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Abstract 
Background Individuals confronting health threats may display an optimistic bias such that judgments of their risk for illness or death are unreal-
istically positive given their objective circumstances.
Purpose We explored optimistic bias for health risks using k-means clustering in the context of COVID-19. We identified risk profiles using sub-
jective and objective indicators of severity and susceptibility risk for COVID-19.
Methods Between 3/18/2020-4/18/2020, a national probability sample of 6,514 U.S. residents reported both their subjective risk perceptions 
(e.g., perceived likelihood of illness or death) and objective risk indices (e.g., age, weight, pre-existing conditions) of COVID-19-related suscepti-
bility and severity, alongside other pandemic-related experiences. Six months later, a subsample (N = 5,661) completed a follow-up survey with 
questions about their frequency of engagement in recommended health protective behaviors (social distancing, mask wearing, risk behaviors, 
vaccination intentions).
Results The k-means clustering procedure identified five risk profiles in the Wave 1 sample, two of which demonstrated aspects of optimistic 
bias, representing almost 44% of the sample. In OLS regression models predicting health protective behavior adoption at Wave 2, clusters 
representing individuals with high perceived severity risk were most likely to report engagement in social distancing, but many individuals who 
were objectively at high risk for illness and death did not report engaging in self-protective behaviors.
Conclusions Objective risk of disease severity only inconsistently predicted health protective behavior. Risk profiles may help identify 
groups that need more targeted interventions to increase their support for public health policy and health enhancing recommendations 
more broadly.

Lay summary 
As we move into an endemic stage of the COVID-19 pandemic, understanding engagement in health behaviors to curb the spread of disease 
remains critically important to manage COVID-19 and other health threats. However, peoples’ perceptions about their risk of getting sick and 
having severe outcomes if they do fall ill are subject to bias. We studied a nationally representative probability sample of over 6,500 U.S. 
residents who completed surveys immediately after the COVID-19 pandemic began and approximately 6 months later. We used a computer 
processing (i.e., machine learning) approach to categorize participants based on both their actual risk factors for COVID-19 and their subjective 
understanding of that risk. Our analysis identified groups of individuals whose subjective perceptions of risk did not align with their actual risk 
characteristics. Specifically, almost 44% of our sample demonstrated an optimistic bias: they did not report higher risk of death from COVID-19 
despite having one or more well-known risk factors for poor disease outcomes (e.g., older age, obesity). Six months later, membership in these 
risk groups prospectively predicted engagement in health protective and risky behaviors, as well as vaccine intentions, demonstrating how early 
risk perceptions may influence health behaviors over time.
Keywords: Risk perceptions · COVID-19 · k-means clustering · Optimistic bias

Introduction
The COVID-19 outbreak in the USA has been an acute ex-
ample of how objective disease risk and subjective percep-
tions of risk do not always map on to individual’s decisions 
to engage in health protective behavior. Indeed, in February 
and March 2020 and through the continued emergence of 

multiple COVID-19 variants, individuals’ perceptions of 
COVID’s severity and willingness to adopt protective health 
behaviors varied widely. At the same time, communication 
about who is most at risk rapidly evolved; as the scientific 
community learned more about the novel Coronavirus (SARS-
CoV-2), how it spreads, and how to treat the disease it causes, 
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information was disseminated to the public with mixed suc-
cess in terms of the public’s understanding of the crisis [1]. As 
a result, individual beliefs about the risks posed by COVID-
19 differed widely across groups with varying levels of ob-
jective risk, with some who may have been most at risk for 
severe outcomes (e.g., older people with pre-existing condi-
tions) perceiving themselves invulnerable [2]. By the time the 
novel Coronavirus evolved into the Omicron variant, the U.S. 
National Academies for Science, Engineering, and Medicine 
advocated for a person-centered approach to health behav-
iors, highlighting that individuals should assess their own risk 
and that of others around them when making decisions about 
whether to take protective actions such as wearing a mask in 
public [3]. This approach prioritizes and exemplifies personal 
decision making that is commonly implemented to combat 
other prevalent diseases in the USA, such as the decision to 
vaccinate against other viral threats, to engage in physical ac-
tivity to combat cardiovascular disease [4], or to consume a 
healthier diet as part of diabetes management [5].

Of course, this personal approach to risk mitigation as-
sumes that people are making accurate and objective deci-
sions about their own levels of risk and the benefits of taking 
protective action. Research suggests that people are able to 
perceive their risk accurately, especially when provided ac-
curate and straightforward information [6]. However, in an 
era “infodemics” and misinformation where high-quality and 
trustworthy facts are not always easy to come by [7], this may 
not be the case. The widespread prevalence of COVID-19 pro-
vides an opportunity to assess subjective risk perceptions and 
responses to an exogenous threat to which many were suscep-
tible but with varying objective risk of severe outcomes; this is 
critical given the link between risk perceptions and decisions 
to engage in health protective behaviors in response to viral 
threats and disease more generally [8].

While people believe their risk perceptions are accurate and 
well-reasoned, these judgments are often biased in predict-
able ways [9]. An example of this in the healthcare context 
is optimistic bias [10–13], or the belief that one is less likely 
to experience negative outcomes when compared to others. 
A similar cognitive bias is the “Better-than-Average Effect” 
[14, 15], wherein majorities of individuals will indicate them-
selves as being better than “the average person” on a variety 
of metrics (a mathematical impossibility). There have been 
many previous studies examining optimistic bias in the con-
text of health risks. For example, people think they are less 
likely to have a heart attack [16], develop cancer [17] or an 
acute gastrointestinal illness [18], or experience negative con-
sequences from smoking [19] compared to others. There is 
also some evidence for an optimistic bias among individuals 
at high clinical risk for COVID-19 [20], though there is also 
evidence for shifting perceptions of vulnerability to COVID-
19 over the course of the pandemic as more information be-
came available [21].

Though there is some evidence that optimistic bias is as-
sociated with health benefits [22], multiple theories of health 
behavior suggest that unrealistically low perceptions of risk 
are associated with a reduced likelihood of engaging in pro-
tective action against health risks (e.g., Theory of Planned 
Behavior [23]; Health Belief Model [24]). Prior work in illness 
contexts suggests that lower risk perceptions are associated 
with reductions in a variety of health protective behaviors, 
including lower vaccine uptake [8] and lower likelihood of 
changing sunbathing behavior [25]. Studies across multiple 

countries have also indicated that reduced perceptions of risk 
related to COVID-19 were associated with worse adherence 
to precautionary measures [20, 26–28]. As such, it is likely 
that an optimistic bias in subjective risk perceptions sur-
rounding the COVID-19 pandemic would be associated with 
fewer health protective behaviors, even among individuals 
who were at greater risk of severe consequences to COVID-
19 infection.

Risk and the COVID-19 Pandemic
One challenge to characterizing risk during the COVID-19 
pandemic is that some individuals, by nature of their age, 
weight, or pre-pandemic health, are objectively at greater 
risk than others from health complications from contracting 
COVID-19—that is, their risk for severe outcomes is higher 
than others. In other words, some people may have reason 
to be optimistic about their potential health outcomes if in-
fected with COVID-19, while others might have several 
compounding risk factors that color their perceptions of vul-
nerability. In fact, research has revealed several vulnerabilities 
to COVID-19, including advanced age (65 and older), exces-
sive weight, as well as the presence of underlying conditions 
(e.g., other chronic illnesses) [29]. Individuals who do not fall 
into any of these categories may believe that their risk for 
severe illness is sufficiently low such that they may not feel a 
great need to take precautionary measures to prevent them-
selves from getting sick.

In addition, individuals may have differing perceptions of 
their susceptibility to contracting COVID-19. Some individ-
uals may believe themselves to be more or less susceptible 
because of their health status (i.e., better or worse immune re-
sponse). Similarly, some individuals were more or less likely to 
catch COVID-19 based on their work conditions (e.g., public-
facing compared to working from home) [30] or geographic 
location (including population density and current outbreak 
status). During the early days of the pandemic in March and 
April, 2020, with few exceptions most outbreaks of COVID-
19 in the USA were primarily localized and on the East Coast, 
indicating a different degree of objective risk for those living 
in different parts of the country. Additionally, communities 
across the country experienced various secondary stressors 
related to the pandemic (e.g., shortages of goods in stores) 
and implemented disparate strategies for stopping the spread 
of the virus (e.g., closing schools, stay-at-home orders, etc.), 
thus impacting an individual’s susceptibility of contraction.

Individuals’ understanding of their risk was likely associ-
ated with other factors as well. Even as early as April 2020, 
responses to the pandemic had become politicized in the USA 
by the White House and other Republican elected officials 
such that conservatives were more likely to downplay the 
risks posed by COVID-19, suggesting that it was no more 
serious than a cold or flu and that people should continue 
about their daily lives with no interruptions [31]. As a re-
sult, significant differences in perceptions of the threat from 
COVID-19 have emerged between individuals who identify as 
politically conservative or liberal [32–34]. At the same time, 
in parts of the country with differing levels of viral spread, in-
dividuals experienced differing levels of exposure to the virus 
itself, with many individuals experiencing a great deal of loss 
and others knowing very few people who had been sick at all 
[28]. Individuals also spent their time gathering information 
about the virus from the news and via social media [35, 36], 
which likely affected their risk perceptions.
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Thus, objective risk and subjective risk perceptions—both 
of susceptibility and severity—likely interact with each other 
and may be associated with important outcomes, including 
acting to protect one’s health (e.g., social distancing, mask 
wearing, getting vaccinated) during COVID-19. For example, 
older age has been associated with increased perceptions of 
COVID-19 severity risk but lower perceptions of suscepti-
bility risk [37], perhaps because some older adults took more 
precautions (lowering their risk). Although it is possible to 
examine how each is uniquely associated with such outcomes 
on average, this obscures the fact that any collection of indi-
viduals will vary in terms of their objective risk factors and 
their subjective risk perceptions. A standard clustering ap-
proach via machine learning may offer a way to categorize 
individuals based on these varied patterns of objective and 
subjective risk to fully understand any incongruencies across 
both types of risk and the behavioral outcomes differentially 
associated with the potential patterns. Given the high risk of 
contracting COVID-19 throughout the population, exam-
ining these issues in the context of COVID-19 provides a 
unique opportunity to examine population-based responses 
to a widespread health threat.

The Present Study
The present study aimed to identify latent clusters of COVID-
19-related susceptibility and severity risk across objective and 
subjective indicators to characterize responses to the begin-
ning of the pandemic among a large probability-based rep-
resentative sample of U.S. residents drawn from the NORC 
AmeriSpeak panel (https://amerispeak.norc.org/). Across two 
waves of data collection, respondents completed surveys of 
their experiences during the COVID-19 pandemic. We as-
sessed a series of variables to examine individuals’ subjective 
risk perceptions and their levels of objective risk as defined 
by the U.S. Centers for Disease Control and Prevention 
(CDC). A k-means clustering approach was employed to 
cluster respondents by their objective and subjective risks. 
Characterizing groups of individuals with similar risk profiles 
can demonstrate whether and for whom there is likely to be a 
mismatch in objective (e.g., age, prior health conditions) and 
subjective (i.e., beliefs about personal susceptibility and se-
verity) risk variables. This approach has been used to generate 
profiles of risk in physical [38] and mental [39, 40] health con-
texts in previous studies, though not among large probability-
based nationally representative samples. Once risk clusters 
were identified, we then sought to examine whether individ-
uals within these clusters differentially engaged in health pro-
tective behaviors over time. Such an approach can enable a 
more thorough understanding of how people with disparate 
profiles of subjective/objective risk and pandemic-related ex-
periences understand a novel threat to their health.

Methods
Study Design and Participants
The participants for the present study were drawn from the 
NORC AmeriSpeak panel, which uses probability methods 
to recruit and maintain a national representative panel of 
approximately 35,000 U.S. households. Unlike other online 
panels, AmeriSpeak uses random door-to-door interviewing 
to select households for participation, who then complete 
surveys via the Internet or telephone. No one can volunteer 
to join the AmeriSpeak panel. These recruitment procedures 

result in a higher average response rate relative to other repre-
sentative panels [41]. Upon entry into the panel, participants’ 
demographic data were collected, including age, gender, race/
ethnicity, education, income, geographic region of residence, 
and residential area (e.g., urban, rural). AmeriSpeak panelists 
also provided informed consent upon joining the panel, and 
their identities are kept confidential.

The sample for the present study was drawn from the 
AmeriSpeak panel using a stratified random sampling tech-
nique based on age, race/Hispanic ethnicity, education, and 
gender (48 sampling strata in total). 11,139 Panelists were 
selected to be sampled for the study and were randomly as-
signed to one of three cohorts (Cohort 1: March 18–March 
28, 2020; Cohort 2: March 29–April 7, 2020; Cohort 3: April 
8–April 18, 2020); this design enabled us to capture responses 
to the pandemic as the first wave of infection was unfolding 
across the USA [42]. Precautions were taken by AmeriSpeak 
to ensure that panelists in our study were not administered 
any other COVID-19-related surveys prior to their partici-
pation in our Wave 1, providing an unbiased baseline assess-
ment. In addition, our respondents were prioritized to receive 
little content about COVID-19 from other surveys over time. 
Eligible panelists (those who had completed an AmeriSpeak 
profile assessment prior to January 2020) were sent a link to 
the survey via email; surveys were available online for the dur-
ation of the participants’ randomly assigned fielding periods 
and were self-administered via computer (44%), tablet (2%), 
or smartphone (54%). Surveys took approximately 20 min 
to complete. Survey respondents who completed the survey 
in under 1/3 the median duration (6.5 min) or who failed to 
respond to more than half of the survey questions (n = 84) 
were removed from the study and were not counted in the 
final sample. In total, 6,514 interviews were completed across 
the three cohorts (58.5% completion rate based on AAPOR 
guidelines). All respondents received the cash equivalent of $4 
USD as compensation for completing the survey.

Approximately 6 months later (September 26, 2020–
October 16, 2020), all eligible panelists from Wave 1 (N = 
6,501) were approached for a follow-up survey regarding 
their ongoing experiences with the COVID-19 pandemic. 
This Wave 2 survey yielded a total of N = 5,661 responses 
(87.1% completion rate, 86.9% Wave 1 retention; n = 61 re-
sponses removed for quality control using the same criteria 
as Wave 1). Wave 2 respondents spent approximately 24 min 
completing the survey and received the cash equivalent of 
$6–$10 USD in exchange for their participation. All research 
activities were reviewed and approved by the University of 
California, Irvine Institutional Review Board for Human 
Subjects research.

Measures
COVID-19 risk factors
The following variables were used to classify participants 
based on subjective assessments of COVID-19 suscepti-
bility and severity risk and their levels of objective severity 
risk as defined by the U.S. Centers for Disease Control and 
Prevention (CDC) in 2020.

Age. Participant age was collected as part of participants’ 
profile assessments upon joining the AmeriSpeak panel. Age 
was dichotomized (under 60 vs. 60 or older) based on the 
CDC guidelines for COVID-19 risk severity at the beginning 
of the study [43].
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Body Mass Index (BMI). Participant weight (pounds) and 
height (inches) were collected as part of the AmeriSpeak 
profile assessment. These values were converted to kilograms 
(kg) and meters (m), respectively, and then used to calculate 
each participant’s BMI (kg/m2). BMI was also dichotomized 
for analyses (under 30 vs. 30 or above) based on CDC guide-
lines for individuals most at risk for severe COVID-19.

Pre-Existing Health Risk. Pre-pandemic physical health 
conditions were assessed as part of the AmeriSpeak profile 
assessment. Participants were asked to report whether a phys-
ician had ever diagnosed them with a series of physical health 
ailments, including high blood pressure or hypertension, heart 
attack or other heart disease, stroke, diabetes, lung disease, 
and cancer, among others. CDC guidelines indicate that in-
dividuals suffering from these ailments are at higher risk for 
severe illness from COVID-19; responses to these items were 
coded as 0 (no pre-existing health risks) or 1 (at least one pre-
existing health risk). (While a cancer diagnosis itself is not a 
risk factor for COVID-19, this was included in the count of 
pre-existing health conditions due to the immunosuppressing 
effects of many cancer treatments.)

High-Risk Status. At Wave 1, participants responded 0 (no) 
or 1 (yes) to the following item as an indicator of their self-
reported high-severity risk status: “I am at high risk for com-
plications should I become infected with Coronavirus.”

Perceived Risk. This measure was adapted from items used 
in prior studies of global disease outbreaks [44]. A prior re-
port presented descriptive correlates of these risk judgments 
at Wave 1 [28]. Susceptibility was assessed with the ques-
tion “What is the percent chance that you will get sick with 
Coronavirus in the next 3 months?.” Participants reported 
their risk assessment ranging from 0% chance to 100% 
chance of getting sick. Severity was assessed with the question 
“What is the percent chance that you will die if you get sick 
with Coronavirus?.” Participants reported their risk assess-
ment ranging from 0% chance to 100% chance of dying.

Covariates
Political Party Affiliation. Political party affiliation was as-
sessed during the AmeriSpeak profile survey using a 1-item 
Likert-type scale (1 “Strong Democrat” to 7 “Strong 
Republican”).

COVID-19 Exposures. Participants completed a checklist 
to assess exposure to the COVID-19 outbreak [42]. Personal 
exposures were assessed using ten items reflecting direct or in-
direct disease exposure (e.g., I/someone close to me was diag-
nosed with Coronavirus). Responses were dichotomized due 
to low rates of exposure at the time of data collection.

Essential Worker Status. Two survey items assessed whether 
an individual was continuing to work in a face-to-face set-
ting in the early days of the pandemic. Participants responded 
0 (no) or 1 (yes) to the following items: “My job requires 
in-person interaction and I am still working” and “I work in 
an essential service (e.g., grocery store, healthcare) and am 
working extra hours.” Participants were coded as 1 if they 
answered “yes” to either of these two items and 0 if they an-
swered “no” to both. This measure was used in a prior report 
[30].

COVID-19 Media. Participants were asked to report the 
average number of hours (0–11+) of pandemic-related media 
coverage they had consumed in the previous week across 
three sources (television, radio, and print media; online 
news; and social media). Responses were summed to create 

a composite media coverage score; responses could sum to 
greater than 24 h per day due to the possibility of individuals 
engaging with multiple media sources at once (range: 0–33). 
This measure was based on similar assessments that have 
been used in previous research [45, 46].

Dependent variables
Health Protective Behaviors. At Wave 2, participants reported 
the frequency with which they had engaged in each of a list 
of six health protective behaviors on a 1 (never) to 5 (all the 
time) Likert-type scale. These behaviors included: “Washed 
my hands for at least 20 seconds,” “Wore a face mask when in 
public,” and four social distancing behaviors (e.g., “Avoided 
socializing with people outside my household”). A mean social 
distancing score was calculated for the four social distancing 
items [range: 1–5; (α = .81)]. (At the time of Wave 2 data col-
lection, which was prior to the availability of a vaccine, these 
were the recommended behaviors for preventing the spread 
of COVID-19.) This measure has been used in prior reports 
[28, 47].

Risk Behaviors. At Wave 2, frequency of engaging in risky 
behaviors was assessed. Participants were asked to report 
whether they had they engaged in a series of eight behaviors 
that might put them at risk for exposure to COVID-19 since 
the relaxation of restrictions in their communities. These be-
haviors included: “Flown on an airplane,” “Eaten at a res-
taurant indoors,” and “Gone to a social gathering of more 
than 10 people (e.g., party, wedding, funeral).” Participants 
could report engaging in these behaviors not at all (0), just 
once (1), or more than once (2). Responses to these items 
were summed (range: 0–16).

Intent to Vaccinate. At Wave 2, participants’ intention to 
receive the COVID-19 vaccine (which was still undergoing 
testing and was not yet available at the time of the survey) 
was assessed with one item. Participants were asked to report 
the percent chance that they would “…get the COVID-19 
vaccine when it is made widely available” (range: 0%–100% 
chance).

Analytic Strategy
A k-means clustering approach using R (R Core Team, 2021) 
was employed to cluster respondents on six survey items: 
three objective risk items (i.e., age, BMI, physical health ail-
ments) and three subjective risk items (i.e., self-reported per-
ceived high-risk status, perceived risk of COVID-19 sickness, 
and risk of death should they get sick). This data-driven (un-
supervised) technique aims to identify an underlying structure 
of the data; specifically, a number of clusters is specified and 
the algorithm iterates cluster starting points in a vectorized 
space (based on the number of variables at play) until it ar-
rives at a solution in which the centroids are placed optimally, 
such that the sum of distance scores between cases and cen-
troids is minimized. A test of the optimal number of clusters 
was conducted via the NbClust package [48] in R, which uses 
30 different cluster estimation indices to generate an overall 
best number of clusters for a given dataset. The results of this 
procedure indicated that five was the best number of clusters. 
Thus, five clusters were requested in the k-means analysis and 
respondents were categorized into one of the five clusters.

Next, Wave 2 health and risk behavior adoption was re-
gressed on the following Wave 1 variables in a multiple OLS 
regression using Stata 16.1 (StataCorp, College Station, TX): 
cluster assignment, demographics (gender, ethnicity, income, 
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bachelor’s degree vs. not, Urban area vs. not, region), pol-
itical party affiliation, COVID-19-related media exposure, 
personal exposure to COVID-19, and essential worker status. 
Regression models were weighted to account for differential 
probabilities of inclusion into the AmeriSpeak panel, differ-
ences between the sample and U.S. Census benchmarks, and 
for attrition over time using probability weights. Multiple im-
putation was used to account for missing items at each wave; 
a total of 20 imputations were used due to low missingness 
on all variables by wave (less than 1% missing for all study 
variables).

Results
The final weighted sample demographics closely aligned 
with U.S. Census benchmarks [42]. The final weighted Wave 
1 sample (N = 6,514) ranged in age from 18 to 97 years (M 
= 47.51 years; SD = 17.45); 29.5% of the sample was age 60 
or older. Approximately half the sample was female (51.9%); 
63.6% of the sample identified as white (non-Hispanic), 
11.8% as Black (non-Hispanic), 16.0% as Hispanic, and 
8.7% identified as multiracial or other ethnicities. Almost 
10% had not finished high school, 28.5% had earned a 
high school diploma, 28.0% had attended some college, and 
33.6% had earned a bachelor’s degree or higher. The me-
dian annual income for the sample was between $40,000 and 
$49,999.

The patterning within each of the five clusters revealed 
differential subjective risk perceptions and objective risk 
factors for disease severity and susceptibility (see Fig. 1; 
subjective risk in green; objective risk in blue). The first 
cluster represented a group of individuals whose subjective 
perceptions of both types of risk were low, and in which 
few respondents indicated objective risk factors for severe 
illness. In other words, this group was made up of relatively 
healthy individuals (low objective risk of severity) who re-
ported low perceived risk of susceptibility or severity for 
COVID-19. The second cluster was comprised of relatively 

younger individuals with BMIs above 30 and with some pre-
existing conditions. Although these individuals were object-
ively more vulnerable than the first cluster, their perceptions 
of subjective risk of susceptibility to infection and severity 
of illness were nearly identical to the first cluster. The third 
cluster exhibited an incongruence such that this older group, 
with objective risk factors that made them more vulner-
able to severe illness, did not perceive risk of sickness and 
death in a corresponding way. Instead, their levels of per-
ceived susceptibility and severity risk were similar to the 
first two clusters. The fourth cluster was comprised of rela-
tively healthy individuals who subjectively perceived more 
COVID-19-related susceptibility and severity risk than the 
previous groups, and were likely to report a 50/50 chance of 
getting sick with COVID-19 (indicating uncertainty about 
their susceptibility risk [49]). The fifth cluster exhibited a 
congruent pattern such that individuals in this group had 
more objective risk factors and also perceived higher risk of 
sickness (susceptibility) and dying (severity) from the cor-
onavirus. Figure 2a and b present the distributions of the 
perceived risk of susceptibility and severity to COVID-19 
variables across cluster assignment. These violin plots dem-
onstrate low overall risk perceptions for clusters 1, 2, and 3 
and greater variability in clusters 4 and 5.

Table 1 presents a breakdown of demographic and 
COVID-19 related variables by cluster assignment. Notably, 
self-reported engagement in health-protective behaviors was 
high at Wave 2; participants reported a mean frequency of 
mask wearing of 4.51 (SD = 0.85; between often and all the 
time) and an overall mean frequency of engaging in social 
distancing of 3.42 (SD = 1.04; between sometimes and often). 
Mean frequency of engagement in risk behaviors was rela-
tively low (M = 3.90; SD = 3.17), indicating that most par-
ticipants were continuing to take precautions to prevent the 
spread of COVID-19, even as many community restrictions 
had been lifted. Mean levels of intention to vaccinate at Wave 
2 were moderate (M = 43.16; SD = 40.34), though the dis-
tribution was trimodal: 30.6% of the Wave 2 sample (n = 

Fig. 1. Mean values of subjective (green) vs. objective risk (blue) factors by cluster (N = 6,514)
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1,706) reported a 0% chance of getting the vaccine, 14.6% 
reported a 50% chance (i.e., uncertainty about whether they 
will vaccinate; n = 818), and 20.4% reported a 100% chance 
of getting the vaccine (n = 1,139).

Table 2 presents the prospective predictors of health and 
risk behavior adoption 6 months into the pandemic (prior to 
vaccine availability). Relative to Cluster 1 (Low/Low), only 
clusters with elevated subjective susceptibility and severity 
risk assessments (Clusters 4 and 5) reported increased fre-
quency of engaging in social distancing behaviors. In contrast, 
only Clusters 3 and 5 (two groups who reported increased 
objective severity risk and included higher concentrations of 
individuals aged 60+) reported more frequent mask wearing, 
less frequent risk behaviors, and intent to receive the COVID-
19 vaccine. Cluster 2 (Low/High, Younger) reported similar 
health protective and risk behaviors as those in the Low/Low 
cluster. Other covariates in the models were also prospectively 
associated with outcomes. Variables positively associated 

with social distancing included female gender, other/2+ races, 
non-Hispanic ethnicity, having a bachelor’s degree, living in 
an urban area, and media exposure to COVID-19-related 
media content. Republican political party affiliation and es-
sential worker status were negatively associated with social 
distancing. Variables positively associated with mask wearing 
included female gender, other/2+ races, non-Hispanic ethni-
city, higher income, having a bachelor’s degree, and living in 
an urban area. Republican political party affiliation and es-
sential worker status were negatively associated with mask 
wearing. Variables positively associated with risky behav-
iors included higher income, having a bachelor’s degree, 
living in the Midwest, Republican political party affiliation, 
and essential worker status. Black, non-Hispanic ethnicity, 
other/2+ races, non-Hispanic ethnicity were both negatively 
associated with engaging in risky behaviors. Variables posi-
tively associated with intent to vaccinate included higher in-
come and having a bachelor’s degree. Female gender, Black, 

Fig. 2. Violin plots of personal risk assessments (sick and dying from COVID-19) across cluster assignment (N = 6,514)
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non-Hispanic ethnicity, Republican political party affiliation, 
and essential worker status were negatively associated with 
intent to vaccinate.

Discussion
Using a cluster-based analytic approach, we explored op-
timistic bias for disease susceptibility and severity during 
the early phase of COVID-19 by examining subjective and 
objective indicators of risk (susceptibility and severity) for 
COVID-19 to identify patterns of response among similar 
individuals. Five clusters were identified with distinct pat-
terns of subjective risk perceptions and objective risk factors, 
which then prospectively predicted differential adoption of 
health and risk behaviors over the following 6 months. In 
particular, the two clusters with elevated subjective percep-
tions of risk severity-dying from COVID-19—performed 
health protective behaviors more frequently and risky be-
haviors less frequently than their counterparts who per-
ceived near-zero levels of risk. Although adoption of health 
behaviors in our sample was high overall, our cluster-based 
approach was nonetheless able to predict variability in 

behavior across our nationally representative sample. These 
risk clusters represent a snapshot of the complex ways in 
which the population understood their own risk of COVID-
19 disease contraction and its consequences in the context 
of their personal circumstances. They also function as early 
predictors of long-term behavior and can inform policy 
makers as to potential points of intervention during future 
pandemics.

We found evidence of optimistic bias in our sample wherein 
individuals’ subjective perceptions of risk (susceptibility and 
severity) did not align with their objective risk characteris-
tics. Furthermore, this mismatch was in some cases associated 
with no better adoption of health protective behaviors than 
seen in individuals for whom both objective and subjective 
risk were lower. In particular, Clusters 2 and 3, representing 
almost 44% of our sample, were characterized by near-zero 
perceptions of risk of getting sick or dying from COVID-19, 
despite increasing community transmission of the disease and 
high proportions of individuals in these clusters also reporting 
one or more objective risk factor. This finding fits within a 
growing body of evidence suggesting that optimistic bias was 
prevalent during the early stages of the COVID-19 pandemic 

Table 1 Weighted Descriptive Statistics by Cluster Assignment (N = 6,514)

Variables Cluster 1: Low/Low
(n = 1,657) 

Cluster 2: Low/High 
(younger)

(n = 1,248) 

Cluster 3: Low/High 
(older)

(n = 1,610) 

Cluster 4: High/Low
(n = 1,071) 

Cluster 5: High/High
(n = 928) 

Age: M (SD) 37.29 (11.45) 39.87 (11.03) 68.03 (7.97) 38.40 (13.69) 57.62 (16.53)

Female gender (%) 45.7% 58.3% 46.6% 58.3% 56.0%

Race/ethnicity

  White (%) 56.1% 54.5% 76.7% 65.4% 69.6%

  Black (%) 11.1% 19.7% 9.2% 7.1% 10.3%

  Hispanic (%) 19.9% 20.1% 8.7% 17.8% 11.3%

  Other (%) 12.9% 5.7% 5.4% 9.7% 8.9%

Income (median) $40,000–$49,999 $35,000–$39,999 $50,000–$59,999 $40,000–$49,999 $35,000–$39,999

Education

  Less than HS (%) 11.7% 11.2% 7.6% 6.6% 11.4%

  HS Diploma (%) 26.5% 35.3% 23.6% 29.7% 28.2%

  Some college (%) 25.5% 30.2% 27.5% 28.2% 30.5%

  Bachelor’s degree + (%) 36.3% 23.3% 41.3% 35.3% 29.9%

Metropolitan area

  Urban (%) 71.7% 63.0% 63.5% 68.3% 60.2%

  Suburban (%) 8.3% 12.3% 11.5% 9.1% 11.9%

  Town (%) 12.3% 12.6% 13.7% 12.5% 14.0%

  Rural (%) 7.7% 12.2% 11.3% 10.0% 13.9%

Region

  Northeast (%) 16.9% 16.0% 16.9% 20.6% 17.0%

  Midwest (%) 18.9% 23.6% 19.7% 21.5% 22.6%

  South (%) 36.1% 41.8% 38.8% 34.1% 36.8%

  West (%) 28.2% 18.6% 24.7% 23.8% 23.5%

Political party identification M (SD)a 3.97 (1.78) 3.64 (1.81) 4.17 (2.23) 3.58 (1.94) 3.59 (1.99)

COVID-19 related media exposure: M (SD) 7.08 (6.89) 8.03 (7.09) 5.82 (6.33) 7.44 (6.97) 7.69 (7.34)

Personal COVID-19 exposure (% yes) 22.3% 24.6% 15.2% 32.8% 26.9%

Essential/in-person worker (%) 36.2% 39.0% 12.9% 40.2% 17.9%

W2 social distancing M (SD) 3.32 (1.03) 3.29 (1.02) 3.39 (1.08) 3.55 (0.99) 3.75 (0.94)

W2 mask wearing M (SD) 4.42 (0.84) 4.43 (0.86) 4.57 (0.89) 4.56 (0.82) 4.66 (0.78)

W2 risk behaviors M (SD) 4.36 (3.31) 4.11 (2.96) 3.76 (3.13) 3.99 (3.16) 2.79 (2.86)

W2 intent to vaccinate M (SD) 39.80 (37.96) 33.31 (36.59) 52.70 (43.78) 42.67 (40.10) 49.90 (40.78)

a1 = “Strong Democrat,” 7 = “Strong Republican”.
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and that it was associated with less engagement in health pro-
tective action in the population [50–52].

These findings have important implications for personal 
and public health in the population, including vaccine uptake 
for COVID-19 (now endemic with expected stabilized, on-
going prevalence [53]) and related viral threats such as sea-
sonal influenza and Respiratory Syncytial Virus (RSV). For 
example, the Food and Drug Administration recently ap-
proved the first vaccine for RSV, which has some similar risk 
factors for disease severity to COVID-19 such as older age 
and underlying health conditions [54]. Yet this vaccine will 
only be effective at mitigating RSV risk if people opt to get it. 
Targeted communications and conversations from healthcare 
providers aimed at those reticent to take it yet at risk will be 
critical for reducing this threat. Indeed, our findings extend 
prior risk research by showing that effective risk communi-
cations must target several disparate audiences with different 
beliefs, attitudes, and perspectives. Considering these audi-
ences separately provides critical information about how their 
risk contexts differ and why their subsequent behaviors may 
differ as well. As such, any messaging about health protective 
behaviors must recognize that a one size fits all approach is 
not appropriate; simple risk communication is likely to miss 
people who need to hear it while possibly adding unneces-
sary stress for others. Moreover, the more we rely on people’s 
risk perceptions for disease policy, the more we risk conflating 
these perceptions with objective truth. Of course, nuance is 
difficult to communicate in the context of an evolving public 
health crisis [55]. Clear communication with people from 

different risk profiles about their specific risks is imperative 
[56–58].

With respect to COVID-19 specifically, now that it is 
endemic, public policy has shifted towards relying on in-
dividuals’ particular levels of risk and their individual de-
cision to engage in protective action. Some will need to 
wear masks during outbreaks, whereas others may not. 
Current guidance on vaccine boosters also varies based on 
individuals’ objective risk [59]. Whether or not people take 
up these behaviors will depend on whether their objective 
risk aligns with their own perceptions of their susceptibility 
and severity risk. Yet as we demonstrate, this alignment is 
not to be universally expected. The present findings also 
have important implications for risk communications out-
side of the current COVID-19 context. Scholars have indi-
cated that, despite the past several years of a pandemic, the 
world is vulnerable to future infectious disease outbreaks 
[60, 61], which have an increasing likelihood of recurrence 
[62]. In addition, similar gaps between people’s subjective 
and objective risk for influenza have been demonstrated 
in prior research, suggesting that these findings may have 
application for this seasonal disease risk as well [63–65]. 
Moreover, these findings may be applicable outside of the 
disease context as well. For example, understanding percep-
tions of objective vs. subjective risks, and the role they play 
in preparation for natural disasters, may also encourage 
mitigation behaviors among both individuals and commu-
nities threatened by repeated exposure to hurricanes, wild-
fires, or earthquakes.

Table 2 Multiple OLS Regression Models Predicting Health and Risk Behavior Adoption at Wave 2 (N = 5,661)

Variables Social distancing Mask wearing Risk behaviors Intent to vaccinate 

Cluster membership

  Cluster 2: Low/High (Younger) −0.04 (−0.16, 0.07) 0.02 (−0.10, 0.13) −0.06 (−0.18, 0.07) −0.04 (−0.14, 0.07)

  Cluster 3: Low/High (Older) 0.07 (−0.03, 0.17) 0.18 (0.08, 0.29)b −0.18 (−0.28, −0.07)c 0.31 (0.21, 0.40)c

  Cluster 4: High/Low 0.14 (0.03, 0.26)a 0.11 (−0.02, 0.24) −0.10 (−0.22, 0.02) 0.06 (−0.05, 0.17)

  Cluster 5: High/High 0.33 (0.23, 0.44)c 0.24 (0.13, 0.35)c −0.42 (−0.53, −0.30)c 0.27 (0.17, 0.38)c

Female gender 0.19 (0.12, 0.26)c 0.23 (0.15, 0.30)c 0.06 (−0.02, 0.13) −0.23 (−0.30, −0.16)c

Ethnicity

  Black, non-Hispanic 0.01 (−0.13, 0.14) 0.09 (−0.05, 0.24) −0.16 (−0.30, −0.01)a −0.54 (−0.66, −0.43)c

  Other/2+ races, non-Hispanic 0.17 (0.05, 0.28)b 0.11 (0.004, 0.22)a −0.28 (−0.40, −0.16)c −0.02 (−0.15, 0.11)

  Hispanic 0.05 (−0.07, 0.18) 0.09 (−0.05, 0.22) −0.08 (−0.21, 0.06) −0.11 (−0.24, 0.02)

Income 0.004 (−0.03, 0.04) 0.07 (0.03, 0.11)c 0.10 (0.06, 0.14)c 0.10 (0.06, 0.13)c

Bachelor’s degree + 0.22 (0.16, 0.29)c 0.12 (0.05, 0.18)c 0.09 (0.02, 0.16)a 0.23 (0.15, 0.30)c

Urban residential area 0.11 (0.03, 0.19)a 0.24 (0.15, 0.32)c −0.06 (−0.14, 0.02) 0.06 (−0.01, 0.13)

Region

  Midwest −0.09 (−0.20, 0.02) −0.03 (−0.17, 0.10) 0.14 (0.03, 0.26)a 0.01 (−0.10, 0.12)

  South −0.01 (−0.12, 0.11) 0.10 (−0.02, 0.23) 0.05 (−0.07, 0.16) 0.02 (−0.09, 0.13)

  West 0.04 (−0.07, 0.16) 0.04 (−0.09, 0.17) −0.07 (−0.19, 0.05) 0.07 (−0.05, 0.18)

Political party identification −0.30 (−0.33, −0.26)c −0.27 (−0.31, −0.24)c 0.20 (0.16, 0.24)c −0.17 (−0.21, −0.14)c

COVID-19 media exposure 0.06 (0.02, 0.10)b −0.0001 (−0.04, 0.04) 0.04 (−0.01, 0.08) 0.004 (−0.03, 0.04)

Personal COVID-19 exposure 0.01 (−0.07, 0.09) 0.03 (−0.05, 0.12) 0.02 (−0.07, 0.12) −0.02 (−0.10, 0.07)

Essential worker −0.16 (−0.24, −0.08)c −0.12 (−0.21, −0.04)b 0.26 (0.17, 0.35)c −0.13 (−0.21, −0.05)b

Constant −0.34 (−0.47, −0.20)c −0.48 (−0.64, −0.32)c 0.02 (−0.12, 0.17)a −0.07 (−0.20, 0.05)

Model statistics F(18, 5654.7) = 36.82c F(18, 5648.1) = 26.25c F(18, 5657.4) = 22.25c F(18, 5631.3) = 33.04c

Reference group for model is Cluster 1: Low/Low. Reference group for gender is male; reference group for ethnicity is white (non-Hispanic); reference 
group for education is less than bachelor’s degree; reference group for residential area is non-urban; reference group for region is Northeast. Political party 
identification: 1 = “Strong Democrat,” 7 = “Strong Republican.”
ap < .05; 
bp < .01; 
cp < .001.
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Limitations
This study is not without weaknesses. First, as it was explora-
tory in nature, future studies may seek to replicate these find-
ings in other samples and consider its relevance to other threats 
(e.g., natural disaster response). Additionally, when the Wave 1 
survey was launched, the range of ways that people might be 
affected by the COVID-19 pandemic was still unclear. Thus, 
additional or different questions may have been asked of 
survey respondents had we understood the full extent of im-
pacts the pandemic would have over the course of months and 
years of extended exposure to disease and mitigation measures. 
Findings should be replicated with other endemic threats such 
as seasonal influenza and RSV as well as other chronic health 
threats such as cardiovascular disease and diabetes.

Finally, given high levels of uncertainty regarding com-
munity spread and rapidly changing circumstances, we were 
unable to measure objective indicators of susceptibility in 
our study. This was ultimately not possible because of how 
quickly the situation evolved over the weeks of data collec-
tion. Furthermore, in the context of our Wave 1 data collec-
tion, susceptibility may be considered a constant due to the 
lack of immunity at the time—the virus was novel and no 
vaccines were yet available. Thus, on balance, susceptibility 
was relatively equal in the context of a rapidly spreading virus 
for which people in the population had no prior immunity.

Despite these limitations, this study also has methodo-
logical strengths, including a prospective longitudinal design 
and, importantly, the use of a large, high-quality probability-
based nationally representative sample that enables us to 
draw population-based conclusions from these findings. 
The AmeriSpeak panel was established using gold-standard 
survey methods, including the use of address-based sampling 
and prohibition of opt-ins. Additionally, protections were in 
place to ensure that participants were not exposed to COVID-
19 related surveys prior to their participation in the present 
study. Furthermore, while such factors as geographical region, 
urban vs. rural residence, political party affiliation, and media 
use likely were associated with both subjective and objective 
risk, our large sample size and analytic approach enabled 
us to account for these factors through the use of statistical 
controls. The novel analytic strategy also enabled us to tease 
apart heterogeneous patterns of response that would not have 
been visible using a more traditional approach.

Future Directions and Conclusions
Understanding risk perceptions for a variety of threats in the 
context of objective and subjective factors at a population 
scale is vital. Our findings demonstrate that early understand-
ings of one’s own risk—based on both objective and sub-
jective factors—play a role in predicting long-term behavior. 
Though these data were collected relatively early in the pan-
demic, we may reasonably expect that the high-risk clusters 
we identified in the present study may also be most likely to 
accept a COVID-19 vaccine once it was offered to them. As 
a result, perceptions of risk within these clusters may have 
shifted over the course of the pandemic as additional protec-
tions became available and the pandemic changed. The degree 
to which the pandemic context influenced individuals’ under-
standing of their risk over time is another question that may 
be explored in future research. Expanding these findings to 
other contexts in which risks are repetitious in nature, as in 
other disease contexts (i.e., seasonal flu, chronic disease) or 
natural disasters is also important.

In addition, these findings may be used to help tailor 
messaging to individuals likely to demonstrate optimistic 
bias. To map intervention communications on to individuals’ 
understanding of their risk, we must find out from people 
how they are perceiving their personal risk in the context 
of their experiences. As we contend with ongoing infectious 
disease outbreaks, with guidance often based on individuals’ 
own risk perceptions, and action based on individual decision 
making, assessing the ways in which risk perceptions may 
be inaccurate or biased must play a role in risk communi-
cations. In this way, we may come closer to a more educated 
and healthier public that is more responsive to public health 
recommendations.
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relevant to the data reported in this manuscript will be made 
available upon publication on the OSF at https://osf.io/
b48dz/?view_only=d529b34cbaca4f228d39d7cc5fa4bc60.
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