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ABSTRACT

Crowding, a key factor that catalyzes the transmission of infectious diseases,
disproportionately affects individuals from lower socioeconomic groups. The purpose
of the current study was to assess whether socioeconomic status (SES) and crowding
are related to differences in COVID-19 risk and efficacy perceptions and whether these
perceptions explain protective behaviors. We specifically focused on household income
and education as indicators of SES, and household crowding and public transportation
use as indicators of crowding. Results from an online survey of 387 working adults,
collected during the second peak of the pandemic in Turkey, showed that SES and
public transportation use were negatively related to COVID-19 risk perceptions. On
the other hand, SES, household crowding, and COVID-19 risk and efficacy perceptions
were positively related to hygiene-related protective behavior and physical distancing.
Moreover, the association between COVID-19 perceived protective norms and physical
distancing was moderated by household crowding such that the positive relationship
between protective norms and physical distancing was stronger at higher levels of
domestic crowding. Yet, robustness checks suggest that further evidence is needed
before to make any definitive conclusions about the interaction effect.
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1. INTRODUCTION

1.1. COVID-19 AS A SYNDEMIC

The biopsychosocial model (Engel, 1977) postulates that
the social structure surrounding the individual may exert
an influence on individual behaviors and experiences,
in turn, which may modify biological processes. Thus,
considering deeply entrenched adverse conditions
associated with lower socioeconomic status (SES), lower
SES individuals are expected to be under more COVID-19
related threat due to their higher likelihood of having
COVID-19 risk factors. Moreover, health risk factors do
not operate independently from each other. Syndemic
refers to the synergistic interaction of various epidemics or
health adversities that are often embedded within harmful
social conditions (Singer & Clair, 2003). Based on historical
evidence from previous pandemics and the current state
of COVID-19, Bambra et al. (2020) argue that COVID-19
can be considered another example of a syndemic.

Living in poorer neighborhoods has been associated
with comorbidities, such as cardiovascular diseases
(Abdalla et al., 2020; Rosengren et al,, 2019), diabetes
(Ross et al., 2010), and respiratory diseases (Chen et al.,
2006), which, according to the World Health Organization
(WHO, 2020a) and the U.S. Centers for Disease Control
and Prevention (2021), increase the severity of COVID-19.
Discrepancies in those health outcomes may be due to
several structural factors, such as inequalities in access
to medical care (Fiscella et al., 2000), health illiteracy
(Serensen et al., 2015), and access to financial and
material resources (Groffen et al., 2008; Urbanos-Garrido,
2012). Due to its importance to airborne diseases, the
disproportionate amount of crowding that lower SES
individuals are exposed to, as explained below in detail,
is one of the major health adversities for this syndemic.

1.2. SOCIOECONOMIC DIFFERENCES IN
CROWNDING, AND ITS IMPACT ON COVID-19 RISK
The WHO (2020b) underlines that COVID-19 is mainly
transmitted through droplets and aerosols, which can
occur while coughing, sneezing or talking. To avoid
becoming infected, it suggests precautions such as
physical distancing and avoiding places with crowds or
poor ventilation (World Health Organization, 2020b).
Since indoor crowding reduces the ability to maintain
enough physical distancing from cohabitants, residing
in a crowded household (Almagro et al., 2020; Maroko
et al,, 2020), living unit (e.g., apartment; Almagro et al.,
2020) or neighborhood with a high proportion of crowded
households (Oishi et al., 2021) are associated with a
higher likelihood of being infected with COVID-19. In that
sense, lower SES individuals are under more threat from
a potential transmission in the household, considering
that the poor are more likely to reside in overcrowded
living spaces (e.g., Sauli & Térmdlehto, 2010; Lopoo &
London, 2016).

Lower SES individuals do not only experience crowding
in their private spaces. Unlike those with higher SES, who
have higher control over their mode of transportation and
can switch to private vehicles when needed (Boisjoly et
al., 2020; Lucas, 2012), lower SES individuals do not have
the means to reduce the crowding that they are exposed
to outside their houses. Similarly, during the pandemic,
higher SES individuals could more easily switch to working
remotely and use private transportation to commute
to work when needed (Durand et al., 2021; Irigoyen-
Camacho et al., 2020; Jaspal et al., 2020). Hence, during
the pandemic, the largest reduction in human mobility
has been observed in high-income areas (Kissler et al.,
2020; Lee et al, 2021; Mena et al., 2021). Since the
restriction of human mobility was essential to mitigate
COVID-19 morbidity (Kraemer et al.,, 2020; Tian et al.,
2020) and mortality (Hadjidemetriou et al., 2020), higher
SES individuals could be accepted to be more privileged
in their security from COVID-19 infection as a result of
their ease in mobility.

Consequently, partly due to the differences in SES-
related structural inequalities including crowding,
the COVID-19 incidence rate has been higher at the
lower echelons of society (Oberndorfer et al., 2021).
Furthermore, possibly due to higher comorbidities, lower
SES individuals were more likely to be hospitalized (Azar
et al, 2020) and had a higher infection fatality rate
(Mena et al., 2021).

1.3. CROWDING AND COVID-19 RELATED
PERCEPTIONS
The implementation of nonpharmaceutical interventions
is indispensable for managing COVID-19 (for a review,
see Perra, 2021). However, as proposed in the research
summarized above, not all sociodemographic groups
could yield the benefits of those interventions. Moreover,
the success of nonpharmaceutical interventions is
inherently tied to human behavior (West et al., 2020),
and adherence to those measures can be intercepted
or facilitated by structural inequalities (Abel & Frohlich,
2012; Andersen, 1995; Ding et al,, 2021). In addition
to its impact on individuals’ ability to reduce their
susceptibility to COVID-19, crowding may also influence
their risk perceptions and efficacy beliefs, which, in turn,
influence individuals’ behavioral patterns. Behavioral
change models (e.g., theory of planned behavior, Ajzen,
2002; protection motivation theory, Maddux & Rogers,
1983; extended parallel process model, Witte, 1992)
point to three mechanisms that may be particularly
pertinent to how crowding may have a bearing on
individuals’ perceptions and behavioral inclinations: (1)
risk perceptions, (2) efficacy perceptions, (3) social norms.
First, an important driver of protective behavior
is individuals’ risk perceptions. Recent literature
demonstrates that higher risk perceptions are associated
with higher intention to engage in protective behavior
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against COVID-19 (Ezati Rad et al, 2021; Mahmood
et al,, 2021; Surina et al, 2021). Especially, COVID-19
perceived severity is an important factor that explains
adherence during the pandemic (Gonzdlez-Castro et
al., 2021; Okuhara et al., 2020; Pilch et al,, 2021). That
being said, health behavior models applied in COVID-19
and other health crises typically utilized cognitive risk
perceptions. However, as Slovic et al. (2005) argue,
affect is a more convenient source of information than
cognitive risk perceptions suggested in expectancy-value
models; and health behaviors might be based on more
affective thinking (e.g., worry, fear). Therefore, some
studies (Dryhurst et al.,, 2020) incorporated cognitive and
affective components of individuals’ risk perceptions for
themselves and for close others (e.g., family, friends). Such
an approach may capture the multidimensional nature
of risk perceptions in omnipresent infectious diseases like
COVID-19 and better explain individual behaviors in those
health crises. For example, one’s own risk of becoming
infected with COVID-19 will also lead to increased
concern for the well-being of other household members.
With respect to COVID-19, then, it would be reasonable
to assume that lower SES and crowding (i.e., household
crowding, commuting with public transportation), which
increase objective risk, will also increase individuals’ risk
perceptions for themselves and their close others (e.g.,
Pagnini et al., 2020; Schweda et al., 2021).

Second, individuals’ perceived efficacy to engage in
a behavior is a consistent predictor of health-protective
behavior (e.g.,, Luszczynska, 2004; Williams & French,
2011).Inanearlierstudyregardinganinfluenza pandemic,
Teasdale et al. (2012) showed that efficacy perceptions
were positively related to intentions of staying at home.
Likewise, concerning COVID-19, high efficacy perceptions
are necessary for engaging in protective behavior (Ezati
Rad et al., 2021; Mahmood et al., 2021; Okuhara et al,,
2020), such as developing coping and action strategies to

reduce exposure to COVID-19 (Lin et al.,, 2020). However,
efficacy perceptions are not formed in a vacuum; rather,
they are influenced by social-structural factors that
impede or facilitate mastery of certain actions (e.qg.,
Businelle et al., 2010; Sen et al., 2016; Xie et al., 2020).
With respect to crowding in physical environments and
individual protection from COVID-19, this would imply
that factors that diminish individuals’ ability to control
their exposure to risk may also influence their perceived
self-efficacy. For example, individuals who must take
public transportation to/from work may become more
defeatist about the extent to which they can realistically
protect themselves from exposure to COVID-19.

Third, and in contrast to its potential negative impact
on efficacy perceptions, household crowding may indeed
motivate individuals to engage in protective behavior
to reduce their cohabitants’ exposure to COVID-19 as
the normative behavior. For example, social norms
communicated by individuals cohabiting a house will
have a stronger bearing on protective behavior because
cohabitants, typically close family members, are more
likely to be affected negatively by COVID-19 (Wolff,
2021). We expect that this relationship would be stronger
when individuals are in crowded living arrangements that
make it harder for them to isolate themselves from other
household members (e.g., because they do not have a
separate restroom or cannot effectively self-isolate from
other household members).

1.4. THE CURRENT STUDY

In the present study, we investigate crowding and lower
socioeconomic status (SES) as risk factors that might
influence perceptions (i.e., risk perceptions, efficacy
perceptions, and perceived protective norms) and
protective behavior in the context of COVID-19 (for a
conceptual map, see Figure 1). The specific hypotheses
are listed below:

Public transportation
use

+
_ Risk perceptions
+ +
SES + Protective behavior
+
Efficacy perceptions
+
Household crowding +

Protective norms

Figure 1 Conceptual Map of the Study.
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H1: SES will be negatively associated with
exposure to crowding in different contexts

(i.e., public transportation use, and household
crowding).

H2: SES will be negatively, and crowding will be
positively associated with COVID-19 related risk
perceptions.

H3: SES will be positively, and crowding will be
negatively associated with COVID-19 efficacy
perceptions.

H4: Risk and efficacy perceptions will be positively
associated with protective behavior.

H5: The positive relationship between perceived
protective norms and protective behavior will

be moderated by household crowding such that
the relationship will be stronger in more crowded
domestic spaces.

Through these hypotheses, this study aims to contribute
to the literature on the role human environments (i.e.,
SES and crowding) play in influencing individuals’ risk
and efficacy perceptions and their tendency to comply
with recommended health/safety measures in relation
to COVID-19. These findings have the potential to provide
further insights for the appraisal of SES-related crowding
about infectious diseases in future health crises.

2. METHODS

2.1. SAMPLE AND PROCEDURE

The data for this study come from the first wave of a
larger multi-wave project on COVID-19 and health-
protective behavior conducted online (Baruh et al,
2020). The project received ethical approval by the Kog
University Committee on Human Research (IRB number:
2020.261.1RB3.102).

We used a quota sample to reflect the demographic
characteristics of the general Turkish population in
terms of age, education, and sex as well as NUTS 2!
(Nomenclature of Territorial Units for Statistics) regions
in Turkey (48 provinces, 93.3% of the participants coming
from metropolises). Respondents were recruited from
an online panel provided by Qualtrics Panel (Qualtrics,
UT, USA), and the survey was distributed through their
software. Participants received monetary compensation
for completing the study. Data collection started in late-
August 2020 and took 15 days to be completed, which
coincided with the beginning of the second wave of
COVID-19 in Turkey. Following a brief period of loosening
in the COVID-19 restrictions in the early summer of 2020
(e.g.,, tourism incentives, working time adjustments),
the government announced the highest number of
symptomatic patients in the last two months.

In the current wave, where data for this study is
collected, a total of 759 adults participated in the online

survey. Because one of the central variables of concern
was commuting to work by public transportation, only
currently employed individuals were included in the
dataset for this study. In addition, those who used taxis
in their commute (n = 3) were excluded from the analysis.
Whether a taxicab is a mode of public transportation is a
debated topic (e.g., Aarhaug, 2016; Nelson et al., 2010).
While taxi cabs contain relatively less risk of COVID-19
than other modes of public transportation (e.g., more
control over ventilation, mandatory mask use for taxi
drivers), in comparison to private transportation, taxi
cabs nonetheless require exposure to potential COVID-
19-infected individuals (i.e., drivers). Due to this unique
position of taxi cabs and the very low number of taxi
use in the current sample, we decided not to include
commuters with taxi cabs in our analyses. There are
no further omissions from the original dataset, and the
final sample used in this study included 387 participants.
Respondents were allowed to skip questions in the survey
(missing rate for all questions; Min = 0%, Max = 9.3%,
which is the item for income).

2.2. MEASURES
Socioeconomic Status (SES). Education and household
income were used as indicators of SES. Education was
assessed with an ordinal variable ranging from primary
school to doctorate. Based on the International Standards
Classification of Education (ISCED; UNESCO Institute for
Statistics, 2012). Majority of the participants reported
completing a level of education equivalent to ISCED 3 or
ISCED 5. Therefore, we coded education as a two-level
ordinal variable with lower (i.e., ISCED 0-3) and higher
education (i.e., ISCED 4-8). As an assessment of income,
respondents indicated their monthly household income
from all monetary sources. Household income was coded
as low- (i.e., less or equal to 5000 Turkish liras; roughly
corresponds to two minimum wages at the time of the
data collection), middle- (i.e., 5001-9500 Turkish Lira),
and higher-income (i.e., more than 9500 Turkish Lira).
Crowding Factors. We assessed crowding in relation
to two contexts; one for transportation and the second
for housing. In assessing exposure to crowds while
using transportation, we had the respondents first
indicate whether they worked remotely from home or
commuted to work, then indicate which commuting
mode they used. We constructed a variable for crowding
in commute called public transportation use, which
has two levels: (0) non-public transportation users (i.e.,
those who go to work by private motor vehicle, bicycle,
walking, or are working remotely from home), (1) public
transportation users (i.e., those who go to work by bus,
train, or work shuttle). Public transportation users would
be exposed to other passengers who might have been
infected with COVID-19 in a closed space, meanwhile
both remote workers and commuters with private means
do not encounter such situations while going to work
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in a similar setting. One could still argue that remote
workers and private transportation users are two distinct
groups. Insofar as access to private space is limited to
people employed in higher management positions
(e.g., directors), it is possible that individuals reporting
using private transportation to go to work during the
pandemic would also be more likely to have access to
a private office at work. This possibility implies that
both people working remotely and those using private
transportation enjoy more control over their working
conditions than those who use public transportation.
In addition, our analyses confirmed that, in the current
sample, participants working remotely and participants
using private transportation were indeed comparable in
terms of their education and income; thus, we grouped
them as non-public transportation users.

As a second crowding factor, we assessed the extent
to which individuals were exposed to crowding in their
homes during the pandemic. Following the definition by
the United Nations Statistics Division (2001), household
crowding was assessed as the number of occupants per
room calculated by dividing the number of occupants by
the number of rooms (excluding kitchen and bathrooms).
We believe that, in comparison to household size,
occupants per room captures the individual experience
of crowding in terms of COVID-19 more accurately, as
the person living in a bigger household, if the housing
unit is spacious enough, may still enjoy the means to
self-isolate in case of a COVID-19 diagnosis among the
cohabitants. On the contrary, it is possible that those
living in a small housing unit would still lack adequate
space to self-isolate, even if the household did not have
too many members.

COVID-19 Risk Perceptions. Unlike most health
conditions (e.g., lung cancer) and protective behaviors
(e.g,, smoking cessation), which are analyzed using
behavioral change models, COVID-19 is characterized
by a rapid spread among close contacts, and cannot
be prevented with only solitary actions. Therefore,
individuals have a high risk of carrying the disease to their
close others if they do not adhere to preventive measures.
For this reason, we assessed a multidimensional risk
perception for individuals and their close others including
their affective and cognitive appraisal of the disease.

Susceptibility and severity perceptions were assessed
using items adopted from susceptibility measures utilized
for protection motivation theory (Maddux & Rogers, 1983)
(e.g., “How likely is it that you would become infected
with coronavirus within the next month.”, 0 = not at all
to 5 = very likely; “If T were infected with coronavirus,
it would have an everlasting negative impact on my
health.”, 0 = strongly disagree to 4 = strongly agree).
Additionally, we added a single-itemn measuring worry
about COVID-19 (i.e., “How much do you worry about
being infected with coronavirus?”, 0 = not at all to 4 =
very much). All three measures were repeated to assess

participants’ perceptions about their cohabitants’ risk
(e.g., “How likely is it that other household members
would become infected with coronavirus within the next
month,” 0 = not at all to 5 = very likely). These items were
combined to create a composite score with a reliability of
Cronbach’s a =.79.

COVID-19 Efficacy Perceptions. Efficacy perceptions
were measured with two items adapted from (Sen et al.,
2016) that tap into self- and response-efficacy (e.g., “If I
want, I can perform measures necessary for protection
from coronavirus.”, 0 = strongly disagree to 4 = strongly
agree). The inter-item correlation was strong (r = .62,
p <.001).

COVID-19 Perceived Protective Norms. Perceived
protective norms about COVID-19 were assessed with a
single-item, “People I care about encourage me to take
precautions against coronavirus.” on a 0-4 Likert scale.

COVID-19 Protective Behavior. We created items
that asked respondents to indicate the extent to
which they performed 16 COVID-19 related protective
behaviors (0 = not at all to 4 = very much). Those actions
were grouped under two categories, namely hygiene,
and physical distancing. See Supplementary Information
S1 for specific items. Whereas hygiene includes personal
hygiene-related measures such as washing hands or
disinfecting items that concern fomite transmission,
physical distancing includes measures such as mask use
or online shopping that concern airborne transmission of
the disease. Cronbach’s a was .77 for hygiene, and .78
for physical distancing. Factor loadings for the items are
presented in Supplementary Information S2.

2.3. ANALYTIC PROCEDURE

All variables concerning demographic information and
COVID-19 related social cognitive constructs were
included in the analyses. Variables present in the larger
project that were not theoretically relevant to the
hypotheses listed above (e.g., political orientation, trust,
personality) were excluded.

To test the study hypotheses, factor analyses and
structural equation modeling were performed using
lavaan package (Rosseel, 2012) on R. For correlation
analyses, we used the mean scores of the constructs.
SEM analyses were conducted with the latent variables
for the constructs with multi-item scales (e.g., SES,
social cognitions, and protective behavior) and with the
total scores for the measured variables (i.e., household
crowding, and public transportation use). COVID-19 risk
perceptions were treated as a second-order construct
comprising other factors (i.e., severity, susceptibility,
and worry for self and others). Considering that some
of our variables (i.e., education, commuting) were not
continuous, structural equation models were estimated
with diagonally weighted least squares (DWLS) which
yields less biased parameter estimates in ordinal and
multivariate non-normal data (Finney & DiStefano,
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2006; Mindrila, 2010). All continuous variables used in
an interaction term were mean-centered prior to the
analysis. A posthoc power analysis was conducted with
semPower package (Moshagen & Erdfelder, 2016) on
R, and it showed that, for a model with df = 462, the
sample size had a 99.99% statistical power to detect a
misfit model identified by RMSEA equal to .05 at « = .05.
A one-tailed p-value of .05 was determined to indicate
statistical significance. See Supplementary Information
S3 & S4 on alternative models for robustness checks
that considered different models and statistical analysis.
Finally, as we have covered a broad spectrum of COVID-19
protective behaviors in this study, we argue that it
respects potential individual differences in one’s daily
life that prioritize some preventive measures over others,
and it enables us to assess overall behavioral tendencies.
Instead of single-item measurements of distinct physical
distancing and hygiene-related protective behaviors (e.g.,
mask use, physical distancing, hygiene), treating them as
a construct comprising different but related behaviors
may help reduce measurement error (Diamantopoulos
et al, 2012). However, we also acknowledge that the
adoption of each protective behavior (e.g., mask use and
physical distancing) may follow different patterns with
respect to the study variables. Specifically, household
crowding may be more relevant for hygienic measures
related to the use of communal spaces in one’s house
than personal hygiene, and public transportation use
may reduce the motivation to avoid other crowded
spaces while at the same time increasing adherence to
recommendations about mask use. Then, these distinct
behaviors may need to be addressed by different policies
or persuasion strategies depending on those patterns.
Therefore, we ran additional regression models (see

Supplementary Information S5) to check the extent
to which the independent variables can predict basic
protective behaviors advised by the World Health
Organization (2022).

3. RESULTS

3.1. DESCRIPTIVE RESULTS
Table T summarizes descriptive statistics and includes the
correlation matrix. More than half of the participants did
not have higher education (N = 201), and approximately
a third of the participants had low income (N = 123).
Most of the participants were not exposed to high levels
of crowding, indicated by the fact that they mostly did
not use public transportation in their commute (N =123)
and lived in households with moderate crowding (Median
= 1). Regarding COVID-19 perceptions, on average,
participants perceived high efficacy and protective
norms; however, their COVID-19 risk perceptions were
relatively lower. Participants moderately adhered to
COVID-19 hygiene and physical distancing measures.
Women had higher COVID-19 risk perceptions ()_<d,.ff
= .28, t(384) = 3.62, p <.001) and COVID-19 protective
norms ()_<d,.ff = .14, t(381) = 1.80, p < .05). Likewise,
they reported engaging in hygiene-related COVID-19

measures more (Xd,.ff: 41,t(384) =5.63, p<.001). Hence,
in the inferential SEM analyses, we entered sex as a

covariate.

3.2. MODEL TESTING

We explored three structural equation models to test
our hypotheses. In the first model, we tested the full
model summarized in Figure 1. In the second model, we

M (SD) 2 3 5 6 7 8 9 10
1. SESe 1.68 (49)  .79** ThrE -16% =257 - 10% -.01 .00 11 .02
2. Income® 2(.83) - 16%* -.09t =257 -11F .01 .03 14+ .09*
3. Education=1¢ 48.1% - -.12* =13 07t -.05 -.03 .02 -.06
4. Household crowding 1.04 (.39) -.02 .02 -.09* -.06 .05 .07t
5. Public transportation use 33.8% - -.06 -.08* -.06 =190 17
6. Risk perceptions 2.66 (.77) - =200 17 220 274
7. Efficacy perceptions 3.10 (.77) - 18 237 237
8. Perceived protective norms  3.35(.77) - 31 225
9. Hygiene-related measures 2.97 (.74) - 70%**
10. Physical distancing 2.67 (.63) -

Table 1 Descriptive Statistics and Zero-Order Correlations Among Variables of Interest.

Notes: @ A weighted arithmetic mean of household income and education was computed only for correlation matrix. The SEM model
treats SES as a latent variable with income and education as predictors.

1 =low, 2 = middle, 3 = high.

¢ Education was coded as 0 = high school or less; 1 = more than high school.

ip<.10,* p<.05, * p<.01,**p<.001.
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simplified this model by removing COVID-19 perceived
protective norms. This allowed us to focus only on risk
and efficacy perceptions, proposed by the protection
motivation theory, as mediators between structural
factors and COVID-19 protective behavior. Nevertheless,
it is also plausible that the relationship between
structural factors and COVID-19 protective behavior is
mediated by other unobserved variables (e.g., habits,
behavioral control), and a less complex model may have
better prediction accuracy for unobserved cases in other
samples. Therefore, in the third model, we included SES-
related demographic factors without the mediating
variables (i.e.,, COVID-19 risk and efficacy perceptions)
to check whether the inclusion of COVID-19 related
perceptions was necessary to understand the relationship
between SES and protective behavior through crowding
in different contexts. The summary of the models can be
found in Table 2.

Model 1 showed an adequate fit (Kline, 2016), and
it explained 50.9% of the variance in hygiene-related
protective behavior and 49.3% in physical distancing. Path
coefficients are shown in Table 3, and they are illustrated
in Figure 2. The results partially confirmed H1 in that SES
was negatively associated with public transportation use
(B=-.47, p=.002), but it was not significantly associated
with household crowding (s = -.05, p = .08). Regarding
H2; SES and public transportation use were negatively
associated with risk perceptions (8 = -.30, p = .02; g =
-.20, p = .01; respectively). In other words, in contrast
to our hypothesis, public transportation users perceived
less COVID-19 risk. Meanwhile, as expected, SES was a
negative predictor of COVID-19 perceptions. On the other
hand, there was not a significant relationship between
household crowding and COVID-19 risk perceptions.
Similarly, neither SES nor crowding contexts were
significantly associated with self-efficacy, not providing
support for H3.

As for the relationship betweenrisk factors (i.e., SESand
crowding contexts) and protective behavior, confirming
H4; risk perceptions, efficacy perceptions, and perceived
protective norms were all positively associated with both
hygiene-related protective behavior (8 = .42; = .45; =
43; ps < .001; respectively) and physical distancing (8 =
47; p=.50; p=.36; ps < .001; respectively). Controlling

for social cognitions and normative differences, SES was
positively associated with hygiene-related protective
behavior (= .31, p <.05), but the relationship between
SES and physical distancing did not reach statistical
significance (8 = .26, p = .08). Household crowding
positively predicted both hygiene-related protective
behavior (8 = .35, p =.001) and physical distancing (5 =
49, p <.001). No significant direct association between
public transport use and protective behavior was
observed. Finally, household crowding did not moderate
the relationship between perceived protective norms
and hygiene-related protective behavior. Meanwhile,
partially confirming H5, the positive relationship between
perceived protective norms and physical distancing was
significantly moderated by household crowding (8 =
.12; p = .02) such that the positive effect of perceived
protective norms on physical distancing was stronger
for individuals living in households with high crowding
than with moderate (g = .05; p =.02) and low crowding
(8 =.09; p=.02). That being said, some models tested in
robustness checks did not show supporting evidence for
this finding (see Supplementary Information S3).

Considering that structural equation models using
different estimation techniques for non-normal data
may vary in their goodness-of-fit (DiStefano & Morgan,
2014), and DWLS (as used in this study) tend to inflate fit
indices in some cases (Nye & Drasgow, 2011), the rule of
thumbs for fit indices (e.g., Kline, 2016) may not always
be applicable. Therefore, another reason for exploring
different models other than those stated above was to
see which model fitted the data better and whether the
relationship patterns between key variables were similar
across the models.

The second model, which only included mediational
paths, showed a similar fit with the previous model,
albeit having a larger CFI. As can be seen in Table 3, there
were not any major differences between those models
in their parameter estimates for the same relationships.

Finally, the third model focused on the relationship
between SES-related crowding factors and protective
behavior without risk and efficacy perceptions as
mediating variables. This model also showed a similar
fit with the other models while having fewer variables.
However, its predictive power for protective behavior

x? df x2df  Ay? Adf  CFI  RMSEA°[90% CI]  SRMR
Model 1 121847 462  2.64 317.68*** 58 89  .07**[061-.070] .07
Model2 ~ 900.79** 404  2.23 580.82** 265 92 .06"[052-.061] 07
Model 3 319.97** 139  2.30 - - 95  .06/[.050 -.066] .07

Table 2 Summary of the Fit Indices of the Structural Equation Models.

Notes: @ Asterisks used for RMSEA indicate whether the value is significantly different than .05.

®Using likelihood ratio test, each model is compared to the following model.

ip<.10,* p<.05,** p<.001.



Ozden et al. Health Psychology Bulletin DOI: 10.5334/hpb.40

Public transportation use

Household crowding

Efficacy perceptions

Physical distancing
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Figure 2 Standardized Parameter Estimates of Model 1.
Notes: Only significant paths are demonstrated in the diagram.
*p<.05. 7 p<.01.** p<.001.

Public transportation use

Socioeconomic status
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Household crowding

Physical distancing
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Figure 3 Standardized Parameter Estimates of Model 3.
Notes: Only significant paths are demonstrated in the diagram.
*p<.05. **p<.01.*** p<.001.

decreased since 15.5%, and 11.9% of the total variability
in respectively hygiene-related protective behavior and
physical distancing were explained by SES and crowding
alone (i.e., household crowding and public transportation
use). The relationships in the model are illustrated in
Figure 3. The third model differed from previous models
such that, without controlling for COVID-19 risk and
efficacy perceptions, public transportation users reported
less hygiene-related protective behaviors (f = -.16, p =
.02) and physical distancing (8 = -.19, p = .004). On the
contrary, SES was no longer a significant predictor of
hygiene-related protective behaviors when COVID-19
perceptions were not included in the model.

In sum, Model 1 was the model that explained the
most variability in protective behavioral tendencies for
this sample, whereas Model 3 was the most parsimonious
one as suggested by a closer fit. All models tested in the
study converged on the results that household crowding
was not significantly associated with COVID-19 risk and
efficacy perceptions. However, when SES was controlled,
household crowding was a factor that increased
protective behavior as well as increasing the strength

of the relationship between COVID-19 protective norms
and physical distancing. On the other hand, crowding
in another context (i.e., public transportation use)
was negatively related to both risk perceptions and
protective behavior. In both cases, the magnitude of the
relationship between crowding factors (i.e., household
crowding and public transportation use) and protective
behavior tended to be small to moderate.

4. DISCUSSION

How do socioeconomic disparities contribute to
individuals’ sense of and actual self-protection efforts
against the pandemic? This study tested the relation
between household crowding and public transportation
use (among employed individuals) as characteristics
shared mainly by lower SES individuals, COVID-19 related
perceptions and a diverse set of protective behaviors
including physical distancing and hygiene measures.
The findings underscore SES differences in exposure to
crowding and COVID-19 risk perceptions.
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MODEL 1 MODEL 2 MODEL 3
B (SE)
Public transportation use
Woman -0.19 (.13) -0.17 (.14) -0.17 (.14)
SES 1427 (.47) -1.43*%* ((47) -1.56*** (.54)

Household crowding

Woman

0.00 (.04) 0.01 (.04) 0.01 (.04)

SES

-0.141(.08) -0.141(.08) -0.16%(.10)

Risk perceptions

Woman 0.44*** (.07) 0.37**(.07)
SES -0.82% (.34) -0.83* (.34)
Public transportation use -0.18* (.07) -0.19* (.07)
Household crowding 0.09 (.08) 0.09 (.08)
Efficacy perceptions
Woman 0.02 (.07) -0.09 (.07)
SES -0.15 (.19) -0.16 (.20)
Public transportation use -0.09 (.06) -0.09 (.06)
Household crowding -0.10 (.07) -0.10 (.07)
Hygiene-related COVID-19 measures
Woman 0.09* (.04) 0.18*** (.04) 0.23***(.03)
SES 0.38*(.19) 0.36* (.18) 0.18"(.10)
Public transportation use 0.01 (.05) 0.01 (.05) -0.06* (.03)

Household crowding

0.14** (.04) 0.13** (.04) 0.12** (.03)

Risk perceptions

0.18*** (.04) 0.18***(.03)

Efficacy perceptions

0.26*** (.04) 0.25*** (.04)

Perceived protective norms

0.17***(.02)

Perceived protective norms X Household crowding ~ -0.01 (.02)

Physical distancing
Woman 0.03 (.06) 0.17** (.06) 0.24*** (.05)
SES 0.46' (.26) 0.46' (.25) 0.19 (.15)
Public transportation use 0.00 (.07) .00 (.07) -.11** (.04)

Household crowding

0.29*** (.06) 0.29*** (.06) 0.27***(.05)

Risk perceptions

0.31***(.05) 0.30*** (.05)

Efficacy perceptions

0.42*** (.07) 0.42*** (.07)

Perceived protective norms

0.22***(.03)

Perceived protective norms X Household crowding

0.07* (.03)

Table 3 Unstandardized Parameter Estimates of the Structural Equation Models for the Association Between SES and COVID-19

Protective Behavior Through Crowding and COVID-19 Perceptions.
tp<.10,* p<.05,** p<.01, *** p<.001.

In general, lower SES individuals were exposed to more
crowding than those of higher socioeconomic status. SES
was a stronger predictor of public transportation use
than household crowding. The availability of switching
to remote work in the current pandemic might have

contributed to existing discrepancies in commuting
modes. This finding is in line with prior research observing
that people from higher SES had more flexibility in terms
of switching to working remotely and using private
transportation during the pandemic (Durand et al,
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2021; Jaspal et al., 2020). However, unlike preliminary
correlational analyses and contrary to findings from
prior research (e.g., Sauli & Térmdlehto, 2010; Lopoo &
London, 2016), we found that the association between
SES and household crowding in SEM was small enough to
be considered insignificant.

Albeit mostly having small effect sizes, crowding was
observedtobe animportant factor foradherencetohygiene-
and social distancing-related COVID-19 measures. It should
also be noted that the relationship between crowding
and protective behavior may be complex since public
transportation use and household crowding were found
to be related to protective behaviors in different directions.
Unlike public transportation use, household crowding was
a factor that was positively related to protective behavioral
tendencies. This difference might stem from the fact that
the accountability of one’s choices, and the social pressure
induced by closer bonds can be expected to be higher in
the spaces shared with close others (e.g., household) than
in public spaces (e.g., public transportation).

4.1. IMPLICATIONS FOR PROTECTION
MOTIVATION AGAINST COVID-19 IN REGARDS
TO SES AND CROWDING

We hypothesized that individuals would perceive a
higher risk for themselves and their close others when
their objective risk of being infected was higher due to
their socioeconomic conditions. This hypothesis was
confirmed such that having a lower SES was associated
with higher COVID-19 risk perceptions. This relationship
may, in part, be explained by one’s realistic appraisal
of the risk in their surroundings. Furthermore, as risk
perceptions in this study involve other household
members, higher empathic concern (Kraus et al,
2012; Varnum et al,, 2015) and more compassion (Piff
& Moskowitz, 2018; Stellar et al., 2012) toward others,
observed among lower SES individuals, may also further
explain SES differences in COVID-19 risk perceptions.

In addition, a key factor that this study explored as a
potential mediator between SES and risk perceptions was
crowding. In contrast to our predictions, transportation-
related crowding was negatively associated with risk
perceptions. One possible explanation for this finding is
that individuals using public transportation might have
tried to downplay the importance of risk concerning
crowding as a coping mechanism. This would be in
line with models like the extended parallel process
model, which suggests that when threat levels exceed
one’s efficacy to cope with the threat, fear control
(i.e., finding ways to reduce one’s fear) rather than
danger control (i.e., finding ways to reduce risk) will
dominate decision making (Witte, 1992). One alternative
explanation could be the presence of a circular causality
such that those who perceived more risk switched to
private means of commuting. However, automobile
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ownership is considerably low in Turkey (21.4% of the
adult population; TURKSTAT, 2020a). Thus, switches to
private means would have been limited. Similar to risk
perceptions, public transportation users reported less
adherence to hygienic measures, which can be explained
by a potential spillover effect from being unable to satisfy
physical distancing requirements to a general decrease
in protective behavioral tendencies.

Household crowding was not found to be related to
risk perceptions. It is important to note that in the current
study, we only focused on individuals who were currently
employed. Hence, it is possible that among lower SES
individuals who are not working, household crowding
may be a stronger predictor of risk perceptions. Indeed,
while household crowding did not significantly affect
risk perceptions, it nevertheless was positively related to
protective behavior against COVID-19, suggesting that
being in crowded domestic environments prompted
individuals to pay more attention to safety precautions,
including both hygienic and physical distancing measures.
This findingis in line with recent research (e.g., Liotta et al,,
2020), suggesting that individuals may try to take more
responsibility to reduce the risk for others when facing
structural constraints, such as household crowding.

In relation to efficacy perceptions, we predicted
that lower SES, and consequently, crowding would be
an obstacle to implementing physical distancing. This
would, in turn, decrease the perceived ability to perform
protective behaviors. On a bivariate level, both household
crowding and public transportation were negatively
correlated with COVID-19 efficacy perceptions. However,
they did not have statistically significant relationships in
the structural equation model.

For H4, the results confirmed previous studies (e.g.,
Ezati Rad et al., 2021; Okuhara et al., 2020) concerning
the association between health perceptions and
protective behaviors. Specifically, in line with the
predictions of the theory of planned behavior (Ajzen,
2002) and the protection motivation theory (Maddux &
Rogers, 1983), risk, efficacy, and normative perceptions
were all positively related to COVID-19 protective
behaviors. Furthermore, in H5, we predicted that the
motivation to comply with social norms about protective
behavior would be more pronounced among individuals
who have less domestic space to shield cohabitants
from COVID-19. In addition to the direct association
between household crowding and physical distancing,
the interaction between protective norms and household
crowding confirmed this expectation. The lack of
interaction effect for more hygiene-related protective
behavior can stem from the lower visibility of hygiene-
related measures than physical distancing, making the
former less susceptible to social pressure. In addition,
more evidence is necessary about this interaction effect
since it did not persist in all robustness checks.
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4.2. LIMITATIONS AND FUTURE DIRECTIONS
Our research has some important caveats. Firstly, it was
a cross-sectional study that could not capture changes
in perceptions and behaviors. The first peak of the
pandemic took place four months before data collection,
and a second wave was in its initial stages during data
collection. As such, the dynamics we are observing may
have been different if the data were collected during
different stages of the pandemic. Secondly, given
the digital divide in Turkey in terms of internet access
(TURKSTAT, 2021), the online survey might have resulted
in an underrepresentation of demographic groups from
lower SES. This may explain the high prevalence, in
our sample, of potentially white-collar individuals who
reported working remotely. However, no alternative
data collection procedures were available at the time,
considering potential physical and psychological safety
risks in face-to-face data collection. We also observed
that an overwhelming majority of participants lived in
urban environments (93%), much higher than the actual
urban population in Turkey (78%; TURKSTAT, 2020b).
Therefore, the results may not be generalizable to a
more rural and less dense population. This problem in
generalizability is especially important for crowding,
because rural and urban populations are most likely
to experience crowding in different patterns. Whereas
households are more crowded in rural settlements,
urbanites are exposed to more crowding in public
spaces, which might change their risk and efficacy
perceptions for the adherence to physical distancing
measures. Finally, the applicability of path analysis
models, especially in nonexperimental studies, can
be questioned (e.g., Spencer et al., 2005; Rohrer et al,,
2022). However, the predictors of COVID-19 perceptions
and protective behavior analyzed in this study are
relatively stable sociodemographic factors (i.e., SES,
and crowding) that are unlikely to have associations
with reverse causality in regard to mediators included in
the model (i.e., COVID-19 perceptions). Thus, this study
proceeded with a structural equation model. In other
words, individuals are not likely to experience changes in
their SES and household crowding as an outcome of their
COVID-19 perceptions and behavioral tendencies. As
argued above, even if it is plausible that some individuals
might switch to private means in their commute or
remote working because of their risk perceptions,
their numbers are expected to be marginal as public
transportation use is more likely to be determined by
SES than cognitive appraisals. Nonetheless, considering
the possibility of multiple paths from omitted variables
(Coenen, 2022), we additionally tested our hypotheses
with another statistical technique (i.e., hierarchical
linear regression) which does not assume any structural
mechanism among the variables, and this analysis
available at Supplementary Information S4 also yielded
similar results.
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Future research may assess crowding in more detail
by using more fine-tuned operationalization of crowding,
such as frequency of contact with non-household
members, time spent in public transportation, and
access to private office space. Likewise, a combination
of the number of rooms, number of bathrooms, and total
floor area may help better assess the consequences
of household crowding. In addition to cross-sectional
studies, experience sampling methods might be
employed to uncover crowding effects in other contexts
(e.g., work, leisure).

4.3. CONCLUSION

This study extends previous research on understanding
the impact of SES and crowding on the experiences of
individuals during COVID-19. To date, most research on
crowding and COVID-19 has focused on the impact of
city-and neighborhood-level estimations of population
density and its impact on the spread of COVID-19. Our
study supplements this prior work by explaining how
these ecological conditions are experienced by individuals
in ways that may affect their risk perceptions and, in turn,
their proclivity to engage in protective behavior. In the
case of COVID-19, the findings show that any effects of
SES and crowding on protective behavior tend to be small.
We postulate that this difference stems from the fact that
risk factors such as lower SES and crowding in different
contexts (i.e., household, and public transportation) may
influence COVID-19 perceptions in different directions.

DATA ACCESSIBILITY STATEMENT

All data and codes are available on OSF: https://osf.
io/8bj3h/.

NOTE

1 NUTS (Nomenclature of Territorial Units for Statistics) is a
three-level classification system for dividing up the economic
territory of the European Union. NUTS 2 divides the EU countries
into basic socioeconomic regions and is the most widely used
classification for comparative purposes. See https://ec.europa.
eu/eurostat/web/nuts/background for a detailed description.

FUNDING INFORMATION
This work was conducted as part of a larger research
project supported by The Scientific and Technological

Research Council of Turkey (TUBITAK) [grant number
120K438].

COMPETING INTERESTS

The authors have no competing interests to declare.


https://osf.io/8bj3h/
https://osf.io/8bj3h/
https://ec.europa.eu/eurostat/web/nuts/background
https://ec.europa.eu/eurostat/web/nuts/background

Ozden et al. Health Psychology Bulletin DOI: 10.5334/hpb.40

AUTHOR AFFILIATIONS

Mehmet Ozden
Kog University, TR
Lemi Baruh " orcid.org/0000-0002-2797-242X
Kog University, TR
Zeynep Cemalcilar

orcid.org/0000-0001-7343-4027

orcid.org/0000-0002-0886-7982
Kog University, TR

orcid.org/0000-0002-0485-1705
National University of Singapore, SG

Ozan Kuru

REFERENCES

Aarhaug, J. (2016). Taxis as a part of public transport (pp. 1-56).
German Federal Ministry for Economic Cooperation and
Development (BMZ).

Abdalla, S. M,, Yu, S., & Galeq, S. (2020). Trends in
cardiovascular disease prevalence by income level in the
United States. JAMA Network Open, 3(9), €2018150. DOL:
https://doi.org/10.1001/jamanetworkopen.2020.18150

Abel, T., & Frohlich, K. L. (2012). Capitals and capabilities:
Linking structure and agency to reduce health
inequalities. Social Science & Medicine, 74(2), 236-244.
DOLI: https://doi.org/10.1016/j.socscimed.2011.10.028

Ajzen, I. (2002). Perceived behavioral control, self-efficacy,
locus of control, and the theory of planned behavior.
Journal of Applied Social Psychology, 32(4), 665-683. DOI:
https://doi.org/10.1111/j.1559-1816.2002.tb00236.x

Almagro, M., Coven, J., Gupta, A., & Orane Hutchinson, A.
(2020). Racial disparities in frontline workers and housing
crowding during COVID-19: Evidence from geolocation
data. SSRN Electronic Journal. DOI: https://doi.org/10.2139/
ssrn.3695249

Andersen, R. M. (1995). Revisiting the behavioral model
and access to medical care: does it matter? Journal of
Health and Social Behavior, 36(1), 1-10. DOI: https://doi.
0rg/10.2307/2137284

Azar, K. M,, Shen, Z., Romanelli, R. J., Lockhart, S. H., Smits, K.,
Robinson, S., Brown, S. & Pressman, A. R. (2020). Disparities
in outcomes among COVID-19 patients in a large health
care system in California. Health Affairs, 39(7), 1253-1262.
DOL: https://doi.org/10.1377/hlthaff.2020.00598

Bambraq, C., Riordan, R., Ford, J., & Matthews, F. (2020). The
COVID-19 pandemic and health inequalities. Journal of
Epidemiology and Community Health, 74(11), 964-968.
DOL: https://doi.org/10.1136/jech-2020-214401

Baruh L., Carkoglu, A., Yildirim, K., Cemalcilar, Z., Hiirriyetoglu,
A., &Kuru, 0. (2020). Gazete okuma ve sosyal medya
kullaniminin bireylerin COVID-19’dan koruyucu davranigta
bulunma egilimlerine etkisi [The influence of reading
newspaper and social media usage on individuals’
COVID-19 protective behavioral tendencies] (Report No.
120K438). The Scientific and Technological Research
Council of Turkey. https://covid19media.ku.edu.tr

12

Boisjoly, G., Serra, B., Oliveira, G. T., & El-Geneidy, A.
(2020). Accessibility measurements in Sdo Paulo, Rio de
Janeiro, Curitiba and Recife, Brazil. Journal of Transport
Geography, 82, 102551. DOTI: https://doi.org/10.1016/].
jtrangeo.2019.102551

Businelle, M. S., Kendzor, D. E., Reitzel, L. R., Costello, T.
J., Cofta-Woerpel, L., Li, Y., Mazas, C. A., Vidrine, J. L.,
Cinciripini, P. M., Greisinger, A. J., & Wetter, D. W. (2010).
Mechanisms linking socioeconomic status to smoking
cessation: A structural equation modeling approach.
Health Psychology, 29(3), 262-273. DOL: https://doi.
org/10.1037/a0019285

Chen, E., Hanson, M. D., Paterson, L. Q., Griffin, M. J., Walker,
H. A, & Miller, G. E. (2006). Socioeconomic status and
inflammatory processes in childhood asthma: The role
of psychological stress. Journal of Allergy and Clinical
Immunology, 117(5), 1014-1020. DOI: https://doi.
0rg/10.1016/j.jaci.2006.01.036

Coenen, L. (2022). The indirect effect is omitted variable
bias. A cautionary note on the theoretical interpretation
of products-of-coefficients in mediation analyses.
European Journal of Communication. DOI: https://doi.
org/10.1177/02673231221082244

Diamantopoulos, A., Sarstedt, M., Fuchs, C., Wilczynski, P., &
Kaiser, S. (2012). Guidelines for choosing between multi-
item and single-item scales for construct measurement:
a predictive validity perspective. Journal of the Academy
of Marketing Science, 40, 434-449. DOL: https://doi.
org/10.1007/s11747-011-0300-3

Ding, X., Brazel, D. M., & Mills, M. C. (2021). Factors affecting
adherence to nonpharmaceutical interventions for
COVID-19 infections in the first year of the pandemic
in the U.K. BMJ open, 11(10), e054200. DOI: https://doi.
0rg/10.1136/bmjopen-2021-054200

DiStefano, C., & Morgan, G. B. (2014). A comparison of
diagonal weighted least squares robust estimation
techniques for ordinal data. Structural Equation Modeling,
21(3), 425-438. DOL: https://doi.org/10.1080/10705511.2
014.915373

Dryhurst, S., Schneider, C. R., Kerr, J., Freeman, A. L., Recchia,
G., Van Der Bles, A. M., Spiegelhalter, D., & Van Der
Linden, S. (2020). Risk perceptions of COVID-19 around the
world. Journal of Risk Research, 23(7-8), 994-1006. DOI:
https://doi.org/10.1080/13669877.2020.1758193

Durand, H., Bacon, S. L., Byrne, M,, Farrell, K., Kenny, E., Lavoie,
K. L., McGuire, B. M., McSharry, J., Meade, O., Mooney, R.,
Noone, C,, 0’Connor, L. L., O’Flaherty, K., Molloy, G. L., &
iCARE Study Team. (2021). Adherence to physical distancing
quidance in Ireland: a nationally representative analysis
from the International COVID-19 Awareness and Responses
Evaluation (iCARE) study. HRB Open Research, 4(36), 36. DOL:
https://doi.org/10.12688/hrbopenres.13237.1

Engel, G. L. (1977). The need for a new medical model: a
challenge for biomedicine. Science, 196(4286), 129-136.
DOLI: https://doi.org/10.1126/science.847460


https://orcid.org/0000-0001-7343-4027
https://orcid.org/0000-0001-7343-4027
https://orcid.org/0000-0002-2797-242X
https://orcid.org/0000-0002-2797-242X
https://orcid.org/0000-0002-0886-7982
https://orcid.org/0000-0002-0886-7982
https://orcid.org/0000-0002-0485-1705
https://orcid.org/0000-0002-0485-1705
https://doi.org/10.1001/jamanetworkopen.2020.18150
https://doi.org/10.1016/j.socscimed.2011.10.028
https://doi.org/10.1111/j.1559-1816.2002.tb00236.x
https://doi.org/10.2139/ssrn.3695249
https://doi.org/10.2139/ssrn.3695249
https://doi.org/10.2307/2137284
https://doi.org/10.2307/2137284
https://doi.org/10.1377/hlthaff.2020.00598
https://doi.org/10.1136/jech-2020-214401 
https://doi.org/10.1016/j.jtrangeo.2019.102551
https://doi.org/10.1016/j.jtrangeo.2019.102551
https://doi.org/10.1037/a0019285
https://doi.org/10.1037/a0019285
https://doi.org/10.1016/j.jaci.2006.01.036
https://doi.org/10.1016/j.jaci.2006.01.036
https://doi.org/10.1177/02673231221082244
https://doi.org/10.1177/02673231221082244
https://doi.org/10.1007/s11747-011-0300-3
https://doi.org/10.1007/s11747-011-0300-3
https://doi.org/10.1136/bmjopen-2021-054200
https://doi.org/10.1136/bmjopen-2021-054200
https://doi.org/10.1080/10705511.2014.915373
https://doi.org/10.1080/10705511.2014.915373
https://doi.org/10.1080/13669877.2020.1758193
https://doi.org/10.12688/hrbopenres.13237.1
https://doi.org/10.1126/science.847460

Ozden et al. Health Psychology Bulletin DOI: 10.5334/hpb.40

Ezati Rad, R., Mohseni, S., Takhti, H. K., Azad, M. H., Shahabi,
N., Aghamolaei, T., & Norozian, F. (2021). Application of
the protection motivation theory for predicting COVID-19
preventive behaviors in Hormozgan, Iran: a cross-sectional
study. BMC Public Health, 21(1), 1-11. DOI: https://doi.
0rg/10.1186/512889-021-10500-w

Finney, S. J., & DiStefano, C. (2006). Non-normal and
categorical data in structural equation modeling. Structural
Equation Modeling: A second course, 10(6), 269-314.

Fiscella, K., Franks, P., Gold, M. R,, & Clancy, C. M. (2000).
Inequality in quality: Addressing socioeconomic, racial,
and ethnic disparities in health care. JAMA, 283(19), 2579.
DOLI: https://doi.org/10.1001/jama.283.19.2579

Gonzdlez-Castro, J. L., Ubillos-Landa, S., Puente-Martinez,

A., & Gracia-Leiva, M. (2021). Perceived vulnerability
and severity predict adherence to COVID-19 protection
measures: The mediating role of instrumental

coping. Frontiers in Psychology, 12, 2638. DOI: https://doi.
0rg/10.3389/fpsyg.2021.674032

Groffen, D. A. 1., Bosma, H., van den Akker, M., Kempen, G. L.

J. M,, & van Eijk, J. Th. M. (2008). Material deprivation and
health-related dysfunction in older Dutch people: findings
from the SMILE study. European Journal of Public Health,
18(3), 258-263. DOLI: https://doi.org/10.1093/eurpub/ckm119

Hadjidemetriou, G. M., Sasidharan, M., Kouyialis, G., & Parlikad,
A. K. (2020). The impact of government measures and
human mobility trend on COVID-19 related deaths in the
U.K. Transportation Research Interdisciplinary Perspectives,
6,100167. DOL: https://doi.org/10.1016/j.trip.2020.100167

Irigoyen-Camacho, M. E., Velazquez-Alva, M. C., Zepeda-
Zepeda, M. A, Cabrer-Rosales, M. F., Lazarevich, I,

& Castaino-Seiquer, A. (2020). Effect of income level
and perception of susceptibility and severity of COVID-
19 on stay-at-home preventive behavior in a group

of older adults in Mexico City. International Journal of
Environmental Research and Public Health, 17(20), 7418.
DOLI: https://doi.org/10.3390/ijerph17207418

Jaspal, R, Lopes, B., & Lopes, P. (2020). Predicting social
distancing and compulsive buying behaviours in response
to COVID-19 in a United Kingdom sample. Cogent
Psychology, 7(1), 1800924. DOI: https://doi.org/10.1080/23
311908.2020.1800924

Kline, R. B. (2016). Principles and practice of structural equation
modeling (4th ed.). Guilford publications.

Kissler, S. M., Kishore, N., Prabhu, M., Goffman, D., Beilin,

Y., Landau, R., Gyamfi-Bannerman, C., Bateman, B.

T., Snyder, J,, Razavi, A. S., Katz, D., Gal, J., Bianco, A,,
Stone, J., Larremore, D., Buckee, C. 0., & Grad, Y. H.
(2020). Reductions in commuting mobility correlate with
geographic differences in SARS-CoV-2 prevalence in New
York City. Nature Communications, 11(1), 1-6. DOI: https://
doi.org/10.1038/s41467-020-18271-5

Kraemer, M. U. G,, Yang, C.-H., Gutierrez, B., Wu, C.-H,, Klein,
B., Pigott, D. M., Open COVID-19 Data Working Group, du
Plessis, L., Faria, N. R,, Li, R., Hanage, W. P., Brownstein,
J. S, Layan, M., Vespignani, A., Tian, H., Dye, C., Pybus, O.

13

G., & Scarpino, S. V. (2020). The effect of human mobility
and control measures on the COVID-19 epidemic in China.
Science, 368(6490), 493-497. DOL: https://doi.org/10.1126/
science.abb4218

Kraus, M. W,, Piff, P. K., Mendoza-Denton, R., Rheinschmidt,
M. L., & Keltner, D. (2012). Social class, solipsism, and
contextualism: how the rich are different from the
poor. Psychological Review, 119(3), 546. DOI: https://doi.
org/10.1037/a0028756

Lee, W,, Qian, M., & Schwanen, T. (2021). The association
between socioeconomic status and mobility reductions in
the early stage of England’s COVID-19 epidemic. Health
and Place, 69, 102563. DOI: https://doi.org/10.1016/j.
healthplace.2021.102563

Lin, C. Y., Imani, V., Majd, N. R., Ghasemi, Z., Griffiths, M. D.,
Hamilton, K., Hagger, M. S., & Pakpour, A. H. (2020).
Using an integrated social cognition model to predict
COVID-19 preventive behaviours. British Journal of Health
Psychology, 25(4), 981-1005. DOI: https://doi.org/10.1111/
bjhp.12465

Liotta, G., Marazzi, M. C,, Orlando, S., & Palombi, L. (2020).
Is social connectedness a risk factor for the spreading
of COVID-19 among older adults? The Italian paradox.
PLoS One, 15(5), e0233329. DOL: https://doi.org/10.1371/
journal.pone.0233329

Lopoo, L. M., & London, A. S. (2016). Household
crowding during childhood and long-term education
outcomes. Demography, 53(3), 699-721. DOI: https://doi.
org/10.1007/s13524-016-0467-9

Lucas, K. (2012). Transport and social exclusion: Where are
we now? Transport Policy, 20, 105-113. DOI: https://doi.
0rg/10.1016/j.tranpol.2012.01.013

Luszczynska, A. (2004). Change in breast self-examination
behavior: Effects of intervention on enhancing self-efficacy.
International Journal of Behavioral Medicine, 11(2), 95-103.
DOL: https://doi.org/10.1207/s15327558ijbm1102_5

Maddux, J. E., & Rogers, R. W. (1983). Protection motivation
and self-efficacy: A revised theory of fear appeals and
attitude change. Journal of Experimental Social Psychology,
19(5), 469-479. DOLI: https://doi.org/10.1016/0022-
1031(83)90023-9

Mahmood, Q. K., Jafree, S. R., Mukhtar, S., & Fischer, F. (2021).
Social media use, self-efficacy, perceived threat, and
preventive behavior in times of COVID-19: results of a
cross-sectional study in Pakistan. Frontiers in Psychology, 12,
2354. DOL: https:/doi.org/10.3389/fpsyq.2021.562042

Maroko, A. R., Nash, D., & Pavilonis, B. T. (2020). COVID-19
and inequity: A comparative spatial analysis of New York
City and Chicago hot spots. Journal of Urban Health, 97(4),
461-470. DOI: https://doi.org/10.1007/s11524-020-
00468-0

Menag, G. E., Martinez, P. P.,, Mahmud, A. S., Marquet, P. A,
Buckee, C. 0., & Santillana, M. (2021). Socioeconomic
status determines COVID-19 incidence and related
mortality in Santiago, Chile. Science, 372(6545). DOL:
https://doi.org/10.1126/science.abg5298


https://doi.org/10.1186/s12889-021-10500-w
https://doi.org/10.1186/s12889-021-10500-w
https://doi.org/10.1001/jama.283.19.2579
https://doi.org/10.3389/fpsyg.2021.674032
https://doi.org/10.3389/fpsyg.2021.674032
https://doi.org/10.1093/eurpub/ckm119
https://doi.org/10.1016/j.trip.2020.100167
https://doi.org/10.3390/ijerph17207418
https://doi.org/10.1080/23311908.2020.1800924
https://doi.org/10.1080/23311908.2020.1800924
https://doi.org/10.1038/s41467-020-18271-5
https://doi.org/10.1038/s41467-020-18271-5
https://doi.org/10.1126/science.abb4218
https://doi.org/10.1126/science.abb4218
https://doi.org/10.1037/a0028756
https://doi.org/10.1037/a0028756
https://doi.org/10.1016/j.healthplace.2021.102563
https://doi.org/10.1016/j.healthplace.2021.102563
https://doi.org/10.1111/bjhp.12465
https://doi.org/10.1111/bjhp.12465
https://doi.org/10.1371/journal.pone.0233329
https://doi.org/10.1371/journal.pone.0233329
https://doi.org/10.1007/s13524-016-0467-9
https://doi.org/10.1007/s13524-016-0467-9
https://doi.org/10.1016/j.tranpol.2012.01.013
https://doi.org/10.1016/j.tranpol.2012.01.013
https://doi.org/10.1207/s15327558ijbm1102_5
https://doi.org/10.1016/0022-1031(83)90023-9
https://doi.org/10.1016/0022-1031(83)90023-9
https://doi.org/10.3389/fpsyg.2021.562042
https://doi.org/10.1007/s11524-020-00468-0
https://doi.org/10.1007/s11524-020-00468-0
https://doi.org/10.1126/science.abg5298

Ozden et al. Health Psychology Bulletin DOI: 10.5334/hpb.40

Mindrild, D. (2010). Maximum likelihood (ML) and diagonally
weighted least squares (DWLS) estimation procedures:
A comparison of estimation bias with ordinal and
multivariate non-normal data. International Journal for
Digital Society, 1(1), 60-66. DOI: https://doi.org/10.20533/
ijds.2040.2570.2010.0010

Moshagen, M., & Erdfelder, E. (2016). A new strategy for
testing structural equation models. Structural Equation
Modeling, 23, 54-60. DOI: https://doi.org/10.1080/107055
11.2014.950896

Nelson, J. D., Wright, S., Masson, B., Ambrosino, G., &
Naniopoulos, A. (2010). Recent developments in
flexible transport services. Research in Transportation
Economics, 29(1), 243-248. DOI: https://doi.org/10.1016/j.
retrec.2010.07.030

Nye, C. D., & Drasgow, F. (2011). Assessing goodness of fit:
Simple rules of thumb simply do not work. Organizational
Research Methods, 14(3), 548-573. DOL: https://doi.
0rg/10.1177/1094428110368562

Oberndorfer, M., Dorner, T. E., Brunnmayr, M., Berger, K.,
Dugandzic, B., & Bach, M. (2021). Health-related and
socio-economic burden of the COVID-19 pandemic in
Vienna. Health Social Care in the Community, hsc.13485.
DOL: https://doi.org/10.2139/ssrn.3733369

Okuhara, T., Okada, H., & Kiuchi, T. (2020). Predictors of
staying at home during the COVID-19 pandemic and
social lockdown based on protection motivation theory: A
cross-sectional study in Japan. Healthcare, 8(4), 475. DOL:
https://doi.org/10.3390/healthcare8040475

Oishi, S., Cha, Y., & Schimmack, U. (2021). The social ecology
of COVID-19 cases and deaths in New York City: The role
of walkability, wealth, and race. Social Psychological and
Personality Science, 194855062097925. DOI: https://doi.
org/10.1177/1948550620979259

Pagnini, F., Bonanomi, A., Tagliabue, S., Balconi, M.,
Bertolotti, M., Confalonieri, E., ... & Villani, D. (2020).
Knowledge, concerns, and behaviors of individuals
during the first week of the coronavirus disease
2019 pandemic in Italy. JAMA Network Open, 3(7),
€2015821-e2015821. DOI: https://doi.org/10.1001/
jamanetworkopen.2020.15821

Perra, N. (2021). Non-pharmaceutical interventions during the
COVID-19 pandemic: A review. Physics Reports, 913, 1-52.
DOLI: https://doi.org/10.1016/j.physrep.2021.02.001

Piff, P. K., & Moskowitz, J. P. (2018). Wealth, poverty, and
happiness: Social class is differentially associated with
positive emotions. Emotion, 18(6), 902. DOI: https://doi.
org/10.1037/emo0000387

Pilch, 1., Wardawy, P., & Probierz, E. (2021). The predictors
of adaptive and maladaptive coping behavior during the
COVID-19 pandemic: The protection motivation theory and
the Big Five personality traits. PLoS One, 16(10), e0258606.
DOI: https://doi.org/10.1371/journal.pone.0258606

Rohrer, J. M., Hiinermund, P., Arslan, R. C., & Elson, M.
(2022). That’s a lot to process! Pitfalls of popular

14

path models. Advances in Methods and Practices in
Psychological Science, 5(2), 1-14. DOI: https://doi.
org/10.1177/25152459221095827

Rosengren, A., Smyth, A, Rangarajan, S., Ramasundarahettige,
C., Bangdiwala, S. I., AlHabib, K. F., Avezum, A., Bostrom,
K. B., Chifamba, J., Giileg, S., Gupta, R., Igumbor, E. U,
Iqbal, R., Ismail, N., Joseph, P., Kaur, M., Khatib, R.,
Kruger, I. M., Lamelas, P., Lanas, F., Lear, S. A, Li, W.,
Wang, C., Quaing, D., Wang, Y., Lopez-Jaramillo, P.,
Mohammadifard, N., Mohan, V., Mony, P. K., Poirier, P.,
Srilatha, S., Szuba, A,, Teo, K., Wielgosz, A, Yeates, K. E.,
Yusoff, K., Yusuf, R., Yusufali, A. H., Attaei, M. W., McKee,
M., & Yusuf, S. (2019). Socioeconomic status and risk of
cardiovascular disease in 20 low-income, middle-income,
and high-income countries: the Prospective Urban Rural
Epidemiologic (PURE) study. Lancet Global Health, 7(6),
e748-e760. DOL: https://doi.org/10.1016/S2214-
109X(19)30045-2

Ross, N. A,, Gilmour, H., & Dasgupta, K. (2010). 14-year
diabetes incidence: the role of socio-economic status.
Health Reports, 21(3), 19-28.

Rosseel, Y. (2012). Lavaan: An R package for structural
equation modeling and more. Version 0.5-12
(BETA). Journal of Statistical Software, 48(2), 1-36. DOIL:
https://doi.org/10.18637/jss.v048.i02

Sauli, H., & Tormdlehto, V. M. (2010). The distributional
impact of imputed rent. Income and living conditions in
Europe, 155. DOL: https://doi.org/10.2785/53320

Schweda, A., Weismiiller, B., Bduerle, A., Dorrie, N., Musche,
V., Fink, M., Kohler, H., Teufel, M., & Skoda, E.-M.
(2021). Phenotyping mental health: Age, community
size, and depression differently modulate COVID-19-
related fear and generalized anxiety. Comprehensive
Psychiatry, 104, 152218. DOI: https://doi.org/10.1016/].
comppsych.2020.152218

Sen, C. K. N, Baruh, L., & Kumkale, G. T. (2016). Beyond a
paycheck: The influence of workforce participation on
women’s cancer screening in Turkey. Sex Roles, 75(11-12),
599-611. DOL: https://doi.org/10.1007/s11199-016-0611-
4

Singer, M., & Clair, S. (2003). Syndemics and Public Health:
Reconceptualizing Disease in Bio-Social Context. Medical
Anthropology Quarterly, 17(4), 423-441. DOI: https://doi.
0rg/10.1525/maq.2003.17.4.423

Slovic, P., Peters, E., Finucane, M. L., & MacGregor, D.
G. (2005). Affect, risk, and decision making. Health
Psychology, 24(4, Suppl), S35-540. DOI: https://doi.
0rg/10.1037/0278-6133.24.4.535

Serensen, K., Pelikan, J. M., Réthlin, F., Ganahl, K., Slonska, Z.,
Doyle, G., Fullam, J., Kondilis, B., Agrafiotis, D., Uiters, E.,
Falcon, M., Mensing, M., Tchamov, K., Broucke, S. van den,
& Brand, H. (2015). Health literacy in Europe: Comparative
results of the European health literacy survey (HLS-EU).
European Journal of Public Health, 25(6), 1053-1058. DOTI:
https://doi.org/10.1093/eurpub/ckv043


https://doi.org/10.20533/ijds.2040.2570.2010.0010
https://doi.org/10.20533/ijds.2040.2570.2010.0010
https://doi.org/10.1080/10705511.2014.950896
https://doi.org/10.1080/10705511.2014.950896
https://doi.org/10.1016/j.retrec.2010.07.030
https://doi.org/10.1016/j.retrec.2010.07.030
https://doi.org/10.1177/1094428110368562
https://doi.org/10.1177/1094428110368562
https://doi.org/10.2139/ssrn.3733369
https://doi.org/10.3390/healthcare8040475
https://doi.org/10.1177/1948550620979259
https://doi.org/10.1177/1948550620979259
https://doi.org/10.1001/jamanetworkopen.2020.15821
https://doi.org/10.1001/jamanetworkopen.2020.15821
https://doi.org/10.1016/j.physrep.2021.02.001
https://doi.org/10.1037/emo0000387
https://doi.org/10.1037/emo0000387
https://doi.org/10.1371/journal.pone.0258606
https://doi.org/10.1177/25152459221095827
https://doi.org/10.1177/25152459221095827
https://doi.org/10.1016/S2214-109X(19)30045-2
https://doi.org/10.1016/S2214-109X(19)30045-2
https://doi.org/10.18637/jss.v048.i02
https://doi.org/10.2785/53320
https://doi.org/10.1016/j.comppsych.2020.152218
https://doi.org/10.1016/j.comppsych.2020.152218
https://doi.org/10.1007/s11199-016-0611-4
https://doi.org/10.1007/s11199-016-0611-4
https://doi.org/10.1525/maq.2003.17.4.423
https://doi.org/10.1525/maq.2003.17.4.423
https://doi.org/10.1037/0278-6133.24.4.S35
https://doi.org/10.1037/0278-6133.24.4.S35
https://doi.org/10.1093/eurpub/ckv043

Ozden et al. Health Psychology Bulletin DOI: 10.5334/hpb.40

Spencer, S. J., Zanna, M. P., & Fong, G. T. (2005). Establishing
a causal chain: why experiments are often more effective
than mediational analyses in examining psychological
processes. Journal of Personality and Social Psychology, 89(6),
845. DOLI: https://doi.org/10.1037/0022-3514.89.6.845

Stellar, J. E,, Manzo, V. M., Kraus, M. W., & Keltner, D. (2012).
Class and compassion: socioeconomic factors predict
responses to suffering. Emotion, 12(3), 449. DOL: https://
doi.org/10.1037/a0026508

§uri1;u, S., Martinsone, K., Perepjolking, V., Kolesnikova,

J., Vainik, U., Ruza, A., Vrublevska, J., Smirnova, D.,
Fountoulakis, K. N., & Rancans, E. (2021). Factors related
to COVID-19 preventive behaviors: A Structural Equation
Model. Frontiers in Psychology, 12. DOI: https://doi.
0rg/10.3389/fpsyq.2021.676521

Teasdale, E., Yardley, L., Schlotz, W., & Michie, S. (2012).

The importance of coping appraisal in behavioural
responses to pandemic flu. British Journal of Health
Psycholog, 17(1), 44-59. DOI: https://doi.org/10.1111/
J.2044-8287.2011.02017.x

Tian, H,, Liy, Y., Li, Y., Wu, C.-H., Chen, B., Kraemer, M. U. G, Li,
B., Cai, J., Xu, B, Yang, Q., Wang, B., Yang, P., Cui, Y., Song,
Y., Zheng, P., Wang, Q., Bjornstad, O. N., Yang, R., Grenfell,
B. T., Pybus, O. G., & Dye, C. (2020). An investigation of
transmission control measures during the first 50 days of
the COVID-19 epidemic in China. Science, 368(6491), 638-
642. DOI: https://doi.org/10.1126/science.abb6105

The Centers for Disease Control and Prevention. (2021).
People with Certain Medical Conditions. https://www.cdc.
gov/coronavirus/2019-ncov/need-extra-precautions/
people-with-medical-conditions.html.

TURKSTAT. (2020a). Road motor vehicles, December 2020.

TURKSTAT. (2020b). The results of address-based population
registration system, 2020.

TURKSTAT. (2021). Survey on information and communication
technology (ICT) usage in households and by individuals,
2021.

UNESCO Institute for Statistics. (2012). International standard
classification of education: ISCED 2011. Comparative Social
Research, 30. DOI: https://doi.org/10.15220/978-952-9189-
123-8-en

United Nations Statistics Division. (2001). Compendium of
housing statistics 2001.

Urbanos-Garrido, R. M. (2012). Social inequalities in health:
measuring the contribution of housing deprivation and

15

social interactions for Spain. International Journal of Equity
in Health, 11(1), 77. DOI: https://doi.org/10.1186/1475-
9276-11-77

Varnum, M. E., Blais, C., Hampton, R. S., & Brewer, G. A. (2015).
Social class affects neural empathic responses. Culture and
Brain, 3(2), 122-130. DOL: https://doi.org/10.1007/s40167-
015-0031-2

West, R., Michie, S., Rubin, G. J., & Amlét, R. (2020).
Applying principles of behaviour change to reduce
SARS-CoV-2 transmission. Nature Human Behaviour,
4(5), 451-459. DOL: https://doi.org/10.1038/s41562-020-
0887-9

Williams, S. L., & French, D. P. (2011). What are the most
effective intervention techniques for changing physical
activity self-efficacy and physical activity behaviour—and
are they the same? Health Education Research, 26(2),
308-322. DOLI: https://doi.org/10.1093/her/cyr005

Witte, K. (1992). Putting the fear back into fear appeals:
The extended parallel process model. Communication
Monographs, 59(4), 329-349. DOI: https://doi.
org/10.1080/03637759209376276

Wolff, K. (2021). COVID-19 Vaccination Intentions: The theory
of planned behavior, Optimistic Bias, and Anticipated
Regret. Frontiers in Psychology, 12, 648289. DOI: https://
doi.org/10.3389/fpsyq.2021.648289

World Health Organization. (2020a). COVID-19 and NCD Risk
Factors. https://www.who.int/docs/default-source/ncds/
un-interagency-task-force-on-ncds/uniatf-policy-brief-
ncds-and-covid-030920-poster.pdf

World Health Organization. (2020b). Transmission of SARS-
CoV-2: implications for infection prevention precautions.
https://www.who.int/news-room/commentaries/detail/
transmission-of-sars-cov-2-implications-for-infection-
prevention-precaution

World Health Organization. (2022). Advice for the public:
Coronavirus disease (COVID-19). https://www.who.int/
emergencies/diseases/novel-coronavirus-2019/advice-for-
public

Xie, Z,, Liy, K., Or, C., Chen, J., Yan, M., & Wang, H. (2020).
An examination of the socio-demographic correlates
of patient adherence to self-management behaviors
and the mediating roles of health attitudes and
self-efficacy among patients with coexisting type 2
diabetes and hypertension. BMC Public Health, 20(1),
122. DOTI: https://doi.org/10.1186/s12889-020-09274-4


https://doi.org/10.1037/0022-3514.89.6.845
https://doi.org/10.1037/a0026508
https://doi.org/10.1037/a0026508
https://doi.org/10.3389/fpsyg.2021.676521
https://doi.org/10.3389/fpsyg.2021.676521
https://doi.org/10.1111/j.2044-8287.2011.02017.x
https://doi.org/10.1111/j.2044-8287.2011.02017.x
https://doi.org/10.1126/science.abb6105
https://www.cdc.gov/coronavirus/2019-ncov/need-extra-precautions/people-with-medical-conditions.html
https://www.cdc.gov/coronavirus/2019-ncov/need-extra-precautions/people-with-medical-conditions.html
https://www.cdc.gov/coronavirus/2019-ncov/need-extra-precautions/people-with-medical-conditions.html
https://doi.org/10.15220/978-92-9189-123-8-en
https://doi.org/10.15220/978-92-9189-123-8-en
https://doi.org/10.1186/1475-9276-11-77
https://doi.org/10.1186/1475-9276-11-77
https://doi.org/10.1007/s40167-015-0031-2
https://doi.org/10.1007/s40167-015-0031-2
https://doi.org/10.1038/s41562-020-0887-9
https://doi.org/10.1038/s41562-020-0887-9
https://doi.org/10.1093/her/cyr005
https://doi.org/10.1080/03637759209376276
https://doi.org/10.1080/03637759209376276
https://doi.org/10.3389/fpsyg.2021.648289
https://doi.org/10.3389/fpsyg.2021.648289
https://www.who.int/docs/default-source/ncds/un-interagency-task-force-on-ncds/uniatf-policy-brief-ncds-and-covid-030920-poster.pdf
https://www.who.int/docs/default-source/ncds/un-interagency-task-force-on-ncds/uniatf-policy-brief-ncds-and-covid-030920-poster.pdf
https://www.who.int/docs/default-source/ncds/un-interagency-task-force-on-ncds/uniatf-policy-brief-ncds-and-covid-030920-poster.pdf
https://www.who.int/news-room/commentaries/detail/transmission-of-sars-cov-2-implications-for-infection-prevention-precaution
https://www.who.int/news-room/commentaries/detail/transmission-of-sars-cov-2-implications-for-infection-prevention-precaution
https://www.who.int/news-room/commentaries/detail/transmission-of-sars-cov-2-implications-for-infection-prevention-precaution
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/advice-for-public
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/advice-for-public
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/advice-for-public
https://doi.org/10.1186/s12889-020-09274-4

Ozden et al. Health Psychology Bulletin DOI: 10.5334/hpb.40 16

TO CITE THIS ARTICLE:
Ozden, M., Baruh, L., Cemalcilar, Z., & Kuru, O. (2023). Socioeconomic Status, Crowding, COVID-19 Perceptions, and Protective
Behavior. Health Psychology Bulletin, 17(1), pp. 1-16. DOI: https://doi.org/10.5334/hpb.40

Submitted: 06 September 2022  Accepted: 15 March 2023  Published: 24 March 2023

COPYRIGHT:

© 2023 The Author(s). This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0
International License (CC-BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original
author and source are credited. See http://creativecommons.org/licenses/by/4.0/.

Health Psychology Bulletin is a peer-reviewed open access journal published by Ubiquity Press.

lul @


https://doi.org/10.5334/hpb.40
http://creativecommons.org/licenses/by/4.0/



