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collective resilience. Recommendations on social media use for future lockdown scenarios
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Introduction

he ongoing pandemic of the COVID-19 virus, also referred

to as the coronavirus pandemic, is the major global health

event of 2020. The lengthy absence of a vaccine, alongside
a rising death toll and the absence of a globally effective response
to the outbreak, renders this pandemic a clear example of an
existential risk, as recently defined by Ord (2020). Existential
risks, for Ord, are “new kinds of challenges. They require us to
coordinate globally and intergenerationally, in ways that go
beyond what we have achieved so far. And they require foresight
rather than trial and error. Since they allow no second chances,
we need to build institutions to ensure that across our entire
future we never once fall victim to such a catastrophe.”

In order to limit the propagation of the virus, quarantine
measures have been adopted by many countries across the world,
but not without drawbacks (WHO, 2020). Qui et al. (2020) have
explored the various forms of psychological distress associated
with the strict quarantine measures applied in China, concluding
that protocols have triggered problems such as panic disorder,
anxiety, and depression. Brooks et al. (2020) published a com-
prehensive and informative meta-analysis of the negative psy-
chological impacts of quarantine, noting in particular the
prevalence of post-traumatic stress symptoms, confusion, and
anger. Their analysis, however, also offered solutions for miti-
gating these unwanted effects. Notable among their work’s
recommendations is a call to raise awareness about the altruistic
benefits of quarantine, providing the public with a clear and
positive rationale for its continued necessity.

During the outbreak, different forms and degrees of lockdown
measures were deployed worldwide. As a result of these measures,
Internet and social media usage has been observed in unprece-
dented magnitudes, when compared with the pre-pandemic
period (for example, ref. Effenberger et al., 2020; Fischer, 2020).
These remarkable levels of usage have had undeniable psycho-
logical impacts. Social media can play a crucial, positive role by
providing a platform for people to share their opinions and to
relay facts about the crisis, but it also provides an outlet for
voicing fear about the pandemic. The latter capacity calls for an
understanding of the buffering role that social media can play in
shaping the resilience of individuals towards traumatic events,
existential risks or threats (of which a pandemic serves as a prime
example), but this issue has not yet been addressed systematically.
Buffering mechanisms are the result of a positive perception
towards the stressors which is promoted by resilience (see Cata-
lano et al., 2011). In the context of COVID-19, however, another
psychological paradigm has emerged. The fear of contamination
and, more acutely, of death has been introduced as the hypothesis
of coronavirus anxiety (Fischhoff, 2020). A fear that is associated
with a looming threat as perceived by individuals. This threat is a
rapidly approaching danger that humans are innately equipped to
detect and to respond to this threat’s dynamics, whether the
source of the stimulus is moving towards or away from an
organism (Neuhoff, 1998). In the context of COVID-19, this
anxiety arises in response to dynamically moving rather than
static, threats. As adaptation mechanisms, which reduce the
negative impact of threats, take increased amounts of time to
occur as a result of this mobility, emotional responses are ulti-
mately intensified as the looming threats increase (Riskind and
Rector, 2018, p. 16). Such a situation yields extreme uncertainty,
preventing individuals from organizing a coherent interpretation
of otherwise partial and confusing information (Chater, 2020).

In the face of the unknown, this information and decisional
overload can lead uncertainty to take over our cognition. In the
highly changeable context of the COVID-19 pandemic, these
possibilities are exacerbated, leading to a general situation of
uncertainty (Yu and Dayan, 2005). In cognitive psychology
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studies, the difference between perceived knowledge (i.e., what
people think they know) and actual knowledge (i.e., what they
really know) has been long-established, well before the inception
of social media. Typically, studies have evinced correspondence
between these two types of knowledge to be very low (e.g.,
Radecki and Jaccard, 1995). However, in the presence of an
existential risk such as the COVID-19 pandemic, and in an era in
which social media reigns supreme, the gap between perceived
and actual knowledge is liable to increase significantly and ought,
accordingly, to be interrogated closely.

According to the looming vulnerability model (LVM), people
build knowledge in the form of probability judgments about the
proximity of a threat and its perceived dynamic. If they believe
that their distance keeps them at a remove from any potentially
harmful outcome, then logically their fear and anxiety should be
reduced. This self-perceived knowledge about the threat is a key
factor to be measured as we seek to understand responses to the
COVID-19 pandemic, and it should be considered in combina-
tion with the use of social media, as a related but distinct source
of knowledge about this threat. We hypothesize that the anxiety
of social media users who are facing an unknown risk may evolve
in two directions: towards powerlessness (a loss of control over
one’s environment) or towards resilience. A powerless state of
knowledge often provokes counterintuitive rather than sponta-
neous actions (Geyer, 2001). In other words, the state of pow-
erlessness can be translated psychologically to describe a
perception of looming vulnerability; it entails a “subjective per-
ception that one may be defenseless to the dynamism of rapidly
growing threats” (Riskind and Rector, 2018, p. 44).

People with high levels of social interaction, who belong to
larger and more complex social networks, are generally expected
to mobilize a higher level of social and emotional support (Wills
and Filer, 2001). With the inception of social media platforms,
this same type of support may take hold in the virtual world. As
shown by the influential work of Marzouki et al. (2012), the first
Arab revolution proved a case in point, as Facebook played a
prominent role in generating a sense of collective consciousness
among citizens and activists. The authors describe a novel col-
lective response, whereby citizens used Facebook not only to
thwart the media blackout in the country, but also to commu-
nicate widespread instances of police abuse against protesters.

One key feature in the work of Marzouki and Oullier
(2012, 2015) is their description of the emergence of a Virtual
Collective Consciousness (VCC), generated by the momentum of
complex interactions between individuals sharing common goals
and driven by a widespread consensus (see also Alperstein, 2019,
p. 204). This strengthening of social ties during times of mis-
fortune is a common feature in resilient processes, and can be
augmented by the connections afforded by social media. We may
note that social media platforms (such as Facebook, in the case of
the Arab Spring) play a functional role not just in connecting
people but also in enhancing the buffering effect.

The influential model of stress buffering, associated with social
support effects (Meng et al., 2017), has many features that can be
mapped onto the VCC model. The stress-buffering model pro-
posed by Cohen and Willis (1985) is based on four support
functions that can be transposed to any online platform: self-
esteem support, informational support (also referred to as the
cognitive guidance support), diffuse support based on the sense of
belonging with a social group, and instrumental support based on
tangible aid provided to affected persons. According to this model,
the more a person appraises a situation as a threat, the higher their
stress levels rise, and the more the person lacks an appropriate
response to the situation. This explains the associated feeling of
helplessness and the accompanying lowering of self-esteem. In
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Table 1 The goodness of fit indices for the SEM model with bootstrapping for each week.

Week 1 Week 2 Week 3 Week 5 Week 6 Week 8 Week 9
Chi-test 1.816 1.976 2.469 1.520 1.797 1.558 1.787
DF 2 2 2 2 2 2 2
p-value 0.524 0.478 0.447 0.588 0.516 0.560 0.490
CFI 0.990 0.988 0.980 0.991 0.990 0.991 0.993
AlC 823.451 831.117 833.788 827.062 827.671 830.808 833.336
BIC 842.305 849,971 852.642 845.916 846.525 849.661 852.190
RMSEA 0.031 0.03%9 0.051 0.027 0.034 0.023 0.028

such situations, the benefits offered by social support interventions
are twofold: they prevent or mitigate the appraisal of a situation as
a threat, and, when full prevention of such an appraisal is not
possible, they make available effective coping strategies.

In the case of the COVID-19 pandemic, the situation is almost
unavoidably appraised as stressful since, as we have already
argued, the global scale of the event renders it an existential risk.
The nature of the pandemic and the various lockdowns imposed
in turn, furthermore, mean that the majority of social support, like
other forms of communication, has so far been offered through
online and social media platforms. The LVM model stipulates that
anxiety can be the result of an overestimation of the probability or
proximity of threats. We believe this can explain fear towards
COVID-19, in the absence of buffering mechanisms likely to be
provided by social media. We hypothesize that social media can be
a placeholder for collective resilient processes modulated by cog-
nitive and emotional components during a pandemic.

Methods

We have conducted an online survey study using a cross-sectional
survey design (see Lavrakas, 2008). Since the study was conducted
amid a global lockdown period, the optimal strategy was a
snowball sampling technique that was implemented by persis-
tently inviting students, colleagues, and acquaintances to share
the link to the online survey in their respective networks. All
participants were anonymous Internet users voluntarily com-
pleting the questionnaire by simply following the link posted on
their social media networks.

A total of 1408 answers were collected from the beginning of
the study in March 2020 (timestamp: 3/20/2020 2:51:58 p.m.) to
its end in May 2020 (timestamp: 5/21/2020 10:12:29 p.m.). Nine
cross-sections points were defined weekly. The collected answers
for each week are distributed as follows: week 1 (from 3/20/2020
2:51:58 p.m. to 3/27/2020 7:58:49 p.m., n = 477), week 2 (from 3/
28/2020 7:46:18 p.m. to 4/3/2020 11:49:23 p.m., n = 62), week 3
(from 4/4/2020 12:19:15 a.m. to 4/9/2020 4:34:04 p.m., n = 141),
week 4 (from 4/10/2020 12:45:32 p.m. to 4/12/2020 2:28:18 a.m.,
n=4), week 5 (from 4/17/2020 6:37:30 p.m. to 4/24/2020 1:58:09
p-m., n=_88), week 6 (from 4/25/2020 10:01:46 a.m. to 5/2/2020
7:52:37 p.m., n = 369), week 7 (from 5/3/2020 12:00:11 a.m. to 5/
8/2020 4:39:11 a.m., n =72), week 8 (from 5/12/2020 10:59:12 p.
m. to 5/18/2020 11:46:48 a.m., n = 117), and week 9 (from 5/19/
2020 3:22:19 a.m. to 5/21/2020 10:12:29 p.m., n = 78). Only week
4 was dropped from the analysis, given the very small number of
recorded answers (n =4). 9.16% of participants did not provide
verbatim responses (Lavrakas, 2008). Among the 1279 verbatim
responses, 70.21% were in the Arabic language, 22.36% in Eng-
lish, and 7.43% in French.

Results

The structural relationship analysis. The measurement part of
the SEM is to validate the cognitive dimensions across the three
exogenous variables. The structural part of the SEM is to examine

the impact of perceived knowledge on the fear of coronavirus. We
have tested this relationship through a structural equation model
where the three observed exogenous variables are supposed to be
reflected by a latent variable that captures the following three
dimensions of perception: social media use for social knowledge
about the pandemic, self-perceived knowledge for the subjective
knowledge of the users about the pandemic, and the perception of
threat for the knowledge associated with death saliency and the
estimation of the probability of death. The endogenous variable is
Anxiety (i.e., fear).

We tested the same model for each week during the 9 weeks of
the study (except for weeks 4 and 7 where the lack of responses
hinders the SEM model). Preliminary data screening did not
reveal missing data, since individual responses to the survey could
only be recorded if the participant responded to all sections. Full
completion of the survey was mandatory, in short, before
responses could be validated. Table 1 shows the fit indices of
the conceived model for each week after running SEM modeling
using the R package lavaan (Rosseel, 2012) with 50 draws of
bootstrapping. By assuming that the data collected are continuous,
the estimation of the model parameters used maximum likelihood.

Figure 1 shows that the evolution across time of the structural
relationship between the latent construct (i.e., perceived knowl-
edge) and the relative contribution to the endogenous variable
(i.e., fear) is consistent, while exhibiting some variations as the
study progressed. The Comparative Fit Index (CFI) for each
model is higher than the cut-off value of .90 for the best fit, and
the Root Mean Square Error of Approximation (RMSEA) is lower
for each model than the cut-off value of 0.08 for a good fit. These
goodness-of-fit indices suggest that the fit of the data to the
hypothesized model was adequate.

It is worth highlighting the trade-off pattern between self-
knowledge and threat perception, given the weight of social media
use on the latent perceived knowledge variable. Overall, the more
Self-knowledge decreases in impact, the more Threat perception
gains in impact, and vice versa, while the weight of Social media
use is conditioning the weight of the latent variable on Fear.

A deeper exploration of the relationship between the observed
exogenous variables and the latent factor is presented together
with a later account of the content of the cognition, analyzed
through verbatim data.

Text corpus analysis. Participants in our study were asked to
provide up to five words that they associated with their conditions
while completing the questionnaire. These five keywords for each
participant were analyzed as a textual corpus (N = 862), upon which
we performed cluster analysis and psycholinguistic classification.

Cluster analysis. In the case of unsupervised clustering of the
corpus, the analysis procedure consists of the following steps:

1. Construction of a data table context units x lexical units (up to
300,000 rows x 3000 columns), with presence/absence values;
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Fig. 1 lllustration of the Structural Equation Model. SEM model with standardized structural coefficient estimates of the relationship between the
independent variables, the latent variable “perceived knowledge”, and Fear in each week.

2. TF-IDF normalization and scaling of row vectors to unit
length (Euclidean norm);

3. Clustering of the context units (measures: cosine coefficient;
method: bisecting K-means (see Steinbach et al., 2000;
Savaresi and Boley, 2004; Savaresi and Boley, 2011).

4. Filing of the obtained partitions and, for each of them:

a. Construction of a contingency table lexical units x
clusters (n x k);

b. Computing the chi-square test applied to all the
intersections of the contingency table;

c. Performing the correspondence analysis of the contin-
gency table lexical units x clusters (see Benzécri and
Benzécri, 1984; Greenacre, 1984; Lebart and Salem, 1994).

The unsupervised clustering of the context units (see step 3’

above) can be performed either by using the bisecting K-means
algorithm (1) or by using a non-centered version of PDDP (i.e.,
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Fig. 2 The clusters’ unique use. Evolution of the per cent of the unique use of the three relevant clusters over weeks.

Principal Direction Divisive Partitioning, Boley, 1998) for
selecting the seeds of each K-means bisection. The main
differences between the above methods depends on how the
two seeds of each bisection are computed; in fact, in the (1)
case they result from an iterative procedure whereas in the (2)
case they are computed through SVD (i.e., Singular Value
Decomposition), i.e., through a ‘one-shot’ algorithm (see
Savaresi and Boley, 2011). We opted for a K-means bisection
algorithm.

The findings of the text corpus analysis, in terms of clusters
between co-occurring words, showed the presence of four main
clusters that we labeled as follows: Cluster 1. Global knowledge,
Cluster 2. Anxiety, Cluster 3. Symptoms, Cluster 4. Coping. Figure
2 reveals the distribution of the relative presence of the three
relevant clusters for this study: ‘Global Knowledge’, ‘Anxiety’, and
‘Coping’. These labels are assigned considering the words with the
highest chi-square values in each cluster.

Further visualization of the corpus analysis includes:

Co-occurrence matrix. A co-occurrence matrix between the key-
words (bi-grams) out of the corpus with a minimum.

frequency of four (N=165) was generated to visualize a
potential thematic clustering (see Fig. 3). Figure 3 shows the co-
occurrence matrix of the most frequent keywords (bi-grams) in
the verbatim data. Clusters of co-occurring words are a first
indication of potential emergent themes'.

3D modeling of the proximity between clusters. Discriminant
analysis of thematic clusters as a function of the observed study
variables®

Next, we performed a discriminant function analysis for each
week’s data to determine if the aggregate levels of fear, social
media usage, self-knowledge about COVID-19, and perceived
threat, discriminated between the clusters obtained from the
verbatim data and assigned to each participant as a categorical-
group variable (as the dominant theme of his or her self-reported
text). The results revealed that the most significant results for the
discriminant function of the predictors were observed in weeks 6,
7, and 8 (Fig. 4). During this period, all covariates contributed
significantly to discriminating between the four clusters (see Table
S1, Supplementary Information for more details). This can be
interpreted as indicating that, in the above-mentioned weeks, the
thematic clusters were associated with different combinations of
the four relevant variables: fear, social media usage, self-knowl-
edge, and threat.

Sentiment analysis. LIWC (linguistic inquiry and word count) is
a specialized software for studying language use and its associa-
tion with the psychological, cognitive, and emotional states of the
text producer. In classifying and analyzing the corpus using
LIWC (Pennebaker et al.,, 2007), it is possible to calculate the
extent to which various ‘categories’ of word are present in the
corpus. The LIWC program encompasses a main text analysis
module along with a group of built-in dictionaries that allow for
the quick classification of a corpus. For example, we might dis-
cover that 5.67% of the words in a given body of text are about
family and 3.38% are about sadness. The LIWC output lists all
LIWC categories and shows how much each category has featured
in a given text. Dictionaries are central in the LIWC software
because a dictionary refers to the collection of words that define a
particular category. The dictionaries in LIWC2015 have gone
through a long period of testing, resulting in the current version
(Pennebaker et al., 2007). Most relevant for our concerns, the 80
language categories in LIWC have been linked in a large body of
studies to significant psychological processes. LIWC categories
span sentiment but also other cognitive categories such as space,
time, modes of cognitive processing, and social domain.

According to the VCC model, the ability to keep working
toward a goal in the face of difficulties can be enhanced by online
interactions. This makes social networking a significant outlet for
resilience, buttressed by the presence of positive feedback and
commonly shared values held by other users. This assumption
can be tested by tracing the valence (the positive and negative
dimensions) of words appearing in each week’s responses. The
percentage of words associated with risk was, across the study,
highest, followed by words about social ties (family, friends, and
social connections). The results showed a cyclic pattern with a
clear turning point in week 5, which demonstrated a peak in the
use of words related to cognitive processing and a decrease in
words loaded with negative emotions (see Fig. 5). Moreover, the
progressive increase of positively-valenced words coincided with
a decrease in the use of words related to risk.

Opverall, the decrease in the use of emotionally loaded words
denotes the presence of a shift in the network’s shared knowledge
and collective narrative. The initial narrative, mainly marked by
emotional content, reflects the absence of adjustive counter-
responses to the threat, of the kind we might expect to be
provided by the stress-buffering of social support effects.
However, the increase of cognitive words in the new narrative,
taking effect from week five, reflects the presence of a newly
effective appraisal process according to the same model.
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Fig. 6 Entropy evolution. Normed entropy based on the cluster
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Entropy analysis. The measure of corpus diversity is a key
information that may reflect the underlying mindset of a collective
verbatim content and how it can evolves over time (Shaikh et al.,
2017; Feldman et al., 2018; Marzouki et al., 2020). In this regard,
we have calculated entropy as a metric of information uncertainty
that also reflects social diversity (Shannon and Weaver, 1975). We
have computed the entropy index based on the simple social
entropy algorithm advocated by Balch (2000). Indeed, we assumed
that each word emanated from an agent (i.e., social network user),
and that each word belongs to a category (i.e., semantic cluster)
based on the cluster membership probability value. Figure 6 shows
the normed entropy (minimum value is 0 and the maximum is 1)
as a function of weeks. When the entropy is at its maximum value,
the content is likely to fall into different dimensions. When the
entropy is minimized, the content is likely to fall into one possible
dimension. The results showed for the first 5 weeks a normed
entropy average equal to 0.85 and an average of 0.94 for the
remaining 4 weeks with a trend tending towards its asymptote.
Thus, in the presence of a high incidence of loaded words asso-
ciated with negative emotions, the corpus tends to be more
coherent and indicative of some sort of consensus between users.
However, the shift started with the sharp occurrence of words
related to cognitive processes, which are more likely to trigger
diversity according to this entropy analysis.

Discussion

This paper provides an understanding of the buffering role played
by social media use as individuals and communities coped (and
continue to cope) with the COVID-19 pandemic. To this end, we

have collected data through an online cross-sectional survey to
analyze the structural relationship between social media usage
and several aspects of coping with the pandemic.

Triangulation via four main results stemming from different
analysis techniques showcases a compelling empirical case for the
granular functional role of social media use, a role that remains
highly flexible and dynamic. The trade-off between self-
knowledge and threat perception is systematically impacted by
social media use. This trade-off effect is also evidenced by the way
the evolution curves of the ‘coping’ and ‘anxiety’ semantic clusters
mirror each other closely.

Sentiment analysis supports the same claim when two com-
peting dimensions, the emotional component and the cognitive
one, are measured; when the latter rises. the former falls. Again,
the findings pinpoint the period around week 4 and 5 as a clear
turning point, a transitional state of the users’ self-perceived
knowledge.

In other words, the perception by many social agents of a
particular reality in a particular period leans towards a consensus
(i.e., less diversity) when they are exposed to a negatively loaded
event (in this case, a pandemic). The briefly formed virtual col-
lective consciousness, as shown in the tentative model presented
in Fig. 7, feeds back individual perceptions with expectations,
leading to the consolidation of fear and anxiety as a major
response. However, a cognitive appraisal of this emotion can also
be posited and is mirrored by the presence of coping mechanisms
through social norms, rules of thumb, heuristics, etc. (see Cial-
dini, 2009). These ultimately act to reduce the original fear:
educated opinions are exchanged and individuals adapt purpo-
sefully to shared online content, thus fighting the contagion of
fear even as they face the unknown.

The discrepancy between self-perceived knowledge and actual
knowledge of COVID-19 has been the subject of a recent scien-
tific investigation (Granderath et al., 2020). The findings indicate
that individuals who felt more threatened by COVID-19 were
more likely to seek information about it. The results also reveal a
positive, if complex, correlation between the volume of media
encountered and knowledge: as individuals encounter a higher
volume of media, their self-perceived knowledge increases but not
their actual knowledge. Our findings extend these results to the
case of social media.

In line with the uncertainty reduction theory (Berger, 1986), the
pandemic has generated a considerable amount of uncertainty that
has triggered a widespread information-seeking process (Burke
et al,, 2010). Information has been sought largely through social
media networks, which have served as the primary media outlet for
most individuals during lockdown periods. Information-seeking
tends to progressively reduce uncertainty, as converging ideas and
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Fig. 7 The VCC dynamic model. A tentative model to account for the dynamics of users’ knowledge via the interaction with the cybernetwork and the

perceived virtual collective consciousness when facing a significant stressor.

feelings towards the source of the threat are perceived within the
user’s network. The semantic ambiguity presented in Fig. 7 mat-
ches the initial stance of uncertainty, which is increased by a lack of
consensus among users. The cognitive appraisal of the threat (i.e.,
the pandemic) following information seeking involves a number of
mechanism such as social rules, rule of thumbs, positive vs.
negative heuristics, and prioritizing that once shared by different
users will help reduce the divergence and promotes consensus.

In the vein of Marzouki et al. (2020), we interpret decreasing
entropy as an indicator of collectively shared reactions, opinions,
and attitudes towards COVID-19 (these converging responses are
referred to as a consensus in Fig. 7). The results of the entropy
analysis revealed a clear increase over time in lexical diversity,
aligned with an increase of words semantically related to cogni-
tive processes. Indeed, the users’ convergence in expressing their
perception through negative words was particularly salient in the
first period and ultimately led to a collective coherent perception
based on shared knowledge revolving around negative thoughts
towards the pandemic. The shift after five weeks, as shown by the
results, denotes the clear emergence of a reappraisal of the
negative situation through social support originating from social
media platforms. According to the model proposed by Cohen and
Willis (1985), which emphasizes the stress-buffering of social
support effects, this shift can be interpreted as a “collective
adjustive counter-response”.

Limitations

Two limitations of our study that can be mentioned are the fact
that we do not have a probabilistic sample, and the fact that the
exact estimation of the incidence of the indicators is not deter-
mined. Instead, this study explores the structural relationship
between these constructs, which were directly drawn from the
Looming Vulnerability Model. By design, moreover, we did not
choose to collect socio-demographic variables such as education
level, gender, digital literacy, and socio-economic status, which
could be relevant as covariates in the SEM models. This choice
purposefully aimed to keep the data collection with a very small
cognitive load footprint for the participants who completed the
questionnaire during the lockdown phase.

8

Recommendations

According to a UNICEF statement (Fore, 2020) published on 9
April 2020, 82 countries applied lockdown measures, including
7% with a full and 53% with a partial form of lockdown, in a
period where the number of COVID-19 cases worldwide was
nearly 2 million. As of 24 December 2020, the worldwide number
of confirmed cases is surpassing 79 million across 188 countries,
according to the COVID-19 dashboard® created by Johns Hop-
kins University’s Whiting School of Engineering. Kissler et al.
(2020) have projected the epidemic dynamics of COVID-19 over
the next five years, and their deterministic modeling approach
reveals that an acute resurgence in COVID-19 is more likely to
happen in the absence of interventions. However the virus
develops, prolonged or intermittent lockdowns will probably
remain necessary, given the likelihood of heavy pressure on
health care systems, particularly during concomitant seasonal
peaks of other diseases, mainly influenza.

A recent commentary by Habersaat et al. (2020) proposed
ten considerations to manage the COVID-19 crisis, which
included recommendations for fostering resilience in com-
munities. Given the extent of lockdown measures, online
communities are the spaces where such forms of resilience may
emerge and take hold. Indeed, from a psychological perspec-
tive, our study reveals that social media use plays the crucial
role of a buffer, insofar as it manages and mitigates the forms
of anxiety experienced by our respondents during the pan-
demic. Therefore, social media should play a pivotal role in all
projected scenarios. As we plan for future, successive phases of
lockdown and seek to mitigate their negative psychological
effects, we should boldly harness social media’s capacities of
promoting resilience and facilitating coping strategies.

Since the widespread adoption of social networking, new and
rapidly changing modes of communication are part of the lives of
humans across the world. Online social networks are now essential
tools to build and raise awareness about many social issues. Exis-
tential risks, such as the COVID-19 pandemic, are assumed to be
unprecedented situations that require specific types of psychological
responses. The merit of this study is to shed light on how these
responses can be facilitated and improved through the use of social
media. Moreover, the current findings will eventually pave the way
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for further research and policies, as we acquire a better under-
standing of how to confront similar risks and threats in the future. A
few key elements of prevention and intervention can be highlighted
as guidelines for public health communication strategies:

1. Reduce uncertainty about the threat, and allow people to
reframe their uncertainty in a positive way, by promoting
constantly trustworthy sources of information.

2. Heed the importance of a cyclic pattern inherent to human
emotional reactions in order to adjust the content of shared
online material and to speed up the establishment of
collective resilience.

3. Use online platforms to cement and embrace social norms
that emphasize the promotion of protective behaviors.

4. Boost the buffering effect of social media by guiding users
to socialize online in an effective and organized way during
lockdown phases, through scheduling daily social online
activities with family, friends, colleagues, and broader social
actors.

Areas for future research, stemming from this study, include the
question of how social media use has mediating or interacting effects
with other independent variables that determine how individuals
cope with threats. This study could also be complemented by a
comparative approach, which would address how differences
between social networking platforms (Facebook, YouTube, and
Twitter, for example) may help us to understand the subtleties of the
structural relationship between threats and resilience. Finally, col-
lective resilience processes are not exempt from cultural impacts (see
Neher and Miola, 2016). Breaking down our analysis by geo-
graphical areas, therefore, could be highly informative as we seek to
understand how online collective coping strategies are mediated.

Data availability

The datasets generated during and/or analyzed during this study
are available in an Open Science Framework repository directory.
Links to datasets are as follows: The raw data: https://mfr.de-1.osf.
io/render?url=https://osf.io/saz92/?direct%26mode=render%
26action=download%26mode=render. The merged data with
clusters’ variables: https://mfr.de-1.0sf.io/render?url=https://osf.
io/bw4r3/?direct%26mode=render%26action=download%
26mode=render. Raw data for text corpus analysis: https://mfr.
de-1.osf.io/render?url=https://osf.io/8auvx/?direct%
26mode=render%26action=download%26mode=render.
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Notes

The link to an HTML animated version of Fig. 3 can be downloaded via the following
link https://mfr.de-1.0sf.io/render?url=https://osf.io/yc9te/?direct%26mode=render%
26action=download%26mode=render.

The following link represents a 3D animated video of a dynamic graph of the clusters
in the space detected by the correspondence analysis: https://www.youtube.com/
watch?v=jAGw1X6sJPU. It is a visualization of thematic clusters and their
relationships using a 3D moving animation.

The link to the Dashboard: https://www.arcgis.com/apps/opsdashboard/index.html#/
bda7594740fd40299423467b48e9ecf6.
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