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Abstract
Understanding the needs and fears of citizens, especially during a pandemic such as COVID-19, is essential for any government
or legislative entity. An effective COVID-19 strategy further requires that the public understand and accept the restriction plans
imposed by these entities. In this paper, we explore a causal mediation scenario in which we want to emphasize the use of NLP
methods in combination with methods from economics and social sciences. Based on sentiment analysis of Tweets towards
the current COVID-19 situation in the UK and Sweden, we conduct several causal inference experiments and attempt to
decouple the effect of government restrictions on mobility behavior from the effect that occurs due to public perception of the
COVID-19 strategy in a country. To avoid biased results we control for valid country specific epidemiological and time-varying
confounders. Comprehensive experiments show that not all changes in mobility are caused by countries implemented policies
but also by the support of individuals in the fight against this pandemic. We find that social media texts are an important source
to capture citizens’ concerns and trust in policy makers and are suitable to evaluate the success of government policies.
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1. Introduction
As the COVID-19 pandemic started to spread around
the world in 2020, many countries worldwide were
forced to implement stringent non-pharmaceutical in-
terventions (NPIs) to reduce the transmission of the
virus and to protect their citizens. In the absence of
pharmaceutical treatments and preventative vaccines in
2020, success in containing and slowing the spread of
the virus relies on a good strategic response program.
The evidence shows that social distancing orders, im-
plemented by various countries, appear to be the most
effective strategy to reduce the transmission of the virus
at that time (Haug et al., 2020; Badr et al., 2020). To
standardize these response programs and make them
comparable across countries Hale et al. (2021) pro-
vides a normalized measure called the Stringency In-
dex. However, not only government restrictions con-
tribute to infection reduction but also voluntary and
awareness-driven behavior of individuals has an obvi-
ous impact as the research from Goolsbee and Syverson
(2021; Farboodi et al. (2020) and Yang et al. (2020)
clearly demonstrates.

In this paper, we contribute to an emerging field of
research that emphasizes the role of social preferences
and their importance for policy makers, so far mainly
associated with works from the field of econometrics.
Policy makers still resort to cross sectional telephone
or online surveys at specific times during the pandemic.
However, such surveys can get quite expensive and fail
to capture public reactions towards COVID-19 contain-
ment measures, their trust in policy makers and sources
of information or mental health implications across a
broad population and continuously over time. Social
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Figure 1: Causal diagram that encodes the direct rela-
tionship between government restriction (non pharma-
ceutical interventions, NPIs), measured via Stringency
Index and mobility. In addition we observe the indi-
rect relationship mediated by public opinion, consider-
ing social media text and its sentiment as proxy. These
relations are affected by several country specific, epi-
demiological and temporal confounders.

media posts can act as a suitable proxy, offering the
opportunity to study their impact on policy and deci-
sion makers in close to real-time. Previous work using
social media data in the field of economics and epi-
demiology (Zhuravskaya et al., 2020; Al-Garadi et al.,
2016; Algaba et al., 2020; Sridhar and Getoor, 2019a)
opens a door to a fairly new and promising area of ap-
plications.
Specifically, we examine the causal effects of strin-
gent restrictions and the response and the behavior of
a country’s population on a daily level during the pan-
demic. As a base we use a geotagged Twitter dataset,
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including COVID-19 related keywords and hashtags.
Citizens’ concerns about specific restrictions as well
as their perceptions of the impact of containment mea-
sures can be estimated by analysing the sentiment of
these Tweets. Public sentiment may act as a medi-
ator between the Stringency Index of restrictions and
the mobility behavior as shown in the causal graph in
Figure 1. Crucially, to avoid biased results, we need to
control for confounders that affect the Stringency Index
as well as the mediator and the output. We hypothesize
that social media texts help to estimate the success of
government policies on mobility behavior in different
countries. Causal mediation analysis, relying on the
potential outcome framework of Imai et al. (2010), al-
lows us to combine these data sources in multiple ways
to get valid estimates of the decoupled direct and me-
diated effects. To test the robustness of the effect es-
timates, we conduct two different regression specifica-
tions and an ablation study for the mediator.

2. Related Work

Policy effectiveness In the field of epidemiology and
economics, there is a substantial body of research on
the effectiveness of non-pharmaceutical interventions
(NPIs) on COVID-19. These public health measures
are the most effective interventions when it comes to a
pandemic outbreak as long as there is no effective vac-
cine to protect against it. (Haug et al., 2020; Badr et al.,
2020; Brauner et al., 2021; Zhang et al., 2020; Baier et
al., 2020; Lucchini et al., 2021) discuss and analyse
the success of various implemented NPIs over different
countries and phases of the pandemic. Abouk and Hey-
dari (2021) shows that social distancing and especially
stay at home orders have the strongest causal impact
on the spread of the COVID-19 virus. The individual
support of health measurements is usually analysed via
online or telephone surveys (Sabat et al., 2020; Cowl-
ing et al., 2020). The main drawback of this approach
is that it does not continuously capture the sentiment
of the population. The time lag between the imple-
mentation of NPIs and the survey must also be men-
tioned as an additional disadvantage of this method. In
other work, observational data like the daily number
of Google searches for COVID-19 related terms (Al-
faro et al., 2020) or social media trends (Doogan et
al., 2020; Boon-Itt and Skunkan, 2020; Kruspe et al.,
2020a; Porcher and Renault, 2021; Jin et al., 2021) are
used to study the impact of voluntary risk behavior on
mobility decisions on the country level. Although their
results show statistically significant correlations, they
struggle to identify the disentangled causal effects re-
sulting from implemented NPIs or from individual risk
awareness. Allcott et al. (2020) studies in his work
the partisan differences in Americans’ response to the
COVID-19 pandemic. They show that areas with more
Republicans results in less social distancing compared
to areas with tend to be more Democratic.

Social media sentiment analysis Social media acts
as an important source for knowledge acquisition for
a large number of citizens and thus influences how
they perceive and cope with the COVID-19 pandemic
(Cuello-Garcia et al., 2020; Abd-Alrazaq et al., 2020).
Research on sentiment of Tweets like in Abd-Alrazaq
et al. (2020) and Lwin et al. (2020) show that the
global sentiment concerning COVID-19 related topics
are overwhelmingly negative over the first half of 2020.
They also revealed that over the first five months the
dominantly emotion about this pandemic is anger and
fear. Abd-Alrazaq et al. (2020) uses Latent Dirichlet
Allocation (LDA) to model the sentiment of seman-
tically related topics in tweets. Topic-specific analy-
sis could be a promising direction for future mediation
analysis.

Causality in NLP Work on causality in the field of
NLP can be split into two groups: (i) identify causal re-
lationships within the text (e.g. (Zhao et al., 2017; Kyr-
iakakis et al., 2019; Yu et al., 2019; Chen et al., 2020)),
and (ii) utilizing causal methods for NLP tasks. We
are concerned with the second group of works. Espe-
cially on the topic of emotion and sentiment detection,
there have been recently a number of works. In Srid-
har and Getoor (2019b) the authors also include the
linguistic style and consider unobserved confounders,
which were interpreted, e.g., as ideology. An overview
of approaches on the role of confounders is given in
the recent survey by Keith et al. (2020), where the au-
thors focuses on social media. They report on a num-
ber of works, categorised by the treatment, outcome,
confounder, domain, and the followed causal inference
approach.

3. Background
Causal models The structural causal model, as de-
scribed by Pearl and others (2000), mathematically ex-
presses the causal mechanism of a system. In our work,
we aim to identify factors that play a causal role in
determining the direct effect between exposure T (a
country’s Stringency Index) and the output Y (mo-
bility behavior of the citizens) as well as the medi-
ated effect through M , which represents citizens’ sen-
timent. Causal identification is given by controlling for
the confounding vector Context as shown in Figure 1.
Given this identification, causal effects can be obtained
by statistical estimates. We review the estimation of
(i) the total causal effect (TE), (ii) the natural direct ef-
fect (NDE) and (iii) the natural indirect effect (NIE)
by introducing Pearl’s do notation and the counterfac-
tual mediation framework from Imai et al. (2010). The
latter builds on the specification of two statistical mod-
els, the mediator regression model fM (T,C) and the
outcome regression model fY (T,M,C). The medi-
ation model represents the conditional distribution of
the mediator M given the treatment T and a set of
confounders C. The outcome model defines the con-
ditional distribution of the outcome Y given T , M , C.
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Total effect The TE estimates the mobility behavior
Y when the Stringency Index T changes from T = 0 to
T = 1 while the sentiment, which represents the medi-
ator, is allowed to follow the change in T . We can ask
about the overall causal effect as follows: “What would
be the effect on mobility if we increase or decrease the
Stringency Index of a country?”

TE = E [fY (1, fM (1, C), C)− fY (0, fM (0, C), C)]

= E [Y | do(T = 1)]− E [Y | do(T = 0)]
(1)

Natural direct effect The NDE estimates the mobil-
ity behavior Y as the Stringency Index changes from
T = 0 to T = 1 while setting the sentiment variable
to the value which would have been obtained under the
Stringency Index T = 0. This corresponds to the ques-
tion: “Among the actual sentiment of the population,
would stronger/weaker government restrictions change
mobility?”

NDE = E [fY (1, fM (0, C), C)− fY (0, fM (0, C), C)]

= E [Y1,M0 − Y0,M0 ]
(2)

Natural indirect effect The NIE estimates the mo-
bility behavior Y when the Stringency Index is held
constant at T = 0 while the sentiment changes to the
value which would have been obtained under the Strin-
gency Index T = 1. In our context we can raise the
question: “How would mobility change if the public
sentiment had instead been more positive or more neg-
ative while keeping everything else (i.e. the Stringency
Index) the same?”

NIE = E [fY (0, fM (1, C), C)− fY (0, fM (0, C), C)]

= E [Y0,M1 − Y0,M0 ]
(3)

The regression specifications for fY (T,M,C) and
fM (T,C) are stated in Section 4.5.

ADE & AME In addition, following Imai et al.
(2010), the average direct effect (ADE) and the aver-
age mediated effect (AME), the main effect estimates
in our analyses, can be computed based on NDE and
NIE, respectively. So far we considered the case of a
binary exposure. For our setting, this approach must be
generalized to a continuous treatment value T which
can take values in [0, 1]. The causal effects can be esti-
mated for different treatment levels. To this end, a base-
line treatment level t0 = 0 is chosen and the causal es-
timates, i.e., the mediated effects defined as δ(t0, t), are
obtained for all different treatment levels t with respect
to this baseline. The resulting AME is the summation
of these different effects averaged over the distribution
of the observed treatment levels FT ,

AME =

∫
δ(0, t)dFT (t). (4)

The AME is denoted significant if the effect estimates
δ(0, t) for all different treatment levels are significant

within a 95% confidence interval. This approach also
holds for the TE and the ADE, respectively.

4. Materials & Methods
Since the focus of this work relies on the estimation of
an unbiased effect of implemented country wide poli-
cies on mobility behavior as well as the effect mediated
through public perception, we need to control for po-
tential confounders.
In this section, we describe how we standardize and
aggregate NPIs, public opinion from Tweets and mo-
bility behavior at the country level. We also introduce
key confounders and discuss how they are collected and
processed. Since Twitter is particularly popular in the
United Kingdom (UK), we focus our empirical analysis
on the UK and the countries of the UK. In addition, the
analysis is also carried out with Swedish data. Sweden
is a great exception for a country where less restrictive
interventions are made and Tweets in English are quite
common.

4.1. Treatment: Policy
Policy represents the treatment variable in our causal
analysis model. Recent research has shown that non-
pharmaceutical interventions have a major impact on
mobility behaviors, leading to a reduction in COVID-
19 virus transmission (Haug et al., 2020; Badr et al.,
2020). This results in a direct causal relationship be-
tween interventions and mobility, as shown in Fig-
ure 1. To make policies, implemented by governments,
comparable between countries, the University of Ox-
ford developed the COVID-19 Government Response
Tracker (Hale et al., 2021). In this work, they capture
policies related to closure and containment, health and
economic on countries’ national and subnational juris-
dictions. The tracker combines these indicators and
provides an overall measure of the intensity of gov-
ernment response, called Government Response Strin-
gency Index which takes values in [0, 1]. Figure 2 visu-
alises the UK country specific Stringency Indices. The
United Kingdom adopted a fairly restrictive COVID-19
policy in 2020, with two national lockdowns beginning
in late March and early November.

4.2. Mediator: Public opinion on Twitter
Since we intend to analyze public opinion about the
current COVID-19 situation and the impact on mobility
behavior in the UK, we focus on Tweets discussing re-
cent news about COVID-19 from January 2020 to De-
cember 2020. Public opinion acts as as mediator in our
causal setting. We want to find out (i) whether sen-
timent is a suitable mediator between the Stringency
Index and mobility and (ii) how robust the mediation
effect is by conducting multiple causal experiments.
Therefore, the sentiment mediator and the causal rela-
tionship in Figure 1 must be verified in the analysis.
Abd-Alrazaq et al. (2020) and Gupta et al. (2021)
collected COVID-19 related Tweet IDs and performed
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Figure 2: Daily Stringency Index per country of the UK
during the year 2020. The grey shaded area visualises
the time before the announcement of the first lockdown.

sentiment analysis and LDA topic modeling 1. In addi-
tion, only Tweets from the UK and Sweden on the first
two topics (Table 7 in the Appendix) have been consid-
ered when hydrating the actual Tweet text. In Table 1,
we have a closer look on keywords used in these Twit-
ter messages. In addition, keywords can be grouped
into several themes within the previous mentioned top-
ics. It can be seen that most of the posts are about state-
ments on epidemiological measurements such as cases
and deaths. In addition, Twitter users are concerned
about their current work situation, the introduction of
a strict lockdown, but also discuss COVID-19 testing
and vaccines. To classify the opinion of Tweets, we
use sentiment analysis from Gupta et al. (2021). Ta-
ble 2 lists some examples of these analysed Tweets.
It can be shown that a more positive sentiment repre-
sents a more agreed opinion or acceptance of the im-
plemented restriction orders. But also a more positive
interpretation of the way the different institutions (gov-
ernment, NHS) deal with the current COVID-19 situa-
tion. For further causal analysis, the daily aggregated
sentiment of a country has to be calculated. All neces-
sary processing steps and visualizations can be found
in the Appendix A.1.

4.3. Outcome: Mobility behavior
Mobility is defined as the outcome of the causal model,
which is partly influenced by the policies of the coun-
try and the public’s sentiment as shown in Figure 1.
The Google Mobility Reports (Google Mobility, 2020)
capture movement trends over different categories rel-
ative to a predefined baseline. The baseline is the me-

1https://www.openicpsr.org/openicpsr/
project/120321/version/V11/view

Theme Keywords

NPIs lockdown, pandemic, restriction,
mask, social distancing

Epidem case, death, number, died, spread, to-
day, week, outbreak, infection, year,
time, risk, month

Medical test, hospital, vaccine, patient, care,
icu, positive, negativ, symptom, staff,
disease, testing, mental health, infec-
tion

General uk, work, nhs, nh, government, fam-
ily, situation, job, school, england,
information, help, crisis, support,
life, children, schotland, brexit, boris
johnson

Table 1: Top keywords extracted from relevant Tweets
and split by theme.

dian value of the same day of the week from January
3 to February 6 in 2020. The categories workplaces,
grocery and pharmacy, transit stations and retail and
recreation represent general mobility trends for certain
activities. An increase in the categories residential or
parks is indicative of decreased mobility as they sug-
gest increased activity around the home environment.
Therefore it can be understood as an indicator for the
compliance of stay at home orders. In our analysis we
neglect the category park because no reasonable causal
direct and mediated effect is assumed. For further pro-
cessing steps and visualization, see Appendix A.2

4.4. Key confounding factors

As indicated in Section 4.2, Twitter users tend to tweet
about epidemiological data such as cases and deaths.
Because epidemiological measurements also form the
basis for the decision-making process to introduce
NPIs, this type of data seems to be an relevant con-
founder in our causal setting (Goolsbee and Syverson,
2021; Chernozhukov et al., 2021). This previous work
emphasizes the causal relationship of the confounding
vector, as visualized in Figure 1.

Epidemiological data We gathered reported
COVID-19 cases and deaths from the COVID-19
Data Repository maintained by the Johns Hopkins
University Center for Systems Science and Engineer-
ing (JHU CSSE) (Dong et al., 2020). We focus on
running weekly cases and deaths by summing up daily
measurements (from day t to t − 6). This is done
because daily measurements are strongly affected by
the time of reporting and testing. Since policy makers
adjust restrictions also on growth rates, we additionally
added log weekly case and death growth rates as
confounding factors as in the work of

https://www.openicpsr.org/openicpsr/project/120321/version/V11/view
https://www.openicpsr.org/openicpsr/project/120321/version/V11/view
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Tweet Sentiment

Happy Wednesday people. Keep smiling, keep positive, things WILL
get better. #Covid 19#WearAMask #WednesdayMotivation #positiv-
ity#Lockdown2 #KeepSafe

positive

Northern England: Restrictions reimposed as COVID-19 cases surge neutral

The NHS is a disgrace. Why on earth anybody would wish to applaud them
for placing millions at risk, based on the fakery that is Covid, is beyond
belief.

negative

Table 2: Examples of positive, neutral and negative Tweets

Chernozhukov et al. (2021).

∆ CW i
t = log (CWi

t)− log (CWi
t−7) (5)

Were ∆ CW i
t denotes the log weekly case growth rate

at day t for country i and CWi
t represents the number of

new confirmed cases in the past seven days for a given
day t and country i. The same calculation is applied for
the log weekly death growth rate.

Time varying confounders Of course, there are a
lot of additional unobserved time varying confounding
factors (political and socioeconomic factors, pandemic
fatigue etc.) that need to be taken into account but can
not be measured directly. We hypothesize that these
additional, unobserved confounding factors are con-
stant within a one week interval. Therefore, we stratify
our data by this one week interval and assume a fixed
effect during this period. Moreover, by introducing a
weekly indicator variable, the residual autocorrelation
in the variable of interest tends to be much smaller
for the stratified groups than for the whole data set
(Goolsbee and Syverson, 2021; Bhaskaran et al., 2013;
Dundar et al., 2007).

4.5. Mediation analysis
Following previous work on policy effectiveness esti-
mation like the ones from Lucchini et al. (2021; Haug
et al. (2020; Alfaro et al. (2020) or Allcott et
al. (2020), we conduct two different regression spec-
ifications (i) ordinary least squares (OLS) and (ii)
mixed-effects. According to the process of media-
tion analysis, as introduced in Section 3, two models
are defined. One represents the mediator regression
model fM (T,C) which infers the sentiment. The other
defines the outcome regression model fy

Y (T,M,C)
which derives the change for mobility category y. The
causal effects (TE, ADE, AME) are estimated indepen-
dently for each of the five mobility categories. We ad-
ditionally assume no time lags between treatment, me-
diator, output and confounders. We assume that pop-
ulation’s response on social media is instant to the an-
nouncement of the government as well as to actual epi-
demiological information within one week. Behavioral
adaption of individuals is also assumed to be instant
within a week to COVID-19 related information and

restrictions. All exogenous and endogenous variables
are summarised in Table 3.

Type Variable

Treatment Stringency Index

Mediator Average Sentiment

Output Mobility trend of a certain category

Confounder

Unobserved week fixed effect
Weekly running cases
Weekly running deaths
Log weekly case growth rate
Log weekly death growth rate

Table 3: Exogenous and endogenous regression vari-
ables

Ordinary Least Square analysis We examine the
effects by running a standard OLS regression model for
the mediator and the output. The direct, mediated and
total effects are estimated on (i) aggregated measure-
ments from the UK and (ii) Sweden.

Mt = fM (T,C)

= α0 + α1Tt + α2Ct + ϵt1

Y y
t = fy

Y (T,M,C)

= βy
0 + βy

1Tt + βy
2Mt + βy

3Ct + ϵyt2

(6)

Mt represents the mediator variable and measures the
output of the public’s sentiment at time t. Tt indicates
the stringency of the government’s response. The vec-
tor Ct includes all epidemiological and time varying
confounding factors mentioned in Table 3. Y y

t repre-
sents the output variable and stands for the change in
movement against a baseline for a mobility category y
at time t. ϵt1 and ϵyt2 are error terms associated with the
mediator Mt and output Y y

t , respectively. It is assumed
that ϵt1, ϵ

y
t2

i.i.d.∼ N (0, σ2).

Weighted mixed-effects analysis We additionally
look at UK country level data to study the impact of
the stringency of NPIs on sentiment and mobility. To
analyse the mediation effect, a panel data mixed-effects
model is used.
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Mct = fM (T,C)

= α0 + α1Tct + α2Cct + Countryc + ϵct1

Y y
ct = fY (T,M,C)

= βy
0 + βy

1Tct + βy
2Mct + βy

3Cct + Countryy
c + βy

ct

(7)

Here the mediator variable Mct reflects the sentiment
for day t in country c. The response variable Y y

ct rep-
resents the change in movement in country c at day t
for the mobility category y. Compared to the OLS re-
gression approach, we additionally control for coun-
try random effects by introducing the intercept vari-
able Countryc. More specifically, Countryc controls for
unobserved time-invariant country characteristics (e.g.
population density, political preferences but also Twit-
ter and social media preferences). The confounding
vector Cc,t thus includes not only UK-wide epidemio-
logical data but also country level measures (Yan et al.,
2020). The error terms are again assumed to be ϵc,t, ϵic,t
i.i.d.∼ N (0, σ2). To account for the fact that population
sizes vary greatly between countries, and thus country
measures contribute differently to the overall UK statis-
tics, each daily observation is weighted by the proba-
bility of being measured in a particular country. For
example, England has a larger population than North-
ern Ireland and therefore observations from England
are assigned greater weight.

5. Empirical Analysis
In this section, we describe our experiments. We com-
pare the outputs in terms of the reliability and robust-
ness of the causal effect estimates.

5.1. United Kingdom OLS analysis
For the OLS mediation approach, we examine the
causal direct, indirect and total effect on aggregated
UK level. This experiment utilizes the OLS regres-
sion specifications as stated in Equation 6. The anal-
ysis starts with the report of the first positive COVID-
19 case in the UK. Table 4 reports the obtained results
for the different mobility categories. The effect esti-
mates depict the change of mobility in percent com-
pared to a baseline as stated in the description of the
Google Mobility Reports in Chapter 4.3. As indicated
in Equation 4, the presented causal effects are the av-
eraged estimates across the observed stringency levels.
We find a strong alignment between the stringency of
government restrictions and all mobility categories. As
expected, more stringent NPIs lead to a decrease in mo-
bility categories and an increase in the residential cate-
gory. The same applies for all total effects. One cause
of this behavior is the recommended stay at home order.
When examining the mediated effect, it can be stated
that for all mobility categories, except for workplaces,
a reasonable effect between sentiment and mobility can
be figured out.
When public opinion is more positive about the cur-
rent restrictions and how the COVID-19 pandemic is

handled, people tend to follow these restrictions and
recommendations from the government and NHS, and
therefore reduce their mobility. This is especially true
for the categories retail and recreation and transit sta-
tions. As a result, people are more likely to choose to
stay at home, which is reflected in the increase in mo-
bility of the residential category. An exception yields
for every day needs where a more positive sentiment is
associated with an increase in visits to grocery stores or
pharmacies.

5.2. United Kingdom mixed-effects analysis
In this experiment a multilevel mediation analysis is
performed where the treatment, mediator and out-
come are measured on country level. Covariates and
confounders are extended with country specific epi-
demiological measurements. This experiment utilizes
the mixed-effects regression specifications as stated in
Equation 7. Table 5 presents the average causal effects
for this mixed-effects examination. The absolute val-
ues of the ADE and AME for all mobility categories,
with the exception of grocery and pharmacy, decreased
slightly compared to the OLS approach. Figure 3 visu-
alizes the effects on all mobility categories for a control
level of 0 and a treatment level of 0.8.
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Figure 3: Causal effect estimates on all mobility cat-
egories against a treatment level (stringency index) of
0.8 in the UK. Error bars indicate the 95% confidence
interval. With the exception of workplace mobility, so-
cial media sentiment explains a change in behavior.

Mediator permutation test To understand the con-
tribution of sentiment as a mediator and to test the ro-
bustness of the analysis, an ablation study is applied. In
this experiment, we randomly shuffle a predefined rate
of the mediator and run the mediation analysis on this
permuted dataset. It can be stated as the permutation
rate increases, the mediated effect tends to go towards
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Workplaces Retail and
Recreation

Transit
stations

Grocery and
pharmacy Residential

ADE -46.0*** -47.4*** -44.3*** -24.0*** 15.0***
AME -1.1 -10.0*** -6.0*** 3.2*** 2.3***
TE -47.1*** -57.4*** -50.3*** -20.8*** 17.3***

Mediator regression model
fM (T,C) R̄2 0.71 0.71 0.71 0.71 0.71

Outcome regression model
fY (T,M,C) R̄2 0.95 0.90 0.96 0.83 0.95

Table 4: Estimated average direct, average mediated and total effect using the OLS regression specification for
different mobility categories in the United Kingdom. The effect estimates are the percent change in mobility to a
predefined mobility baseline between January 3 and February 6 in 2020. ***p<0.01

Workplaces Retail and
Recreation

Transit
stations

Grocery and
pharmacy Residential

ADE -37.0*** -26.5*** -30.7*** -26.7*** 10.0***
AME 0.2 -4.7*** -3.0*** 2.5*** 1.0***
TE -36.8*** -31.2*** -33.7*** -24.2*** 11.0***

Mediator regression model
fM (T,C) R̄2 0.74 0.74 0.74 0.74 0.74

Outcome regression model
fY (T,M,C) R̄2 0.96 0.94 0.95 0.92 0.96

Table 5: Estimated average direct, average mediated and total effect using a mixed-effects specification for different
mobility categories in the United Kingdom. The effect estimates are the percent change in mobility to a predefined
mobility baseline between January 3 and February 6 in 2020. ***p<0.01

zero as illustrated in Figure 6 in the Appendix. Still the
effect remains statistically significant for a permutation
rate lower 60% within the 95% confidence interval.

5.3. Sweden OLS analysis
We also conduct an OLS regression analysis for Swe-
den, where the government largely relied on voluntary
risk awareness since the beginning of the pandemic.
Sweden was also the only country where a lockdown
was avoided. Thus the stringency of implemented NPIs
is totally different compared to the UK or to other coun-
tries in Europe. The effect estimates indicate that the
strategy of voluntary decision-making has a direct ef-
fect on mobility behaviour, but no significant mediated
effect via the sentiment of the population. For the in-
terested reader the results are presented in Table 8 in
the Appendix. For a more detailed discussion of these
results, see Section 6.

6. Discussion
Q1: Are Tweets a valid measure of public opin-
ion about the COVID-19 pandemic? In our envi-
ronment, we observe social media text as a proxy for
the public opinion of the population. The experiments
show that sentiment analysis and topic modeling are an
irreplaceable source for the analysis of citizens’ pub-
lic opinion. Moreover, this valuable information can
be integrated into causal analysis in epidemiology, eco-
nomics or social science. The main advantage of this

method over surveys is that a larger number of citizens
can be analysed continuously over time. To overcome
the issue of selection bias and unbalanced age distribu-
tion of Twitter users, it might be advisable to addition-
ally include data sources that reflect the sentiment of a
broader population.

Q2: What influence does the quality of sentiment
have on causal analysis? From the ablation study,
where the mediator is partly perturbed, we see that the
mediated effect remains significant for a permutation
rate lower than 60%. It can be shown that sentiment has
(i) a crucial impact on the effect estimates and (ii) still
provides robust estimates at this level of data aggrega-
tion, even when partially perturbed. This seems to be
very important due to the complexity of sentiment anal-
ysis of social media texts (Kharde et al., 2016). There-
fore, the accuracy of sentiment analysis is not as critical
for social media texts, and causal analysis is still robust
even when sentiment analysis is not as accurate.

Q3: Are the model assumptions valid? Although
we made strong assumptions for the model specifica-
tions, the results are quite promising. The permutation
test and the R2 values, stated in Table 4 and Table 5,
support the choice of the multivariate linear regression
models. In addition, recent literature on COVID-19
policy estimation and verification mainly uses OLS and
mixed-effects models (Haug et al., 2020; Alfaro et al.,
2020; Allcott et al., 2020; Jin et al., 2021; Lucchini et
al., 2021).
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Q4: What influence does public opinion have on be-
havior in the UK compared to Sweden? In the UK,
the public opinion on the COVID-19 pandemic seems
to have a significant influence on the mobility behavior.
The results show that as people become more comfort-
able with the restrictions and the situation of how the
pandemic is being managed, they begin to limit their
mobility for non-essential places and spend more time
at home. In contrast, mobility for essential areas such
as grocery stores and pharmacies increases under these
conditions. Studies as the ones from (Alfaro et al.,
2020), (Porcher and Renault, 2021) and (Goolsbee and
Syverson, 2021) verify the evidence of this effect in the
US. It can be shown that analyses at different data ag-
gregation levels (UK wide vs UK country specific) ex-
hibit the same statistical significance for the causal ef-
fects. Nevertheless, the trade-off between aggregation
level and the availability of Twitter data at this level has
to be considered.
In Sweden, most of the implemented NPIs are recom-
mendations rather than actual restrictions, especially
during the first half of 2020 (Ludvigsson, 2020). The
effect estimates suggest that despite the less stringent
governmental decisions, we obtain a significant mo-
bility reduction for non-essential locations and tran-
sit stations as stated in Table 8 and visualised in Fig-
ure 8. In contrast to the UK, no significant mediated
effect can be observed. It must be stated that, com-
pared to the UK, sentiment does not fluctuate as much
over time. The Stringency Index also remains constant
over time, reaching a value of around 0.6 at the be-
ginning of April. We can state that public opinion has
no clearly visible influence on behavior. Swedish cit-
izens seem to adjust their behavior regardless of their
opinion on the regulations and the current COVID-19
situation. The work of Irwin (2020) and AB (2020)
support our findings. They found that Swedish citizens
have a high level of trust in their policy makers, health
authorities, and government epidemiologists. This is
especially true for the first COVID-19 wave in 2020.

Q5: What could be follow-up analysis? In a fu-
ture work, the linearity assumption can be extended to
a more general modelling approach to verify the esti-
mated effects resolved in this paper. This is accompa-
nied by gathering and examining a more heterogeneous
data set of additional countries. It will also be possible
to examine this mediation study from a time series per-
spective. In this case, it might be interesting to discover
causal effects also of lagged versions of the treatment
and confounders on the mobility categories.

7. Conclusions
In this paper, we explore how social media texts can be
used beyond correlation analysis, and how they can be
understood as indicators for causal mechanisms in our
society. We propose a methodology, based on recent
methods from economics and political science, that
uses a sentiment analysed COVID-19 dataset in com-

bination with heterogeneous data sources to causally
investigate a real-world phenomenon. We try to decou-
ple the effect of government-imposed NPIs from the
impact resulting from public opinion on COVID-19-
related issues. This requires (i) to understand and anal-
yse the epidemiological problem setting (ii) to be famil-
iar with the quality of NLP methods which could highly
affect the reliability and credibility of the study. For the
latter case, an ablation study demonstrates the robust-
ness of the mediator in this causal setting. The empir-
ical analysis reveals that not only the implementation
of NPIs causes changes in mobility but also a posi-
tive public opinion about the implemented protection
measures, leads to a decrease in mobility. Our counter-
factual mediation examination exhibits promising re-
sults for the causal effect estimates and remains robust
under different regression specifications for the output
and mediator model, respectively. Our work clearly
demonstrates that beliefs and emotions about specific
topics shared on social media provide insight into peo-
ples’ behavior and can therefore serve as a valuable
resource for policymakers to better understand social
events such as the COVID-19 pandemic.
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Sabat, I., Neuman-Böhme, S., Varghese, N. E., Barros,
P. P., Brouwer, W., van Exel, J., Schreyögg, J., and
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A. Appendix
A.1. Twitter sentiment processing
The sentiment for day t is defined as:

St =
Pt −Nt

Pt +Nt +Ot
(8)

Pt, Nt and Ot reflect the number of positive, negative
and neutral Tweets at day t. To reduce the noise of
the measurements and remove random fluctuations, a
moving average filter with a window size of 7 is ap-
plied. Figure 4 shows the sentiment during the first and
second COVID-19 wave in the UK. The grey shaded
area represents the time before the first official lock-
down was implemented. It can be shown that the senti-
ment strongly increased by the first announcement and
implementation of more stringent NPIs. (Kruspe et al.,
2020b) also confirms this increase of positive emotions
in the UK at the beginning of the first lockdown. Ta-
ble 6 summarises the number of Tweets per country in
the UK and Sweden. It should be mentioned that the
overall number of Tweets in the UK is slightly higher
than the sum of the individual countries because not all
Tweets could be mapped to a specific country.
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Figure 4: Average sentiment per country of the UK dur-
ing the year 2020. The grey shaded area visualises the
time before the announcement of the first lockdown.

A.2. Mobility processing
The daily mobility measurements are smoothed by tak-
ing a 7 day moving average (from t to t − 6). In this
way, we smooth idiosyncratic daily fluctuations as well
as periodic fluctuations caused by days of the week.

Country Number of Tweets

England 3,185,232
Scotland 434,347
Wales 140,791
Northern Ireland 88,091

United Kingdom 4,747,370

Sweden 50,643

Table 6: Number of Tweets per country in our dataset
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Figure 5: Evolution of the different mobility categories
on UK aggregation level during the year 2020. The
grey shaded area visualises the time before the an-
nouncement of the first lockdown.
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Topic Terms

t1 people, cases, new, deaths, time, china, realdonaldtrump, lockdown, trump

t2 health, help, people, need, think, vaccine, care, fight, support

t3 pandemic, f**k, months, killed, question, wait, looks, trump, impact

t4 pay, donate, lie, focus, song, gates, page, google, caused

t5 florida, drink, named, nature, marketing, pr, ncdcgov, farmers, cr

t6 rules, bed, drtedros, speaks, privacy, parliament, physicians, strength, joke

t7 dies, pmoindia, ndtv, ai, narendramodi, mohfwindia, shoot, drharshvardhan, battle

t8 ye, ke, behaviour, brought, hidden, yup, smell, zerohedge, odds

t9 excuse, humanity, salary, wind, gtgt, rats, ice, beard, mosque

t10 internet, allah, teacher, dance, el, rona, weed, crush, fk

Table 7: Top 10 topic cluster generated from the CrystalFeel Twitter dataset (Gupta et al., 2021)
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A.3. Ablation Study
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(c) Mobility category: grocery and pharmacy (d) Mobility category: residential
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Figure 6: Causal effects and their significance for all mobility categories. The x-axis represents the permutation
rate for the mediator. The effects are denoted statistical significant within the 95% confidence interval.
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A.4. Causal effect estimation Sweden

Workplaces Retail and
Recreation

Transit
stations

Grocery and
pharmacy Residential

ADE 22.7* -32.0*** -27.9*** -0.2 6.4***
AME 8.3 -1.6 -4.8 -3.7 0.3
TE 31.0*** -33.6*** -32.7*** -3.9 6.7***

Mediator regression model
fM (T,C) R̄2 0.89 0.89 0.89 0.89 0.89

Outcome regression model
fY (T,M,C) R̄2 0.73 0.85 0.93 0.71 0.92

Table 8: Mediated, direct and total effect of policies on the different mobility categories in Sweden during the first
half of 2020. The effect estimates are the percent change in mobility to a predefined mobility baseline between
January 3 and February 6 in 2020. *p<0.1; **p<0.05; ***p<0.01
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A.5. Dataset UK
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Figure 7: Dataset UK (a) rolling weekly reported cases and deaths (b) case and death growth rate (c) Stringency
Index and sentiment (d) change in percentage for certain mobility categories to the baseline
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A.6. Dataset Sweden
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Figure 8: Dataset Sweden (a) rolling weekly reported cases and deaths (b) case and death growth rate (c) Strin-
gency Index and sentiment (d) change in percentage for certain mobility categories to the baseline
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