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Abstract

The COVID-19 pandemic has upended daily life around the
globe, posing a threat to public health. Intuitively, we ex-
pect that surging cases and deaths would lead to fear, distress
and other negative emotions. However, using state-of-the-art
methods to measure sentiment, emotions, and moral concerns
in social media messages posted in the early stage of the pan-
demic, we see a counter-intuitive rise in positive affect. We
hypothesize that the increase of positivity is associated with
a decrease of uncertainty and emotion regulation. Finally, we
identify a partisan divide in moral and emotional reactions
that emerged after the first US death. Overall, these results
show how collective emotional states have changed since the
pandemic began, and how social media can provide a useful
tool to better understand, and even regulate, diverse patterns
underlying human affect.

Introduction
Emotions shape beliefs (Ostrom 1969) and moral reactions
to social dilemmas (Haidt, Joseph et al. 2007; Samore et al.
2021), promote group identity (Graham, Haidt, and Nosek
2009), especially in time of crisis, and help people un-
derstand appropriate social response to conflict (vanKleef
et al. 2016). Morals, meanwhile, can shape information dif-
fusion (Brady et al.). The relationship between major ex-
ternal events, such as COVID-19, and moral and emotional
language is less-understood. We aim to report and better un-
derstand the emotional reactions to the COVID-19 pandemic
on social media. The pandemic brought about enormous so-
cietal disruptions, such as lockdowns, school closures and
transitions to online learning, which had a profound effect on
some emotions people expressed (Lwin et al. 2020). To bet-
ter understand the population’s collective emotional states,
needs, concerns and psychological well-being during the
pandemic, researchers have used data-driven approaches,
applying natural language processing (NLP) methods to so-
cial media data (e.g., Lwin et al. 2020; Aiello et al. 2021;
Ashokkumar and Pennebaker 2021).

In this work, we measure dynamics of emotions and moral
concerns during the COVID pandemic. We analyze English-
language messages about the pandemic on Twitter between
January and May 2020. We use state-of-the-art language
models to measure emotions, including fear, anger, and opti-
mism, and assess intensity of moral reactions along dimen-

sions such as care, harm, fairness and cheating. We com-
pare results to simpler dictionary-based model that quantify
emotions and sentiment. While each model has limitations,
such as data shift that can affect emotion or moral label ac-
curacy (Elsahar and Gallé 2019), the consistency of results
suggests a robust effect. We also split heterogeneous popula-
tion of users along the ideological line and separately study
each user group’s emotional and moral dynamics. We find
diverging reactions due to both the pandemic and the ideo-
logical differences.

Our main findings are the following.

1. Positive moral concerns (virtues) and positive emotions
increased while fear decreased during early stage of the
pandemic, despite that disgust, anger and fear were the
dominant emotions.

2. The counter-intuitive results were found to be robust to
different text-classification models.

3. The changes in emotion were correlated with a decrease
in uncertainty and increase in solidarity (loyalty & care).

4. Political differences mediate emotional and moral reac-
tions, and we identify a partisan divide in affect that
emerged after the first US death.

The trends in positive emotions suggest that people used so-
cial media to regulate negative emotions. Meanwhile, we
find a reduction in uncertainty about the pandemic might
also decrease fear and increase positive emotions. Finally,
the pandemic has enhanced the emotional divide between
ideologies, which may explain increasing ideological polar-
ization. These results bring new understanding to how emo-
tions are regulated after major global crises and illuminate
the role emotions play in shaping attitudes.

Related Works
Previous studies have explored the psychological impact of
COVID-19 pandemic, using surveys to show an increase in
distress and uncertainty (APA 2021). Other works focused
on data-driven methods, utilizing search data or Wikipedia
data (Suh et al. 2021; Ribeiro et al. 2021). Researchers have
also analyzed social media data to study people’s sentiment,
emotions and mental health concerns. Lwin et al. (2020)
found that public emotions in Twitter shifted from fear to
anger early in the pandemic, along with increasing sadness



and joy. Other researchers found that negative emotions in-
creased and positive emotions and life satisfaction decreased
among Chinese social media users (Li et al. 2020). Biester et
al. (2021) and Saha et al. (2020) focused on studying the im-
pact of COVID-19 on people’s mental health concerns and
diseases, such as depression and suicidal ideation. Aiello
et al. 2021 and Ashokkumar et al. 2021 each studied how
people’s mental states shifted through different phases since
the pandemic began, and similarly found people’s transition
from refusal or warning, anger to acceptance of the “new-
normal.”

With respect to measuring moral concerns, the Moral
Foundation Theory is widely adopted (Graham, Haidt, and
Nosek 2009). It defines five moral foundations: care/harm
(empathy, dislike of suffering), fairness/cheating (propor-
tionality, justice and rights), loyalty/betrayal (sense of be-
longing to identified group), authority/subversion (respect of
authority and tradition), and sanctity/degradation (concerns
with sickness and contamination). Previous work on moral
foundations and COVID-19 includes Ekici et al. (2021), who
showed that fairness, care, and purity moral foundations are
found to be the most relevant to COVID-19. Henderson et al.
(2021), in contrast, found that individuals who were worried
about disease infection made harsher moral judgments.

Finally, prior works have discussed the heterogeneity in
social media, especially between political ideologies. Re-
searchers have found divergent language use on social me-
dia during the COVID-19 pandemic between the partisan
ideologies (Gollwitzer et al. 2020). Discussions in the US,
for example about government measures, is largely shaped
by political polarization (Rao et al. 2021; Schmitz, Murić,
and Burghardt 2022). In addition, conservative elites have
consistently downplayed the dangers of COVID-19 (Samore
et al. 2021).

Methods
Data
We use an open source COVID-19 tweet data (Chen, Ler-
man, and Ferrara 2020) collected based on a list of COVID-
19 related keywords such as “coronavirus,” “pandemic,” and
“stay-at-home.” We select all English tweets posted between
01/24 to 05/01/2020 from the US within this corpus. The re-
fined dataset consists of 27M tweets posted by 2.4M users.

Quantifying Emotions and Moral Concerns
To quantify emotions expressed in tweets, we use SpanEmo
(Alhuzali and Ananiadou 2021), a state-of-the-art perform-
ing model on a benchmark dataset SemEval 2018 Task 1e-
c (Mohammad et al. 2018). This BERT-based model ac-
counts for correlations among the emotions to improve per-
formance. The emotions we measure are anger, disgust,
fear, pessimism, sadness, joy, love, anticipation, optimism,
surprise and trust. One tweet could be labeled with multiple
emotions. We calculate the fractions of tweets labeled with
each emotion in each day to construct the time series.

To measure moral concerns, we follow a prior work
(Mokhberian et al. 2020) and use a dictionary-based ap-
proach. We use the extended moral foundation dictionary
(Hopp et al. 2020) to define the words associated with the

virtues and vices (e.g. care and harm) and use an embedding-
based method, FrameAxis (Kwak et al. 2021), to measure
the moral bias (whether the text tends to discuss the vice or
virtue of a morality) and intensity (whether the text has a
greater or lesser focus on that moral foundation). With the
numerical scores of bias and intensity, we take the daily av-
erages from all tweets to construct the time series, and then
analyse the collective expressions of emotions and morals.

Quantifying Uncertainty
To measure the degree of uncertainty in tweets, we use the
Uncertainty Corpus (Durieux 2019), which contains terms
such as “probably”, “confused”, “not sure”. For each date,
we perform a keyword search for these terms in all English
tweets and calculate the fraction of tweets that contain un-
certainty terms out of all tweets. To reduce computation time
complexity, we measure uncertainty in 5% uniformly ran-
dom sub-sample of all tweets in our dataset.

Quantifying Partisan Differences
Political polarization shapes many aspects of the US society,
including discussions and reactions to the COVID-19 pan-
demic. In order to explore this heterogeneity in the data, we
quantify the political ideology of user groups using a method
recently used in previous work (Rao et al. 2021). We extract
media URLs posted in tweets, whose political leanings were
classified by neutral websites, to infer the political ideology
(liberal and conservative) of users. Next, we train a logistic
regression model using fastText embeddings of tweets from
these labeled users. For other users who’s posts don’t con-
tain enough informative URLs, we use this classifier to infer
their ideologies. We then aggregate all tweets posted by dif-
ferent user groups on each day and analyze their collective
emotions and moral foundations.

Results
Dynamics of Emotions and Moral Concerns
Figure 1a, b show the time series of the daily averaged bias
and intensity of moral foundations, and the fraction of daily
tweets containing each emotion during this period. Analy-
sis of five foundations of moral concerns in Fig. 1a shows
that care/harm foundation had the strongest expression, i.e.,
highest intensity, followed by loyalty/betrayal (Fig. 1a). The
higher intensity of the care/harm foundation, coupled with
the negative bias, implies expressions of negative sentiment
(or vices) were more common. This suggests that users fo-
cused on harms through the end of February. Similarly, the
high intensity of the loyalty/betrayal foundation, coupled
with negative bias, suggests that people were expressing
concerns about outsiders. As for the sanctity/degradation
foundation related to concerns about contamination and in-
fection with the virus, the bias remained mostly negative.
We also find the bias of the remaining moral foundations in-
creased, meaning that people expressed more moral virtues
from mid-February to the end of March. Finally, the inten-
sity of all moral foundations decreased, suggesting the fre-
quency of moral discussions decreased.

Fig. 1b shows the time series of selected emotions. Out of
ten emotions we measured, disgust and anger are the most



Figure 1: The trend of people dominantly expressing negativity but also growing positive feelings is shown with time series of
(a) daily-averaged bias and intensity scores of moral foundations, (b) daily fraction of tweets labeled with different emotions
by SpanEmo from 01/24/2020 to 05/01/2020. Other measured emotions not shown are anticipation and sadness, which remain
steady of the time frame, and love, pessimism, surprise and trust, each of which is less than 1% of the daily tweets. (c) The
daily averaged VADER compound sentiment scores. It reflects a similar trend as of moral foundations and emotions.

dominant emotions, expressed in about a third of all tweets.
People hold strong negative emotions about the virus and
the unfolding pandemic, and these results also reflect a ten-
dency to dwell on negative emotions, known as the negativ-
ity bias (Fessler, Pisor, and Navarrete 2014). Interestingly,
we see that fear decreased over March 2020 while some of
the positive emotions (optimism and joy) increased during
this time period. This can be counter-intuitive, as we might
expect people getting more fearful and negative as the num-
ber of cases rising and US saw its first COVID-19 death.
Meanwhile, we also observe the rise of the virtues of moral
foundations, especially loyalty and care, suggesting that rise
in positive emotions co-occurred with rising solidarity.

Figure 2: Trend in emotions extracted by keyword matching
using EmoLex. Daily average is taken in the time series.

Validity of emotion and moral measurements Manual
annotation is the gold standard for evaluating the perfor-
mance of models, such as SpanEmo; however, it is often

not feasible. Instead, we explore validity of results by com-
paring them to other methods on 5% of uniformly sampled
data and looking at internal consistency. We use dictionary-
based method with EmoLex (Mohammad and Turney 2013),
a widely-used lexicon of emotion-laden words (see Aiello
et al. 2021; Wang et al. 2021) to measure eight emotions
(Fig. 2). The score for each emotion is the number of emo-
tion words appearing in a tweet, normalized by the total
number of words in the tweet. The results suggest that fear
and surprise are the top two emotions, in contrast to top
emotions in SpanEmo results, anger and disgust. Still, fear
is the third most common emotion according to SpanEmo,
and concordance of these results is consistent with negativ-
ity bias (Fessler, Pisor, and Navarrete 2014). Further, in both
SpanEmo and EmoLex, similar trends are observed, such
as increasing joy and decreasing sadness after the first US
death.

We also perform sentiment analysis using a lexicon-based
method called VADER, that is specialized to social media
text (Hutto and Gilbert 2014). The compound score senti-
ment is a measure of positive or negative affect. The time
series conveys a similar message as the trends we observe
in emotions and moral reactions (Fig. 1c). The overall senti-
ment is negative but with an increasing trend especially from
02/15 to 03/24/2020. To check whether the increase in posi-
tive sentiment was due to a change in user composition, we
run the same analysis on a group of users who were active
before 02/15/2020, and track their moral foundations and
emotions from 01/24/2020 to 05/01/2020. We see consis-
tent trends of increasing virtues and positive emotions, and
decreasing moral intensity and fear. The overall consistency
between emotions and moral reactions measured by diverse
methods give us confidence about the validity of the mea-
surements.



Figure 3: The Z score of fraction of daily tweets with fear is
associated with that of the uncertainty emotions in 5% ran-
domly sampled data subset. The fear emotion and the uncer-
tainty emotion are the most correlated (Spearman correlation
= 0.42, p-value = 0.002) during the shaded time period.

Uncertainty and Fear of the Unknown
We found that the number of tweets expressing fear de-
creased by the end of March 2020, which could be due to
the fear of the unknown (Carleton 2016). As the pandemic
started, there were many unknowns about the disease, such
as transmission mechanisms, how deadly it is, treatments
and the preventive strategies. We hypothesize that people
might be more afraid early in the pandemic because of these
uncertainty. As epidemiologists and doctors learned more
about the disease, the fear of the unknown subsided. To ver-
ify this hypothesis, we measure the feelings of unknown or
uncertainty people expressed in tweets (see Methods). We
found that fear decreased substantially before the lockdowns
happened around 03/24/2020, and the number of tweets ex-
pressing uncertainty also decreased (shaded area in Figure
3). Spearman correlation between fear and uncertainty of the
shaded region is 0.42, p-value = 0.002 (the same correla-
tion is 0.38 using EmoLex method to measure fear, p-value
= 0.003). We also find that among all tweets labeled with
fear, 26% also express uncertainty. Therefore the March
2020 decrease in fear is correlated with less uncertainty. Un-
certainty or unpredictability can bring higher anxiety and
stress (Lake and LaBar 2011), therefore the decrease uncer-
tainty can lead to increasing positive emotions we observe.
We see that after late-March, uncertainty and fear decou-
pled. The fear stayed low and did not change much, whereas
the uncertainty started to increase again. This change could
be spurious, but it also coincides with major events in the
US, such as late-March lockdowns, that affected social me-
dia discussions (He et al. 2021). One reason for this decou-
pling could be that people were unsure of the impact of the
lockdowns, but were emotionally adapting to them.

Partisan Differences in Emotions and Morals
Social media is highly heterogeneous, with users with dif-
ferent ideologies and concerns. Prior research identified
strong ideological differences in the attitudes toward the
pandemic: liberals and conservatives have different percep-
tions of pandemic’s severity and efficacy of public health
interventions (Gollwitzer et al. 2020; Samore et al. 2021).

We split users in our sample according to their parti-

san ideology (see Methods) and identify differences in their
emotional and moral expressions. Figure 4a shows emotions
and moral foundations with significantly different distri-
butions between liberals and conservatives (T-test p-values
< 0.01 between respective distributions). We find that con-
servative users expressed on average more surprise, anger,
disgust and a higher intensity for the loyalty foundation
compared to liberals. On the other hand, we find that lib-
erals were more sad and pessimistic, but also had higher
anticipation and higher bias of fairness than conservatives.
These observations agree with Jost et al. (2003): conser-
vatism arises from the need to manage anxiety and threat
with its concomitant emotions such as anger and disgust,
therefore conservatives have higher disgust sensitivity than
liberals (Terrizzi Jr, Shook, and McDaniel 2013) and put
a greater emphasis on the binding moral foundations in-
cluding loyalty (van Leeuwen and Park 2009). On the other
hand, liberal thinking is associated to more suspicion, pes-
simism and cynicism (Tatum 2019), and liberals have greater
endorsement and use of the fairness foundations (Graham,
Haidt, and Nosek 2009).

Figure 5 shows that pessimism and bias of fairness be-
haved similarly between ideologies until the end of Febru-
ary 2020, when these metrics for liberals and conserva-
tives started to diverge (shaded area). We also find this phe-
nomenon in some other emotions and moral foundations
that differ significantly between ideologies (T-test p-values
< 0.05), such as anger, sadness and bias of care founda-
tion. This could be because there was little partisan divide
when making sense of the situation, but different subgroups
quickly began to express moral foundations and emotions in
line with their different identities and ideological attitudes,
when critical events occurred.

Discussion
The seemly counter-intuitive trends we have observed, such
as the decrease of fear and uncertainty and the increase of
positivity, could be related to several psychological theo-
ries, such as emotion regulation and uncertainty reduction.
Previous research has found that when an event happens,
people would shift their positive or negative perceptions to
be more neutral, a phenomenon known as hedonic adapta-
tion (Kahneman, Diener, and Schwarz 2003). We hypothe-
size that when facing a terrifying new pandemic, negative
emotions and moral concerns decreased over time as people
changed their perceptions to be more neutral. The decreasing
intensity of moral discussions (bottom fig. 1a) also suggests
users adapting to the situation. Another related explanation
for the decrease in negative emotion is emotion regulation,
i.e., up-regulating the positive emotions and decreasing the
negative emotions (Blumberg, Rice, and Dickmeis 2016),
due to social media’s ability to exchange social support, and
increase bonding in lonely times (Oh, Ozkaya, and LaRose
2014). Our observations on emotions and moral concerns
also reflect how people’s mental states shifted through dif-
ferent phases since the pandemic began. Aiello et al. (2021)
showed that people went through (1) the refusal phase, in
which people were warned but refused to accept COVID
happening, (2) the anger phase, in which fear decreased after



Figure 4: The heterogeneity of emotional and moral reactions due to ideological differences. Each density plot consists of all
measurements in the labeled variable and labeled population from 01/24/2020 to 05/01/2020. The vertical blue and red lines
are the distribution means.

Figure 5: Examples of how emotions and moral founda-
tions in different populations evolve. Bias of fairness foun-
dation and the pessimism emotion both started to diverge in
liberals and conservatives after the first death happened on
02/28/2020, indicated by the shaded area.

the first US death and transitioned to anger, and (3) the ac-
ceptance phase beginning after the lockdowns, in which peo-
ple started to accept the “new normal.” We similarly observe
the trends of decreasing fear, decreasing moral discussion
intensity and increasing positive affect, which are consistent
with these phase transitions.

Conclusions
Our results highlight the utility of social media as a sensor
of collective affect. Applying the methods to automatically
recognize emotions and moral concerns in online discus-
sions about the COVID-19 pandemic, we observe a rise in
positive affect and a decrease in fear early in the pandemic.
We associate these trends with the reduction in uncertainty
about the pandemic through collective sense-making as well
as newfound solidarity. Another key observation is how the
evolution of the pandemic is associated with greater ideo-
logical polarization. We observe ideological differences in
emotional and moral reactions, and see that emotional ex-
pressions of conservatives began to diverge from those of
liberals after the first US COVID-19 death. Gaining better
insights into emotions and morals will help us better explain
the dynamics of attitudes and polarization.

There were, however, a number of limitations of this
study. First, we have no ground truth emotions, and must
rely on dictionaries and models to measure moral founda-
tions and emotions at scale. In addition, the method we use
to determine political ideology can make mistakes (Rao et al.

2021), which could affect the differences we see in vari-
ous groups. Finally, our results were gathered from tweets
containing particular COVID-19 keywords but it is possi-
ble the keywords do not fully capture the users discussing
COVID-19, nor can we be sure that the results are repre-
sentative to users outside of this cohort, or outside of social
media.The limitations demonstrate a need to extend these re-
sults to other more representative datasets and to determine
the robustness of these results with findings from human an-
notators.
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