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Abstract

In the midst of a global pandemic, under-
standing the public’s opinion of their govern-
ment’s policy-level, non-pharmaceutical inter-
ventions (NPIs) is a crucial component of the
health-policy-making process. Prior work on
COVID-19 NPI sentiment analysis by the epi-
demiological community has proceeded with-
out a method for properly attributing sentiment
changes to events, an ability to distinguish the
influence of various events across time, a co-
herent model for predicting the public’s opin-
ion of future events of the same sort, nor even
a means of conducting significance tests. We
argue here that this urgently needed evalua-
tion method does already exist. In the finan-
cial sector, event studies of the fluctuations in
a publicly traded company’s stock price are
commonplace for determining the effects of
earnings announcements, product placements,
etc. The same method is suitable for analysing
temporal sentiment variation in the light of
policy-level NPIs. We provide a case study of
Twitter sentiment towards policy-level NPIs in
Canada. Our results confirm a generally posi-
tive connection between the announcements of
NPIs and Twitter sentiment, and we document
a promising correlation between the results of
this study and a public-health survey of popu-
lar compliance with NPIs.

1 Introduction

As COVID-19 spreads rapidly around the world,
governments have implemented different NPIs to
contain the spread of the virus. While effective
at slowing down the spread of COVID-19 (Haug
et al., 2020), NPIs such as school and non-essential
businesses closures, telecommuting, mask require-
ments and physical distancing measures have dras-
tically changed our lives and sparked dissent. Anti-
mask and anti-lockdown protests are commonplace,
while there are nearly fifty million active cases
around the world. It is crucial for decision mak-
ers to understand the public’s opinion about NPIs,

and for policy-makers to have a means of fore-
casting the level of popular compliance with them.
This will determine their effectiveness as well as
whether additional measures and communication
strategies are needed in light of waning adherence.

Analysis of social media data is already popu-
lar among epidemiologists, as it is a data source
with near real-time feedback at very low cost (Ma-
jumder et al., 2016). Extracting sentiment trends
towards the pandemic on various social media plat-
forms has already attracted interest (Wang et al.,
2020b; Li et al., 2020; Wang et al., 2020a). Neu-
ral sentiment analysis is very prevalent because of
its high performance on classification tasks1 and
versatility. Temporal variation of sentiment is usu-
ally represented by time series, in which an aver-
age model-predicted sentiment scores over from
all social media posts within each time interval is
computed. Previous work following this paradigm
suffers from two major issues, however.

Firstly, nearly all time-series analyses have been
based on sentiment classification results — every
post is classified into one of the predetermined
sentiment categories (positive/(neutral)/negative)
— even though sentiment is a continuous random
variable. For example, Wang et al. (2020b) provide
two “sentiment-neutral” examples that in fact have
differing sentiments. Smoothing sentiment from a
continuous variable into a ternary or binary scale
causes a loss of dynamics, hence increasing the dif-
ficulty of the task and lowering the reliability of all
subsequent analyses. There are now n-valued sen-
timent corpora for n = 5 (Socher et al., 2013) and
n = 7 (Mohammad et al., 2018), but finer-grained
discrete sentiment does not entirely solve the prob-
lem. The valence regression task (V-reg) proposed
by Mohammad et al. (2018) is far more suitable
because it conveys a continuous sentiment inten-
sity measure through a logistic regression score.

1Top performers achieve near perfect accuracies, e.g.,
Jiang et al. (2020) at 97.5%.
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Figure 1: Wang et al. (2020a) claimed that general sen-
timent reached a minimum when the government an-
nounced a “lock-down” (A), and COVID-19 related
sentiment reached a maximum when Amsterdam an-
nounced release measures (B). Note that the magnitude
of difference between the minimum point they discov-
ered at (A) and the valley a few days prior, at which
there was no press conference, is not visible to the
naked eye.

A continuous score also allows us to compute an
average sample sentiment over a definite period
of time, which has a more accurate variance than
smoothing binary scores.

Secondly, because of the community’s lack of
a model capable of conducting significance tests
and distinguishing the influence of various events
across time, no statistically sound conclusion can
be drawn. As an example, Wang et al. (2020a)
claimed to have noticed a link between public sen-
timent and the timing of the Dutch government’s
press conferences by visually inspecting the raw
trend of social media sentiment, seen in Figure 1.
In fact, there were numerous peaks and valleys
throughout the interval they studied, because the av-
erage sentiment fluctuated wildly during this time.

We can bring the potential of this urgently
needed application to fruition by looking outside
CL/NLP. Financial analysts face similar problems
when they try to assess the effect of a particular
news event on the price of a particular stock, be-
cause the price is affected by countless events as
well as the reactions of traders with different mo-
tivations and perspectives on those events. Event
studies (Brown and Warner, 1980, 1985) have been
proposed and recognised as viable methods for at-
tributing stock price fluctuations to specific finan-
cial events. To our knowledge, there has been no
study of this class of methods within epidemiology.

2 Event Attribution

2.1 In Finance

In the financial sector, event studies are used to
examine the return behaviour of a security after

the market experiences some event (e.g., a stock
split or an earnings release) that pertains to the
firm that issued the security. The actual return of
a stock (or a portfolio of assets) (Rt) at a given
time t (t = 0 represents the time of the event) can
be decomposed as follows: Rt = E[Rt|Xt] + ξt.
E[Rt|Xt] is an expected return, which can be ex-
plained by a model given the conditioning infor-
mation Xt. ξt is an “abnormal” return that directly
measures the unexpected changes on the returns,
which are likely to have been caused by some un-
foreseen event (Eckbo, 2009). It is also possible
that the abnormal return was just caused by chance
(E[ξt] = 0), however, and we can measure the
statistical significance with which we can reject
this null hypothesis through various tests based
upon time-series aggregation, which we discuss
presently.

The expected return can be estimated by a mar-
ket model (Fama and MacBeth, 1973): E[Rt|Xt] =
α + βRm,t, where Rm,t is the return of a market
portfolio, i.e., of all of the assets in the market as
represented by a broad market index (e.g., S&P
500, Nasdaq). β is the risk factor of the stock and
can be computed using the ratio of the covariance
between the actual return and the market return to
the variance of the market return β = cov(R,Rm)

σ2(Rm)
. α

is the bias that can be computed with least squares
estimation, but since β is already computed, the
optimal value of α is 1

N

∑N
t (Rt − βRm,t) where

N is the sample size.

The analysis of an event proceeds by first deter-
mining whether there is a statistically significant
impact, and then if there is, computing the mag-
nitude of the impact. To answer these two ques-
tions, the integral of the abnormal return, called the
cumulative average residual (CAR), is computed:
CAR(t1, t2) =

∑t2
t=t1

ξt. Under the assumption
that the return of a stock with no marked events is
a stochastic process that perfectly reflects the over-
all performance of the market as accounted for by
the market model (Fama and MacBeth, 1973), the
expectation of CAR should be zero. Thus, we can
test the null hypothesis that the event has no impact
on the return, E[ξt] = 0, by a one-sample t-test,
one-sample Wilcoxon signed rank test (Wilcoxon,
1945), or a binomial proportionality z-test. In fi-
nance, the ratio of CAR divided by the overall
actual return is traditionally used to represent the
magnitude of an event’s impact, but the statistics
of these tests can also be used.
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2.2 In Public Health

Over the course of the pandemic, governments
around the world have utilized different NPIs at dif-
ferent times and with different stringencies (Hale
et al., 2020). Therefore, overall sentiment shift
cannot represent the impact of individual public
health events. Instead, overall sentiment acts like
market return: an aggregation of individual senti-
ments. Therefore, we define the daily sentiment
index (I) as the average sentiment (valence) of all
the tweets from a single day. Individual COVID-
19-related topics are analogous to individual stocks,
and the sentiment change on individual topics is
reflected in the change of the sentiment index. But
some topics specifically relate to certain events,
similar to how individual stocks react to the news
relevant to their firms. Therefore, the average
sentiment Sm,t of all discussions on topic m at
time t is similar to the return of a stock in the
event study. Our “market model” for sentiment
is: E[Sm,t] = αm + βmIt. We compute the
abnormal sentiment by ξm,t = Sm,t − E[Sm,t]
and calculate CAR by aggregating ξm,t over time:
CAR(t1, t2) =

∑t2
t=t1

ξt.

3 Experimental Setup

Gilbert et al. (2020) started collecting COVID-19
related tweets by searching for tweets mentioning
at least one of the various naming conventions for
COVID-19 using the Twitter search API as at Jan-
uary 21, 2020, and collected 281,487,148 tweets
up until August 23rd, 2021. After Carmen geoloca-
tion (Dredze et al., 2013), we obtained 5,979,759
English Twitter samples from Canada.

For this paper, we studied two NPIs: wearing a
mask and social distancing. For present purposes,
we considered an event to be every change in the
stringency level of any NPI, as measured by the
Oxford COVID-19 Government Response Tracker
(OxCGRT) project (Hale et al., 2020). We used a
keyword-based filter to obtain topic-related tweets.
We began with a manually written list of related
keywords to obtain a list of tweets M that contain
a keyword, andM that do not contain any keyword.
Then for each bigram and trigram x, we calculated
a topic relevance score based on pointwise mutual
information: pmi(x;M)−pmi(x;M). We ranked
the top 150 keywords for each n-gram and manu-
ally removed the topic-unrelated ones. For exam-
ple, “covidsafe” was identified using this method
but “congressman sponsor,” a topic relevance score

(a) Wearing a mask sentiment analysis

(b) Event 1 significance study (c) Event 2 significance study

Figure 2: Wearing a mask event significance

of 14.59, was nevertheless manually removed.
After filtering all the tweets connected to an NPI

of interest, we computed their valence score using
the NTUA-SLP model,2 which was selected from
the 75 entrants to the V-reg shared task (Moham-
mad et al., 2018). We followed the hyperparameter
settings from the original paper (Baziotis et al.,
2018) and reproduced its reported Pearson corre-
lation (0.846) on the English valence dataset. To
establish a periodic time series of valence change,
we computed the daily average valence of tweets
posted on the same day.3

4 Individual NPIs Experimental Results

Wearing A Mask Canada’s mask advisory has
changed several times during the progression of
the pandemic (Mohammed et al., 2020) and we in-
vestigated two key changing points of the advisory

2https://github.com/cbaziotis/ntua-slp-semeval2018
3Our subsequent analyses and data are publicly available:

https://github.com/frankniujc/covid_sentiment_analysis.

https://github.com/cbaziotis/ntua-slp-semeval2018
https://github.com/frankniujc/covid_sentiment_analysis
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(a) Ontario (initial: Mar 16) (b) British Columbia (initial: Mar 17) (c) Alberta (initial: Mar 21)

(d) ON significance (e) BC significance (f) AB significance

Figure 3: Social distancing recommendation event significance by province.

as events. On April 6th, 2020, the Public Health
Agency of Canada (PHAC) revised the advisory
for mask wearing (event 1), permitting the use of
non-medical face coverings in public (Chase, 2020;
Mohammed et al., 2020). Finally on May 20, 2020,
PHAC formally issued a recommendation for the
general public to wear masks in public (event 2)
(Mohammed et al., 2020; Harris, 2020).

Assuming a confidence threshold of α = 0.05,
event 1 had a statistically significant positive im-
pact for up to 9 days (Figure 2b). Event 2 also
showed significance from two days after the event
to up to eight days after ([+2,+8]; Figure 2c). Un-
like event 1, there is also a period of significance
right before the event occurred. This may have
been anticipatory, or it may indicate that the ob-
served impact had instead been caused by prior
events. During the 9-day effect window of event 1,
there is a 2.13% positive CAR, with t-statistic 1.73,
Wilcoxon statistic 7.0, and z-statistic 1.67.

Social Distancing Social distancing recommen-
dations have been issued with different stringen-
cies and at different times at the provincial level in
Canada. Therefore, we focus separately on three
provinces: Ontario (ON), British Columbia (BC)

and Alberta (AB), with sufficient numbers of tweets
and different distancing policies. According to Mc-
Coy et al. (2020), Ontario released its first province-
wide social distancing recommendation on March
16, 2020 (Williams, 2020); British Columbia issued
a social distancing recommendation on March 17,
2020 (Dix and Henry, 2020); and lastly, Alberta
released a public message about social distancing
on March 21st4 (McCoy et al., 2020).

Figure 3 analyses the significance of the initial
recommendations in those three provinces. All
three announcements have a positive impact on
CAR with statistical significance. Ontario’s rec-
ommendation (Figure 3d) has a short but signifi-
cant impact on [+2,+7]. Alberta (Figure 3f) ex-
hibits a significant impact on [+3,+9], and British
Columbia on [+1,+9].

5 CAR and Survey Data Correlation

To help understand whether the sentiment of NPIs
measured using Twitter are representative of the
general Canadian population, we assessed the cor-
relation between our NPI sentiments and the level
of compliance measured through a national survey.

4https://www.alberta.ca/prevent-the-spread.aspx

https://www.alberta.ca/prevent-the-spread.aspx
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The COVID-19 Monitor initiative (COV, 2020; Mo-
hammed et al., 2020) has conducted 25 surveys
in Canada on people’s compliance with 6 NPIs
since mid-March. Each survey has approximately
2000 participants. The demographics of the par-
ticipants have been pre-stratified, and each wave
was post-stratified by modelling raking weights
based on the 2010 Canadian Census. Among the 6
NPIs, both social distancing and wearing a mask
appear. For the cross-correlation test, both time
series have been detrended using the SciPy sig-
nal package,5 and then pre-whitened following
the instructions proposed by Dean and Dunsmuir
(2016) to remove autocorrelations with the time
series.6 Figure 4 shows the correlations and cross-
correlations with the proportion of the population
who report complying with either of these two NPIs
and CAR. Wearing a mask receives a strong Pear-
son r = 0.915 (Figure 4a), a cross-correlation of
0.710 and a +5 lag, meaning CAR is 5 days ahead
of the survey (Figure 4b). Social distancing re-
ceives a moderate Pearson r = 0.481 (Figure 4c),
a cross-correlation of 0.492 and also a +5 lag (Fig-
ure 4d). The cross-correlations cannot be quan-
titatively compared with the Pearson correlation
scores as they are calculated differently, but the
general trend stays the same: wearing a mask ex-
hibits a strong correlation while social distancing,
only moderate one. The lags also accord with our
expectations as COV (2020) conducted surveys 4
to 10 days apart.

The lower correlation for social distancing might
have been caused by their more diverse imple-
mentation across subsovereign jurisdictions (see
section 4). As the details of the sample selec-
tion process at the provincial level are not pub-
licly available, we have not been able to draw di-
rect, provincial comparisons. Mask-wearing ad-
visories, however, are mostly issued at the fed-
eral level in Canada. Comparing mask-wearing
across provinces is thus less problematic. With
both types of NPI, Twitter users are demograph-
ically younger, better educated, and more urban
than the general population (Mellon and Prosser,
2017; Murthy et al., 2016). This may explain some
differences from the national distribution sampled
for this survey.

5https://docs.scipy.org/doc/scipy/reference/signal.html
6We tested the autocorrelation of both the CARs and survey

data. The level of autocorrelation in all the time series is
low, and applying pre-whitening did not result in different
conclusions in this study.

(a) r = 0.807 (b) r = 0.710(@ + 5)

Wearing a mask

(c) r = 0.439 (d) r = 0.492(@ + 5)

Social distancing

Figure 4: CAR and compliance survey correlation.
Captions of (a) and (c) report Pearson correlations; cap-
tions of (b) and (d) report cross-correlations with days
of lag.
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