.57, while in the case of

Gentzkow et al., 2019, recent political polar-

ization is ∼ 0.53. It is not clear why the index

is significantly higher in the Twitter political

context. One reason could be that the tweet

limit of characters - up to 280 - pushes politi-

cians to choose more appealing words for their

political sector, resulting in a text containing

words that are more ”purely” in their political

stands. Another reason could be that the dif-

ference is because we am comparing govern-

ment with opposition and, therefore, mostly

ministers with parties and party leaders. To

address this alternative, we evaluate if the re-

sults are similar when using left-right using

only party and party leaders3. The grey line

of Figure 1 shows this exercise, and graphs de-

pict a similar level for both indicators of politi-

cal polarization with the exception of Poland.

The case of Germany can be explained be-

cause of the great imbalance of the number of

accounts in government-opposition shown in

table 1, which makes it a less stable indicator

when grouping differently. Overall, these re-

sults suggest that the higher level of political

polarization in government opposition is not

explained because public officials use a differ-

ent communication style.

3.3 Major political events in US

and Poland

We validate the political polarization indi-

cator in this setting by mapping the major

political events happening from the end of

2019 to the beginning of 2021. We focus on

Poland and the US because both had elec-

tion processes during the period observed,

3The left-right classification is done with the Parl-
gov dataset that assigns a time-invariant unweighted
mean value of information from party expert surveys
on a 0 to 10 scale in four subcategories.
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and therefore identification of major politi-

cal events is straightforward. We selected

different events that are supposed to convey

higher political polarization. In the case of

the US, relevant election-related events in-

clude the impeachment of the president and

the murder of George Floyd. Election-related

events consider the episodes occurring from

the presidential nominating convention (17th

of August) to the Capitol attack (6th of Jan-

uary). We also added Christmas, Thanksgiv-

ing and the 4th of July as events that should

engage sentiments of national unity. Simi-

larly, in Poland, we selected relevant election-

related events and the Polish Constitutional

Tribunal’s decision to make abortion uncon-

stitutional. Election-related events consider

episodes occurring from the parliament an-

nouncement of the presidential elections (5th

of February) to the challenge of the results

from the opposition (16th of July). We also

added Christmas and Independence Day as

events that should engage unity and decrease

polarization. Figure 5 shows the polarization

dynamics in the US. From December 2019 to

February 2020, the political polarization is

high (≈ 0.6), probably due to the impeach-

ment in the House of Representatives and

in the Senate, with the exception of Christ-

mas and the week after the impeachment in

the Senate. Then polarization stayed low

until the week after the murder of George

Floyd, probably as a consequence of the mas-

sive protests all over the country organized

by ”Black Lives Matter.” The indicator spikes

again with the presidential nominating con-

vention and stays at high levels until the elec-

tions. Then, polarization goes up and down,

probably due to high polarization in protest

of electoral fraud and the Capitol attack and

low polarization in Thanksgiving and Christ-

mas. Figure 3 shows the polarization dy-

namic in Poland. Political polarization re-

mains at a high level (≈ 0.6) -except for

Christmas- and decays slowly until April. Po-

larization started to increase because the gov-

ernment persevered in maintaining the presi-

dential elections, even though NGOs and the

opposition were in favor of postponing the

elections. The government proposed postal

voting but ended up failing and postponed

the election at the peak of political polar-

ization. Then in June, political polarization

decreased until the former president was re-

elected at the beginning of July, and the op-

position challenged the election. After this,

we see ups and downs in polarization until

the WSA court (administrative court) deter-

mines that the postal voting bill violated the

law, and the opposition demands the prime

minister’s resignation. In October, we ob-

served another peak related to the decision

to make abortion unconstitutional. Finally,

we observe a decay in the polarization for the

rest of the year, with clear plunges during in-

dependence day and Christmas week.

3.4 Protests

The previous analysis is illustrative of what

the indicator is capturing, but to have a

systematic approximation, we observe the

protests occurring in the developed countries

after the murder of George Floyd and test if

they match with higher levels of leave-out po-

litical polarization estimates. We choose the

murder of George Floyd because it is unex-

pected to politicians, and the event is un-

related to the levels of political polarization

of each country. To observe the protests, we

use Carnegie’s global protest tracker (Tracker,

2020) and select the countries in the sam-

ple. In the period, four protests occurred in
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the nine developed countries (USA, France,

United Kingdom and Germany). Figure

4 shows the coefficients of a stacked event

study4 showing that the impact of the protests

on political polarization is positive but starts

the week after the protests and remains high

for four weeks. The increase in the week af-

ter the protest is 2.5 percentage points (here-

after pp.), i.e.; it is 2.5pp (statistically signif-

icant at 10% level, wild bootstrap Cameron

et al., 2008) more likely to identify a politi-

cian speech based on their group belonging

(majority-opposition). On average, the in-

crease four weeks after the protests is 1pp

(statistically significant at 10% level, wild

bootstrap ibid.).

4 Empirical approach and re-

sults

4.1 Empirical approach

We evaluate the impact of lockdown on po-

litical polarization using the first lockdown in

the first semester of 2020. We focus on this

policy because it is a high-stakes policy and

on this period because there was no prece-

dence of lockdown due to the pandemic, thus,

more uncertainty. Most countries in the sam-

ple implemented a lockdown in March 2020,

but some did not (Canada, Netherlands and

Sweden). Using this variation, we evaluate

if implementing a lockdown decreases polar-

ization. De Chaisemartin and d’Haultfoeuille,

2020 show that two-way fixed effects estimates

are biased under heterogeneity treatment ef-

fect in a staggered design because it suffers

from negative weights. To address this prob-

4I described the methodology in Section 3.1. Also,
it is stacked because the protest in France and Ger-
many were one week after the protest in USA and
United Kingdom.

lem, we implement a stacked event study ap-

proach (Cengiz et al., 2019; Deshpande and

Li, 2019). This approach consists of imple-

menting separate experiments using ”clean”

controls, always untreated units, and units

that implemented lockdown in the same pe-

riod. Then, the experiments are stacked using

the following specification:

yitd = αid+ θtd+ βτidt + γXitd + ϵitd (2)

where yitd is the leave-out estimate in country

i in time to the event t in experiment d, αid is

a country i experiment d fixed-effect and θtd

is time to event t experiment d fixed-effect,

βτidt is a coefficient varying with time to event

t and and treatment τid a variable varying

with country i and experiment d. Finally,

Xitd are covariates varying in time to event

t, country i and experiment d, and ϵitd is

the error term that correlates at country level.

This strategy requires the parallel trend

assumption, i.e., in the absence of treatment,

control, and treated countries would follow a

similar trend. The lockdown implementation

is endogenous, but we can control after

variables that possibly drive the decision,

such as deaths and demographic distribution.

In other words, our strategy assumes that

unobservables driven differential trends are

orthogonal to the treatment.

Finally, to account for precision in the

leave-out estimates, we take the inverse of the

placebo standard deviation and run the re-

gression weighting by these levels. Also, be-

cause there are only nine countries, clustered

standard errors at the country level are ob-

tained after wild bootstrap (Cameron et al.,

2008).
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4.2 Results

Figure 5 depicts the effect of lockdown on

the leave-out political polarization estimated

weekly. Before t − 1 treated and control

countries follow a similar trend in political

polarization, suggesting evidence in favor

of the parallel assumption. We observe a

decrease that reaches the lowest level of 3.5pp

in the third week of implementation (signifi-

cant at 10% level using wild cluster bootstrap

at country level). This suggests that after

the lockdown implementation, politicians

use more similar words, and therefore the

probability of predicting group-belonging

base on speech reduces. Then the effect van-

ishes toward the fifth week of implementation.

4.3 Differences in topic

The leave-out indicator exploits the inter

and intra-group word variation in the tweets.

Therefore, a higher level of polarization could

be related to different rhetoric when dis-

cussing the same or different topics. To ad-

dress this question, we evaluate the same re-

gression by choosing tweets related to the pan-

demic using the Covid19 dictionary in Table 2

in the appendix. Figure 6 shows that results

are very similar, suggesting that discussions

on a different topic did not drive the decrease

in political polarization.

5 Discussion

We studied the political polarization dynamic

of nine developed countries during the onset of

the pandemic. We first validate the leave-out

estimate (Gentzkow et al., 2019) using Twit-

ter political accounts by studying the US and

Poland elections and observing the protest dy-

namic after George Floyd’s murder. Then

we evaluate the effect of lockdown on polit-

ical polarization, finding that there is a nega-

tive effect that vanishes after a month. This

suggests that stringent policies, such as lock-

downs in the context of the pandemic, can

bring short-term moments of low political po-

larization, similar to dates that convey unity,

such as National Day or Christmas. Inter-

estingly, it would be relevant to evaluate if

the nature of the policy drives this effect -

politicians’ lockdown forces them to stand by

their political priorities- or the positive effect

of the policy on reducing infection. In any

case, these results support public health strin-

gent policies adoption when needed by sug-

gesting no detrimental effect in the political

environment.
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Figures

Figure 1: Polarization index dynamic in nine developed countries
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(i) United States

Note: Leave-out estimate for developed countries estimated weekly following the method

described in Section 3.1. The black line depicts the leave-out estimate using

majority-opposition and the blue line its placebo . The grey line depicts the leave-out

estimate using left-right and the green line its placebo.
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Figure 2: United States political polarization dynamic and major political events
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Note: Leave-out estimate for the US estimated in 7-day moving average following the
method described in Section 3.1.
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Figure 3: Poland political polarization dynamic and major political events
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Note: Leave-out estimate for Poland estimated in 7-day moving average following the
method described in Section 3.1.
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Figure 4: Stacked event study for protests after George Floyd murder
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Note: Leave-out estimate estimated weekly following the method described in Section 3.1.
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Figure 5: Stacked event study for lockdown
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Note: Leave-out estimate estimated weekly following the method described in Section 3.1.
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Figure 6: Stacked event study for lockdown considering Covid-19 related topics
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Note: Leave-out estimate estimated weekly following the method described in Section 3.1.
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Tables

Table 1: Descriptive statistics of number of tweets by
country and group

Country Opposition Government All

Australia N 3105 4753 7858

% row 39.5 60.5 100.0

Canada N 9608 23857 33465

% row 28.7 71.3 100.0

France N 16931 21584 38515

% row 44.0 56.0 100.0

Germany N 5397 29604 35001

% row 15.4 84.6 100.0

Italy N 1514 8604 10118

% row 15.0 85.0 100.0

Netherlands N 10105 16331 26436

% row 38.2 61.8 100.0

New Zealand N 2030 4841 6871

% row 29.5 70.5 100.0

Poland N 41902 31441 73343

% row 57.1 42.9 100.0

Spain N 18094 26848 44942

% row 40.3 59.7 100.0

Sweden N 7419 5430 12849

% row 57.7 42.3 100.0

United Kingdom N 45586 24350 69936

% row 65.2 34.8 100.0

USA N 8861 21102 29963

% row 29.6 70.4 100.0

All N 170552 218745 389297

% row 43.8 56.2 100.0

Note: Number of tweets by country between December 2019 and January

2021 for the Twitter accounts selected.

14



References

Baker, Scott R, Aniket Baksy, Nicholas Bloom, Steven J Davis, and Jonathan A Rodden

(2020). Elections, political polarization, and economic uncertainty. Tech. rep. National Bu-

reau of Economic Research.

Baker, Scott R, Nicholas Bloom, Brandice Canes-Wrone, Steven J Davis, and Jonathan Rod-

den (2014). “Why has US policy uncertainty risen since 1960?” In: American Economic

Review 104.5, pp. 56–60.

Cameron, A Colin, Jonah B Gelbach, and Douglas L Miller (2008). “Bootstrap-based im-

provements for inference with clustered errors”. In: The review of economics and statistics

90.3, pp. 414–427.

Canen, Nathan J, Chad Kendall, and Francesco Trebbi (2021). Political Parties as Drivers of

US Polarization: 1927-2018. Tech. rep. National Bureau of Economic Research.

Cengiz, Doruk, Arindrajit Dube, Attila Lindner, and Ben Zipperer (2019). “The effect of min-

imum wages on low-wage jobs”. In: The Quarterly Journal of Economics 134.3, pp. 1405–

1454.

Davis, Steven J (2019). Rising policy uncertainty. Tech. rep. National Bureau of Economic

Research.

De Chaisemartin, Clément and Xavier d’Haultfoeuille (2020). “Two-way fixed effects estima-

tors with heterogeneous treatment effects”. In: American Economic Review 110.9, pp. 2964–

96.

Demszky, Dorottya, Nikhil Garg, Rob Voigt, James Zou, Matthew Gentzkow, Jesse Shapiro,

and Dan Jurafsky (2019). “Analyzing polarization in social media: Method and application

to tweets on 21 mass shootings”. In: arXiv preprint arXiv:1904.01596.

Deshpande, Manasi and Yue Li (2019). “Who is screened out? Application costs and the

targeting of disability programs”. In: American Economic Journal: Economic Policy 11.4,

pp. 213–48.

Dong, Ensheng, Hongru Du, and Lauren Gardner (2020). “An interactive web-based dash-

board to track COVID-19 in real time”. In: The Lancet infectious diseases 20.5, pp. 533–

534.
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A Figures and tables

Table 2: Dictionary of terms Covid19-related

Treatment terms = Vaccination, Test ,Testing ,Hydroxychloroquine, Reanimation, Spread,

Vaccine, Vaccines, Spreading, Asymptomatic, Symptomatic, Masks

Emergency measures = Quarantine, Distancing, Crisis, Emergency,

lockdown, Lock, confinement, Immunity

Medical institutions = Hospitals, Hospital, Laboratory, Laboratories, Home
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