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Abstract
Building on the health belief model (HBM), this research tests, over six months, how the exposure to COVID-related information
in the media affects fear, which in turn conditions beliefs about the severity of the virus, susceptibility of getting the virus, and
benefits of safety measures. These health beliefs ultimately lead to social distancing and panic buying. As a first contribution, we
find that fear is not directly triggered by the objective severity of a crisis, but rather formed over time by the way individuals are
exposed to media. Second, we show that fear affects behaviors through the components of the HBM which relate to the risks/
benefits of a situation. Last, we find that critical thinking about media content amplifies the “adaptive” responses of our model
(e.g., health beliefs, social distancing) and reduces its “maladaptive” responses (e.g., panic buying). Interestingly, we note that the
beneficial effect of critical thinking about media content disappears as the level of fear increases over time. The implications of
these findings for policymakers, media companies, and theory are further discussed.

Keywords Crisis severity . Media exposure . Critical thinking about media content . Fear appeals . Social distancing . Panic
buying . Health belief model . Public policy .Mixed linear model . Longitudinal analyses

As of March 2022, COVID-19 resulted in more than six million
deaths worldwide (WorldHealthOrganization, 2022). The ripple
effect of the pandemic has been colossal. For instance, unem-
ployment rates soared in April 2020 at 14.7%, the highest in the
USA since the late 1940s (Bureau of Labor Statistics, 2020).
Similarly, unemployment rates in Canada peaked to 13.7% in
May 2020 (Statistics Canada, 2021). In addition to these eco-
nomic outcomes, there were significant unquantifiable human
consequences related to this crisis. Even though lockdowns can
help curb the spread of the virus, research notes their detrimental

effects on individuals’ anxiety and mental health (Pew Research
Center, 2020). Although the situation has improved in the last
years, people are now learning to live with the omnipresence of
COVID. Despite the vaccines, this virus is unlikely to disappear
as new variants (e.g., Omicron) keep emerging (CDC, 2022; Das
et al., 2021). Living with COVID will likely become the “new
normal”with seasonal propagation waves that will require cycli-
cal preventive measures. Given the constant evolution of the
virus, the effectiveness of vaccines could greatly vary, and the
implementation of physical preventive measures (e.g., social

Brent McFerren served as Article Editor for this article.

* Marie Louise Radanielina Hita
marie-louise.radanielina-hita@hec.ca

Yany Grégoire
yany.gregoire@hec.ca

Bruno Lussier
bruno.lussier@hec.ca

Simon Boissonneault
simon.boissonneault@hec.ca

Christian Vandenberghe
christian.vandenberghe@hec.ca

Sylvain Sénécal
sylvain.senecal@hec.ca

1 HEC Montréal RBC Groupe Financier, 3000 Chemin de la
Côte-Sainte-Catherine, Montréal, QC H3T 2A7, Canada

2 HEC Montréal, 3000 Chemin de la Côte-Sainte-Catherine,
Montréal, QC H3T 2A7, Canada

https://doi.org/10.1007/s11747-022-00865-8

/ Published online: 16 May 2022

Journal of the Academy of Marketing Science (2023) 51:132–152

1 3

http://crossmark.crossref.org/dialog/?doi=10.1007/s11747-022-00865-8&domain=pdf
http://orcid.org/0000-0001-6939-4798
mailto:marie-louise.radanielina-hita@hec.ca


distancing, hand washing, and mask wearing) will remain rele-
vant in years to come.

Policymakers have an important role to play in managing
the consequences of the new COVID variants or the next pan-
demic (Das et al., 2021).We argue that policymakers would be
in a better position to manage the next waves if they have a
deeper understanding of the processes that lead individuals to
adopt adaptive (e.g., social distancing) or maladaptive (e.g.,
panic buying) behaviors. We focus on the prediction of social
distancing and panic buying because of their importance for
policymakers at the beginning of a pandemic or a new variant
(see Table 1 for the definitions of our core italicized concepts).
At its outbreak, social distancing is among the most effective
measures to curb a virus’s propagation and to reduce the num-
ber of deaths and hospitalizations (e.g., Matrajt & Leung,
2020). Then, for effective management of a pandemic, policy-
makers need to ensure that people stay calm and do not suc-
cumb to any form of panic. In this research, we pay special
attention to panic buying given its implications for consumers
and retailers (e.g., Islam et al., 2021).

To predict our two core behaviors, we propose a frame-
work (Fig. 1) that combines the health belief model (HBM;
Keller & Lehmann, 2008) with elements from marketing-
related literatures, such as crisis in marketing (e.g.,
Khamitov et al., 2020) and health communication (e.g.,
Austin et al., 2015; Pinkleton et al., 2010; Radanielina Hita
et al., 2018). We anchor our framework by starting with the
HBM, which has been widely used in prevention and medical
contexts (e.g., Chin & Mansori, 2019; Keller & Lehmann,
2008). The HBM predicts that people are more likely to adopt
healthy behaviors when they develop appropriate beliefs re-
lated to the susceptibility of getting a disease, severity of get-
ting a disease, and benefits of a preventive measure (Table 1).
Despite the popularity of the HBM to predict behaviors in a
private health context (e.g., cancer prevention), it has rarely
been applied to an ongoing public health crisis. In this re-
search, we extend the HBM by adding three crucial compo-
nents. To the best of our knowledge, these variables have
never been combined with the HBM, and these additions are
necessary given the particularities of the pandemic.

Table 1 Model’s constructs overview

Construct Definition Type of
Data

Level of
Measure1

Severity of the Covid Crisis The loss in terms of human lives and the efforts required by the population to face the crisis.
Accordingly, the severity of the COVID crisis is measured by referring to four indicators:
the number of deaths, hospitalizations, confinement orders, and deconfinement orders
(e.g., Das et al., 2021; Laufer et al., 2005).

Objective 1

Propagation Wave The oscillating pattern occurring over time (top, decreasing, bottom, increasing, etc.)
showing the spread of the virus and its severity in a population (World Health
Organization, 2021).

Objective 1

Media Exposure The extent to which viewers have encountered and engaged with messages about COVID in
all types of media (traditional and online). The current research relies on self-reported
measures in which consumers assess the extent to which they watched, read, or shared
COVID-related information (de Vreese & Neijens, 2016).

Perceptual 1

Fear of COVID An intense and unpleasant emotion that is triggered by the anticipation of getting infected by
the virus (Ruiter et al., 2014).

Perceptual 1

Severity of Getting COVID
(HBM component)

An individual belief about the medical and social seriousness of contracting the virus for
oneself and others (Birmingham et al., 2015; Fall et al., 2018).

Perceptual 1

Benefits of Social Distance
(HBM component)

An individual belief about the advantages of engaging in social distancing to reduce the
threat of the virus for oneself and others (Birmingham et al., 2015; Fall et al., 2018).

Perceptual 1

Susceptibility of Getting
COVID (HBM component)

An individual belief about the likelihood of getting infected by the virus (Birmingham et al.,
2015; Fall et al., 2018).

Perceptual 1

Social Distancing At the individual-level, this behavior includes measures such as physical distancing with any
unrelated individual as well as avoiding crowded places, or any public places (Greer,
2013).

Perceptual 1

Panic Buying Impulsive buying behavior that leads consumers to stockpile food and non-food items in
times of uncertainty in order to face a potential threat (Islam et al., 2021; Omar et al.,
2021).

Perceptual 1

Critical Thinking about Media
Content

An individual, inquiry-based competence that captures an audience’s ability to analytically
assess the information from the media before accepting it as believable (Austin et al.,
2013; Radanielina Hita et al., 2018).

Perceptual 2

Job Insecurity (control) The extent to which individuals perceive they could lose their job (De Cuyper et al., 2014). Perceptual 1

Age (control) Age of participant (in years). Objective 2

Gender (control) Gender of participant (male, female, other). Objective 2

1 Level 1 variables are repeatedly measured over time, whereas level 2 variables represent individual differences that are measured at baseline
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First, the severity of a pandemic keeps changing according
to its different propagation waves and their levels (e.g., top,
decreasing, bottom).We incorporate this key notion because it
affects the measures put in place by policymakers and the
attention given by media (Das et al., 2021). Second, people’s
responses to a pandemic are largely explained by their expo-
sure to mass media content and their ability to critically assess
such content. As a result, we add to the HBM two key vari-
ables from the communication literature: media exposure
(e.g., de Vreese & Neijens, 2016) and critical thinking about
media content (e.g., Austin et al., 2015; Pinkleton et al., 2010;
Radanielina Hita et al., 2018). Third, pandemics are charac-
terized by a high level of fear of the virus (Peters et al., 2013);
in our model, this emotion activates the HBM,which ultimate-
ly leads to our core behaviors. Building on the above, our core
contribution is to propose a unique theoretical assemblage that
is specifically designed for a global health crisis. Importantly,
this framework is tested with six surveys, collected over six
months (May to October 2020), with a homogenous popula-
tion (Quebec, Canada). We explain our framework by divid-
ing it into three distinct parts, which correspond to three spe-
cific contributions for theory and policymakers.

As a first contribution, we focus on the role of mass media in
transmitting governments’ information about crisis severity and
in creating a sense of fear (Campbell et al., 2020; Olagoke et al.,
2020). Although governments have accurate information about
the severity and propagation of a pandemic, such an informa-
tion is not necessarily the direct cause leading to fear. We rather
argue that people’s fear is mainly conditioned by their exposure

to media (traditional and online) and the COVID-related infor-
mation obtained through this exposure. Here, we posit that
media exposure mediates over time the effect of crisis severity
on fear of COVID; this sequence corresponds to the longitudi-
nal process “crisis severity/propagation wave → media expo-
sure → fear.” Since the HBM has rarely been applied to a
global health crisis, this sequence adds two key components
(i.e., crisis severity and media exposure) that have been
under-researched in the HBM literature.

As a second contribution, we explain the fear-based pro-
cesses that lead to our two behaviors. We argue that fear of
COVID is the emotional drive that conditions both adaptive
and maladaptive behaviors through its specific effects on
health beliefs (Earl & Albarracín, 2007; Meadows, 2020); this
logic is reflected in the longitudinal processes “fear→ compo-
nents of the HBM → social distancing, panic buying.”
Although fear is an important consideration to account for in
a pandemic, there is surprisingly little HBM research on the
matter. For instance, the meta-analyses and reviews on the
HBM do not consider fear as a potential driver (e.g., Jones
et al., 2014; Sulat et al., 2018). We address this gap by propos-
ing two different processes depending on the behaviors. For
social distancing, all three beliefs—reflecting both the threat of
the virus (i.e., severity and susceptibility) and the benefits of
the measure—should play a mediating role. For panic buying,
only the beliefs associated with the threat of COVID should
play a mediating role in the sequence of interest.

After integrating media exposure and fear into the HBM,
our third contribution refers to the evaluation of media

Media 

Exposure2

Practice

of Social

Distancing

Panic Buying

Notes:
1The construct “crisis severity”, measured as level of propagation wave (in the square) is a repeated variables (level 1) estimated with four objective proxies.
2The constructs in the black circles are perceptual variables, which are repeatedly measured through six periods (level 1).
3The construct “critical thinking about media content” in the grey circle is a perceptual trait variable measured at time 1 (level 2).

• Control variables: job insecurity (level 1), age (level 2) gender (level 2).
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(taken at time 1 in May 2020)

Fig. 1 Conceptual framework
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content. It is not sufficient to account for mere “media expo-
sure” to add a strong “media and communication” component
to the HBM; we also need to account for people’s ability to
critically assess media content (Austin et al., 2006, 2015;
Pinkleton et al., 2010). Different media have different views
on the pandemic, and individuals need to distinguish between
false and truthful information. Accordingly, we examine the
beneficial effects that critical thinking about media content
may have on our model. In terms of main effects, we argue
that critical thinking should amplify adaptive responses (e.g.,
social distancing), and mitigate maladaptive ones (i.e., panic
buying). Importantly, we argue that critical thinking moderates
the paths involving the notion of fear (i.e., “media exposure→
fear” and “fear→ HBM components”). The amplifying effect
of critical thinking is expected to decrease as the levels of
media exposure or fear increase. Understanding the beneficial
effect of critical thinking is important for policymakers and
media companies because this skill can be taught and learned.

Research background

Two behaviors of interest for policymakers

In this section, we justify the selection of our two behaviors
and present the HBM.When a pandemic erupts, policymakers
are primarily concerned about 1) slowing down the virus and
2) ensuring that individuals do not get overwhelmed by panic.
Accordingly, we focus on predicting two key outcomes: social
distancing and panic behavior.

When no vaccine is available, social distancing is the most
effectivemeasure to slow down the propagation of the virus; it is
the most adapted initial response for societies and individuals
(Das et al., 2021; Greer, 2013). The concept of social distancing
comprises a set of simple precautionary measures that share the
common goal of limiting community transmission of a virus
(World Health Organization, 2021). At a societal level, policy-
makers can implement measures such as quarantines, travel lim-
itations, and workplace closures. In this research, our focus is on
the individual level, which includes measures such as physical
distancing with any unrelated individual as well as avoiding
public places (Greer, 2013). Other forms of physical measures
include hand washing andmask wearing, and all these measures
aim to create a distance or barriers between people and the virus
(World Health Organization, 2021).

It should be noted that vaccination is often viewed as the
preventive measure of choice to counter a pandemic (World
Health Organization, 2021). Unfortunately, the development
of vaccines can take months before being available, and their
effectiveness may decrease over time, as new variants emerge
(Centers for Disease Control and Prevention, 2022).
Accordingly, some form of social distancing and other

physical preventive measures keep their relevance over time,
and they almost always accompany vaccination efforts.

Along with social distancing, policymakers are also con-
cerned that people do not succumb to panic. Here, panic buy-
ing is one of the most observable movements of collective
fear, and this behavior reflects well a population’s state of
mind (Ahmadi et al., 2021; Omar et al., 2021). Policymakers
hope that people will not fall into such a trap, and that theywill
keep trusting governments. Consistent with recent marketing
research, panic buying is described as a specific form of
stockpiling of food and non-food items, which is driven by
impulsiveness and insecurity about the future (Ahmadi et al.,
2021; Herjanto et al., 2021; Omar et al., 2021). In line with
this literature, we define panic buying as an impulsive buying
behavior that leads consumers to stockpile food and non-food
items in times of uncertainty to face a potential threat. Because
panic buying threatened retailers’ operations in times of crisis,
it is viewed as a maladaptive response (Ahmadi et al., 2021).

The health belief model

The HBM is the cornerstone of our research, and we posit that
its core components can predict our two behaviors of interest.
Substantial empirical evidence has supported the predictive abil-
ity of the HBM for a variety of preventive and medical behav-
iors, such as cancer screening or the adoption of a medical
treatment (see Chin & Mansori, 2019; Jones et al., 2014; Sulat
et al., 2018 for reviews). Although the HBM is typically used to
predict health interventions for specific targets in a private con-
text (e.g., the elderly, youth), we argue that it can also be em-
ployed in the context of a public and ongoing global pandemic.

Three beliefs of the HBM are relevant for the prediction of
our two behaviors (Birmingham et al., 2015; Fall et al., 2018).
Specifically, (1) susceptibility of getting COVID represents an
individual belief about the likelihood of getting infected by the
virus; (2) severity of getting COVID is defined as a belief about
the medical and social seriousness of contracting the virus for
oneself and others; and (3) benefits of social distancing reflect an
individual belief about the advantages of engaging in social dis-
tancing to reduce the threat of the virus for oneself and others.
The combination of susceptibility and severity forms the “costs”
that people try to minimize by accounting for the “benefits” of a
measure (Glanz et al., 2008). At its core, the HBM includes
divergent considerations (i.e., threats/costs vs. opportunities/ben-
efits) that individuals try toweighwhenmaking health decisions.

Our research is not simply a replication of the HBM with
new behaviors, in a new context. We add to the HBM new
conceptual elements to capture the particularities of the cur-
rent pandemic (Fig. 1), which is characterized by high levels
of severity, media influence, and fear. This research proposes
a new theoretical assemblage that captures the fear-based pro-
cess leading to social distancing and panic buying in the con-
text of a heavily mediatized pandemic. Thus, we incorporate

135Journal of the Academy of Marketing Science  (2023) 51:132–152

1 3



into the HBM new conceptual aspects that relate to the sever-
ity of a crisis (e.g., Khamitov et al., 2020), media involvement
(e.g., Austin et al., 2015; Radanielina Hita et al., 2018), and
the role of fear (e.g., Meadows, 2020). The linkage between
these variables and the HBM are explained in detail when we
formulate our hypotheses in the next section.

Our framework is developed in a longitudinal manner
(Bauer et al., 2006; Singer & Willett, 2003) by using a mix
of repeated variables (level 1) and trait variables measured at
baseline (level 2; see Table 1). Our multi-level framework has
implication for theory development. Indeed, our initial hy-
potheses propose longitudinal, within-individual processes
(in contrast with cross-sectional, between-individuals process-
es) through which predictors, mediators, and outcomes travel
together over time, as we see next. Such a longitudinal ap-
proach is recommended to better understand individual re-
sponses to crises (Khamitov et al., 2020), and to establish
causal inferences in the HBM literature (Sulat et al., 2018).

Development of hypotheses

The process “crisis severity/propagation wave → media
exposure → fear of COVID”

Crisis severityConsistent with recent research on crises and
pandemics (Campbell et al., 2020; Islam et al., 2021), the
variable “severity” is our logical starting point. The sever-
ity of a pandemic is the triggering variable that conditions
“macro” considerations (e.g., economic contraction, un-
certainty, scarcity), which then influence marketers’ and
policymakers’ decisions (Das et al., 2021). For instance,
governments were much more active in managing COVID
compared to SARS-1 (2002–2003), which was less costly
and deadly. Being one of the most studied variables in the
crisis literature (Khamitov et al., 2020), severity is one of
the first factors considered by all actors (policymakers,
marketers, consumers) before taking actions.

We define the severity of the COVID crisis as the loss in
terms of human lives and the efforts required by the popula-
tion to face the crisis (Khamitov et al., 2020; Laufer et al.,
2005). Here, the severity of the COVID crisis is estimated
by referring to four indicators, or proxies. The number of
deaths captures the “loss” dimension of severity (Das et al.,
2021; Islam et al., 2021). The “effort” dimension is assessed
by three other proxies: the number of hospitalizations, con-
finement orders, and deconfinement orders. The hospitaliza-
tions capture the pressure of a pandemic on the healthcare
system. In turn, the order of confinement (vs. deconfinement)
represents temporary policies requesting people to decrease
(vs. allowing people to increase) their contacts with others.
Such orders include the closure of schools, retailers, and
workplaces.

By referring to these proxies, we determine the level of
severity for eachmonth of interest. To capture the longitudinal
aspect of crisis severity, we refer to the notion of propagation
wave, defined as the oscillating pattern (top, decreasing, bot-
tom, increasing, and so forth) showing the spread and severity
of a virus over time. Pandemics are characterized by a series of
waves, and this notion is widely used to qualify the severity of
a pandemic (World Health Organization, 2021). People are
particularly restricted at the top of a wave and much less
constrained at the bottom of it (see Table 2 for our assessment
per month).

The role of media exposure Governments possess accurate in-
formation about the severity of a pandemic. However, they are
not well equipped to quickly bring this information to the popu-
lation; mass media typically plays this crucial role. In marketing,
crises typically affect only specific customers that a firm can
contact by using personal information. Because of the localized
nature of most crises in marketing, prior research did not see the
necessity of integrating the role of mass media (Cleeren et al.,
2017; Khamitov et al., 2020). This situation is different for a
global pandemic in which policymakers rely on mass media to
alert and update the population. We address this issue by exam-
ining the effects of crisis severity on media exposure.

We define media exposure as the extent to which viewers
have encountered and engaged with messages about COVID in
all types of media (de Vreese & Neijens, 2016; Slater, 2004).
There are different ways to measure media exposure by using
aggregated archival data or individual perceptions. Given the
purpose of our research, we rely on self-reported measures in
which consumers assess the extent to which they watched, read,
and shared COVID-related information (de Vreese & Neijens,
2016; Slater, 2004); using perceptual, panel data is a common
way to test longitudinal processes (Bauer et al., 2006). Although
such perceptions have limitations,1 they are regularly used in
communication; about 94% of communication research used
self-reported measures of media exposure (de Vreese &
Neijens, 2016). Given the centrality of media exposure in our
model, we elaborate on three of its core attributes.

First, we use a generic measure of media exposure that
includes exposure to all types of media: traditional, online,
or social. Given the convergence of media on different plat-
forms (traditional or online), consumers now use a blend of
media to get information. In this context, it can be challenging
to dissociate the influence of different media source when
measuring exposure (Ohme et al., 2016). Second, we directly
ask the participants to remember and report their active expo-
sure to different media (de Vreese & Neijens, 2016).

1 Consumers’ perception of their own media exposure may not reflect their
actual exposure. To address this limitation, we collected objective media var-
iables (i.e., COVID press coverage and Twitter reactions) over the same peri-
od, which will be compared to perceptual media exposure in the results
section.
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Accordingly, the current research does not account for
involuntary exposure to information and unconscious pro-
cesses. We rather measure consumers’ perception of their
willful exposure to COVID-related information and their
level of engagement with this information (i.e., sharing
it). Third, our measure of media exposure does not reflect
the evaluation that consumers make about media content.
This evaluative part is discussed later when we introduce
critical thinking (H4-H6).

H1 Governments critically need the support of mass media
to make their populations aware of and careful about the pan-
demic. The current research pays special attention to the no-
tion of fear, which has been prevalent in the current pandemic.
Here, fear of COVID refers to an intense and unpleasant emo-
tion that is triggered by the anticipation of getting infected by
the virus (Ruiter et al., 2014; Tannenbaum et al., 2015). In H1,
the level of propagation wave affects over time the extent to
which consumers expose themselves to media feeds about
COVID, which in turn generates fear. H1 argues that fear is
not directly created by the characteristics of a crisis (e.g., se-
verity, level of wave) as described by governments. It is rather
created over time by the way that individuals expose them-
selves to media and the content they have collected through
this exposure. Because of the deadly nature of the disease,
COVID-related information should create some fear
(Olagoke et al., 2020). For instance, Sacerdote et al. (2020)
reported that major media were overwhelmingly negative
when reporting on COVID even when the cases were declin-
ing. This situation made the population fearful even if the
initial wave was decreasing.

H1 The effect of propagation wave (i.e., crisis severity) on fear
of COVID is mediated over time by media exposure.
Specifically, H1 involves the longitudinal indirect effect:
level of propagation wave → media exposure → fear.

The process “fear of covid→ HBM components→ behaviors”

Understanding the longitudinal effects of fear of COVID is
important for policymakers. Fear creates an urge to reduce the
threat at the origin of the emotion (Campbell et al., 2020). This
urge, in turn, motivates the target audience to revise their
beliefs and behaviors to protect themselves from the threat
(Meadows, 2020; Tannenbaum et al., 2015). On the one hand,
this intense emotion can be functional in the context of a
pandemic when it leads to appropriate actions (e.g., social
distancing). On the other hand, it can also produce maladap-
tive responses (e.g., panic buying) if individuals do not have
the resources to correctly assess the threat. Although prior
research has highlighted the action-oriented nature of fear
(Campbell et al., 2020; Meadows, 2020), its longitudinal
mechanisms leading to behavioral responses, in the context
of a pandemic, still need to be documented.

The link between fear and health beliefs is surprisingly
under-researched (Ort & Fahr, 2018). Indeed, fear is absent
from meta-analyses and systematic reviews about the HBM
(Carpenter, 2010; Jones et al., 2014; Sulat et al., 2018). To fill
this gap, fear is viewed as the emotional drive that leads to the
formation of health beliefs, which in turns leads to our two
behaviors. As their level of fear increases, individuals become
highly motivated to appraise the pandemic, and to develop
appropriate health beliefs that correspond to their assessment
(Meadows, 2020; Tannenbaum et al., 2015). Based on these
explanations, we can reasonably expect that fear of COVID
will lead to the formation of the three health beliefs of interest.
Depending on the beliefs that are activated, individuals then
develop a propensity to engage in social distancing and/or
panic buying. We suggest two slightly different processes
depending on the behavior.

First, we argue for the longitudinal sequence: fear → se-
verity, susceptibility, and benefits → social distancing. This

Table 2 Key statistics about COVID-19 between March and October 2020 in Quebec

Before our
Study

PERIODS After our
Study

Period 1 Period 2 Period 3 Period 4 Period 5 Period 6

March April May June July August Sept. October

Number of deaths 82 2647 2441 459 86 60 97 441

Number of new
hospitalizations

706 3314 2358 637 296 240 705 1563

Number of orders for
confinement

13 7 1 0 3 5 8 13

Number of orders for
deconfinement

0 9 14 10 4 2 2 0

Crisis severity per period Moderate High High Moderate Weak Weak Moderate Moderate

Level of propagation
wave

Growth of
Wave 1

Top of
Wave #1

Top of
Wave #1

Decreasing
Wave #1

Bottom of
Wave #1

Bottom of
Wave #2

Growth of
Wave #2

Growth of
Wave #2

Source: Institut national de santé publique du Québec (https://www.inspq.qc.ca/covid-19/donnees)
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sequence highlights the role of all three HBM components in
predicting social distancing (Chin & Mansori, 2019; Sulat
et al., 2018; Tannenbaum et al., 2015). Fear on its own is
not sufficient to predict this prevention measure, and it needs
to go through all the beliefs related to its costs (i.e., severity
and susceptibility) and benefits. As long as consumers per-
ceive that COVID could have severe consequences for them,
that they are susceptible to getting the virus, and that the ben-
efits of social distancing are important, they should engage in
social distancing. Accordingly, the effect of fear on social
distancing should be mediated in parallel by all three HBM
components. Formally:

H2 The effect of fear of COVID on social distancing is medi-
ated over time by the three components of the HBM.
Specifically, H2 involves three parallel longitudinal indi-
rect effects:

– Fear of COVID → severity of getting COVID → social
distancing;

– Fear of COVID → susceptibility of getting COVID →
social distancing;

– Fear of COVID→ benefits of social distancing→ social
distancing.

Our other mediation effect links, in a longitudinal manner,
the variables: fear→ severity, susceptibility→ panic buying.
We argue that only two of the HBM components—those re-
lated to the costs of COVID—are relevant in explaining the
effect of fear on panic buying. If consumers perceive the virus
as causing severe consequences and if they feel susceptible to
getting it, they should engage in panic buying. Here, recent
research explains that panic buying is driven by negative mo-
tivations, such as urgency or insecurity about the future
(Ahmadi et al., 2021; Omar et al., 2021)—which seem related
to the beliefs about severity and susceptibility. For these rea-
sons, we expect that severity and susceptibility are relevant,
parallel mediators in explaining the sequence between fear
and panic buying. The belief about the benefits of social dis-
tancing refer to a different behavior; as a result, it does not
play a role in H3.2

H3 The effect of fear of COVID on panic buying is mediated
over time by the two components of the HBM.
Specifically, H3 involves two parallel longitudinal indirect
effects:

– Fear → severity of getting COVID → panic buying;

– Fear→ susceptibility of getting COVID→ panic buying.

The beneficial effects of critical thinking about media
content

So far, we account for the effect of media exposure and fear
without considering viewers’ ability at evaluating media con-
tent. Given that different media have different views on the
pandemic, our model also integrates individuals’ ability to
critically think about media content (Austin et al., 2006,
2015; Pinkleton et al., 2010; Radanielina Hita et al., 2018).
Policymakers are concerned about this issue; the effectiveness
of their policies relies on people’s ability to distinguish truth-
ful from false information.

Critical thinking about media content is an individual,
inquiry-based competence that captures viewers’ ability to
analytically assess the information heard in the media before
accepting it as believable (e.g.: Pinkleton et al., 2010;
Radanielina Hita et al., 2018). It is viewed as a core compo-
nent of the broader concept of media literacy (National
Association for Media Literacy Education (NAMLE),
2020).3 Critical viewers actively reflect on media content
and seek more information before developing their own opin-
ion. After being exposed to content of all types (traditional or
online), they think twice about the intent of the media and its
credibility. Critical thinking is viewed as an individual trait
(e.g.: Radanielina Hita et al., 2018), and it constitutes a level
2 variable in our model (see Table 1). This competence was
originally intended to increase youth’s understanding of per-
suasive commercials and to prevent risky behaviors on their
part. We are not aware of any research examining, in a longi-
tudinal manner, the effects of critical thinking to promote
health behaviors during an ongoing global pandemic.

A critical orientation operates by activating viewers’ logic-
based processing to help them resist persuasive appeals, which
could take advantage of people’s lack of understanding
(e.g.,Austin et al., 2006 ; Pinkleton et al., 2010 ; Radanielina
Hita et al., 2018). Extending this logic to our context, we argue
that critical thinking has different effects on the components of
our models depending on their nature as adaptive or maladap-
tive. On the one hand, we predict that critical thinking
amplifies all the adaptive responses of our models—such as
fear, the HBM components, and social distancing. Critical
thinkers can recognize the extreme danger associated with
COVID. As a result, they become fearful, develop appropriate
health beliefs, and engage more intensively in social distanc-
ing. On the other hand, critical thinking should decrease panic
buying because of its maladaptive nature. Individuals with a2 Our model also includes three additional longitudinal processes: “media

exposure → fear → HBM components.” Although we test for these indirect
effects, we do not present them in the theory section to avoid redundancies.
These effects rely on the same logic and main effects that we use to build H1-
H3.

3 Other dimensions of media literacy education include media skills, intercul-
tural dialogue, media participation, and civic engagement (National
Association for Media Literacy Education (NAMLE), 2020).
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strong critical orientation should recognize that this behavior
is somewhat unreasonable and unproductive (Ahmadi et al.,
2021; Herjanto et al., 2021).

H4 Critical thinking about media content (level 2 variable) has
positive effects over time on (a) fear of COVID, the three
HBM components, and on social distancing. In turn, (b) crit-
ical thinking has a negative effect on panic buying over time.

We also expect critical thinking to moderate the paths
involving fear. We focus on these paths because prior
research suggests that critical thinking could mitigate the
emotional route of the persuasion process (Austin et al.,
2006; Pinkleton et al., 2010; Radanielina Hita et al.,
2018). For the path “media exposure → fear,” we expect
that the amplifying effect of critical thinking (H4) will
decrease as the level of media exposure increases. On
the one hand, we should find the amplification effect of
critical thinking for individuals who were less exposed to
media and less informed about the crisis. In the context of
low media exposure, individuals who possess lower criti-
cal thinking could dismiss the danger of the crisis and feel
little fear. On the other hand, heavy users of media should
experience a higher level of fear regardless of their level
of critical thinking. The pandemic has been described as
dangerous in most media; well-informed consumers
should feel afraid irrespective of their critical thinking.

H5 Critical thinking about media content (level 2 variable)
interacts with media exposure to predict fear of COVID
over time. As the level of media exposure increases, the
amplifying effect of critical thinking is reduced.

We expect the same pattern of interaction for the three
paths “fear → three HBM components.” Again, we expect
that the amplifying effect of critical thinking mainly holds
at low levels of fear. In a situation of low fear, consumers
with low critical thinking may not understand the impor-
tance of developing appropriate health beliefs about the
pandemic (Austin et al., 2006; Pinkleton et al., 2010;
Radanielina Hita et al., 2018). However, as the fear in-
creases, all consumers develop appropriate health beliefs,
regardless of their level of critical thinking. Their high
level of fear becomes the main driver conditioning their
beliefs; critical thinking has little effect when consumers
feel vivid fear.

H6 Critical thinking about media content (level 2 variable)
interacts with fear of COVID to predict over time a) se-
verity of getting COVID, b) benefits of social distancing,
and c) susceptibility of getting COVID. As the level of
fear increases, the amplifying effect of critical thinking
on these health beliefs is reduced.

Method

Sample and study design

We conducted a longitudinal study over a six-month period in
Quebec, Canada. We collaborated with the firm Delvinia,
which operates an online panel called “Asking Canadians.”
The panel consists of about one million Canadians, with 22%
Quebecois. This panel matches the characteristics of the pop-
ulation on a set of relevant variables such as age, sex, lan-
guage, income, education, and regions (Statistics Canada,
2021). The data collection comprised six measurement pe-
riods. At the beginning of each month, from May to October
2020, participants were asked to think about the last month
and answer questions related to our variables.

For the first measurement period, Delvinia sent the link to
14,702 panelists, from whom the firm obtained 2333 first clicks,
for an initial response rate of 15.87%. We excluded incomplete
questionnaires and participants who missed the attention checks.
In addition, Delvinia used an in-house procedure to eliminate
“straightliners” and “racers” (about 5%). After eliminating these
participants, the baseline data included 881 complete question-
naires, for a final response rate of 5.99%. Although lower, this
level of response4 appears reasonable compared to recent re-
sponse rates (10%–15%) (Chen, 2021; Wielgos et al., 2021).

After time 1, we obtained the following numbers of partici-
pants (and response rates): 631 (71.6%), 378 (59.9%), 190
(50.3%), 123 (64.7%), and 84 (68.3%) for times 2–6, respectively.
In prior work using repeated surveys (e.g., Bolander et al., 2017;
Palmatier et al., 2007), the response and attrition rates varied
greatly according to different factors, such as the type of partici-
pants (consumers vs. employees), the intervals between surveys
(ranging from two weeks to a year), and the number of measure-
ment periods (ranging from three to 24). Among the reviewed
articles, the response rate across periods tended to vary between
55% (Palmatier et al., 2007) and 80% (Grégoire et al., 2018).
After balancing these considerations and the costs of collecting
data, we consider that our response rates across periods are gen-
erally satisfactory. Research firms, such as Delvinia, typically aim
for an average response rate of 60% (50% being the lowest ac-
ceptable threshold). Accordingly, the response rates appear high
for times 2 and 6 (71.6% and 68.3%), satisfactory for times 3 and
5 (59.9% and 64.7%) and acceptable for time 4 (50.3%).

In our sample, 49.5% were female; the mean age was
48 years (SD = 11.23); and 76.7% were francophone. In
terms of locations, 52.2% came from Montreal, 19.1% from
Quebec City, and 28.7% from other areas. To assess the

4 Hulland et al. (2018) note that reporting the initial response rate is not critical
when the general purpose of a research study is theory driven. Consistent with
this view, the initial response rate of panel data is usually not reported in
academic research (e.g., Baehre et al., 2022; Bolander et al., 2021; Lamey
et al., 2021). That being said, we gladly do so in this research for the sake of
completeness and transparency.
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possibility of non-response bias (Hulland et al., 2018), we
compared the socio-demographics (i.e., gender, region, and
language) and the scores of our key variables between a ran-
dom sample of early and late participants (for time 1). We did
not find any significant differences on any of these variables
(p’s > .09 and χ2 > .05).

Longitudinal designs in marketing

Longitudinal surveys are rare in marketing; Hulland et al. (2018)
report that only 7.9% of the surveys published in JAMS, between
2006 and 2015, use longitudinal designs. Similarly, Khamitov
et al. (2020) find that only 3.8% of the methods are longitudinal
surveys in the service failure literature. A longitudinal design fits
our research well since we are interested in testing longitudinal,
within-individual processes (Bolander et al., 2017; Rindfleisch
et al., 2008). Longitudinal designs are appropriate to capture the
evolution of self-reported and internally oriented variables,
which are consistently measured over time. This method is also
adapted to capture the particularities of a phenomenon that
evolves over time, such as a pandemic. As documented in
Table 2, our research covers most of the first propagation wave
(April to July 2020) and the beginning of the second wave in
Quebec (August and September 2020).

For longitudinal designs, a major threat for internal validity
is the presence of intervening events (Bolander et al., 2017;
Rindfleisch et al., 2008). Such a threat is important in the
current COVID context, as the situation was changing almost
daily. To account for this threat, our analyses integrate the
level of propagation wave associated with each period. In
addition, the endogeneity related to the COVID situation is
somewhat reduced by the fact that we study a specific popu-
lation with localized media habits (Quebec).

Common method bias (CMB)

We used three sets of remedies to account for CMB. First, we
implemented two procedural remedies. As a first remedy of this
sort, our model contains three types of variables that are mea-
sured in different manners (Fig. 1 and Table 1), including one
objective variable of level 1 (i.e., propagation wave), eight per-
ceptual variables of level 1 (our seven core variables and job
insecurity), and three variables of level 2 (critical thinking, age,
and gender). These three types of variables involve different
sources of variance. As a second procedural remedy, the merits
of longitudinal data in minimizing CMB has regularly been
noted by survey researchers (e.g., MacKenzie & Podsakoff,
2012; Rindfleisch et al., 2008). Most of these researchers argue
that panel data is an effective strategy to reduce CMB, which
tends to be stable across time (Jakobsen & Jensen, 2015).

Second, in terms of statistical remedy, we conducted a
series of post hoc analyses with a marker variable
(MacKenzie & Podsakoff, 2012). See our Post Hoc

Analyses and Web Appendix F that show that the presence
of a marker (i.e., neo-racism) does not affect our results.

Third, this research relies on linear mixed modeling
(LMM), which enables the estimation of both fixed and ran-
dom effects. To account for the violation of the assumption of
independence in longitudinal designs, we specify random ef-
fects for the residuals of the repeated dependent variables
(West et al., 2007). We use a special application of LMM
for repeated measure in SPSS 23.0 that models “repeated co-
variance type” specifying “the covariance structure for the
residuals” (IBMSPSS Statistics, 2021). In sum, the estimation
of this covariance structure represents a remedy that accounts
for the correlated nature of our repeated variables.

Measurements and scales

Crisis severity and propagation wave (level 1) To assess crisis
severity and propagation wave per period, we collected four
proxies from the Institut National de Santé Publique du
Québec (2021). According to our definition, we use the num-
ber of deaths to capture the “loss” dimension and the number
of hospitalizations, confinement orders, and deconfinement
orders to capture our population’s “efforts” (Table 2). By re-
ferring to these four proxies, we associate each period with a
level of crisis severity and propagation wave. We use three
levels for crisis severity per period (high, moderate, and
weak), which correspond to four levels of propagation wave
(i.e., top, decreasing, bottom, growth). Both April and May
were on top of wave 1, June was the decreasing period of
wave 1, July and August were the bottom of waves 1 and 2,
and September was the beginning of the growth of wave 2. In
our analyses, we use two operationalizations for propagation
wave. First, we account for the individual effects of each pe-
riod; we use August as the reference category because it cor-
responds to a time of relative normality with a low level of
severity. Second, we transform “propagation wave” into an
ordinal and continuous variable by associating the value “3”
with the top of a wave, “2” with the middle of the wave (i.e.,
decreasing or growth), and “1” with the bottom of the wave.

Repeated variables (level 1) Most of our repeated constructs
(level 1) rely on a seven-point Likert scale (1 = strongly
disagree and 7 = strongly agree), unless otherwise indicated.
Most of our measures are established by and adapted to a
COVID context. The scales and their psychometric properties
are presented in Web Appendix A. The means per period for
our seven core repeated variables are presented in Fig. 2.
Overall, we measure six times these seven variables for a total
of 42 variables, to which we add six measures for job insecu-
rity (a control variable). Web Appendix B shows the correla-
tion matrix including these 48 variables and critical thinking
about media content (a total of 49 variables).
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To measure media exposure, we used a three-item scale
adapted from the original work of de Vreese and Neijens
(2016). The items were measured on a seven-point scale, with
1 = never and 7 = all the time. This scale includes items such as
“I watch television programs/shows about COVID-19.” The in-
dex was reliable for the six periods with alphas from .73 to .86.

Fear of COVID was measured using a three-item scale
adapted from Birmingham et al. (2015). The scale includes
items such as “Thinking about getting COVID-19 makes me

afraid.” This index was reliable over time with alphas ranging
from .93 to .97.

The three components of the HBM were all measured with
established scales adapted from prior work (Fall et al., 2018).
Susceptibility of getting COVID was measured using a three-
item scale including “I am at risk for COVID-19” (alphas
ranging from .76 to .85). In turn, severity of getting COVID
was measured using a three-item scale including “Getting
COVID-19 would make my daily activities more difficult”
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Fig. 2 Evolution of our repeated variables according to the periods (observed means)
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(alphas ranging from .85 to .93). Finally, benefits of social
distancing were measured using a four-item scale including
“Practicing social distancing will prevent me from getting
COVID-19” (alphas ranging from .88 to .95).

For social distancing, we used a three-item scale developed
by Greer (2013). This scale includes items such as “I avoid
public places” (alphas ranging from .64 to .75). To capture
panic buying, we developed a five-item scale that combined
the items of two scales capturing the notions of food hoarding
(Janssens et al., 2019) and urgency buying (Beatty & Ferrell,
1998). This newly developed scale comprises items such as “I
buy food items that I did not plan to buy” and “I buy too many
products (other than food) more than I need when I go shop-
ping.” The index is reliable with alphas ranging from .83 to .89.

We controlled for job insecurity, which was repeatedly
measured over time. Given that economic hardships may ex-
acerbate fear during a major crisis, it seemed important to
control for variables that reflect participants’ economic stress
as the economic downturns deepens or lengthens. This four-
item scale adapted from past research (Vander Elst et al.,
2014) includes items such as “Because of the coronavirus
pandemic, I now feel insecure about the future of my job”
(alphas ranging from .90 to .92).

Critical thinking about media content (level 2) Critical think-
ing about media content is an individual difference (level 2)
that was measured only at baseline.5 This variable was mea-
sured with a four-item scale adapted from prior research (e.g.,
Austin et al., 2013; Radanielina Hita et al., 2018), including
items such as “It is important to think twice about what you
hear in the media.” This construct is reliable, and its descrip-
tive statistics are within typical ranges (alpha = .78; M
= 5.67; SD = 1.09). Finally, in terms of other individual
differences measured at time 1 (level 2), we also controlled
for age (measured in years) and gender.

Measurement validation

We took a series of measures to validate our scales. First, we
performed six cross-sectional CFAs, one for each period.
Second, we conducted four longitudinal CFAs to establish
the equivalence of our repeated constructs across periods.
Third, we conducted additional tests for panic buying because
of the novelty of this scale. Given space constraints, we only
summarize our results here. Please see Web Appendices A
and C for details.

All our six cross-sectional CFA models, one for each
period, provide acceptable fit indices (see Web Appendix
A). The average variance extracted (AVE) was close to or
greater than .5 for all constructs for each period. All al-
phas and composite reliabilities were close to or above .7
for all constructs for all periods. All the loadings were
significant and substantial.

We conducted four longitudinal CFAs (see Web Appendix
C) to establish the equivalence of our repeated constructs
across periods 1–4 (e.g., Steenkamp & Maydeu-Olivares,
2021). We used only the first four waves for these analyses
because the periods 5 and 6 have a limited number of partic-
ipants (respectively, 123 and 84). As presented in Web
Appendix C, all four unconstrained models represent a good
fit with the data. Then, we constrained to equality the loadings
of a given item in all four structures/periods and conducted a
chi-square difference test between both models (constrained
vs. unconstrained). None of the differences was significant for
any of the models. Overall, these results indicate that our
repeated constructs achieve configural and metric invariances
across periods.

Given the novelty of the topic, we conducted additional
tests for panic buying (see Web Appendix C). First, in terms
of face validity, we note that our items are highly consistent
with items used in recently developed scales (see Table C2).
We also conducted a CFA with panic buying and a scale
measuring social anxiety. Overall, this model fits the data
well. Consistent with theory, both constructs are significantly
correlated, which provides evidence of convergent validity.
However, they are also distinct; when we constrain their cor-
relation to equality, we note a significant increase in chi-
square, which provides evidence of discriminant validity.

Results

Linear mixed modeling (LMM)

Our analyses are conducted with a multi-level framework
by using LMM for three key reasons (Diggle et al., 2002).
First, LMM allows combining the fixed effects of variables
that are measured at different levels (level 1 or 2). This
analysis allows the incorporation of individual differences
that are measured at baseline (level 2) and repeated re-
sponses that are nested within individuals (level 1).
Second, as previously noted, LMM accounts for the corre-
lated and dependent nature of our longitudinal data by
specifying random effects for the residuals (West et al.,
2007). Third, LMM accounts for missing responses at each
period, and it relies on all the observations collected over
time (i.e., 2269 observations through six measurement pe-
riods). In our LMM analyses, we control for job insecurity
(level 1) and the three trait variables (level 2): gender, age,

5 We measured critical thinking over our six periods to validate that this
variable is truly a stable individual difference. To do so, we conducted a linear
mixed model that examines the effects of the six periods on the evolution of
critical thinking. Consistent with a conceptualization as a trait variable, the
level of critical thinking remains the same over the six periods; none of the
periods differs from the reference category (all p’s > .17).
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and critical thinking. All variables are standardized. We
also control for propagation wave by using one of our
two operationalizations. Finally, we specify a random in-
tercept for all the analyses using LMM.

Overview of our results

We conducted a first series of models (see Web Appendix
D) to test the effects of the six periods—characterized by
different levels of propagation wave—on the evolution of
our seven core repeated variables (Fig. 2). When opera-
tionalized as a nominal variable, the five different periods
are associated with different levels of media exposure,
which differ from the reference category (August). As
shown in Fig. 2, Panel A, the level of media exposure
followed the level of a propagation wave; high media
exposure at the top of wave 1 (April and May), moderate
exposure in the middle of waves 1 (June) and 2
(September), and low exposure in the bottom of waves 1
and 2 (July and August). Interestingly, the periods have
limited effect on the six other repeated variables.6 As
shown in Fig. 2, Panels A and B, the patterns for the other
variables tend to be relatively flat. Consistent with these
findings, when propagation wave is a continuous variable,
we find a strong significant effect of this variable on me-
dia exposure but little or nonsignificant effects on the
other variables (see Web Appendix D).

Figure 3 provides an overview of the main effects of our
framework.7 Most main effects are significant and in the ex-
pected direction. As previously noted, the main effect of prop-
agation wave/period on media exposure is significant (F =
126.66, p < .001); all the different periods differ from the
reference category (Fig. 3). In turn, the continuous version
of propagation wave also has a positive effect over time on
media exposure (β = .26, p < .001), which in turn enhances
fear of COVID over time (β = .25, p < .001). Next, this fear
positively affects the three components of HBM over time (all
p’s < .001). Then, the three health beliefs positively influence
the practice of social distancing over time (all p’s < .001),
whereas only “susceptibility of getting COVID” has an impact
on panic buying over time (β = .20, p < .001). Finally,
critical thinking about media content has a positive effect on
most responses (p’s < .001) and a negative effect only on
panic buying (β = −.10, p < .001). We formally test our
hypotheses next.

Tests of hypotheses

Mediation analyses (H1-H3)Ourmediation analyseswere con-
ducted by using the MLmed macro—i.e., Multi-Level
Mediation—which relies on LMM (Rockwood, 2019;
Rockwood & Hayes, in press). This macro can handle differ-
ent types of multilevel mediation analyses, including longitu-
dinal and within-individual mediations. In our research, H1-
H3 take this form of mediation—that is, a sequence of three
variables of level 1 (Rockwood, 2019). This macro automat-
ically conducts the different linear mixed models necessary to
test the longitudinal mediation effects, and it calculates the
indirect effects by following the procedures of Bauer et al.
(2006). The significance of the indirect effects is determined
by using Monte-Carlo simulations (i.e., 10,000 resamples)
that produce 95% confidence intervals (CI). MLmed is one
of the rare available options to test the significance of longi-
tudinal indirect effects with LMM.

MLmed automatically decomposes indirect effects into the
within-individual and between-individuals indirect effects
(Bauer et al., 2006). The within indirect effects are the focus
of our research.8 It should be noted that the within indirect
effects reported in Table 3 are systematically lower than the
total indirect effects—which contain both the within- and
between-individuals indirect effects. We standardized all var-
iables before entering them in MLmed. We also controlled for
job insecurity (level 1), propagation wave (level 1), critical
thinking (level 2), age (level 2), and gender (level 2) in all
our models. In sum (see Table 3), MLmed supports most of
our hypothesized mediations (H1-H3); H3a is the only
exception.

For H1, the indirect effect “level of propagation wave →
media exposure→ fear” is significant as the confidence inter-
vals do not contain zero (H1: ind. Effect = .05; CI: .03, .06).
In turn, H2 is tested with a single MLmed model that simul-
taneously incorporates three parallel mediators. Here, the three
sequences of interest—i.e., “fear→ severity→ social distanc-
ing” (H2a: ind. Effect = .05; CI: .02, .07), “fear → suscepti-
bility → social distancing” (H2b: ind. Effect = .05; CI: .02,
.08), and “fear → benefits → social distancing” (H2c: ind.
Effect = .05; CI: .03, .07)—are all significant because the
confidence intervals do not contain zero. Finally, H3 is tested
with a single MLmed model that simultaneously incorporates
two parallel mediators. Only the sequence “fear → suscepti-
bility→ panic buying” (H3b: ind. Effect = .05; CI: .02, .08) is
significant. The sequence “fear → severity → panic buying”
(H3a: ind. Effect = −01.; CI: −.03, .02) does not achieve
significance because the confidence intervals contain zero.

6 We also find a significant effect of the first period (April, top of wave 1) on
the practice of social distancing. However, this effect is more localized (only
the first period) and of lesser importance compared to media exposure.
7 These different coefficients come from the different LMMmodels conducted
in this research.

8 The between-individuals indirect effect is calculated by mean-centering all
the repeated values, and by conducting traditional mediation analyses (Bauer
et al., 2006); this indirect effect reflects a static perspective of the process.
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We conducted three additional MLmed models to calculate
the three indirect paths “media exposure → fear → three
HBM components.” Although we do not have hypotheses
for these paths, we tested them because they are part of our
model. All the three longitudinal sequences—that is, “media
exposure→ fear→ severity” (ind. Effect = .06; CI: .04, .08),
“media exposure→ fear→ susceptibility” (ind. Effect = .07;
CI: .05, .09), and “media exposure → fear → benefits” (ind.
Effect = .04; CI: .03, .06)—are significant.

H4-H6 We conducted additional LMM models to test H4. As
shown in Fig. 3 and Table 4, the direct effects of critical
thinking about media content on fear (β = .06, p < .05;
model 1), severity (β = .14, p < .001; model 3), susceptibility
(β = .05, p < .05; model 5), benefits (β = .17, p < .001;
model 7), and social distancing (β = .09, p < .001; model 9)
are all positive and significant. H4a is supported. In turn, crit-
ical thinking has a significant, negative effect on panic buying
(β = −.10, p < .001; model 10), which is consistent with
H4b. Overall, these results support H4.

For H5, we examine the interaction “media exposure X
critical thinking” in the model predicting fear of COVID
(model 2, Table 4). Both media exposure (β = .25, p <
.001) and critical thinking (β = .06 p < .05) positively influ-
ence fear of COVID. Although the interaction appears in the
right direction (β = −.03, p = .13), it does not achieve sig-
nificance; H5 is not supported.

For H6, we test the interaction “fear X critical thinking” in
three different models predicting the three HBM components.
Since these three tests follow the same procedure, they are
presented together. Please see models 4, 6, and 8 (Table 4)
for the results of severity, susceptibility, and benefits, respec-
tively. First, we note main positive effects of fear on the three
HBM components (severity: β = .42, p < .001; susceptibil-
ity: β = .63, p < .001; benefits: β = .29, p < .001) and main
positive effects of critical thinking on the same variables (se-
verity: β = .14, p < .001; susceptibility: β = .05, p < .05;
benefits: β = .16, p < .001). Second, the interaction “fear X
critical thinking” was significant for severity (β = −.04, p <
.05) and benefits (β = −.05, p < .01) but not significant for
susceptibility (β = −.01, p > .6). H6ac are supported but not
H6b.

We plotted the significant interactions by showing the pre-
dicted means of the dependent variables for different values
(−1 and + 1 standard deviation) of fear and critical thinking.
The patterns of interaction for H6a,c are consistent with our
predictions (Fig. 4). In the context of low fear, we note a
substantial difference across critical thinking conditions: indi-
viduals having low critical thinking about media content per-
ceive an especially low level of severity of COVID (Panel A)
and benefits of social distancing (Panel B). In contrast, we
note that the effect of critical thinking is reduced as the level
of fear increases. Individuals reporting a high level of fear
recognize the severity of getting COVID and the benefits of
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is accounted for in the presentation of the results. For the same reason, the interaction effects involving “critical thinking” are not presented in this figure. 

Fear of 
COVID

Critical Thinking 

about Media 

Content3

Severity
of Getting 
COVID                    

.25***

.17***

.29***

.17***

.18***

Susceptibility                   
of Getting 
COVID

Benefits                         
of Social

Distancing

.06*

.14***

.05*

.63***

.09***

.27***

.42***

-.10***
(leading to “Panic Buying”)

.20***

.26***

P1 – April  (Top of Wave 1) =.99***

P2 – May  (Top of Wave 1) = .63***

P3 – June (Decreasing Wave 1) = .32***

P4 – July   (Bottom of Wave 1) = .21***

P5 – Aug. (Bottom of Wave 2) = ref.cat

P6 – Sept. (Growth of Wave 2) = .33***

Alternative 1:

Propagation Wave

per Periods1

Alternative 2:

Propagation Wave

(Continuous)

Level 2: Measures capturing individual differences

Level 1: Repeated measures nested within individuals

Fig. 3 Presentation of the main effects
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social distancing; the effect of critical thinking for these two
variables is reduced for heightened level of fear.

Effects of our control variables Given the particularities of
the pandemic (see Table 4), we pay special attention to
our control variables. First, age has an amplifying effect
on media exposure, severity/COVID, and susceptibility/
COVID (all p’s < .05), as well as a negative effect on
panic buying (β = −.18, p < .001). Second, we find that
women, compared to men, are associated with greater
scores on fear and social distancing (all p’s < .01).
Third, job insecurity has a positive effect on media expo-
sure, fear, and panic buying (p’s < .05) as well as a
negative effect on severity, benefits of social distancing,
and practice of social distancing (p’s < .01).

Post hoc analyses

We conducted four additional analyses. First, we replicated
the trajectories of perceived media exposure with archival
media data. Then, we did three robustness checks; see details
in Web Appendices E, F, and G.

Archival data for media exposure Because individuals’ percep-
tions of media exposure may not reflect their actual behavior, we
complemented this perceptual measure with archival data
(Fig. 5). We used two datasets to estimate the press coverage
of COVID and the level of word-of-mouth in social media.
First, to estimate the press coverage, we used the Eureka data-
base, which tracks million of news items published in Canadian
and international press outlets. For our timeframe, there were
215,983 COVID-related articles published in Quebec in 437
generalist news outlets (Fig. 5, Panel A). Second, we estimated
the level of electronic word-of-mouth about COVID by examin-
ing the reactions to COVID-related posts (i.e., likes, retweets, and
comments) on Twitter (Fig. 5, Panel B). As most communica-
tions from the government were made through the Premier of
Quebec, we focused on his Twitter account (@francoislegault),
which has 278,200 followers. This account is much larger than
the Government’s official account with only 17,200 followers.
As shown in Fig. 5 (Panels A and B), the evolutions of our
objective variables (i.e., media coverage, and Twitter-related
word-of-mouth) are consistent with the evolution of our variable
perceivedmedia exposure (Fig. 2, Panel A). Here, two chi-square
tests (all p’s < .001) indicates that the frequencies are generally

Table 3 The mediation analyses
using the macro MLMED Ind. Effect: X1→M

→Y
Confidence
Intervals3

Direct Effect (c,
c’)

Hypothesis 12:

Level of prop. Wave → media exposure →
fear

.054 (.03, .06) .04**, −01

Hypothesis 22 (one model with three parallel mediators):

a. Fear → severity/Covid → social
distancing

.05 (.02, .07) .30***, .16***

b. Fear → susceptibility/Covid → social
distancing

.05 (.02, .08)

c. Fear → benefits social dist.→ social
distancing

.05 (.03, .07)

Hypothesis 32 (one model with two parallel mediators):

a. Fear → severity/Covid → panic buying −.01 (−.03, .02) .09**, .05

b. Fear → susceptibility/Covid → panic
buying

.05 (.02, .08)

Additional Analyses 2 (three different models):

a. Media exposure→ fear→ severity/Covid .06 (.04,.08) .14***, .07**

b. Media exposure → fear →
susceptibility/Covid

.07 (.05, .09) .16***,.09***

c. Media exposure → fear → benefit social
dist.

.04 (.03, .06) .08**, .04

* p < .05; ** p < .01; *** p < .001
1 These analyses use the same annotation as in MLmed (Rockwood, 2019), in which X, M and Y respectively
represent the independent variable, the mediator, and the dependent variable. In turn, c (c’) represent the direct
effect of X on Y before (after) the inclusion of the mediator.
2 All the variables (i.e., X,M, Y) represent repeated variables measured six times over a period of six months; they
are variables operationalized at level 1 (Rockwood, 2019).
3 Our indirect effects are tested with Monte Carlo simulation relying on 10,000 resamples.

Note: All the coefficients are standardized
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different from each other in Panels A and B. In sum, there were
more media coverage and tweet reactions during the first two
months (top of wave 1). These statistics decrease during June
and July (middle of wave 1) and reach their lowest level in
August (bottom of wave 2). Then, we note a slow increase in
September (growth of wave 2).

Three robustness checks First, we conducted a series of LMM
models in which we account for the effects of the variable “neg-
ative evaluation of media content” (Web Appendix E). We did
this to test the robustness of the effect of media exposure on fear.
Although “negative evaluation of media content” tends to reduce
the level of fear, its inclusion does not affect the significance and
nature of any of our prior results.

Second, we also employed the marker-variable technique as a
post hoc remedy to account for the presence of any remaining
commonmethod bias (WebAppendix F).We used “neo-racism”
as the marker variable. In sum, the presence of this marker does
not change the direction, amplitude, or significance of any of our
prior results.

Third, we replicated our results with two smaller samples
(Web Appendix G). In the first sample, since the number of
participants becomes small at times 5 and 6, we replicated all
our analyses with only periods 1–4. We have 2065

observations in this first sample (see Tables G1-G3). In the
second sample, we use only the 190 participants who com-
pleted the four measurement periods for a total of 756 obser-
vations (see Tables G4-G6). Despite some minor differences,
almost all our hypotheses remain supported with smaller
samples.

General discussion

We propose a unique theoretical assemblage that maps the
processes that lead to the adoption of social distancing
and panic buying, two crucial behaviors that policymakers
try to manage in a pandemic. Using the HBM as our
cornerstone, we inject to this theory three new conceptual
elements that are needed in the context of a pandemic.
First, we start our model with the notion of propagation
wave, which reflects the severity of a pandemic. Second,
we incorporate variables capturing the influence of mass
media given their crucial role in a pandemic. Third, we
study the adaptive role of fear, which allows the develop-
ment of health beliefs. Our framework was tested with
2269 observations collected over a six-month period in
Quebec. Our hypotheses were tested by using LMM and

Table 4 The direct and interaction effects of critical thinking (H4-H6)

Fear of Getting
COVID

Severity of Getting
COVID

Susceptibility of
COVID

Benefits of Social
Distancing

Social Distance Panic Buying

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10

Intercept .14*** .15*** .07* .08* .02 .02 .04 .04 .12*** .00

Repeated Variables - Level 1

Media Exposure .25*** .25*** – – – – – –

Fear of COVID – – .42*** .42*** .63*** .63*** .29*** .29***

Severity of Getting COVID – – – – – – – – .17*** −.03
Susceptibility of COVID – – – – – – – – .18*** .20***

Benefits of Social Distancing – – – – – – – – .27*** –

Job Insecurity (control) .12*** .12*** −.05** −.05** −.01 −.01 −.10*** −.10*** −.03 .16***

Level of Wave (crisis severity) −.04** −.04** .02 .02 .04*** .04*** .01 .01 .14*** .00

Trait Variables – Level 2

H4: Critical Thinking (CT) .06* .06* .14*** .13*** .05* .05* .17*** .16*** .09*** −.10***
Age (control) .04 .04 .17*** .17*** .04 .04 .14*** .13*** .02 −.18***
Gender - Women (control) .29*** .29*** .08 .08 .01 .01 .07 .07 .17*** .01

Interaction

H5: CT X Media Exposure – −.03 – – – – – – – –

H6: CT X Fear of COVID – – – −.04* – −.01 – −.05** – –

Schwarz’s Bay. Crit. (BIC) 4934,08 4938,02 4787,73 4789,32 4325,68 4331,99 5137,86 5137,02 5052,39 5269,21

* p < .05; ** p < .01; *** p < .001

Note: All the coefficients are standardized
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MLmed (Diggle et al., 2002; Rockwood, 2019). Out of
six hypotheses, five are supported (H5 is the exception).
Next, we discuss the theoretical implications of the three
core processes of our framework.

The crucial role ofmassmedia in communicating crisis
severity and generating fear

By adopting a longitudinal approach, we show that the need
for information evolves during a pandemic by following the
shape of a propagation wave. Indeed, media exposure peaks at
the top of a wave, and it fluctuates by following waves’ oscil-
lations. As a core result (H1), we find that media exposure
mediates over time the effects of propagation wave on fear of
COVID. We conclude that people’s fear is not directly trig-
gered by governments’ objective description of the severity of

the virus. Such a fear is rather created over time by the infor-
mation obtained through media exposure. This result is im-
portant for policymakers and media companies; it shows the
crucial role that media play in conditioning individual re-
sponses to the pandemic.

This first process combines two literatures—crisis
marketing and health communication—which have been
rarely integrated in the past. The marketing crisis litera-
ture typically focuses on crises of a different nature than
pandemics (e.g., product harm crisis). For instance,
Khamitov et al. (2020) found that little research on crisis
(2.3%) had been conducted in a health context. As a
typical marketing crisis usually affects a small part of a
population, this literature did not see the necessity of
studying the role of mass media (Cleeren et al., 2017).
We address this issue by testing the relationship between
crisis severity and media coverage and by integrating the

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

Low Fear (- 1 SD) High Fear (+1 SD)

A Severity of Getting COVID

Low Critical

Thinking (-1 SD)

High Critical

Thinking (+1 SD)

-0.6

-0.4

-0.2

0

0.2

0.4

Low Fear (- 1 SD) High Fear (+1 SD)

B Benefits of Social Distancing

Low Critical

Thinking (-1 SD)

High Critical

Thinking (+1 SD)

Fig. 4 Interaction with critical
thinking

147Journal of the Academy of Marketing Science  (2023) 51:132–152

1 3



variable critical thinking about media content (e.g.,
Radanielina Hita et al., 2018).

The fear-based processes leading to social distancing
and panic buying

Our results suggest that fear is adaptive in a pandemic because
this emotion leads to the development of appropriate beliefs,
which in turn condition adaptive behaviors. The linkage

between fear and the development of health beliefs is an
under-researched topic (Sulat et al., 2018) that needs to be
considered in a pandemic context. In support of H2, we find
that the effects of fear on social distancing are mediated by all
three health beliefs. As per H3, only “susceptibility”mediates
the path between fear and panic buying. This finding is con-
sistent with prior research suggesting that threat appeals com-
bined with perceived susceptibility are effective at generating
strong responses (e.g., Tannenbaum et al., 2015).

Note: Results mentioning “COVID” within the text from the local, provincial, and regional generalist press outlets for 

Quebec (n = 437) during the period of interest (retrieved from Eureka.cc database on July 28, 2021).

Note: Total reactions (i.e., likes, comments and retweets) associated to COVID- related posts from the Premier of Quebec,

Francois Legault Twitter account (@francoislegault).
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In contrast to some prior research that shows the ineffec-
tiveness of fear appeals in advertising (Hammond, 2011), we
find a beneficial effect of fear, which can be explained by two
reasons. First, this effect can occur because the threat of
COVID was viewed as being more believable and imminent
that the threat suggested in social advertising (cigarettes, HIV-
AIDS, alcohol, or car speeding; Hammond, 2011; Earl &
Albarracín, 2007). We believe that people are less resistant
to believe the threat of a pandemic, given its immediate impact
on everybody. Second, our context is different from prior
work that examines fear generated by advertising (Keller &
Lehmann, 2008; Tannenbaum et al., 2015). In our research,
the starting points are “real” indices of the severity of a pan-
demic (e.g., deaths) rather than scenarioized advertising.

The beneficial effects of critical thinking about media
content

Our results suggest that the effects of critical thinking about
media content are rich and complex. In terms of main effects,
this form of critical thinking simultaneously “amplifies” adap-
tive responses and “reduces” maladaptive responses (H4). In
terms of moderation effects, critical thinking does not influ-
ence the path between media exposure and fear; H5 is not
supported. However, consistent with H6ac, this competence
moderates the linkage between fear and two health beliefs
(severity and benefits). The virtuous amplifying effect of crit-
ical thinking is especially important among less fearful con-
sumers (see Fig. 4). In the end, our results suggest that less
fearful individuals having low critical thinking are especially
at risk. They are less likely to develop the beliefs leading to
safety measures.

To the best of our knowledge, no research has ever exam-
ined the longitudinal effect of critical thinking in the context of
an ongoing pandemic. Most of the research on critical think-
ing about media content uses cross-sectional data (e.g., Austin
et al., 2015; Radanielina Hita et al., 2018). Our research is
arguably the first to show the long-term beneficial effects of
critical thinking to increase adaptive responses during an on-
going pandemic crisis. This last contribution is important be-
cause this competence can be taught and learned, as we see
next.

Implications for policymakers and marketing

The crucial role of media exposure (H1) In the context of a
pandemic, mass media have much power, as they become
people’s main source of information; policymakers only
have an indirect influence on their populations. This find-
ing speaks to the importance for policymakers and media
companies to collaborate and build strong relationships
with one another. As far as possible, governments need to
ensure that mass media report accurate information,

especially at the peak of a wave. This finding also high-
lights the danger associated with some media that provide
a biased view of the pandemic, which could misguide
individuals. Given the dangers associated with unverified
information, policymakers need to put in place measures
to help individuals develop their ability to identify misin-
formation. Because of free speech, policymakers cannot
easily control media content through regulations.
However, they can help people develop stronger critical
thinking about media content (as we see next).

In addition, policymakers should capitalize on people’s
willingness to listen at the tops of propagation waves. At such
moments, effective communication could influence the trajec-
tory of the crisis. For instance, the Twitter account of
Quebec’s prime minister was being actively followed during
the top of wave 1 when many COVID-related policies and
safety measures were implemented. Effective communication
at the peak of a wave is even more important in the era of
digital communication when policymakers’ voices are just
one among many.

Fear-based processes (H2-H3) Building on the fear-based pro-
cesses depicted in H2 and H3, we suggest that policymakers
and media companies frame their messages by eliciting a rea-
sonable level of fear and by referring to the three components
of the HBM (see Appendix H for examples of COVID ad
campaigns). Here, the role of media companies is especially
important given their influence (see prior point). First, fear
appears adaptive in our context; this emotion is the strongest
predictor leading to the development of health beliefs.
However, it is also important not to go overboard with the
generation of fear. Policymakers and mass media need to
strike the proper tone. Research on fear appeals suggests that
when fear appeals are too extreme, they become ineffective
and even counterproductive (Feinberg & Willer, 2011).
Second, in framing their messages, mass media need to high-
light both the threats associated with the virus (in terms of
severity and susceptibility) and the benefits of a protective
measures (e.g., social distancing). Our results suggest that a
communication needs both components—highlighting the
threat and explaining the virtues of a measure—to lead to
the adoption of adaptive behaviors. Too much emphasis on
the threat is likely to lead to maladaptive behavior, such as
panic buying.

The beneficial effects of critical thinking (H4-H6) An impor-
tant implication refers to the development of critical thinking
about media content. Our findings indicate that fear, health
beliefs, and social distancing are positively influenced by con-
sumers’ ability to critically evaluate media content.
Additionally, critical thinking leads to less panic buying. In
the weeks following the outbreak of the pandemic, scenes of
empty shelves were common in the media, which led to a form
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of panic and “herd” mentality. This example shows the influ-
ence of media as a “super peer” (Strasburger &Wilson, 2002).
If consumers do not possess a high level of critical thinking,
they are more likely to internalize this “super-influence” and
give in to panic.

In the prevention literature, critical thinking was developed
by media literacy programs delivered offline or via web-based
trainings (Austin et al., 2020). Media literacy trainings have
been incorporated in a variety of prevention programs (e.g.,
Food in a Marketing-Driven World, Austin et al., 2020). By
getting inspired by these existing programs, policymakers
could develop web-based media literacy training to increase
the general population’s critical thinking about COVID-
related content. By collaborating with national media literacy
organizations (National Association for Media Literacy
Education (NAMLE), 2020), governments could offer short
web lessons about media literacy (e.g., “how to discriminate
between accurate/inaccurate information”, etc.). Improved
critical thinking should lead to more information seeking be-
haviors with the purpose of validating the quality of informa-
tion and debunking false claims.

To maximize the effectiveness of such programs, it is im-
portant to adapt the training for different segments of con-
sumers. For instance, our research shows that in the context
of low media exposure, people with low critical thinking ex-
perience little fear, which could lead to lower adaptive beliefs.
For these individuals, their media literacy training should fo-
cus on promoting a more systematic processing of information
and a more intensive use of trustworthy media. They should
become reasonably aware of the dangers of the virus. In turn,
when people are highly afraid of the virus, their training
should focus on maximizing the cognitive route of decision
making so that they will not act on emotion and fear alone.

Limitations and future research

As in all work, our research includes a series of limitations.
First, the use of retrospective methods may create recall bias;
therefore, future research could test our model with other
methods (e.g., social networks). Second, the decision to focus
on Quebec makes it difficult to generalize the findings to all
populations. Future research could generalize our results to
other populations with different attributes (e.g., rural vs. ur-
ban, liberal vs. conservative, developed vs. developing).
Third, our longitudinal design does not allow establishing
causal inference; experiments are more appropriate for this.
Fourth, given the collective aspect of the pandemic, it would
have been interesting to understand how community-level
variables (such as social pressure or social compliance) could
have influenced our outcomes, especially social distancing.

Fifth, despite our efforts to combine perceptual measures
with archival data, future research could benefit from addi-
tional objective measures, such as other social media metrics

or physio-neurological measures. In turn, one of our post hoc
analyses measures a key construct with a single item (i.e.,
negative evaluation of media content). Given the importance
of this construct, future research should use a stronger scale
for this notion. In addition, future research should incorporate
other outcome of interest including vaccination and mask
wearing.

Sixth, it would be important to understand the independent
contribution of social vs. traditional media on the components
of our model. Future research could capture media exposure
separately for traditional and online media. In addition, our
perceptual measure of media exposure does not differentiate
between “unvoluntary” vs. “voluntary”media exposure, and it
does not capture participants’ level of elaboration when pro-
cessing a message. Further research could benefit from study-
ing these elements.

Seventh, given the relative complexity of our model, we
test only one moderator of level 2—that is, critical thinking
about media content. Since we tried to inject a “mass media”
component to the HBM, the selection of this trait seems log-
ical. However, there is place for the exploration of other mod-
erators, such as perceived efficacy, medical literacy, or polit-
ical orientation. These moderators would potentially play a
role in our model. Eighth, given the current context, further
research would benefit from the inclusion of a variable related
to misinformation or conspiracy beliefs which could affect
individuals’ health beliefs. It would be interesting to analyze
the responses to a pandemic by using other theories than the
HBM. For instance, theories related to message compliance
appear promising.
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