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Abstract: The effectiveness of public health measures in containing an infectious disease largely
depends on how the general public is taking the prevention practices in daily lives. Previous studies
have shown that different risk perceptions and sociodemographic characteristics may lead to vastly
different prevention behaviors. This paper applies a temporal perspective in examining the changing
patterns of prevention practices over time and their dynamic relationships with the perceived risk
towards COVID-19 and its individual characteristics. Three key timelines (February, April, and June
of 2020) were identified to represent the early, lockdown, and reopening stages of the first wave.
Data were drawn from an online survey conducted in the Greater Toronto Area (GTA) of Canada
(n = 470). Chi-square tests and logistic regression models revealed important temporal patterns in
practicing different hygienic and mobility-related prevention measures and the respondents’ risk
perceptions during the three timelines. The factors predicting the level of prevention practices vary
across the three timelines, based on the specific type of prevention, and within the changing public
health contexts. This study contributes to the literature on COVID-19 by incorporating a temporal
perspective in conceptualizing prevention predictors. It provides crucial insights for developing
timely public health strategies to improve infectious disease prevention at different stages and for
individuals with varying backgrounds.

Keywords: time; prevention behavior; risk perception; COVID-19

1. Introduction

Reacting to an infectious disease outbreak in the absence of a vaccination, traditional
public health measures (e.g., personal hygienic practices, isolation, quarantine, social
distancing, travel restriction, etc.) have been rigorously implemented to contain the spread
of the disease [1-3]. The rapidly evolving coronavirus disease 2019 (COVID-19) pandemic
has triggered numerous debates over the effective and appropriate prevention measures,
policies, and public health messages among authorities and the general public, especially
during the first wave of the pandemic. How the general public adheres the voluntary and
mandatory prevention practices has a profound impact on the transmission and prevention
of an infectious disease like COVID-19.

Researchers from different disciplines are interested in factors shaping prevention
practices [4]. A group of studies focused on the role of individual perception of the disease
and risk in shaping prevention behavior to an infectious disease [5,6]. Behavioral studies
have adopted different conceptual frameworks (e.g., References [7-9]) to illustrate the
relationship between different types of risk perception and prevention measures of infec-
tious diseases. Risk perception is generally defined as subjective judgments of a negative
outcome associated with a risk [10], including different dimensions, such as cognitive,
emotional, affective, personal, and societal risk perceptions [11,12]. Controlled for dif-
ferent individual variables, the results generally suggested that a high-risk perception
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of a disease is associated with an increased likelihood of practicing certain health behav-
iors [12]. In spatial and geographical sciences, it is well-recognized that human mobility
is crucial in shaping disease transmission [13-15] To understand the factors shaping the
mobility-related prevention of an infectious disease, studies have revealed that a higher
risk perception is associated with reduced mobility [16-18]. Empirically, during previous
pandemics, the high risk perception of an infectious disease is positively related with an
increased chance of making necessary behavioral changes (e.g., Reference [19] on swine
flu, [20] on SARS, and [21] on HIN1). Similarly, recent studies on the psycho-behavioral
responses to COVID-19 in many locales showed that different risk perceptions lead to
vastly different preventive practices [18,22-24].

Still, much of the conceptual frameworks on the relationship between prevention
practices and risk perception are characterized by “interpretational ambiguity” ([2], p26).
It is necessary to consider the temporal features of infectious diseases and their public
health interventions in shaping prevention behaviors with different preconditions and
individual characteristics [2]. However, the temporal aspect of prevention behavior and
risk perception has been largely understudied [2,25] First, infectious disease prevalence
carries strong spatiotemporal features that have direct impacts on local public health inter-
vention strategies [26-29] and potentially affect individual prevention towards infectious
disease [14]. The ongoing COVID-19 pandemic has highlighted the importance of bringing
in a temporal perspective, since public health measures in many countries have evolved
rapidly during the first wave of the pandemic. The boundaries between mandatory, rec-
ommended, and voluntary prevention practices are constantly shifting in the changing
public health contexts across timelines. For example, mask wearing raised controversies
during the early stage but became a mandate in a later stage when more scientific evidence
became available [12]. Recent studies suggest that voluntary prevention behaviors during
the early stage of the COVID-19 pandemic were critical in containing the disease, yet
vastly understudied [30]. Second, a temporal analysis will help understand how individual
characteristics predict prevention behaviors in relation to the risk perception over time.
Most recent studies yielded mixed findings on how specific individual characteristics (e.g.,
age, sex, income, and education) shape prevention (e.g., References [20,30-34]). A limited
number of studies has incorporated a temporal perspective and show that individual
characteristics exert different effects on prevention behaviors over time [30], setting up a
foundation for developing specific public health intervention strategies [35]. Therefore,
it is crucial to situate different types of prevention practices across timelines in different
places during the COVID-19 pandemic.

This paper aims to understand the complex relationships among prevention behaviors,
risk perception towards COVID-19, and individual characteristics from a temporal perspec-
tive, based on an online survey conducted in the Greater Toronto Area (GTA) of Canada.
It seeks to address the following research questions: (1) How did individual prevention
behaviors and risk perceptions change over time during the first wave of COVID-197 (2)
How do different prevention practices relate to risk perception and individual characteris-
tics across the timelines? The GTA is the most populous metropolitan area and the largest
COVID-19 hotspot in Canada. Three key timelines during the first wave of COVID-19 in
2020 were selected to capture individual psycho-behavioral changes over time and the
factors associated with such changes. They are February (early stage: very low case num-
bers in Canada, and public health guidelines have not been officially announced), April
(lockdown stage: growing case numbers and rapid community spread, and provincial
emergency orders in place), and June (reopening stage: decreasing case numbers, and
restrictions were gradually relaxed). The results of the study provided important insights
and timely evidence for the further analysis and modeling of infectious disease, as well as
developing and implementing public health interventions in a timely manner.
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2. Data and Methods

The data used for this study were collected from an online survey conducted from
June to November in 2020. The survey was administered among adult residents in the
GTA using Qualtrics. It is part of a larger research project examining various aspects of the
community response to COVID-19 in Toronto. All aspects of the survey and data collection
received ethical approval from the Ryerson University Research Ethics Board (REB) and
Queen’s University General Research Ethics Board (GREB). The online survey was deemed
appropriate, as a traditional paper-based survey was impossible to conduct during a
pandemic. Additionally, a timely and efficient survey administration through an online
survey platform would help to collect more accurate responses regarding participants’
recent experiences. Recruitment was primarily done via key informants, community
collaborators, and online advertisements on social media and in local newspapers and
newsletters. To accommodate those interested individuals with limited Internet access,
assistance was provided through the telephone to help someone to complete the survey
on their behalf. A nonrandom and purposeful sampling strategy was adopted primary
via referral from our community collaborators and connections. Recruiting residents of
the Greater Toronto Area (GTA), we aim for balanced representations of women and
men, urban and suburban residents, different age groups, etc. Due to the challenges in
conducting an online survey during the pandemic, sampling bias is acknowledged as a
limitation.

In total, over 770 responses were collected, in which 300 invalid cases were removed
for reasons such as an abnormally large number of autogenerated survey completions
within a short time period (e.g., we have received more than 100 responses within 3 to 4 h,
with answers out of contexts), those from outside of the study area, and those that did not
complete the questions with key variables. In the end, 470 valid cases were included in the
final sample.

The survey included questions on prevention behaviors, the perceived risk associated
with COVID-19, and the socioeconomic and demographic backgrounds of the survey
respondents. The survey incorporated a temporal perspective in collecting information on
prevention practices and risk perception across the three key timelines (February, April,
and June). The survey was launched in June, and participants were asked to recall their
experiences in February, April, and June respectively. There were two broad types of
prevention practices examined: hygienic-related (i.e., hand washing, mask wearing, and
sanitizing objects before entering home) and mobility-related prevention practices (i.e.,
cancelling social gatherings and reducing the in-person grocery shopping frequency).
Questions on prevention and risk perceptions were repeated for the months of February,
April, and June, and the remaining questions, such as those on socioeconomic background,
did not have such a temporal dimension.

Table 1 displays the main variables extracted from the survey and used in the study.
Five prevention behaviors were treated as dependent variables for the logistic regres-
sions that will be explained later. The risk perception and individual characteristics are
explanatory variables. The four prevention variables (hand washing, mask wearing, san-
itizing objects before entering home, and cancelling social gatherings) were coded as a
dichotomous (“always” vs. “not always” practice) variable. Reducing the in-person gro-
cery shopping frequency was also measured dichotomously (reduced vs. not reduced
frequency). For the explanatory variables, risk perception (low, medium, or high); attitude
towards public health interventions (conservative, neutral, or not conservative); age (<35,
35-54, or 55+); and household income (<$49,999 as low, $50,000-$119,999 as medium,
and >$120,000 as high) were measured as three-level categorical variables; gender was a
dummy (female and male) variable. The attitude towards public health interventions was
measured through the views toward the timing of the first provincial lockdown in March
and provincial reopening in June (e.g., those who held a conservative attitude regarded
the timing of lockdown too late and reopening too soon). Risk perception was measured
using the perceived level of fear towards COVID-19 (not fear as low, neutral as medium,
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and fear as high). This is due to the consideration that an evolving infectious disease has
a strong immediate effect on risk perception compared to other disease or health condi-
tions [21], and such immediacy is an emotional dimension to perceived risk [36]. Among
the explanatory variables, risk perception was a temporal variable measuring the degree
of fear towards COVID-19 for each specific timeline, while the others remained constant
across different timelines.

Table 1. Sample characteristics and study variables: count and valid percentage.

Study Variables n (%)
Explanatory variables
Gender
Female 321 (69.0)
Male 144 (31.0)
Age
18-34 171 (36.5)
35-54 215 (45.8)
55 and over 83 (17.7)
Household Income (before tax)

$30,000-$49,999 178 (39.3)
$50,000-$119,999 172 (38.0)
$120,000 and over 103 (22.7)

Attitude towards public
health intervention

Conservative 171 (43.3)
Neutral 147 (37.2)
Not conservative 77 (19.5)
Risk Perception Feb. Apr. June
High 126 (31.6) 202 (50.6) 170 (42.6)
Medium 135 (33.8) 97 (24.3) 156 (39.1)
Low 138 (34.6) 100 (25.1) 73 (18.3)
Dependent Variables Feb. Apr. June
Wash Hands (Always) 295 (73.0) 387 (95.8) 383 (94.8)
Wear a Mask (Always) 160 (39.9) 348 (86.8) 366 (91.3)
Sanitize Objects (Always) 137 (34.1) 277 (69.1) 256 (63.8)
Cancel Social gathering (Always) 167 (41.5) 362 (90.3) 320 (80.0)
In-person Grocery Shopping (Reduced) 198 (46.2) 348 (81.3) 321 (75.2)

Note. Feb. and Apr. are the abbreviations for the study timelines February and April. Variables are bolded.

The overall temporal changes in prevention practices and risk perceptions within
the sample were tabulated to provide a general understanding of the trends and patterns.
Chi-square tests were then conducted to explore the bivariate relationships between pre-
vention and risk perception and the individual characteristics, which were all measured
categorically. The initial chi-square tests on individual characteristics and prevention prac-
tices included a wider range of variables (i.e., age, gender, household income, education
level, employment status, household size, having seniors or children in the household,
and attitudes towards public health interventions). Only those that showed significance
in at least one prevention practice at one timeline were further included in the logistic
regression models.

Separate logistic regressions were conducted for the three timelines in order to examine
the temporal differences in the effects of the explanatory variables on the dependent
variable (prevention practices). For each timeline, five logistic regressions were conducted
for the five prevention variables, respectively. The different regression models provided
critical insights into the dynamic relationships of prevention behaviors, risk perceptions,
and individual characteristics. The final explanatory variables included risk perception
towards COVID-19, age, household income, gender, and attitude towards public health
interventions. The multicollinearity was manually tested among selected explanatory
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variables on their bivariate relationships, and no noticeable degree of correlation among
the explanatory variables was found.

3. Findings
3.1. Sample Profile

Table 1 reports the main sample characteristics, as well as overall temporal changes
in the hygienic- and mobility-related prevention behaviors and risk perceptions toward
COVID-19 across the three timelines. Overall, Table 1 reveals high rates of compliance with
different prevention practices in April and June. Except for mask wearing, the percentages
of people who always practiced the other prevention measures increased greatly from
February and peaked in April before declining slightly in June (reopening). This temporal
pattern is seen in the percentages of those who reported a high level of risk perception. In
the case of mask wearing, a consistent increase was observed from February to June, as
wearing a mask in public places as a prevention measure was controversial in the early
stage of the pandemic in Canada, and it was only first recommended by Canada’s chief
public health officer in April and then became partially mandatory in June.

3.2. Bivariate Relationship between Prevention Behavior, Risk Perception, and
Individual Characteristics

Table 2 reports the results of cross-tabulation and the chi-square test of the rela-
tionships between prevention and the explanatory variables at different timelines. Risk
perception has a temporally varying relation with various prevention practices. In Febru-
ary, proportionally, more people with a high risk perception “always” engaged in the
four prevention measures (i.e., hand washing, mask wearing, sanitizing objects, and can-
celling social gatherings), compared to those with low and medium risk perception levels
(p <0.001). In April and June, some of these associations continued to be significant, such
as in the case of hand washing and mask wearing (See Table 2).

In terms of individual characteristics, overall, being female, in the middle and older
age groups, having a lower income, and having a conservative or neutral attitude towards
public health intervention are associated with “always” practicing different preventions.
Yet, the specific relationships vary across different timelines (see Table 2). In February, those
who had lower household incomes, 35-55 years old, and female had significantly higher
percentages in always practicing one or more of the prevention measures. During the
lockdown stage (Apr.), some of these significant relationships continued with being female
and being 35-55 years old. In addition, being 55+ and holding a conservative or neutral
attitude towards public health intervention were found to be associated significantly with
always cancelling social gatherings and reducing in-person grocery shopping. In the
reopening stage (June), being 35-55, 55+, and holding a conservative or neutral attitude
towards public health intervention exerted significant bivariate relationships with the
prevention behaviors, such as cancelling social gatherings and sanitizing objects (see
Table 2).

3.3. Logistic Regression on Different Prevention Practices

Tables 3-5 report the odds ratio and confidence intervals of the logistic regression
models for the three timelines, respectively. Overall, the risk perception demonstrated a
significant relationship in all five prevention practices in February (early stage). Such a
relationship became statistically insignificant in April (lockdown stage), when age and
attitude towards public health interventions started to exert stronger effects in predicting
prevention behaviors. The different levels of prevention between the younger (19-34) and
older age groups (55+) became more significant in June (reopening stage). Despite the
general patterns, much complexity exists in how specific factors shape different types of
prevention practices.
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Table 2. Cross-tabulation between prevention practices and individual characteristics across three timelines: percentage ! and chi-square value 2.
Feb. (Early Stage) Apr. (Lockdown Stage) June (Reopening Stage)
Wash  Weara  Sanitize (S:?)Efzfll Irgiifg]n Wash  Weara  Sanitize CS?)rcliCaell Igiecfg;n Wash  Weara  Sanitize (SzzrcliC:ll Igiiff;
Hands  Mask  Objects Gathering  Shopping Hands Mask  Objects Gathering  Shopping Hands  Mask  Objects Gathering  Shopping
Risk
Perception 3
Low 59.9 22.8 20.4 25.0 38.0 95 84.8 69.0 89.9 82.3 89.0 81.9 61.6 76.4 70.0
Medium 74.8 43.7 38.5 49.6 52.3 91.7 79.2 66.7 90.6 77.7 94.8 89.6 60.8 76.6 80.8
High 84.7 51.6 42.6 48.0 45.2 98.0 90.9 70.1 89.9 83.6 97.0 96.4 67.1 83.7 73.5
Chi-square 253 38.0***  29.1 *** 30.3 *** 5.6 12.9* 9.1 7.0 1.1 15 8.7 13.7 ** 15 3.0 3.8
Gender *
Female 75.5 42.1 37.1 46.9 46.4 97.4 86.3 70.5 91.5 83.4 95.3 90.4 65.7 81.5 76.2
Male 66.9 33.9 26 294 46.9 92.1 87.4 65.4 87.3 77.5 93.7 929 59.1 76.2 73.6
Chi-square 3.3 24 48* 10.9 ** 0.0 6.0* 0.1 1.1 1.8 2.0 0.4 0.7 1.6 15 0.3
Household
Income 4
Low 78.8 494 45.5 47.1 45.6 96.8 87 712 90.3 79.4 93.6 92.2 64.3 78.7 744
Medium 68.5 37 28.1 37.7 50.9 96.6 89 69.9 90.4 84.2 96.6 92.5 66.4 79.5 77.2
High 70.0 28.9 26.7 38.9 41.7 93.3 822 62.2 88.8 80.2 94.4 87.8 58.4 81.8 75
Chi-square 4.6 10.8 * 13.3 ** 3.1 2.2 2.0 2.3 2.3 0.2 1.3 14 1.8 1.6 0.3 0.4
Age?
<35 68.0 40.8 26.5 39.5 45.5 93.2 86.4 54.4 84.2 76.8 92.5 90.5 46.9 67.1 73.4
35-55 79.1 42.0 39.2 47.0 49.8 97.8 89.0 80.7 92.8 86.5 95.1 91.2 76.1 87.2 77.5
55 + 68.0 32.9 36.5 324 37.8 96.0 82.2 69.9 95.9 76.7 98.7 93.2 67.6 87.8 72.6
Chi-square 6.3 * 1.9 6.0 % 5.0 3.1 4.3 2.1 26.2 *** 10.1 ** 6.7 % 3.9 0.4 30.4 *** 23.8 *** 1.1
Attitude
Towards Public
Health
Intervention *
Conservative 74.9 43.3 35.7 43.9 47.1 96.5 90.6 71.9 94.1 83.3 97.1 94.7 65.5 85.5 78.1
Neutral 70.5 349 315 42.5 46.9 97.3 87 67.1 91.8 86 95.9 89.0 61.6 80.1 78.2
Not conservative 779 42.7 342 35.5 38.4 93.5 82.7 68.0 829 72.6 90.9 92.0 67.1 71.1 67.1
Chi-square 1.6 2.5 0.6 1.6 1.8 2.0 3.2 1.0 8.3 % 6.2% 4.7 3.5 0.8 74 3.9

*p < 0.05,* p <0.01, and ** p < 0.001. ! Refers to the percentages of those who “always” practiced a prevention measure (e.g., always washed hands) and those who reduced in-person grocery shopping.

2 Results are shown as a percentage (%) within each subgroup. 3 Risk perception is a temporal variable measured in individual timelines. * These are nontemporal variables.
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Table 3. Logistic regression analysis assessing the factors associated with each prevention practice in February (early stage):
odds ratio and 95% confidence interval.

Cancel Social Reduce In-Person

Wash Hands Wear a Mask Sanitize Objects Gatherings Grocery Shopping
Risk Perception
High 3.67 (1.97-7.06) ***  3.98 (2.23-7.09) ***  2.86 (1.57-5.19) **  2.88 (1.64-5.06) *** 1.13 (0.67-1.91)
Medium 2.21(1.26-3.85) **  2.87 (1.63-5.04) **  2.50 (1.40—4.47)**  3.123 (1.80-5.42) *** 1.77 (1.07-2.95) *
Low ! 1.0 1.0 1.0 1.0 1.0
Age
Under 35 0.90 (0.46-0.74) 1.22 (0.614-2.42) 0.51 (0.26-1.02) 1.25 (0.63-2.45) 1.24 (0.66-2.34)
35-55 1.46 (0.74-2.86) 1.27 (0.65-2.49) 0.94(0.49-1.82) 1.66 (0.87-3.18) 1.33 (0.71-2.46) *
55 and over ! 1.0 1.0 1.0 1.0 1.0
Household Income
Low 1.86 (0.95-3.62) 2.48 (1.34-4.57) **  2.57(1.38-4.78) ** 1.52 (0.84-2.74) 1.13 (0.64-1.99)
Medium 0.90 (0.48-1.69) 1.34 (0.72-2.47) 1.03 (0.55-1.93) 0.91 (0.50-1.64) 1.48 (0.84-2.59)
High ! 1.0 1.0 1.0 1.0 1.0
Gender
Female 1.51 (0.90-2.54) 1.57 (0.96-2.56) 1.64 (0.99-2.73) * 2.26 (1.38-3.70) ** 0.96 (0.62-1.54)
Male ! 1.0 1.0 1.0 1.0 1.0
Attitude Towards
Public Health
Intervention
Conservative 0.84(0.42-1.68) 1.05 (0.57-1.92) 1.07 (0.57-2.01) 1.52 (0.82-2.82) 1.45 (0.80-2.61)
Neutral 0.70 (0.34-1.39) 0.82 (0.43-1.52) 0.99 (0.52-1.88) 1.57 (0.84-2.94) 1.48 (0.81-2.69)

Not conservative !

1.0

1.0

1.0

1.0

1.0

*p < 0.05,* p <0.01, and *** p < 0.001. ! Reference group.

Table 4. Logistic regression analysis assessing the factors associated with the level of prevention in April (lockdown stage):
odds ratio and 95% confidence interval.

Cancel Social Reduce In-Person

Wash Hands Wear a Mask Sanitize Objects Gatherings Grocery Shopping
Risk Perception

High 2.84 (0.53-15.05) 1.95(0.91-4.19) 1.23 (0.65-2.32) 0.89 (0.34-2.31) 1.16 (0.57-2.39)
Medium 0.46 (0.11-1.95) 0.72 (0.34-1.53) 0.98 (0.52-1.87) 1.13 (0.37-3.49) 0.88 (0.39-1.96)

Low ! 1.0 1.0 1.0 1.0 1.0

Age
Under 35 0.35 (0.07-1.85) 1.05 (0.44-2.49) 0.52 (0.27-1.01) 0.23 (0.07-0.81) * 0.73 (0.31-1.62)

35-55 1.53 (0.23-10.07) 1.60 (0.67-3.80) 220 (1.12-4.32) * 0.60 (0.16-2.19) 1.54 (0.68-3.51)

55 and over !

Household Income

1.0

1.0

1.0

1.0

1.0

Low 2.44 (0.54-10.99) 1.31 (0.58-2.97) 2.08 (1.10-3.91) 1.70 (0.69-4.22) 1.05 (0.49-2.23)
Medium 1.56 (0.35-6.96) 1.37 (0.60-3.13) 1.53 (0.83-2.83) 1.48 (0.61-3.61) 1.22 (0.57-2.63)
High ! 1.0 1.0 1.0 1.0 1.0
Gender
Female 2.47 (0.77-7.96) 0.834 (0.41-1.68) 1.04 (0.63-1.71) 1.43 (0.70-2.90) 1.58 (0.87-2.84)
Male! 1.0 1.0 1.0 1.0 1.0
Attitude Towards
Public Health
Intervention
Conservative 2.22 (0.56-8.73) 1.90 (0.84-4.29) 1.23 (0.65-2.32) 4.13 (1.65-10.35) ** 1.85 (0.90-3.79)
Neutral 2.53(0.62-10.41) 1.57 (0.71-3.47) 0.98 (0.52-1.87) 2.52 (1.05-6.04) * 2.17 (1.03-4.59) *

Not conservative !

*p <0.05,* p < 0.01, and *** p < 0.001. ! Reference group.
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Table 5. Logistic regression analysis assessing factors associated with the level of prevention in June (reopening stage): odds
ratio and 95% confidence interval.

Wash Hands Wear a Mask Sanitize Objects Cancel S.omal Reduce In-Pers.on
Gatherings Grocery Shopping
Risk Perception
High 3.87 (0.98-15.26) 582 (1’3:}_17'52) 0.90 (0.47-1.72) 1.35 (0.61-2.98) 0.99 (0.50-1.96)
Medium 2.30 (0.65-8.13) 2.06 (0.83-5.10) 0.75 (0.39-1.42) 0.89 (0.41-1.92) 1.57 (0.76-3.23)
Low ! 1.0 1.0 1.0 1.0 1.0
Age
1.2E—8
Under 35 (4.3E—9-3.6E—8) 0.43 (0.11-1.63) 0.43 (0.23-0.83) * 0.19 (0.07-0.48) ** 0.65 (0.31-1.39)
EE
35-55 1.3E-8 0.48 (0.13-1.83) 1.63 (0.85-3.13) 0.70 (0.26-1.86) 0.88 (0.42-1.86)
(1.3E—8-1.3E—8)
55 and over ! 1.0 1.0 1.0 1.0 1.0
Household Income
Low 0.50 (0.12-2.14) 1.48 (0.53-4.13) 1.63 (0.89-2.98) 1.03 (0.47-2.24) 1.03 (0.53-2.01)
Medium 0.87 (0.20-4.01) 1.21 (0.45-3.26) 1.54 (0.85-2.80) 0.80 (0.37-1.72) 1.12 (0.57-2.15)
High ! 1.0 1.0 1.0 1.0 1.0
Gender
Female 1.31 (0.45-3.83) 0.86 (0.36-2.05) 0.99 (0.61-1.59) 1.38 (0.78-2.45) 1.20 (0.71-2.04)
Male ! 1.0 1.0 1.0 1.0 1.0
Attitude Towards
Public Health
Intervention
Conservative 6.93 (1.78-26.98) ** 1.99 (0.65-6.08) 0.94 (0.50-1.74) 3.71 (1.49-6.35) ** 1.55 (0.80-3.0)
Neutral 2.86 (0.88-9.28) 0.79 (0.28-2.20) 0.84 (0.45-1.58) 1.71 (0.85-3.42) 1.55 (0.79-3.04)

Not conservative !

*p <0.05,* p < 0.01, and *** p < 0.001. ! Reference group.

In February (Table 3), risk perception had the strongest effect on both hygienic and
mobility-related prevention practices. Those with a high risk perception were 3.67, 3.98,
2.88, and 2.86 times more likely to “always” practice all prevention measures, except
reducing in-person grocery shopping, compared to those with a low risk perception.
Women were 2.26 and 2.14 timely more likely than men to “always” cancel social gatherings
and sanitize objects. Having a lower household income increased the likelihood of “always”
wearing a mask and sanitizing objects by 147.6% and 157%, respectively, compared to their
high-income counterparts. Being in the age group 35-54 significantly increased the odds by
32.5% in reducing in-person grocery shopping frequencies compared to those aged 55 years
and above.

In April (Table 4), only two predictors were found significant (i.e., age and attitude
towards public health intervention). Hand washing and mask wearing had no significant
predictors identified. Being 35-55 years old was 1.20 times more likely to “always” sanitize
objects than their older counterparts. The youngest age group was much less likely to
“always” cancel social gatherings. The attitude towards public health interventions is
significant in predicting mobility-related prevention practices, as those who held a conser-
vative or neutral view towards public health interventions were more likely to “always”
cancel social gatherings and reduce in-person grocery frequency than their nonconservative
counterparts.

In June (Table 5), having a conservative attitude towards public health interventions,
having a high level of perceived risk, and being in the older age group were significant
predictors of “always” practicing one or more prevention practices. Specifically, those who
were conservative towards the public health interventions were 6.93 times more likely to
“always” cancel social gatherings than their nonconservative counterparts (3.71 times for
hand washing). The youngest age group was much less likely to “always” wash hands,
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cancel social gatherings, and sanitize objects. People who had a high risk perception were
5.93 times more likely to “always” wear a mask than those with a low perceived risk.

4. Discussions

This paper addressed the research questions by revealing important temporal patterns
in individual prevention behaviors and risk perceptions towards COVID-19 during the
first wave of the pandemic. Overall, participants’ levels of risk perception and prevention
practices aligned with the evolving COVID-19 conditions and public health measures at
different timelines in the GTA. The percentage of respondents who kept a high level of
prevention was high in our study. However, the factors shaping individual prevention
practices varied temporally based on the specific types of prevention practices, individual
risk perceptions, and characteristics within the changing public health contexts.

First, the COVID-19 prevention practices and risk perceptions at an individual level
followed a clear temporal pattern across the three key timelines. Previous studies indicate
that a high level of risk perception is often associated with a high level of prevention
behaviors in infectious disease [5-7,9]. Our findings conform to the literature by revealing
a similar relationship particularly evident in the early stage of the pandemic (Feb.), where
there was a lack of clear public health guidelines and effective interventions in place. In
April (lockdown stage) and June (reopening stage), risk perception was no longer a signifi-
cant predictor of different prevention practices, except for mask wearing in June. These
findings point to the importance of considering the temporal features of individual percep-
tion and public health contexts as an infectious disease evolves [2] when conceptualizing
the relationship of prevention and risk perception, especially in a global pandemic such
as COVID-19.

Second, our findings indicated the necessity to distinguish among different types of
prevention practices and their specific temporal dimensions when analyzing respective
predictors. The variation and fluidity of each prevention practice were especially evident
during the COVID-19 pandemic when different public health guidelines were introduced
at different points in time as the scientific knowledge of COVID-19 grew over time. Our
statistical models showed distinct results in the changing predictors of different prevention
practices when situated at the three timelines. For example, as a voluntary prevention
measure in February, cancelling social gatherings only became a mandatory public health
recommendation in April before it was allowed again with loosening social distancing
measures in June. The regression models showed that the odds of “always” cancelling social
gathering increased significantly in February for those who had a higher risk perception
and were female and in April and June for those in the oldest age group and holding
a conservative view of the public health interventions. In the case of mask wearing,
respondents with a higher risk perception were more likely to wear a mask during the
early and reopening stages. No single predictor was significant for the lockdown period.
In Ontario, mask wearing was not a mandate in public places until after the beginning
of the provincial reopening. This finding is consistent with other studies indicating that
practicing mask wearing was associated with personal risk perception before it became
a mandate [37]. Further, scientific knowledge on the effectiveness of different prevention
practices progressed over time during the pandemic. Grounding evidence pointed to
the effectiveness of mask wearing [38], while sanitizing objects was found to be less
effective [39]. Our study revealed a consistent increase among the respondents who always
practiced mask wearing, while a decrease in those sanitizing objects after the province
reopened with different predictors. These findings suggest the complexity in understanding
prevention behaviors and the necessity to analyze different types of prevention measures
individually from a temporal perspective.

Third, it is important to note the varying relationships between prevention and indi-
vidual sociodemographic characteristics, such as age, income, and gender. Consistent with
other studies (e.g., References [30,40]), being in the older age group significantly increased
the odds of “always” practicing some prevention practices compared to their younger
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counterparts. Yet, the role of age in predicting prevention practices was only significant in
April and June compared to February. This could be related to the growing epidemiological
evidence on the greater health risks of COVID-19 for older people [41]. Our survey also
revealed that those from the middle age group (35-55) tended to take prevention behaviors
starting at an earlier stage of the pandemic. This is likely related to the working status
and caretaking roles of the middle-aged group in households. In terms of income, our
finding showed a temporal pattern. While in the early stage, the lower-income group was
more likely to always practice prevention than their higher-income counterparts, and the
predictability of income disappeared in April and June. This finding differs from some
recent studies of COVID-19 that suggested an association between low-income status and
the lower likelihood of practicing preventions [31,42]. This discrepancy could be explained
by the survey sample, where 83% of the participants in the low-income group had a post-
secondary education or above (i.e., university students, recent university graduates, and
young professionals were part of the low-income group). Studies have shown an associa-
tion between higher levels of education and higher levels of prevention [31,43,44]. Another
possible explanation is that low-income individuals were more likely to use public transit
for commuting for work, especially in the early stage of the pandemic [45]. Further research
is needed to distinguish the variations within the low-income group and its intersections
with the other individual and contextual factors. Gender is a significant factor only in
the early stage of the pandemic in predicting cancelling social gatherings and sanitizing
objects before entering home. This is consistent with the findings in recent studies that
women tend to take pro-prevention behaviors for COVID-19 [31]. In April and June, gender
is replaced by age to be a more dominant sociodemographic determinant in explaining
different prevention patterns.

Finally, this study indicates that public health interventions played a powerful role
in shaping the practices of individual disease prevention. From February to April, the
percentages of participants who always practiced various prevention measures increased
fairly rapidly. Further, about 36% of the survey participants held a conservative attitude
towards public health interventions. This variable was found significant in April and
June in explaining several prevention practices. Before public health intervention started,
risk perception was an important determinant of prevention practices instead. Prevention
practices that were clearly recommended in the local public health guidelines at different
timelines (i.e., hand washing, cancelling social gatherings, and mask wearing) were prac-
ticed more often by participants compared to self-imposed measures (i.e., sanitizing objects
before entering home and reducing in-person grocery shopping). Further, the percentage
of those always wearing a mask increased consistently from February to June, reflecting
the effect of revised public health recommendations at that time.

5. Conclusions

This paper provides crucial insights for developing timely public health strategies to
improve prevention practices for individuals with different backgrounds. Recent studies
of COVID-19 suggest that early-stage preventions, either self-imposed or government-
imposed, are crucial in containing transmission, before a surge in cases overwhelms the
tracing and testing capacities [39,46]. This paper showed in the early stage of the COVID-19
pandemic, despite a lack of effective interventions and clear public health messaging on
prevention measures such as mask wearing, a considerable proportion of participants were
already engaged in self-imposed prevention. Logistic regressions further indicate that
such prevention behavior was largely attributed to individuals” perceived risk towards
COVID-19 in the early stage. Since the start of public health intervention, respondents
holding a conservative view towards intervention were more likely to continue to practice
prevention over time. These findings provided crucial evidence in rethinking the responses
of public health to COVID-19 and the timing of introducing different guidelines and pre-
vention measures. Currently, in Ontario, the indicators of adjusting public health measures
are assessed based on the provincial epidemiology, health system capacity, and public
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health system capacity during the previous two weeks. Future response frameworks to a
global pandemic like COVID-19 should consider earlier messaging to the public for timely
prevention. Further, targeted public health intervention strategies should consider the local
demography and temporal characteristics. Nonintrusive measures such as risk communica-
tion strategies are found to be particularly effective in targeting specific demographics and
fostering better compliance [39]. Such nonintrusive measures could be useful in the early
stage of the pandemic for achieving a better preparedness at the public health, community,
and individual levels.

6. Limitations and Future Research

A number of limitations exist in this study. Firstly, conducting a questionnaire sur-
vey during a global pandemic has demonstrated many unique challenges in terms of
sampling, sample size, recruitment, and representativeness [47]. For example, the online
survey tended to exclude those who did not have access to technology and was more
appealing to people with higher education levels [47,48]; we also received a large number
of autogenerated invalid responses for the purpose of receiving incentives. To address
this limitation, assistance via telephone was provided to survey respondents with limited
access to the Internet or Internet-based devices. We also conducted manual detecting for
fraudsters in online research [49]. Nevertheless, these challenges led to an inevitably biased
sample. There were more participants who were female (68.4%), middle-aged (45.8%),
and with post-secondary education (90%) participating in the online survey. People with
lower education levels were underrepresented in our sample. Secondly, risk perception is a
highly complex concept that involves various cognitive and emotional dimensions [12,21].
Due to the scope of the paper and the main focus of a temporal analysis, it is hard to be
inclusive of all dimensions of risk perception. Considering the strong immediate effect on
risk perception of infectious disease [21], such immediacy is considered an emotional risk
perception [36], and this paper used one emotional measurement of risk perception (i.e.,
level of fear). Finally, this study was situated in a highly populated urban center, focusing
on the three temporal periods during the first wave of COVID-19. The findings should be
interpreted carefully when examining other study areas and for later pandemic waves.

The limitations lead to a number of paths for future research. Firstly, qualitative
research methods can be a valuable addition to the study by identifying personal contexts
and reasons for the changing psycho-behavioral responses towards COVID-19 at differ-
ent stages of the pandemic. Future primary data collection through interviews and/or
focus groups will be particularly helpful in providing in-depth insights to improve our
understanding of the findings from the statistical analyses; reveal more nuanced patterns
in the temporal changes of prevention and its predictors; and contextualize them in the
wider socioeconomic, cultural, and regulatory frameworks. Secondly, future research
could be conducted to expand the scope of the survey to improve the sample size and
representativeness, which would also allow for incorporating a more comprehensive set of
variables. For example, different types of risk perceptions (e.g., using the CoWoRP scale
of probability, severity, worry, and unsafeness developed by Reference [11] to measure
the risk perception) and contextual factors (neighborhood characteristics, housing, disease
hotspots, etc.) could be examined using similar statistical methods. Thirdly, future research
can adopt the survey and methodological framework across multiple waves and during
the entire duration of the pandemic. Such a longitudinal approach would provide critical
insights in establishing theoretical models and evaluating public health interventions over
time. Fourthly, the nature of the online survey conducted during the pandemic undoubt-
edly presented many challenges for the elderly to participate in the survey. Using 55+ as
the older age cut-off, along with 18-34 and 35-54, allowed for a more balanced distribution
of the sample across different age groups and enabled us to compare different age groups
using statistical methods. Future works can focus more specifically on older adults by
expanding the data collection to explore their experiences in practicing and managing
preventions. Finally, mobility-related preventions, such as reducing their daily spatial
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activities, is particularly effective in containing disease transmission; yet, it has complex
patterns. Future work is needed to develop suitable spatiotemporal models in order to
delineate the spatial activity patterns during the pandemic and identify the associated
factors using a combination of datasets, such as survey, census data, and mobile phone
data. A neighbourhood approach would be potentially useful in situating mobility-related
prevention and spatial movement in urban neighbourhoods.

Author Contributions: Conceptualization, L.W.,, J.Y.,, D.C. and L.Y,; data curation, J.Y.; formal
analysis, ].Y.; funding acquisition, L.W.; investigation, ].Y. and L.W.; methodology, L.W., ].Y., D.C. and
L.Y.; project administration, L.W. and ].Y.; software, ].Y.; validation, ].Y.; writing—original draft, ].Y.;
and writing-review and editing, L.W,, ].Y,, D.C. and L.Y. All authors have read and agreed to the
published version of the manuscript.

Funding: This work was supported by the Canadian Institute of Health Research (CIHR)-Operating
Grant: Canadian 2019 Novel Coronavirus (COVID-19) Rapid Research Funding Opportunity (grant
number OV7-170378).

Institutional Review Board Statement: This study is original and has been approved by all authors.
This study was conducted in accordance with the Declaration of Helsinki, and the protocol was
approved by the Ryerson Research Ethics Board (REB 2020-206) and The General Research Ethics
Board (GREB) at Queen’s University (GGEOPL-305-20).

Informed Consent Statement: All subjects gave their informed consent for inclusion before they
participated in the study.

Data Availability Statement: The data are not publicly available due to restrictions of research ethics
and privacy policy ordered by Ryerson University and Queen’s University.

Acknowledgments: We would like to thank our community collaborators Centre for Immigrant
and Community Services (CICS), The Hubei Association of Canada (HBTXH), the University of
Toronto Chinese Student and Scholars Association (TCSSA), South Riverdale Community Health
Centre (SRCHC), Bangladeshi-Canadian Community Services (BCS), Tamil Canadian Centre for Civic
Action and Council of Agencies Serving South Asians (CASSA), and WeSupport Chinese-Canadian
Mental Health Support Group for their utmost support. Special thanks to our research assistants
and volunteers Takoda Kemp, Richard Zhang, Marie Lan, Angela Xu, and Kevin Zhang. Finally, we
thank all the research participants who made this project possible.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Quah, SR,; Hin-Peng, L. Crisis prevention and management during SARS outbreak, Singapore. Emerg. Infect. Dis. 2004,
10, 364-368. [CrossRef]

2. Leppin, A.; Aro, A.R. Risk perceptions related to SARS and avian influenza: Theoretical foundations of current empirical research.
Int. ]. Behav. Med. 2009, 16, 7-29. [CrossRef]

3. Wilder-Smith, A.; Freedman, D.O. Isolation, quarantine, social distancing and community containment: Pivotal role for old-style
public health measures in the novel coronavirus (2019-nCoV) outbreak. J. Travel Med. 2020, 27. [CrossRef]

4. Romano, J.L. Politics of Prevention: Reflections From the COVID-19 Pandemic. J. Prev. Health Promot. 2020, 1, 34-57. [CrossRef]

5. Tizzoni, M.; Bajardi, P.; Decuyper, A.; Kon Kam King, G.; Schneider, C.M.; Blondel, V.; Smoreda, Z.; Gonzélez, M.C.; Colizza, V.
On the use of human mobility proxies for modeling epidemics. PLoS Comput. Biol. 2014, 10, €1003716. [CrossRef]

6. Wesolowski, A.; Buckee, C.O.; Enge-Monsen, K.; Metcalf, C.J.E. Connecting mobility to infectious diseases: The promise and
limits of mobile phone data. J. Infect. Dis. 2016, 214, S414-5420. [CrossRef]

7. Becker, M.H.; Rosenstock, LM. Comparing social learning theory and the health belief model. Adv. Health Educ. Promot. 1987,
2,245-249.

8.  Fishbein, M.; Ajzen, L. Predicting and Changing Behavior: The Reasoned Action Approach; Psychology Press (Taylor & Francis): New
York, NY, USA, 2011.

9.  Fishbein, M.; Yzer, M.C. Using theory to design effective health behavior interventions. Commun. Theory 2003, 13, 164-183.
[CrossRef]

10.  Slovic, P. The Feeling of Risk: New Perspectives on Risk Perception; Routledge: London, UK, 2010.

11. Man, S.S.; Chan, A.H.S.; Alabdulkarim, S. Quantification of risk perception: Development and validation of the Construction

Worker Risk Perception (CoWoRP) Scale. J. Saf. Res. 2019, 71, 25-39. [CrossRef] [PubMed]


http://doi.org/10.3201/eid1002.030418
http://doi.org/10.1007/s12529-008-9002-8
http://doi.org/10.1093/jtm/taaa020
http://doi.org/10.1177/2632077020938360
http://doi.org/10.1371/journal.pcbi.1003716
http://doi.org/10.1093/infdis/jiw273
http://doi.org/10.1111/j.1468-2885.2003.tb00287.x
http://doi.org/10.1016/j.jsr.2019.09.009
http://www.ncbi.nlm.nih.gov/pubmed/31862036

Int. J. Environ. Res. Public Health 2021, 18, 10901 13 of 14

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Duong, H.T.; Nguyen, H.T.; McFarlane, S.J.; Nguyen, L.T.V. Risk perception and COVID-19 preventive behaviors: Application of
the integrative model of behavioral prediction. Soc. Sci. J. 2021, 1-14. [CrossRef]

Meloni, S.; Perra, N.; Arenas, A.; Gémez, S.; Moreno, Y.; Vespignani, A. Modeling human mobility responses to the large-scale
spreading of infectious diseases. Sci. Rep. 2011, 1, 1-7. [CrossRef]

Qi, F; Du, F. Tracking and visualization of space-time activities for a micro-scale flu transmission study. Int. |. Health Geogr. 2013,
12,1-16. [CrossRef]

Kraemer, M.U.; Yang, C.-H.; Gutierrez, B.; Wu, C.-H.; Klein, B.; Pigott, D.M.; Groupt, O.C.-D.W.,; du Plessis, L.; Faria, N.R.; Li, R.
The effect of human mobility and control measures on the COVID-19 epidemic in China. Science 2020, 368, 493—497. [CrossRef]
Hotle, S.; Murray-Tuite, P.; Singh, K. Influenza risk perception and travel-related health protection behavior in the US: Insights
for the aftermath of the COVID-19 outbreak. Transp. Res. Interdiscip. Perspect. 2020, 5, 100127. [CrossRef] [PubMed]

Parady, G.; Taniguchi, A.; Takami, K. Travel behavior changes during the COVID-19 pandemic in Japan: Analyzing the effects of
risk perception and social influence on going-out self-restriction. Transp. Res. Interdiscip. Perspect. 2020, 7, 100181. [CrossRef]
Benita, F. Human mobility behavior in COVID-19: A systematic literature review and bibliometric analysis. Sustain. Cities Soc.
2021, 70, 102916. [CrossRef]

Rubin, G.J.; Amlét, R.; Page, L.; Wessely, S. Public perceptions, anxiety, and behaviour change in relation to the swine flu outbreak:
Cross sectional telephone survey. Bmj 2009, 339, b2651. [CrossRef]

Tang, C.S.-K.; Wong, C.-Y. Psychosocial factors influencing the practice of preventive behaviors against the severe acute respiratory
syndrome among older Chinese in Hong Kong. J. Aging Health 2005, 17, 490-506. [CrossRef] [PubMed]

Oh, S.-H.; Paek, H.-J.; Hove, T. Cognitive and emotional dimensions of perceived risk characteristics, genre-specific media effects,
and risk perceptions: The case of HIN1 influenza in South Korea. Asian . Commun. 2015, 25, 14-32. [CrossRef]

Harper, C.A,; Satchell, L.P,; Fido, D.; Latzman, R.D. Functional fear predicts public health compliance in the COVID-19 pandemic.
Int. . Ment. Health Addict. 2020, 1-14. [CrossRef]

Pakpour, A.H.; Griffiths, M.D. The fear of COVID-19 and its role in preventive behaviors. . Concurr. Disord. 2020, 2, 58-63.
Qian, M.; Wu, Q.; Wu, P; Hou, Z,; Liang, Y.; Cowling, B.J.; Yu, H. Anxiety levels, precautionary behaviours and public perceptions
during the early phase of the COVID-19 outbreak in China: A population-based cross-sectional survey. BM] Open 2020, 10, e040910.
[CrossRef]

Majid, U.; Wasim, A.; Bakshi, S.; Truong, J. Knowledge, (mis-)conceptions, risk perception, and behavior change during pandemics:
A scoping review of 149 studies. Public Underst. Sci. 2020, 29, 777-799. [CrossRef]

Chen, D. Modeling the spread of infectious diseases: A review. Anal. Modeling Spat. Temporal Dyn. Infect. Dis. 2015, 19-42.
[CrossRef]

Goldstein, A.; Veres, P.; Burns, E.; Briggs, M.; Hamburg, R.; Kocevski, D.; Wilson-Hodge, C.; Preece, R.; Poolakkil, S.; Roberts, O.
An ordinary short gamma-ray burst with extraordinary implications: Fermi-GBM detection of GRB 170817A. Astrophys. J. Lett.
2017, 848, L14. [CrossRef]

Khalique, F,; Khan, S.A.; Butt, W.H.; Matloob, I. An integrated approach for spatio-temporal cholera disease hotspot relation
mining for public health management in Punjab, Pakistan. Int. J. Environ. Res. Public Health 2020, 17, 3763. [CrossRef]

Mikler, A.R.; Venkatachalam, S.; Ramisetty-Mikler, S. Decisions under uncertainty: A computational framework for quantification
of policies addressing infectious disease epidemics. Stoch. Environ. Res. Risk Assess. 2007, 21, 533-543. [CrossRef] [PubMed]
Kashima, S.; Zhang, J. Temporal trends in voluntary behavioural changes during the early stages of the COVID-19 outbreak in
Japan. Public Health 2021, 192, 37-44. [CrossRef] [PubMed]

Anderson, K.M.; Stockman, J.K. Staying home, distancing, and face masks: COVID-19 prevention among US women in The
COPE study. Int. ]. Environ. Res. Public Health 2021, 18, 180. [CrossRef]

Bults, M.; Beaujean, D.].M.A ; de Zwart, O.; Kok, G.; van Empelen, P.; van Steenbergen, ].E.; Richardus, ].H.; Voeten, H.A.C.M.
Perceived risk, anxiety, and behavioural responses of the general public during the early phase of the Influenza A (HIN1)
pandemic in the Netherlands: Results of three consecutive online surveys. BMC Public Health 2011, 11, 2. [CrossRef]

Pullano, G.; Valdano, E.; Scarpa, N.; Rubrichi, S.; Colizza, V. Evaluating the effect of demographic factors, socioeconomic factors,
and risk aversion on mobility during the COVID-19 epidemic in France under lockdown: A population-based study. Lancet Digit
Health 2020, 2, e638—649. [CrossRef]

Fujii, R.; Suzuki, K.; Niimi, J. Public perceptions, individual characteristics, and preventive behaviors for COVID-19 in six
countries: A cross-sectional study. Environ. Health Prev. Med. 2021, 26, 29. [CrossRef]

Betsch, C.; Korn, L.; Sprengholz, P,; Felgendreff, L.; Eitze, S.; Schmid, P.; Bchm, R. Social and behavioral consequences of mask
policies during the COVID-19 pandemic. Proc. Natl. Acad. Sci. USA 2020, 117, 21851-21853. [CrossRef]

Sandman, PM. Hazard versus outrage in the public perception of risk. In Effective Risk Communication: The Role and Responsibility
of Government and Nongovernment Organizations, Covello, V.T., McCallum, D.B., Pavlova, M., Eds.; Plenum Press.: New York, NY,
USA, 1989; pp. 45-49.

Brankston, G.; Merkley, E.; Fisman, D.N.; Tuite, A.R.; Poljak, Z.; Loewen, P]J.; Greer, A.L. Socio-demographic disparities in
knowledge, practices, and ability to comply with COVID-19 public health measures in Canada. Can. ]. Public Health 2021,
112, 363-375. [CrossRef] [PubMed]


http://doi.org/10.1080/03623319.2021.1874176
http://doi.org/10.1038/srep00062
http://doi.org/10.1186/1476-072X-12-6
http://doi.org/10.1126/science.abb4218
http://doi.org/10.1016/j.trip.2020.100127
http://www.ncbi.nlm.nih.gov/pubmed/34171017
http://doi.org/10.1016/j.trip.2020.100181
http://doi.org/10.1016/j.scs.2021.102916
http://doi.org/10.1136/bmj.b2651
http://doi.org/10.1177/0898264305277966
http://www.ncbi.nlm.nih.gov/pubmed/16020576
http://doi.org/10.1080/01292986.2014.989240
http://doi.org/10.1007/s11469-020-00281-5
http://doi.org/10.1136/bmjopen-2020-040910
http://doi.org/10.1177/0963662520963365
http://doi.org/10.1002/9781118630013.ch2
http://doi.org/10.3847/2041-8213/aa8f41
http://doi.org/10.3390/ijerph17113763
http://doi.org/10.1007/s00477-007-0137-y
http://www.ncbi.nlm.nih.gov/pubmed/32214899
http://doi.org/10.1016/j.puhe.2021.01.002
http://www.ncbi.nlm.nih.gov/pubmed/33611170
http://doi.org/10.3390/ijerph18010180
http://doi.org/10.1186/1471-2458-11-2
http://doi.org/10.1016/S2589-7500(20)30243-0
http://doi.org/10.1186/s12199-021-00952-2
http://doi.org/10.1073/pnas.2011674117
http://doi.org/10.17269/s41997-021-00501-y
http://www.ncbi.nlm.nih.gov/pubmed/33761109

Int. J. Environ. Res. Public Health 2021, 18, 10901 14 of 14

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

Lyu, W.; Wehby, G.L. Community Use Of Face Masks And COVID-19: Evidence From A Natural Experiment Of State Mandates
In The US: Study examines impact on COVID-19 growth rates associated with state government mandates requiring face mask
use in public. Health Aff. 2020, 39, 1419-1425. [CrossRef] [PubMed]

Haug, N.; Geyrhofer, L.; Londei, A.; Dervic, E.; Desvars-Larrive, A.; Loreto, V.; Pinior, B.; Thurner, S.; Klimek, P. Ranking the
effectiveness of worldwide COVID-19 government interventions. Nat. Hum. Behav. 2020, 4, 1303-1312. [CrossRef]

Cvetkovi¢, V.M.; Nikoli¢, N.; Radovanovi¢ Nenadi¢, U.; Ocal, A.; K Noji, E.; Zecevi¢, M. Preparedness and preventive behaviors
for a pandemic disaster caused by COVID-19 in Serbia. Int. ]. Environ. Res. Public Health 2020, 17, 4124. [CrossRef] [PubMed]
Wister, A.; Speechley, M. COVID-19: Pandemic risk, resilience and possibilities for aging research. Can. J. Aging/La Rev. Can. Du
Vieil. 2020, 39, 344-347. [CrossRef]

Wolf, M.S.; Serper, M.; Opsasnick, L.; O’Conor, R.M.; Curtis, L.; Benavente, J.Y.; Wismer, G.; Batio, S.; Eifler, M.; Zheng, P.
Awareness, attitudes, and actions related to COVID-19 among adults with chronic conditions at the onset of the US outbreak: A
cross-sectional survey. Ann. Intern. Med. 2020, 173, 100-109. [CrossRef]

Ditekemena, J.D.; Mavoko, H.M.; Obimpeh, M.; Van Hees, S.; Siewe Fodjo, ].N.; Nkamba, D.M.; Tshefu, A.; Van Damme, W.;
Muyembe, J.J.; Colebunders, R. Adherence to COVID-19 Prevention Measures in the Democratic Republic of the Congo, Results
of Two Consecutive Online Surveys. Int. J. Environ. Res. Public Health 2021, 18, 2525. [CrossRef]

Gao, H.; Hu, R;; Yin, L.; Yuan, X,; Tang, H.; Luo, L.; Chen, M.; Huang, D.; Wang, Y,; Yu, A.; et al. Knowledge, attitudes and
practices of the Chinese public with respect to coronavirus disease (COVID-19): An online cross-sectional survey. BMC Public
Health 2020, 20, 1816. [CrossRef]

Parker, M.E.; Li, M.; Bouzaghrane, M.A.; Obeid, H.; Hayes, D.; Frick, K.T.; Rodriguez, D.A.; Sengupta, R.; Walker, J.; Chatman,
D.G. Public transit use in the United States in the era of COVID-19: Transit riders’ travel behavior in the COVID-19 impact and
recovery period. Transp. Policy 2021, 111, 53-62. [CrossRef]

Teslya, A.; Pham, T.M.; Godijk, N.G.; Kretzschmar, M.E.; Bootsma, M.C.; Rozhnova, G. Impact of self-imposed prevention
measures and short-term government-imposed social distancing on mitigating and delaying a COVID-19 epidemic: A modelling
study. PLoS Med. 2020, 17, €1003166. [CrossRef]

Bethlehem, J. Selection Bias in Web Surveys. Int. Stat. Rev. 2010, 78, 161-188. [CrossRef]

Duffy, B.; Smith, K.; Terhanian, G.; Bremer, J]. Comparing data from online and face-to-face surveys. Int. |. Mark. Res. 2005,
47, 615-639. [CrossRef]

Teitcher, ].E.; Bockting, W.O.; Bauermeister, ].A.; Hoefer, C.J.; Miner, M.H.; Klitzman, R.L. Detecting, preventing, and responding
to “fraudsters” in internet research: Ethics and tradeoffs. |. Law Med. Ethics 2015, 43, 116-133. [CrossRef] [PubMed]


http://doi.org/10.1377/hlthaff.2020.00818
http://www.ncbi.nlm.nih.gov/pubmed/32543923
http://doi.org/10.1038/s41562-020-01009-0
http://doi.org/10.3390/ijerph17114124
http://www.ncbi.nlm.nih.gov/pubmed/32527056
http://doi.org/10.1017/S0714980820000215
http://doi.org/10.7326/M20-1239
http://doi.org/10.3390/ijerph18052525
http://doi.org/10.1186/s12889-020-09961-2
http://doi.org/10.1016/j.tranpol.2021.07.005
http://doi.org/10.1371/journal.pmed.1003166
http://doi.org/10.1111/j.1751-5823.2010.00112.x
http://doi.org/10.1177/147078530504700602
http://doi.org/10.1111/jlme.12200
http://www.ncbi.nlm.nih.gov/pubmed/25846043

	Introduction 
	Data and Methods 
	Findings 
	Sample Profile 
	Bivariate Relationship between Prevention Behavior, Risk Perception, and Individual Characteristics 
	Logistic Regression on Different Prevention Practices 

	Discussions 
	Conclusions 
	Limitations and Future Research 
	References

