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ABSTRACT

Background: Health advice in the wake of the COVID-19 pandemic has called upon the public
to re-evaluate risk associated with recently routine behavior. However, diﬀerences in
demographics, situational circumstances, and psychological dispositions create inequities in
how people are able to respond to risks presented by the virus.
Method: Within a sample of 482 Americans, we examined the frequency of behavior
reconceptualized as ‘risky’ by CDC public health guidelines released on 30 March 2020. We
applied a cluster analysis using a data-driven persona framework from the ﬁeld of userdesign research, using only situational and dispositional (i.e. psychological) variables to
identify proﬁles of individuals.
Results: This proﬁle approach unpacked important variability in the evaluation of risk for
COVID-19 contagion, as well as adherence to public health guidance. Proﬁles engaged in
high-risk behaviors were more likely required to work on-site and report higher ﬁnancial
impact related to the pandemic.
Conclusion: Applying the proﬁle approach facilitates personalized communications tailored to
the psychological and situational circumstances of each proﬁle that can promote compliance
with public health guidelines and guide policy decisions. These results also suggest that risktaking behaviors within the context of COVID-19 may also be driven by factors related to
economic inequity since those who are more likely to be essential workers do not have the
ability to remain as compliant to social distancing compared to those with higher economic
status. Recommendations for policies promoting federally mandated paid leave policy in the
US and employing qualitative methods for future research is discussed.

Background on COVID-19
Since March 2020, the lives of citizens across the
United States (US) and around the globe have
been upended by the emergence of the COVID-19
pandemic. For some countries, this change has
occurred even sooner, with China reporting cases
of the virus as early as November 2019 [1]. On 23
March, the Centers for Disease Control and Prevention (CDC) distributed the ﬁrst set of guidelines for
how individuals can mitigate their ‘risk’ for Coronavirus infection and contagion. This advice introduced
‘social distance’ into public discourse, imploring individuals to minimize physical proximity to others
outside of their household by maintaining 6 feet of
distance with others when interacting outdoors or
in public areas.
On 2 April, the CDC updated its recommendations,
advising the use of face coverings or masks in situations ‘at risk’ for violations of social distance and
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urging avoidance of unnecessary exposure at visits to
businesses or public spaces [2]. The tone of public
health authorities shifted from suggesting augmented
activity to imploring minimized activity, such that
recently routine activities were newly associated with
confronting ‘risk’ of harm to oneself or others. In the
absence of a federal mandate, by 10th April, more
than 95% of the American population was under
advisement to minimize their activity and risk for infection, as state governments and local municipalities
enacted ‘Stay at Home’ recommendations or ‘Shelterin-place’ orders [3]. These recommendations advised
citizens to stay indoors and only venture outside of
one’s residence for ‘essential’ errands. However,
despite the cooperation by government, business
and authorities to promote (and in some cases,
enforce) social distancing, many members of the
public show signs of restlessness towards a stay at
home orders, even as conﬁrmed case counts and the
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mortality rates did not experience sharp declines in
some regions of the country [4].
Recent studies show evidence, for instance, that
Black/African Americans have been disproportionately
infected by COVID-19 [5], while data from New York
City show higher COVID-19 related death rates for
both Black/African and Hispanic/Latino persons [6].
People categorized as essential workers in Health,
Food/Agriculture, and Infrastructure industrial sectors
might exchange employment security at the risk of
higher exposure to the public, thus raising their odds
of contracting and spreading the virus [7]. Additionally,
over a quarter of private-sector workers in the United
States do not receive paid sick leave (including over
30% of workers in the South and Midwest), which
could cause further spread of the disease that disproportionately impacts certain at-risk populations [8,9].
Hence, social determinants of health such as poverty,
ethnicity, employment status, healthcare access, and
other known factors are likely exacerbated and accentuated for already vulnerable populations in the face of
COVID-19.

Assessing variability in risky behavior and
public health compliance using data-driven
personas
In order to promote the description of our sample
rather than pigeonhole people by explanations for
newly adopted compliance attitudes and risk behaviors [10], we employ a data-driven ‘personas’
approach to characterize individual diﬀerences in reactions to social distance guidelines due to the COVID-19
pandemic. Personas provide a description of hypothetical users that present information such as demographics, behaviors, and attitudes about user groups
[11]. Personas are used across a wide range of industries and have guided user design for developing educational software [12] and healthcare technologies
[13,14], promoting digital accessibility among people
with disabilities [15], and have also been used by technology-focused companies such as Sony [16] and
Microsoft [11,17]. A study using a panel of design
experts lists audience focus (i.e. developing a product
for the development of users and their goals), the challenging of long-standing and often incorrect assumptions about users, and the prevention of selfreferential design (i.e. realizing that the user is
diﬀerent from the designer) as some of the most
important beneﬁts of personas [18]. While personas
were originally created using qualitative approaches
(e.g. focus groups, ethnographies), more recent
studies have shown that personas produced using
quantitative analysis are just as eﬀective, less subjective and more reliable [19–21], and have been successful in identifying types of users based on large-scale
datasets [22,23].

This paper extends the use of data-driven personas
to produce proﬁles that outline individual diﬀerences
in how US citizens perceive risk during the COVID-19
pandemic and comply with social distancing guidelines. The intention behind using a persona-based
approach is to characterize layperson understanding
of COVID-19 and assist public health and government
oﬃcials in composing communications and policies
related to the virus. The proﬁles can also be used in
conceptualizing potential users for virtual tools and
apps designed for public use.

Methods
Our survey was developed and piloted in a small
sample of undergraduates for distribution via Qualtrics. It used a range of existing psychological
measures and batteries, as well as our own and other
newly developed items, which were created to interrogate aspects speciﬁc to COVID-19. Participants were
consented and compensated at a rate of $7/hour for
completing the 30-minute survey, recruited from
Amazon Mechanical Turk (MTurk).

Participants
A total of 514 participants were recruited from MTurk
with the aim to have a sample size approaching n =
500 (aiming for a power of .80 for even smaller eﬀect
sizes, using the association between traditional
Benthin risk inventory and BFI found in prior studies
as a basis for our exploratory measure), after ﬁltering
participants who did not pass data quality checks
[24]. Recruitment occurred between April 30th and
May 2nd following the ﬁrst full month of quarantine
within the United States. The ﬁnal sample size was n
= 482 after removing poor quality and/or incomplete
responses. Data quality checks included: speed outliers
and/or incomplete responses (determined using
Mahalanobis distance, M = 32.5 minutes to complete,
n = 9); response to the question ‘Estimate the Date
you ﬁrst modiﬁed your behavior due to the Coronavirus’ (to identify malingerers, n = 20); and duplicate
MID or completion codes (n = 3).
Our sample demographics roughly reﬂected the
ethnic breakdown of the American public according
to 2014–2018 Census data, with a signiﬁcant underrepresentation of individuals identifying as ethnically
Hispanic [25]. Age within the sample ranged from 18
to 73 with an average age of 37.12 (SD = 11.33) and
59% of participants identiﬁed as men. Additionally,
71.2% of participants were White, 19.7% Black, 6.0%
Asian, and 7.1% Hispanic. See Appendix A for more
demographic information about the full sample.
Ethics approval for this study was granted by Temple
University. MTurk participants were compensated
based on standard survey-taking rates on the platform.
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Self-report measures
COVID-19 Risk Taking Inventory (CRI). A 10-item questionnaire was developed, adapted from the structure
and format based on the Benthin Risk Perception
Scale [26], to assess a set of activities (e.g. attending
a gathering of more than ﬁve people) that under the
conditions of the COVID-19 pandemic are considered
‘risky’. Items were developed to target the discrepancies in activities identiﬁed as ‘risky’ per CDC guidelines
in April, as opposed to those released originally on 23
March. Each activity item was followed by four questions that asked about the frequency of engagement
since the estimated date when respondents ﬁrst
began modifying their behavior due to COVID-19, a
risk-beneﬁt comparison, and risk propensity toward
the self or others. The Cronbach’s alpha for the full
scale was above 0.90 for all the 10 items, across each
of the four sub-questions: risk behavior frequency,
cost–beneﬁt evaluation, risk to self, and risk to other.
This measure served as our primary outcome variable.
Factor analysis was used to identify which behaviors
were high-risk, low-risk and essential (travel-related
items were not included in the further analysis). For a
full detailed index of the items and questions used,
see Supplementary Information.
Situational Factors. In assessing situational factors
that may inﬂuence self-reported behavior, participants
were asked to respond to questions relevant to Living
Space Access (‘How many rooms within your current
residence do you feel comfortable relaxing or spending time in that are not your bedroom? This can also
include outdoor spaces that are on your property’)
and Perceived Scarcity of resources (‘It has been
diﬃcult for me to get needed resources (food, toilet
paper) due to the Coronavirus’), the latter of which
was rated on a 7-point Likert scale ranging from 1
(‘strongly disagree’) to 7 (‘strongly agree’).
Big Five Personality Inventory. A 23-item questionnaire based on the Big Five Inventory (BFI) [27–29]
was used to evaluate participants across the Big Five
personality dimensions (extraversion, agreeableness,
conscientiousness, neuroticism, openness).
Empathy. Empathy was assessed by having participants respond to the 7-item Perspective Taking subscale taken directly from the Interpersonal Reactivity
Index [30], with each item rated on a 5-point Likert
scale ranging from 1 (‘does not describe me well’) to
5 (‘describes me well’).
Behavioral Inhibition/Behavioral Activation Scales.
The Behavioral Inhibition/Behavioral Activation Scales
[31] index the two motivational systems of Behavioral
Inhibition and Behavioral Activation [32,33]. The BIS
scale includes a subscale measuring sensitivity to aversive motivation (e.g. ‘criticism or scolding hurts me
quite a bit’). The BAS scale measures sensitivity to
the mechanism underlying appetitive motivation by
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using three subscales, namely: drive (e.g. ‘When good
things happen to me, it aﬀects me strongly’), funseeking (e.g. ‘I often act on the spur of the moment’),
and reward responsiveness (e.g. ‘When I get something
I want, I feel excited and energized’).

k-Means clustering
Groups for the analysis were created using k-means clustering using variables related to psychological and situational circumstances. In order to investigate the variables
that contribute most to risk-taking behavior, we
implemented a Shapley Value regression, which assesses
the relative importance of all the independent variables
within a model by ﬁrst computing all possible combinations of the independent variables, and then determining how much each variable contributes to the
total R 2 of the model (see [34] for a more detailed
description). First, all relevant ordinal variables (12-criterion model) were entered, accounting for 43% of the
variance in risky behavior (see Table B1 in Appendix
for full regression results). However, variables in this
model were highly correlated – following the correlation
output, we pruned variables for non-signiﬁcance and
multicollinearity violations (Conscientiousness was
detected as a variance inﬂation factor greater than 10).
The variables remaining in the leaner, subsequent
regression (7-criterion model) guided the selection of
input variables to be used in the ﬁnal clustering
model. Since variables with larger values contribute
more to the distance measure in k-means clustering
than variables with smaller values [35] we converted
the psychometric scales into binary variables using the
sample median score pertaining to each trait, such
that participants with scores below the median are
classiﬁed as low level and participants with scores
above the median are classiﬁed as high level. By converting the variables into binaries, we prevented scales with
larger ranges from overcontributing to the model.
Additionally, Living Space Access (number of common
spaces) was re-coded into a binary variable from the
original 5-point scale, wherein responses were split
into two groups, those who responded between 0 and
3 and those who responded 3 or above. We also recoded Age into a 4-point scale based on quartile
scores of the original continuous numeric variable.
The ﬁnal cluster model is the result of an iterative
process, which tested diﬀerent combinations of input
variables and group number. In total, 20 models
were created and tested during analysis. A model
was considered viable if it met the following criteria:
(1) Each group within the cluster model must show
diﬀerentiation from one another
(2) Every input variable must have unique relationships with each group in the model (i.e. no two
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input variables should have identical correlations
with each group)
(3) The contribution of each input variable within the
model must be statistically signiﬁcant, and
(4) The distribution of the total sample must not be
overly concentrated in one group.
Appendix D depicts multiple comparison results
between cluster means of each input variable to test
for diﬀerentiation between clusters. In order to
observe distinctions among groups with overlapping
characteristics (e.g. comparing two groups in the
same age cohort but diﬀer in psychological or situational circumstances), we allowed for some input variables do not have statistically signiﬁcant diﬀerences
between a limited number of groups.

Results
Factor analysis
A factor analysis was conducted to group activities
together with each factor labeled using the itemlevel mean for activity risk assessment. See Appendix
E for further description. Activities labeled as essential
included going to the grocery store, going outside
without a mask, and exercising outside in public.
Low-risk activities included returning home without
washing hands, meeting a friend while maintaining
social distance and visiting a public space. Finally,
high-risk activities included attending a gathering
with more than ﬁve guests, not in your household, as
well as interacting with a stranger for essential
purposes.

Cluster analysis
Groups for the analysis were created using k-means
clustering using variables related to psychological
and situational circumstances. The ﬁnal input variables used in the model in this paper are introversion
scores measured by the BFI, sensation seeking scores
measured by BIS/BAS, perspective-taking empathy
scores from the IRI scale, age, living space access
(whether or not the participant lives in a residence
with more than two common spaces), and perceived
scarcity (how much participants agree with the statement ‘it has been diﬃcult for me to get needed
resources (food, toilet paper) due to the Coronavirus’
(1 Strong disagree to 7 Strongly agree)). To ensure
that there was adequate diﬀerentiation between clusters, only models that showed a majority of statistically signiﬁcant comparisons were considered.
Additionally, an ANOVA was conducted on input variables to assess the signiﬁcant contribution of each
variable. Complete results from the cluster analyses
are presented in Appendix D. All SPSS syntax used

to produce the k-means cluster model are also
included as supplementary material. Table 1 shows
high-level summaries and a label for each cluster,
based on both input and selected outcome variables.
See Appendix C for a more detailed look at demographic and behavioral variables related to each
cluster. Table 2 shows the percentage of each
cluster that at least somewhat agrees with statements that reﬂect attitudes towards quarantine
restrictions, and Table 3 details messaging implications for each proﬁle cluster.

Risky behavior and activity by cluster
We identiﬁed the risk-taking propensity of clusters by
ﬁrst providing each subject with a regression score
for their risk-taking, given their subject-speciﬁc costto-beneﬁt evaluation. The clusters were ranked 1–7
by the proportion of individuals who engaged in activities they rated as ‘risks outweigh the beneﬁts’ – this is
the order in which they are subsequently presented. A
triadic split was applied to discriminate which clusters
had the lowest (clusters 7 and 2) and highest risktaking propensity (clusters 4 and 3), and labeled
them as ‘risk averse’ and ‘risk inclined’, respectively.
Moderate risk-takers were labeled as ‘compliant’ (clusters 5, 6 and 1).
Using ANOVA, we examined cluster diﬀerences in
frequency of activity engagement across all CRI items
(overall activity) and three factors of risk activities,
determined by the factor analysis. Overall activity
diﬀered by cluster, F (6) = 3.062, SS = 40.387, P =
0.006, ω 2 = 0.025, such that individuals belonging
to high-risk clusters 3 and 4 reported engaging
more frequently in all activities, particularly evident
relative to cluster 7. High-risk activity diﬀered by
cluster, F (6) = 14.974, SS = 48.657, P < 0.001, ω 2 =
0.148, such that individuals belonging to cluster 3
reported engaging more frequently in high-risk
activities relative to all other individuals (the signiﬁcance was marginal when compared to individuals
from high-risk clusters, 3 and 4). Individuals belonging to risk-averse cluster 7 engaged in signiﬁcantly
less high-risk activity relative to the individuals in
clusters identiﬁed as compliant and high-risk. Lowrisk activity diﬀered by cluster, F (6) = 7.365, SS =
23.364, P < 0.001, ω 2 = 0.073, such that individuals
belonging to clusters 3 and 4 reported engaging
more frequently in low-risk activities relative to individuals in all other clusters. Individuals belonging to
risk-averse cluster 2 engaged in signiﬁcantly less
activity relative to the individuals in clusters identiﬁed as compliant and high-risk. Essential activities
did not diﬀer by cluster, F (6) = 1.286, SS = 18.761, P
= 0.262, ω 2 = .002. See Appendix E for further analysis
of cluster group comparisons of employment-related
situational variables.
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Table 1. Summary of cluster groups based on input variables and demographic diﬀerences.
Cluster groups

Psychological and situational summary based on input
variables

Cluster 1
(n = 53)
‘Unsure, yet
Careful Boomer’

Middle in terms of introversion and highest in age. Also
moderate in sensation seeking and perceived scarcity. Lower
on empathy and not likely to have large living space

Cluster 2
(n = 58)
‘Introverted
Millennial’

Highly introverted and likely to live in a large living space. Still
fairly young and very low in sensation seeking. Lowermiddle end in empathy. Has low levels of perceived scarcity
during the pandemic

Cluster 3
(n = 93)
‘Rural-leaning
Millennial’

Not too introverted and very young. Scores low in both
sensation seeking and empathy. Not likely to live in a large
living space and has scores moderately high in perceived
scarcity

Cluster 4
(n = 109)
‘FinanciallyImpacted Gen Xer’

Low introversion and very high in sensation seeking. Middle
age range with moderate levels of perspective-taking
empathy. Some live in a larger living space, but many others
do not. Reports the highest in perceived scarcity

Cluster 5
(n = 41)
‘Work-Driven
Young Adult’

Lowest in introversion and the youngest cluster. High levels of
sensation seeking and fairly empathetic. Not too likely to live
in a larger living space but also reports fairly low in perceived
scarcity

Cluster 6
(n = 75)
‘Cautious
Suburbanite’

High in both introversion and age. Very likely to live in a larger
living pace but reports moderately high in perceived
scarcity. Fairly low in sensation seeking with moderate levels
of empathy

Cluster 7
(n = 53)
‘Authorityrespecting
Boomer’

Moderate in introversion but very high in age, sensation
seeking, and perspective-taking empathy. Most likely to live
in a large living space and scores very low in perceived
scarcity

Discussion
These proﬁles accounted for signiﬁcant variance in
non-essential behavior deemed non-compliant and
at high risk for viral transmission, as well as identifying
compliant behavior that confers low risk for contagion,
capturing a spectrum of adherence to hygiene vigilance, social distance and protective equipment guidelines. Across all items, participants consistently viewed
the perceived risk to other as greater to themselves,
except for the use of public transit. We found a

Demographic and quarantine compliance summary (based on
select output variables, see Appendix for corresponding data)
SA = Sample average
Skews low income (42% vs. 35% SA) and majority live in suburbs
(55%). Also leans towards Conservative (57%). Shows lower
levels of trust toward organizations like CDC compared to
other clusters (70% vs. 81% SA), but still remains cautious
against COVID. More likely to get COVID information from
cable news relative to other clusters. Least likely to say that
going to a public space or using public transit is high risk. Most
likely to say that employment status did not change since
COVID (67% vs. 57% SA). Skews mainly White (87%)
Younger, largely skews Millennial and Gen Z. Least likely to be
employed full-time (55% vs. 75% SA). Mostly Liberal (67%) and
majority live in urban or suburban areas (90%). Takes
quarantine seriously and is supportive of CDC. Complies with
quarantine guidelines but does occasionally go outside for
leisure despite being the least likely to agree that going
outside for non-essential needs is ok (29% vs. 48% SA)
Most rural relative to other Clusters (33% vs. 22% SA). Majority
middle income but also skews lower (94% earn less than
$99,999 a year). Leans Conservative (64%) and more likely to
have children relative to other clusters (60% vs. 49% SA).
Recognizes risks of COVID but generally does not practice strict
quarantine compliance. Has been impacted by COVID
ﬁnancially and has trouble ﬁnding resources. Still takes Uber
and public transit but might be related to higher likelihood of
being an essential worker (25% vs. 16% SA). Majority White
(58%) but also skews Black American (29% vs 17% SA)
Mostly middle income (62%) but skews lower income as well
(31%). More likely to be Conservative (63%). Majority live in
urban areas (41%), but many also live in rural and suburban
regions. Middle age and most likely to have kids (62% vs. 49%
SA). Respects authority ﬁgures like CDC but is also very lax on
complying with quarantine. Believes that a lot of restrictions
are excessive. Most likely to be an essential worker (28% vs.
16% SA) and also be impacted ﬁnancially by COVID (80% vs.
53% SA). Majority White (61%) but also skews Black American
(31% vs. 17% SA)
Most likely to be working full-time (93% vs. 75% SA). Majority are
Liberal (63%) and Millennial/Gen Z. Over 90% live in either
urban or suburban areas. Respects quarantine compliance and
mainly goes outside for essential needs. Reports the lowest
amount of hours outside for leisure reasons (2.45 vs. 5.28 SA).
Sees risk in public spaces and generally avoids them
Majority live in Suburbs (55%) but also skews rural (27%). More
likely to have low income relative to other clusters (47% vs.
35% SA). Political orientation is fairly spread out. Very wary of
COVID threat and perceives many activities as high risk.
Generally avoids going outdoors. Has been impacted
ﬁnancially by COVID but still complies to quarantine
Most likely to have 100k+ income compared to other clusters
(28% vs. 15% SA). Liberal leaning (23% Very Liberal vs. 15% SA;
however only 53% are Liberal overall) and more suburb/rural
centered (77%). Compliant to quarantine and perceives many
non-essential activities as risky. Main reason to go outside is for
employment. Respects the CDC and WHO the most out of the
other clusters. Least likely to say that COVID pandemic has
impacted them ﬁnancially (25% vs. 53% SA). Rarely uses public
transit, but it might be because they have access to other
modes of transportation. Least racially diverse: 89% White

quadratic eﬀect, such that individuals identiﬁed as normative compliant (the majority of participants) rather
than risk-averse compliant (clusters 7 and 2, the
lowest in risk behavior) or risk-inclined compliant (clusters 3 and 4, the highest in risk behavior) had the smallest gap in their assessment of risk to self-versus risk to
others. It is conjectured that while most individuals are
inﬂuenced by public health messaging aimed to
invoke consistency in community response, perhaps
at the expense of individual choice, the most risk-
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Table 2. Proportion of each cluster that at least ‘somewhat agrees’ to each statement.
Cluster
2

Cluster 3

Cluster 4

Cluster 6

Cluster 7

60.4%a

46.6%a

65.6%a,b

82.6%b

56.1%a

53.3%a

54.7%a

39.6%a
45.3%a,d,e

29.3%a
37.9%a,b

69.9%b
75.3%c

65.1%b
79.8%c

53.7%a,b
43.9%a,d,e

41.3%a
66.7%c,d

34.0%\a
24.5%b,e

39.6%a,d,f,g
69.8%a

22.4%a,b
72.4%a

66.7%c
83.9%a,b

63.3%c,d,e
91.7%b

36.6%a,e,f,g
78.0%a,b

40.0%b,f
78.7%a,b

20.8%b,g
92.5%a,b

56.6%a

56.9%a

76.3%a,b

80.7%b

61.0%a,b

69.3%a,b

73.6%a,b

69.8%a,c,d

58.6%a,b

77.4%a,c,d

87.2%c

73.2%a,c,d

56.0%b,d

75.5%a,c,d

Cluster 1
While it is important to take precautions against the Coronavirus,
it is also important that we do not give up our freedoms
It is ok to go outside for non-essential trips as long as I’m careful
The Corona virus has impacted me negatively from a ﬁnancial
point of view
I feel that the social distancing measures has been excessive
I take announcements and guidelines from the Center for Disease
Control (CDC) and the World Health Organization (WHO) very
seriously
I catch up on national news or press conferences from federal
government oﬃcials most days
I follow local news or press conferences from state government
oﬃcials most days

Cluster 5

Note: Values in the same row and subtable not sharing the same subscript are signiﬁcantly diﬀerent at P < 0.05 in the two-sided test of equality for column
proportions. Cells with no subscript are not included in the test. Tests assume equal variances and are adjusted for all pairwise comparisons within a row
of each innermost subtable using the Bonferroni correction.

averse individuals may be motivated by protecting
their own health. Similarly, individuals who might
otherwise be risk-inclined compliant or even actively
non-compliant with CDC guidelines might be more
responsive to public health messaging if they feel an
activity might have a personal cost to them, beyond
the utility of the community beneﬁt of adherence.

Proﬁles of compliance from dispositional and
situational factors
From conducting k-means clustering, we produced a
model with seven cluster groups based on psychological and situational variables. In a social distancing
context, cluster 1 (‘Unsure, yet Careful Boomer’, see
Table 1) remains compliant yet cautious towards

Table 3. Messaging implications by cluster.
Cluster
number
1

2

3

4

5

6

7

Messaging implication
For Cluster 1 (‘Unsure, yet Careful Boomer’) which shows moderate risk-taking propensity, higher age, and lower levels of empathy,
messages that emphasize how the virus negatively impacts one’s personal health are more likely to encourage social distancing
compliance. Based on results shown in Table A4 in the appendix, which shows where each cluster receives COVID-related information,
cable news networks might also be an eﬀective channel to reach this cluster
Cluster 2 (‘Introverted Millennial’) is comprised of individuals high in introversion and living space, and lower in age, perceived scarcity,
and risk-taking propensity. Since this cluster is already compliant with public health measures, messaging for this group should focus
on ways of mitigating quarantine fatigue. More speciﬁcally, messages that showcase activities that are safe for social distancing and
what type of outdoor environments have the lowest risk of spreading the virus can help this cluster maintain its higher level of
commitment to personal and public health. Indoor activities should also be suggested to take advantage of this group’s higher levels of
introversion and likelihood of living in a larger space
Cluster 3 (‘Rural-leaning Millennial’) consists of individuals low in age, living space size, introversion, and empathy but high in risk-taking
propensity and perceived risk. Since this cluster is more likely to go outside, whether due to work-related reasons or smaller living
space which makes long periods of staying indoors diﬃcult, messaging towards this cluster should focus on what precautions one can
take when going outside. For those who have to take public transportation in order to commute to work, recommendations for how to
stay safe in those environments should be emphasized. In counties where there are lower cases of infection and there are non-essential
businesses open such as restaurants or bars, guidelines for how to identify the risk level of spaces (e.g. amount of open space,
adherence to mask-wearing ordinances, etc …) can help mitigate spreading of the virus for those who feel the need to go outdoors.
Due to the lower levels of empathy, risks to personal health should be focused on when communicating caution concerning COVID-19
Similar to Cluster 3, Cluster 4 (‘Financially-Impacted Gen Xer’) is also high in risk-taking propensity and perceived scarcity while low in
introversion. Recommendations for this cluster should continue to emphasize precautions one can take while commuting on public
transit and identifying risk levels of outdoor spaces. Since this cluster is more likely to have children, recommending safe activities that
can be done as a family can encourage higher levels of compliance among multiple members within the same household. Cluster 4 also
has moderate levels of empathy, which indicates that information related to the threat from the virus should emphasize both personal
risk and risk to the larger community. In addition, to promote wellness in the relatively extraverted individuals in this cluster and their
families, remote options for socializing should be emphasized, particularly for contacting those not essential to their families’ social
network and older or vulnerable adults at high risk for COVID-19 complications
Cluster 5 (‘Work-Driven Young Adult’) is lowest in both age and introversion, while also low in living space size and perceived scarcity.
Since this cluster is most likely to go outside for only essential needs and very likely to live in urban or suburban settings,
recommendations should emphasize how to mitigate the risk of spreading the virus on public transit (especially in urban
environments). Due to the low levels of introversion and smaller living space size, guidelines for identifying risk in public spaces such as
bars or restaurants can also help this cluster avoid spreading the virus
Cluster 6 (‘Cautious Suburbanite’) is high in introversion, age, and living space with moderate levels of empathy and risk-taking
propensity. Messaging for this cluster should emphasize how the virus impacts both individual health and the community. Additionally,
since this cluster has high levels of introversion and is more likely to live in a larger space, messages that give recommendations of
activities that can be conducted indoors or on one’s outdoor property could be eﬀective in decreasing quarantine fatigue and increase
the likelihood that they will minimize the amount of time spent outside
Cluster 7 (‘Authority-Respecting Boomer’) is high in age, empathy, and living space size while low in perceived scarcity and risk-taking
propensity. Similar to Cluster 2, recommendations for this cluster should focus on mitigating quarantine fatigue since people in this
cluster already exhibit high levels of adherence to social distancing measures. Messaging for this cluster should recommend activities
that can be done in large living spaces or remote socializing and also emphasize the beneﬁt that maintaining social distancing has on
the health and wellbeing of their community
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authority, reporting less trust towards organizations
like the CDC. Cluster 2 (‘Introverted Millennial’) is a
younger group that reports high adherence to social
distancing guidelines, both in how frequently they
engage in outside activities and attitudes towards
the need to quarantine (however, they also report
going outside occasionally for leisure). Cluster 3
(‘Rural-leaning Millennial’) is a younger group who
appear to be the least empathetic and most likely to
live in a rural area relative to the other clusters.
Members of cluster 3 show engagement in high-risk
activities and are more likely to agree with statements
such as ‘I feel that the social distancing measures have
been excessive’ and ‘It’s ok to go outside for nonessential trips as long as I’m careful’. Cluster 4 (‘Financially-Impacted Gen Xer’) shows similar non-compliance attitudes and risk-inclined behaviors, despite
being older and more sensation-seeking than cluster
3. However, it is noteworthy that both clusters 3 and
4 are more likely to be classiﬁed as essential workers
and report spending higher percentages of their
working hours outside or surrounded by other
people. They also report the highest agreement with
the statement ‘The Coronavirus has impacted me
negatively from a ﬁnancial point of view’ compared
to all other clusters. This diﬀerence is statistically signiﬁcant as well. Cluster 5 (‘Work-Driven Young Adult’)
is the youngest cluster and also the most likely to be
working full-time (up to 93%). This cluster demonstrates high compliance with quarantine measures
and reports going outside for leisure the least among
the other groups. Cluster 6 (‘Cautious Suburbanite’) is
an older group that perceives many outdoor activities
as risky and mostly avoids the outdoors. Cluster 7
(‘Authority-Respecting Boomer’) is another older
group but has the highest average income relative to
the other clusters, with higher levels of social distancing compliance in both attitude and behavior.
Cluster 7 is also the least likely to report that the Coronavirus has impacted them negatively from a
ﬁnancial point of view (24.5% vs. 75.3% and 79.8%
reported by clusters 3 and 4, respectively).

Limitations
While samples obtained from MTurk are widely used in
the social sciences [24], it is important to note that
although relatively demographically representative,
our sample is not nationally representative of the
American response to COVID-19. While our sample
size was suﬃcient to detect even subtle eﬀects, all
measures reported here were self-report, and thus,
are susceptible to self-report biases. Further, given
the remote nature of their employment, MTurk respondents are more likely to have more computer experience than the typical American population. Thus, our
sample is likely underestimating the impact of

7

dispositional and situational factors on psychological
state and risk-taking during COVID-19.

Conclusions and implications for future
research, policy, and practice
Our cluster model shows that groups exhibited a wide
array of behaviors and attitudes towards the COVID-19
pandemic, indicating that underlying psychological
and situational factors could drive variability in behavioral compliance with public health guidance. Our
analysis of risk-taking behavior also identiﬁed two
‘risk-inclined’ groups (clusters 3 ‘Rural-leaning Millennial’ and 4 ‘Financially-Impacted Gen Xer’) that exhibited a higher propensity for engaging in pandemicrelated high-risk activities. Members of both these
groups were more likely to be conservative-leaning
and reported high perceived scarcity of goods,
suggesting a potential political agenda for their risk
engagement and attitudes; however, these were distinct populations, which diﬀered signiﬁcantly in age,
sensation-seeking, and region density. Upon further
investigation, we found that these risk-inclined clusters
were more likely to report circumstances related to
economic inequities (employment, perceived scarcity,
and limited living space), along with their higher
engagement in high-risk activities. It is possible that
engagement in high-risk activities was partially
driven by the circumstances that these individuals
have encountered and may not be solely due to demographic factors and psychological dispositions. This
interpretation is also supported when examining riskaverse groups such as clusters 2 ‘Introverted Millennial’
and 7 ‘Authority-Respecting Boomer’, who avoided
high-risk activities but were also less likely to be
aﬀected by these situational factors.
In general, since situational circumstances may
make individuals more vulnerable to contracting
COVID-19, and in many cases, are outside the direct
control of these individuals, these factors may be
intractable issues that signiﬁcantly impair the ability
of certain population groups to adhere to stay at
home orders and other outbreak measures. For
example, if clusters 3 and 4 are the most likely to be
essential workers and have to work on a job-site,
then it is not surprising that they also engage in
more high-risk activities compared to clusters 2 and
7, who are less likely to work around people. Clusters
2 and 7 are also the least likely to report that the
COVID-19 pandemic has impacted them ﬁnancially,
while clusters 3 and 4 are the most likely, which
suggests that the groups who engage more frequently
in non-compliant behavior are also the ones who are
most vulnerable to the pandemic. While the CDC
created guidelines for businesses owners and employers promoting in-person health checks, social distancing and PPE use in the work place, and building
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barriers to prevent virus spread to mitigate harm to
employees [36], these guidelines only act as recommendations and does not guarantee full adherence
across employers and work places. With the exception
of companies subject to the Family and Medical Leave
Act (FMLA), in the US, there are no federal legal
requirements for paid leave in the workplace [37].
The lack of legal requirements for paid leave can add
pressure to employees to attend the workplace
despite exhibiting covid-related symptoms in fear of
losing employment, which is supported by recent
studies showing that states that received access to
paid leave from the Families First Coronavirus
Response Act (FFCRA) saw around 400 fewer
conﬁrmed cases per state per day [38]. People of
color and women are also more likely to be excluded
from paid sick leave [39], further driving increased susceptibility to coronavirus exposure. Based on these
ﬁndings, the authors argue that stricter federal policies
requiring paid sick leave are needed in order to
provide further protection for vulnerable groups
during the remainder of the COVID-19 pandemic and
for future health crises.
In evaluating demographic comparisons in infection
and social distance compliance by racial compositions,
‘exposure’ and situational factors should also be considered. For example, Black Americans who are more
susceptible to contracting COVID-19 also have higher
representation in clusters 3 and 4. It is also worth
noting that Black Americans, Hispanics, and those
lower in income and education are more likely to
report vaccine hesitancy in the US [40] despite being
more vulnerable to COVID-19. This suggests that communications about the vaccine are not addressing the
speciﬁc concerns and apprehensions of these groups.
While the proﬁle analysis presented in this study was
initially designed for quarantine compliance, these
proﬁles could also be used to develop messaging
related to vaccine uptake or alternatively, this
approach could be applied to a more recent dataset
speciﬁcally designed to investigate vaccine hesitancy.
Previous work using data-driven personas has also
employed qualitative methods to reveal additional
insights for personas that overcome limitations from
relying solely on survey data [41]. Follow-up work
can use the COVID proﬁles from the current study as
recruitment guidelines for qualitative interviews or
focus groups to gain more descriptive accounts from
each cluster related to their experience of the pandemic and ascertain views on other public health
topics such as vaccine hesitancy and mask use.
As deﬁned by Farmer et al. [42] in their discussion of
how public health practitioners can address social
determinants of disease, ‘structural violence’ occurs
when political, economic, and cultural structures are
organized in ways that put individuals and populations
in harm’s way. In terms of structural violence, it is likely

that economic and political systems that existed
before the COVID-19 pandemic still impact disparities
in health and public health guidance adherence
within this new context. It is also worth noting that
the COVID-19 proﬁles clustered together people who
may not be normally grouped together in traditional
media discourse (e.g. Black Americans and Conservatives) since the clustering criteria were based on quarantine-related factors. Future research assessing
responses to health-related issues should consider
adopting data-driven user personas as presented in
this paper to establish more context-relevant and
nuanced characterizations of groups within a population. As demonstrated in the results section, this
approach can assist practitioners when developing
messaging and policies related to public health concerns while also addressing health inequities.
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