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Abstract

This study investigates how different risk predictors influenced households’ evacuation
decisions during a dual-threat event (Hurricane Laura and COVID-19 pandemic). The
Protective Action Decision Model (PADM) literature indicates that perceived threat
variables are the most influential variables that drive evacuation decisions. This study
applies the PADM to investigate a dual-threat disaster that has conflicting protec-
tive action recommendations. Given the novelty, scale, span, impact, and messaging
around COVID-19, it is crucial to see how hurricanes along the Gulf Coast—a hazard
addressed seasonally by residents with mostly consistent protective action messaging—
produce different reactions in residents in this pandemic context. Household survey
data were collected during early 2021 using a disproportionate stratified sampling pro-
cedure to include households located in mandatory and voluntary evacuation areas
across the coastal counties in Texas and parishes in Louisiana that were affected by
Hurricane Laura. Structural equation modeling was used to identify the relationships
between perceived threats and evacuation decisions. The findings suggest affective risk
perceptions strongly affected cognitive risk perceptions (CRPs). Notably, hurricane
and COVID-19 CRPs are significant predictors of hurricane evacuation decisions in
different ways. Hurricane CRPs encourage evacuation, but COVID-19 CRPs hinder
evacuation decisions.
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Some prior research on disasters and hazard adjustments
has examined how perceived threat influences protective

Through decades of research, we have learned much about
what leads individuals and households to evacuate in
response to the threat of a hurricane (Baker, 1991; Dow &
Cutter, 1998; Huang et al., 2016; Lindell et al., 2005; Tins-
ley et al., 2012; Wu et al., 2014, 2020). Louisiana and Texas
are two states that have extensive experience with hurri-
canes and evacuation decision making. Hurricane season in
2020 was complicated, however, by the ongoing COVID-19
pandemic. Warning messages and protective actions for hur-
ricanes are different and, at times contradictory, from what
experts advise for protecting individuals from the risk of
COVID-19 infection. Evacuations and sheltering, often in
a congregate setting, are counter to recommended practices
for reducing COVID-19 risk, which asks residents to avoid
unnecessary travel and socially distance where possible. This
novel confluence of hazards and protective action recommen-
dations left emergency managers and households to make
decisions based on opposing hazard adjustment information.

action decision making, proposing models such as the Pro-
tective Action Decision Model (PADM) to explain these
relationships (Lindell, 2018). However, most of these PADM
evacuation studies have not explored the multivariate rela-
tionships among threat perception variables (affective risk
perception [ARP], cognitive risk perception [CRP], opti-
mistic bias, and hazard intrusiveness) and how it influences
evacuation decisions (Huang, Wu, et al., 2017; Lin et al.,
2014; Lindell et al., 2005, 2011; Wei et al., 2014). In addi-
tion, to date, only a few studies have examined COVID-19
impacts on hurricane evacuation decisions (Botzen et al.,
2022; Collins et al., 2021; Collins, Polen, Dunn, Maas, et al.,
2022; Whytlaw et al., 2021). Given the novelty, scale, span,
impact, and messaging around COVID-19, we expect to see
hurricanes along the Gulf Coast—a hazard addressed sea-
sonally by residents with mostly consistent protective action
messaging—produce different reactions in residents in this
pandemic context. Thus, the research objective of this study
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is to understand the ways in which risk perceptions, hurri-
cane hazard intrusiveness, and optimistic bias affect people’s
protective action decisions.

This study examines the relationships among perceived
threat variables related to both Hurricane Laura, which
affected the Louisiana and Texas coasts in August 2020,
and the COVID-19 pandemic and hurricane evacuation deci-
sions, using household-level survey data collected in the
months following the hurricane. The following sections pro-
vide a review of relevant literature, research objectives,
methodology, analytical findings, and conclusions.

2 | LITERATURE REVIEW

The PADM shows how several factors influence people’s
behavioral responses when facing disasters (Lindell, 2018;
Lindell & Perry, 2012). PADM explains how external factors
affect internal factors and then lead to people’s behavioral
responses. The external factors include environmental/social
cues, warnings, and receiver characteristics. Internal factors
include a per-decisional process, threat perceptions (ARP,
CRP, optimistic bias, and hazard intrusiveness), protective
action perceptions, and stakeholder perceptions. Studies have
long been focused on how both external and internal factors
affect behavioral response during different types of disaster
events (Huang et al., 2012; Jon et al., 2016; Kang et al.,
2007; Lindell et al., 2016, 2017; Strahan & Watson, 2019;
Wang et al., 2018; Wei et al., 2017; Wu et al., 2012, 2015a,
2015b). Baker (1991) reviewed 15 post-event hurricane evac-
uation studies published between 1963 and 1990, and Huang
et al. (2016) conducted a statistical meta-analysis examin-
ing 49 hurricane response studies published between 1991
and 2014. Both studies concluded that perceived threat vari-
ables, such as negative emotional reactions, CRPs, and hazard
intrusiveness, are better predictors of protective action deci-
sions during hurricanes compared to other variables (Baker,
1991; Huang et al., 2016). Variables measuring receiver char-
acteristics and protective action perceptions had very low
correlations with hurricane evacuation decisions. Environ-
mental and health-related studies also found optimistic bias
affects people’s protective action behaviors (Cho et al., 2013;
Radcliffe & Klein, 2002; Wu, Arlikatti, et al., 2017). In a
state-of-the-art assessment of warning communication, Mileti
and Sorensen (1990) also noted that CRPs are the key influ-
ence on the public’s response to disaster warnings. According
to the PADM, risk assessment involves the evaluation of the
threat, which shapes protective action decisions during dis-
asters (Lindell, 2018; Lindell & Perry, 2004, 2012). Risk
studies generally measure perceived threat variables by col-
lecting data on people’s negative emotions toward a threat
(Fischhoff et al., 1980; Slovic et al., 1980), perceived per-
sonal consequences from a threat (Huang et al., 2012; Lindell
& Hwang, 2008; Wu, Arlikatti, et al., 2017), and hazard intru-
siveness (Ge et al., 2011; Lindell & Prater, 2000). Trumbo
et al. (2016) extended this line of research by further defining
and investigating how well affective and CRPs predict hur-

ricane evacuation decisions. The following sections review
the disaster science literature that addresses the relationships
among these factors.

2.1 | Affective risk perceptions

Early risk literature exploring ARP focused on negative emo-
tions such as fear and anger in response to a wide range of
hazards using correlation or regression analyses (Fischhoff
et al., 1978; Floyd et al., 2000; Lerner & Keltner, 2001; Mad-
dux & Rogers, 1983; Oh et al., 2021; Rogers, 1983; Slovic,
1992). In recent studies, COVID-19 ARP is measured by
the feeling of fear and worry about transmission of the virus
(Clay & Rogus, 2021; Johns Hopkins University, 2020; Raker
et al., 2020).

While more limited than CRP, a handful of researchers
have explored emotional reactions to environmental hazards.
For example, Prati et al., 2012 found that study partici-
pants experienced fear, helplessness, worry, and terror during
the 1997 Umbria—Marche Earthquake in Italy using descrip-
tive statistics and crosstabulation analyses. More recently,
researchers in multiple studies have used nine items from
the Mood Adjective Checklist developed by the Univer-
sity of Wales Institute of Science and Technology (MAC
UWIST) to study emotional reactions during disasters (Jon
et al., 2016; Lindell et al., 2016; Matthews et al., 1990;
Wei et al.,, 2017, Wu, Arlikatti, et al., 2017). The nine
emotional response measures include the typical ARP emo-
tions of depressed, annoyed, fear, and nervous alongside
other emotions, such as passive, alert, optimistic, relaxed,
and energetic. Some studies condense these emotions into
three indexes: Shock (depressed, annoyed, and passive),
fear (alert, nervous, and fearful), and vigilance (optimistic,
relaxed, and energetic) when studying people’s earthquake
emotional reactions (Jon et al., 2016; Lindell et al., 2016).
This categorization approach might not be ideal, how-
ever, since some indexes have relatively low reliability
(a < 0.60).

Studies have compared ARP differences when experienc-
ing similar disaster events. Two studies, using correlation and
regression analyses, found that Japanese survey respondents
are more likely to feel shock and fear than respondents from
New Zealand when facing earthquakes with similar shak-
ing intensity (Jon et al., 2016; Lindell et al., 2016). They
also found fear is correlated with CRPs but not the earth-
quake response behavior measures in either study area. Wu,
Arlikatti, et al. (2017) found that survey respondents after
a flood in India had higher levels of depressed, nervous,
and fearful emotions when compared to flood survivors in
Colorado using r-tests. Similar to the earthquake studies,
depressed, annoyed, nervous, and fearful emotions are corre-
lated with CRPs strongly but not protective action decisions.
On the other hand, Trumbo et al. (2016) found people’s ARP
(fear, worry, dread, and depression) and CRP affect their
evacuation decisions in a hypothetical hurricane scenario
using linear regression analysis.
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2.2 | Cognitive risk perception

CRP measures found in the literature are related to the
idea of personal consequences during environmental hazards
and pandemics. In general, it measures people’s expecta-
tions of home damage, family injury, and the disruption
of daily routines during disasters (Mileti & Peek, 2000;
Mileti & Sorensen, 1987). For pandemic or epidemic studies,
researchers usually measure people’s perceived likelihood of
being infected and subsequent health consequences (Brug
et al., 2004; Iorfa et al., 2020). Early studies concluded peo-
ple have difficulties conceptualizing probabilities and treat
risk perception intuitively (Fischhoff et al., 1978; Kunreuther
& Slovic, 1996; Slovic, 1992). Recent studies also found
that people treat probabilities as integer values rather than
decimal values (Wu et al., 2014, 2015b); thus, researchers
mainly measure the perceived likelihood of disaster conse-
quences when conducting survey studies (Huang et al., 2012;
Maghelal et al., 2017; Trumbo et al., 2016).

The importance of CRP has long been recognized in
PADM and disaster response studies (Baker, 1991; Huang
et al., 2016; Huang, Lindell, et al., 2017; Iorfa et al., 2020;
Lindell et al., 2005; Martin et al., 2007; Wu et al., 2012). In
general, these studies found that CRP is a good predictor of
evacuation decisions using regression analyses. Among the
different types of CRP measures, studies using correlation
and regression analyses found perceived personal casualties
or injuries to be strongly associated with evacuation deci-
sions (Fu et al., 2007; Huang, Lindell, et al., 2017; Sharma
& Patt, 2012). Hurricane wind, storm surge, and flood impact
variables are also highly associated with evacuation deci-
sions (Dow & Cutter, 2000; Huang et al., 2012; Morrow &
Gladwin, 2005; Van et al., 2002; Whitehead et al., 2000).
Perceived job and service disruption are also reported as sig-
nificant predictors in several hurricane evacuations studies
using regression analysis, but depending on the studies, they
can have either negative or positive impacts (Dow & Cutter,
2000; Morrow & Gladwin, 2005; Smith & Mccarty, 2009).

Recent studies that examined the COVID-19 impacts
during the 2020 hurricane season found that COVID-
19 CRP negatively predicts evacuation intentions; on the
other hand, hurricane CRP positively predicts evacua-
tion intentions (Botzen et al., 2022). Similarly, Borowski
et al. (2021) found COVID-19 CRP has a negative
impact on the intention of sharing rides during a flood
evacuation.

2.3 | Relationships among perceived threat
variables

Hazard intrusiveness (also referred to as hazard salience) and
optimism are two additional threat-related variables men-
tioned in the PADM literature and health studies. Hazard
intrusiveness is defined as the thoughts, discussions, and
hazard-relevant information received from one’s risk infor-
mation source and channel (Ge et al., 2011; Lindell &

Perry, 2004). Although hazard intrusiveness is mentioned
in PADM (Lindell, 2018), it is seldom included in disas-
ter response studies. Instead, this idea is mostly included in
hazard adjustment studies, with researchers finding that haz-
ard intrusiveness could affect people’s CRP (Greer et al.,
2020; Lindell, 1994, 2013; Wu, Greer, et al., 2017) and ARP
(Weinstein et al., 2000). A recent study also found haz-
ard intrusiveness significantly predicts a latent CRP variable
that is constructed by using four CRP1 variables (perceived
likelihood of potential damage to their homes or properties,
injuries, job disruptions, and daily routine disruptions) (Li
et al., 2023).

In previous work on environmental hazards, optimistic bias
is found to be negatively associated with ARP (Lindell et al.,
2016; Wu, Arlikatti, et al., 2017). This variable, however,
is mostly found in risky behavior and health-related studies
(Klein & Helweg-Larsen, 2002; Weinstein, 1989). For exam-
ple, Rutter et al. (1998) found that motorcycle riders with
unrealistic optimism have lower CRP of motorcycle riding
behavior. Cancer and infectious disease studies also found
optimistic bias is negatively associated with perceived health
risk (Radcliffe & Klein, 2002), lung cancer risk (Dillard et al.,
2000), heart disease (Davidson & Prkachin, 1997), and HIN1
Flu risk (Cho et al., 2013). Overall, both disaster and health
studies suggest that hazard intrusiveness and optimism do
not affect protective action directly; rather, they interact with
ARP and CRP and then affect protective action decisions.

Finally, in terms of the relationship between ARP and
CREP, early studies suggest that cognition is driven by emotion
(Zajonc, 1980, 1984). Alhakami and Slovic (1994) proposed
the model of Affect Heuristic and studied technology-related
risk perceptions. The model suggests affective emotions
affect CRPs. Some recent experimental and clinical studies
find that cognitive risk judgments are affected by an individ-
ual’s negative affectivity when facing technological risk or
taking part in risky behaviors (Dohle et al., 2010; Finucane
et al., 2000; Slovic et al., 2007).

2.4 | Research objectives

PADM and risk studies have provided some fundamental
insights into how perceived threat affects protective actions.
Still, as mentioned above, most studies use univariate analy-
ses to examine the relationship among these variables. Few
studies have explored how these variables relate to each other
and the ways in which they affect protective action decisions.
As mentioned in Lindell (2018), researchers should focus on
the intercorrelation of perceived threat factors. More impor-
tantly, none of the previous studies examined these relations
in a dual-threat event with contradicting protective action
recommendations.

Based on the PADM and the health sciences literature, the
relationship between perceived threat and hurricane evacua-
tion decisions can be illustrated in Figure 1. The following
are the specific research hypotheses based on the literature
that address the overarching research question.
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FIGURE 1

H1. Hurricane ARP has a significant effect on hurricane
CRP.

H2. Hurricane ARP has a significant effect on hurricane
evacuation decisions.

H3. COVID-19 ARP has a significant effect on COVID-
19 CRP.

H4. COVID-19 ARP has a significant effect on hurricane
evacuation decisions.

HS. Hurricane CRP has a significant effect on hurricane
evacuation decisions.

H6. COVID-19 CRP has a significant effect on hurricane
evacuation decisions.

H7. Hurricane hazard intrusiveness has a significant
effect on hurricane ARP.

HS8. Hurricane hazard intrusiveness has a significant
effect on hurricane CRP.

H9. Hurricane optimism bias has a significant effect on
hurricane ARP.

H10. Hurricane optimism bias has a significant effect on
hurricane CRP.

H11. COVID-19 optimism bias has a significant effect
on COVID-19 ARP.

H12. COVID-19 optimism bias has a significant effect
on COVID-19 CRP.

A research question is also included to address the
intercorrelations among these variables.

RQI1: What are the direct, indirect, and total effects
among perceived threat variables and evacuation
decisions?

This study used a household survey to test the above
research hypotheses and answer the research question. The
survey asked about people’s hurricane and COVID-19 risk
attitudes and hurricane protective action decisions during

The hypothetical structural equation modeling (SEM) model of hurricane evacuation decision.

Hurricane Laura in August 2020 while facing the COVID-19
threat.

3 | METHODOLOGY

3.1 | Data collection and study participants

This study used a disproportionate stratified sampling pro-
cedure to identify households located in mandatory and
voluntary evacuation areas during Hurricane Laura. Based on
National Hurricane Center archives and news media reports
on August, 25th, 2020, four areas in Texas and Louisiana
were selected for the study (National Hurricane Center,
2020; Santana & Martin, 2020). Table 1 shows the sampling
locations and the numbers of household mailing addresses
available in each area. Figure 2 shows relative locations of
each study area in the Gulf Coast and Hurricane Laura track.
In each study area, 1200 household addresses were randomly
selected. The mailing list was obtained from the Marketing
Systems Group using a random selection process. Follow-
ing Dillman et al. (2014) survey procedures, each household
was sent as many as three survey packages (waves 1, 3,
and 4) and one reminder postcard (wave 2). The question-
naires were sent by the University of North Texas Printing
& Distribution Solution in January, February, and March
2021. In total, survey packages were sent out to 4800 house-
holds, 304 households responded to the survey, 35 households
refused, and there were 629 undeliverable survey packages.
The overall survey response rate is 7.35% (8.26% in Texas
mandatory evacuation area, 5.52% in Texas voluntary evacua-
tion area, 9.55% in Louisiana mandatory evacuation area, and
6.30% in Louisiana voluntary evacuation area). The response
rates were calculated using the formula suggested by Fowler
(2002).
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TABLE 1 Survey locations.

State Study area

City/county/parish

Available mailing
addresses®

Disproportionate
stratified sample

Texas Mandatory evacuation

Voluntary evacuation

Louisiana ~ Mandatory evacuation

Voluntary evacuation

Jefferson County
Galveston County

* Bolivar Peninsula
* Galveston City

Galveston County (exclude Bolivar Peninsula and Galveston
City)
Calcasieu Parish

Vermilion Parish

* Pecan Island

* Intracoastal City
* Esther

* Forked Island

* Mouton Cove

¢ South Erath

* South Delcambre
* South Gueydan

Vermilion Parish

* Houses that located outside the Erath and Delcambre city
boundaries and south of Hwy 14

* South of Abbeville

e South of Hwy 335

* West of Vermilion River (exclude Esther)

134,906

108,932

89,998

6854

1200

1200

1200

1200

2The number of mailing addresses that Marketing Systems Group provided in January 2021.

FIGURE 2 Survey location.

95U90] SuowIWo)) 2ANEa1) A[quatidde oy Aq PAWIIACS SIE SO[ONIE VO 15T JO SN 10 KIBAqIT SUIUQ) AS[IAL UO (SUOHIPUOD-PUB-SLID) wW0d Aot KIeIqioul[uo;/:sdy) SUONIPUOY) Pue Suid I o) 935 “[€207/Z1/L0] U0 A1eiqr] SUIUQ AITIA ‘SEXOL YHON JO ANSIOAIIN AQ ZOZH1BSH/1 [11°01/10p/wod Ka1mAreaqijousiuoy/:sdny wosy popeojusod ‘0 “hZ69655 1



WU ET AL.

TABLE 2 Demographics variable difference (2020 census vs. household survey).

State Louisiana Texas

County/parish Vermilion Calcasieu Jefferson Galveston

Data type Census Survey Census Survey Census Survey Census Survey
Persons between 18 and 65 (%) 76.87 52.90 77.65 54.90 78.41 51.4 78.62 52.90
Persons 65 years and over” (%) 23.13 47.10 22.35 45.10 21.59 48.6 21.38 47.10
Female persons (%) 51.70 62.70 51.10 51.90 48.90 65.7 50.90 62.70
White alone (%) 81.50 83.00 70.10 88.0 59.10 79.40 80.30 83.70
Median household income® $52,219 25K—49K $52,866 50K—-79K $50,840 50K-79K $74,633 25K—49K
Bachelor’s degree or higher (%) 16.20 35.50 21.90 40.40 19.30 50.00 32.10 35.50
Homeownership (%) 74.40 87.40 68.50 94.30 61.50 91.40 67.50 78.20

#18-year old and younger were excluded from the Census percentage calculation since the household survey can only collect data from respondents who are 18 years and older.

"Household income data were collected using a categorical variable in the survey.

Overall, 53.40% of the survey respondents evacuated. The
survey respondents’ average age is 60-year old. Among
the survey respondents, 40.20% are male and 59.80% are
female. These survey respondents are predominantly White
(85.90%). More than half of the respondents are married
(59.80%). As for their education levels, 19.00% of the
respondents have an advanced degree, 31.20% are college
graduates, and 26.40% have some college/vocational school
diploma, 20.70% are high school graduates, and only 2.70%
have an education level that is less than high school. The
mode of income level is between $25,000 and $49,999, and
85.70% of the respondents are homeowners. As Table 2 indi-
cates, according to the United States Census Bureau (2022),
the survey respondents are considerably older than the age
groups in the four survey areas. The distributions of gen-
der, racial, and education groups are similar, but the ratings
of income level, education level, and homeownership differ
from the U.S. Census Bureau’s 2020 data in the study areas.

3.2 | Measure

A survey questionnaire was designed to collect data to
understand Texas and Louisiana coastal residents’ con-
cerns about the COVID-19 pandemic during a hurricane
threat and identify the factors that affect different aspects
of survey respondents’ Hurricane Laura response. The
measures include hurricane CRP, evacuation factors, hurri-
cane ARP, self-identified evacuation area, risk information
source/channel, evacuation behaviors, evacuee reentry con-
cerns, Hurricane Laura impacts, COVID-19 diagnosis, family
essential worker, COVID-19 family risk, COVID-19 ARP
response, COVID-19 CRP during Laura response, COVID-19
considerations during Hurricane Laura evacuation, COVID-
19 protective action, demographic variables, stakeholder
confidence level, everyday emotional state, hurricane expe-
rience, and Hurricane Delta response. In total, there are 49
questions in the questionnaire. These questions generate 146
variables. This dataset has 69 nominal variables, 63 ordinal
variables, and 14 scale variables (interval/ratio). The survey

is available upon request. For the purpose of this study, only
the perceived threats and evacuation decision variables were
included and analyzed. The survey was built on previous hur-
ricane surveys (Huang et al., 2012; Wu et al., 2012), and
COVID-19 related variables were adopted from the Disaster
Research Response (DR2) COVID-19 Repository (National
Institute of Environmental Health Science, 2018).

Respondents were asked to report their hurricane ARP
(depressed, annoyed, nervous, and fearful) using five-point
Likert scales (I = Not at all to 5 = Very great extent). Their
COVID-19 ARP (threatened, afraid, and stressed) was mea-
sured using seven-point Likert scales (I = Not true of me
at all to 7 = Very true of me). Hurricane CRP variables
were measured by asking respondents to report their per-
ceived likelihood of flood/surge damage to their home, wind
damage to their home, family members being injured/killed,
job disruption, and community service disruption. COVID-19
CRP variables were measured by asking respondents to report
their perceived likelihood of getting infected with COVID-
19 during the evacuation, staying at evacuation destinations,
returning home, and having severe health effects from being
infected with COVID-19. The survey used five-point Likert
scales (I = Not at all likely to 5 = Almost a certainty) to
measure hurricane CRP and COVID-19 CRP variables.

The hurricane optimistic bias variable was measured by
asking respondents to rate their optimistic emotions using
a five-point Likert scale (I = Not at all to 5 = Very great
extent). The COVID-19 optimistic bias variable was mea-
sured by asking respondents to report the likelihood of being
able to cope with the health effects of COVID-19 if infected
using a five-point Likert scale (I = Not at all likely to
5 = Almost a certainty).

Hurricane hazard intrusiveness was measured by asking
respondents to report whether they have received hurricane
risk information from seven different information channels
(T.V., radio, social media, internet, phone calls, person (face-
to-face), and others). Since these were Yes/No questions,
hurricane hazard intrusiveness was calculated by summing
up yes responses to the above seven variables. Lastly, the
hurricane protective action decision is measured by asking if
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TABLE 3 Descriptive statistics and reliability test.
Item Mean St. Dev Variance Factor loading Cronbach’s
Hurricane ARP HARP1 (depressed) 2.288 1.321 0.417 0.817 0.840
HARP2 (annoyed) 2.819 1.385 0.159 0.705
HARP3 (nervous) 3.198 1.361 0.705 0.878
HARP4 (fearful) 2.896 1.393 2.719 0.886
Hurricane CRP HCRP1 (home flood damage) 2.364 1.315 0.491 0.717 0.786
HCRP2 (home wind damage) 2.783 1.286 2.769 0.858
HCRP3 (person injury/Killed) 2.228 1.342 0.874 0.773
HCRP4 (job disruption) 2919 1.623 0.330 0.637
HCRPS5 (service disruption) 4.136 1.178 0.536 0.717
COVID-19 ARP CARP1 (threatened) 3.823 2.089 0.193 0.951 0.941
CARP2 (afraid) 3.915 2.238 2.684 0.954
CARPS3 (stressed) 3.633 2.170 0.123 0.933
COVID-19 CRP CCRP1 (infected during evacuation) 2.117 1.246 2.870 0.941 0.852
CCRP2 (infected at evacuation destination) 2.162 1.352 0.710 0918
CCRP3 (infected during reentry) 1.814 1.101 0.299 0.868
CCRP4 (serious health issue if infected) 2.717 1.413 0.121 0.624
Hurricane optimistic bias 2.828 1.151
COVID-19 optimistic bias 2.979 1.406
Hurricane intrusiveness 2.640 1.352
Evacuation decision 0.534 0.499

Note: Only the endogenous latent constructs require reliability tests.
Abbreviations: ARP, affective risk perception; CRP, cognitive risk perception.

anyone in their household evacuated from Hurricane Laura.
The means and standard deviations of all the variables are
included in Table 3.

3.3 | Analytical method

Structural equation modeling (SEM) was used to test the
hypotheses. SEM is a multivariate method that examines
the relationships among constructs and variables in a hypo-
thetical model (Dattalo, 2013). As indicated in Figure 1,
this study has three exogenous variables (hurricane/COVID-
19 optimistic bias and hurricane hazard intrusiveness),
one endogenous variable (hurricane evacuation), and four
endogenous latent constructs (hurricane/COVID-19 ARP and
hurricane/COVID-19 CRP). Factor analyses and Cronbach’s
a were used to check the reliability of the latent constructs.
Table 3 shows that the four latent variables have good to
excellent Cronbach’s a values that are above or close to 0.80
(Cronbach et al., 2004).

The Maximum Likelihood Estimation approach in SPSS
AMOS 26 (Arbuckle, 2019) was used to estimate the param-
eters in the model and the hypotheses. Modification Indices
were also used to identify significant covariances to improve
the model fit (Lei & Wu, 2007; Peters et al., 2004). In review-
ing AMOS’ Modification Indices reports, hurricane ARP and
COVID ARP’s error terms were correlated to improve the

overall results. Several indexes were used to determine the
SEM model fit. A )°/df value between two and five indicates
a good model fit, and a less than three y’/df value indicates
an acceptable model (Bentler & Bonett, 1980). Other com-
monly used model fit indexes are also used (Kline, 2005).
Comparative fit index (CFI), Tucker Lewis index (TLI), and
incremental fit index (IFI) have to reach a threshold of 0.90
(Bentler, 1990; Bollen, 1989; Hu & Bentler, 1999; Marsh &
Hocevar, 1985). A value better than 0.80 is considered a good
model fit for the goodness of fit index (GFI) and adjusted
goodness of fit index (AGFI). The root mean-square error of
approximation (RMSEA) lower than 0.08 indicates a good
model fit (Browne & Cudeck, 1992). Bootstrapping methods
were used to mitigate multivariate normality concerns in the
SEM model (Hancock & Liu, 2012) and control for Type 1
errors given the multiple variables incorporated in each SEM
model (Keselman et al., 2008; Rasmussen, 1988).

4 | RESULTS

4.1 | Hypotheses testing

The hypotheses test results are shown in the initial SEM
(Figure 3). Four hypotheses were nonsignificant at the 0.05
level: Hurricane ARP to hurricane evacuation decision (H2),
COVID-19 ARP to hurricane evacuation decisions (H4),

1umod ‘0 “T696€ST

:sdny woy pap

ASUAOITT SuOWIWO)) dANEa1)) d[qearjdde ayy Aq PouIdA0S a1k SO[ONIE V() SN JO SI[NI J0j AIRIqIT dUI[UQ) AS[IA\ UO (SUOIIPUOI-PUB-SULIA) W0 Ad1m KTeiqi[our[uoy/:sdny) suonipuo)) pue sud |, a1 S *[£20¢/21/L0] uo Areiqry aurjuQ AS[IA\ ‘Sexd L, YUON JO ANSIOAIUN £q ZOTH [ eSH/[ [ 1°01/10p/wod K[im L.



WU ET AL.

© © o

< { T
[ Harpa | HARP3 || HaRP2 |[ HaRP1 |

Hurricane N s
Hazard A\ L
Intrusiveness | “%? 7

" 82 p

®

-01

®®

Hurricane
CRP

®

. X !
N ! : }
oN Humicane | . " 51 L S . Covid-19
+  Optimistic | *" /A _ | oOptimistic [+
Bias AT \ - Bias
< \ Hurricane Covid-19 ”
ARP ARP 4

e 3 ’ -18" B
- Evacuation Gé/ e -

[ care1 | [ care2 ][ cares |
b' $ )

e

04

Covid-19
CRP

CCRP4

#The coefficients are standardized.
* p-value is significant at .05 level
**p -value is significant at .01 level
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FIGURE 4 Final Hurricane Laura evacuation decision structural equation modeling (SEM). Note: The coefficients are standardized; *p-value is

significant at 0.05 level; **p-value is significant at 0.01 level.

hurricane optimistic bias to hurricane CRP (H9), and
COVID-19 optimistic Bias to COVID-19 CRP (H12). Thus,
a revised model was derived by eliminating these nonsignifi-
cant hypotheses.

Modification indices were used to improve the model fit.
The final SEM model is shown in Figure 4. The y*/dfis 2.108,
which suggests this model has a good model fit (Bentler &

Bonett, 1980). Additional model fit indexes also suggest the
final SEM model has a good model fit (Gefen et al., 2000;
Steiger, 2007). The values of CFI (0.944), TLI (0.935), and
IF1 (0.944) are better than the minimum cutoff of 0.90. The
values of GFI (0.900) and AGFI (0.873) are also better than
the minimum cutoff of 0.80. The RMSEA is 0.027, which is
lower than the suggested 0.80.
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TABLE 4 Direct, indirect, and total effects.

Variable Direct effect Indirect effect Total effect
HOB — HARP —0.151* - —0.151*
HOB — HCRP - —0.090* —0.090*
HOB — HEvac - —0.048%* —0.048%*
COB — CARP —0.102* - —0.102*
COB — CCRP - —0.062* —0.062*
COB — HEvac - 0.008* 0.008*
HHI — HARP 0.182* - 0.182*
HHI — HCRP 0.113* 0.108%* 0.221*
HHI — HEvac - 0.118%* 0.118%*
HARP — HCRP 0.593* - 0.593*
HARP — HEvac - 0.318* 0.318*
CARP — CCRP 0.608** - 0.608*
CARP — HEvac - —0.081* —0.081*
HCRP — HEvac 0.536%* - 0.536*
CCRP — HEvac —0.133* - —0.133*

Abbreviations: CARP, COVID-19 affective risk perception; CCRP, COVID-19 cognitive risk perception; COB, COVID-19 optimistic bias; HARP, hurricane affective risk perception;
HCRP, hurricane cognitive risk perception; HEvac, hurricane evacuation decision; HHI, hurricane hazard intrusiveness; HOB, hurricane optimistic bias.

*p-Value is significant at 0.05 level.
**p-Value is significant at 0.01 level.

The overall hypothesis test results are illustrated in
Figure 4. Four hypotheses that address the relationship among
the perceived threat variables are supported. Hurricane opti-
mistic bias has a negative impact on hurricane ARP (H9)
(8 = —0.15, p < 0.01). Hurricane hazard intrusiveness has a
positive impact on hurricane ARP (H7) (8 = 0.18, p < 0.01).
It also has a positive impact on hurricane CRP (H8) (8 =10.11,
p < 0.05). Hurricane ARP has a positive impact on hurri-
cane CRP (H1) (8 = 0.59, p < 0.01). This effect is quite
strong compared to other coefficients. As for the COVID-19
perceived threat variables, three hypotheses were supported.
COVID-19 optimistic bias has a negative impact on COVID-
19 ARP (H11) (8 = —0.10, p < 0.05). Similar to the
relationships between hurricane ARP and CRP, COVID-19
ARP also has a strong positive impact on COVID-19 CRP
(H3) (8 = 0.61, p < 0.01). Finally, in terms of the hurricane
evacuation decision, hurricane CRP has a strong and posi-
tive impact on evacuation decision (H4) (8 = 0.54, p < 0.01);
on the other hand, COVID-19 CRP shows a relatively weak,
but significant, negative impact on evacuation decision (H6)
(B=-0.14, p < 0.05).

4.2 | Indirect, direct, and total effects

In terms of RQI1, the indirect and total effects of the final
model are shown in Table 4. Results show hurricane hazard
intrusiveness has direct (8 = 0.113, p < 0.05) and indirect
(B =0.108, p < 0.05) effects on hurricane CRP and its total
effect (8 = 0.221, p < 0.05) on hurricane CRP is positive.
This finding suggests hurricane ARP partially mediates the
relationship between hurricane hazard intrusiveness and hur-

ricane CRP and there still remains the direct effect of hazard
intrusiveness on hurricane CRP.

Table 4 also shows a number of indirect effects. Four
factors indirectly and positively contribute to hurricane evac-
uation decisions. These factors include COVID-19 optimistic
bias (8 = 0.008, p < 0.05), hurricane hazard intrusiveness
(B = 0.118, p < 0.05), and hurricane ARP (8 = 0.318,
p < 0.05). In contrast, hurricane optimistic bias (8 = —0.048,
p < 0.05) and COVID-19 ARP (8 = —0.081, p < 0.05) nega-
tively contribute to hurricane evacuation decisions. Among
the indirect effects, hurricane ARP has the strongest and
positive effects on hurricane evacuation. Finally, hurricane
optimistic bias (8 = —0.090, p < 0.05) has a negative indi-
rect effect on hurricane CRP. COVID-19 optimistic bias
(B8 = —0.062, p < 0.05) also has a negative indirect effect
on COVID-19 CRP. Based on Figure 4, both of these indirect
effects are through their ARP variable.

S | DISCUSSION AND CONCLUSIONS

5.1 | Findings

There have been calls from disaster researchers to address
the gap in understanding the interrelationships among threat
perceptions and how those perceptions affect protective
actions in different hazard contexts (Lindell, 2018). The
final model of this study sheds light on this issue by ana-
lyzing data from a household hurricane response survey
collected after Hurricane Laura while people were facing
the COVID-19 pandemic. The challenge of this dual haz-
ard context is that the recommended hurricane protective
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action—evacuation—contradicts the suggested COVID-19
protective action—social distancing. Therefore, this event
provides disaster researchers an opportunity to address a gap
in the PADM literature.

Our findings on hurricane threat perceptions generally
align with environmental hazard studies with some new
insights. Although Trumbo et al. (2016) found that optimism
affects hurricane evacuation, this study further identified that
the impact of hurricane optimistic bias on hurricane evac-
uation decisions is indirect and negative by using SEM
analysis. A similar pattern can be found between hurricane
hazard intrusiveness and hurricane evacuation. Previous stud-
ies have shown that hazard intrusiveness positively affects
hazard CRP (Greer et al., 2020; Lindell, 1994; Wu, Greer,
et al., 2017). This study indicates that not only does it have
a direct effect on CRP, but it also has an indirect effect on
CRP through ARP. As for the relationship between ARP
and evacuation decisions, findings in previous studies based
on regression and correlation analyses are mixed (Trumbo
et al., 2016; Wu, Arlikatti, et al., 2017); our findings sug-
gest ARP indeed affects hurricane evacuation, but the effect is
indirect.

In terms of the interrelationships among the perceived hur-
ricane threat variables, findings suggest optimists are less
likely to have negative emotions toward hurricane threats.
People with higher negative emotions toward hurricanes
(ARP) and those who receive more hurricane hazard informa-
tion tend to have higher hurricane risk perceptions regarding
personal consequences (CRP). Thus, perceived personal
consequence, which is influenced by all these other threat per-
ceptions, positively and strongly affects survey respondents’
evacuation decisions.

The findings regarding COVID-19 threat perception and
hurricane evacuation decisions are similar to many recent
studies (Borowski et al., 2021; Botzen et al., 2022) but with
some new results regarding the ways in which COVID-19
threat perception operates. Overall, the perception of personal
consequences regarding COVID-19 (CRP) has an adverse
effect on hurricane evacuation. Similar to the relationships
among hurricane threat perception variables, COVID-19 CRP
is also affected by other COVID-19 threat perception vari-
ables. A number of findings, however, diverge from the
literature.

First, the relationships among COVID-19 optimistic bias,
emotional reaction (ARP), and personal consequences (CRP)
are similar to the associations we observed with hurricane
threat perception. In addition to previous studies’ understand-
ing regarding optimistic bias and CRPs (Cho et al., 2013;
Weinstein, 1989), our findings suggest COVID-19 optimistic
bias indirectly affects COVID-19 CRP. Our study shows it has
a negative impact on COVID-19 negative emotions (ARP),
and then COVID-19 negative emotions have a strong and pos-
itive effect on the perceived personal consequences due to
COVID-19 (CRP). This finding implies that when someone
is optimistic about COVID-19, they will feel less threatened,
afraid, and stressed about COVID-19, which leads to a lower
level of CRP toward COVID-19.

Overall, the final model (Figure 4) suggests that opti-
mistic bias and hurricane hazard intrusiveness affect ARP
significantly, ARP significantly affects CRP, and CRP has
a significant impact on evacuation decisions. The differ-
ence is that hurricane CRP encourages hurricane evacuation,
while COVID-19 CRP discourages hurricane evacuation,
even though the effect is considered small compared to hur-
ricane CRP. Therefore, in a situation when a hurricane and a
pandemic threaten people, an evacuation decision is not made
without considering the pandemic. The pandemic threat can
still affect people’s decisions to a certain degree.

5.2 | Limitations

Similar to other household survey studies (Dow & Cutter,
2000; Jon et al., 2016; Wu et al., 2012), the respondents of
this study included a higher portion of the elderly popula-
tion (over 65-year old), people with higher education level,
income level, and homeowners comparing to census data
(Table 2). Although the overrepresentation of this demo-
graphic group has been known to be a shortcoming of general
public survey studies (Dillman et al., 2014), it does not
necessarily have a substantial impact on disaster research
findings. Bohrnstedt (1983) suggested this is an issue only
when the demographic characteristics are strongly correlated
with psychological and behavioral variables. Several review
studies on household evacuation and disaster preparedness
have shown that the correlations among these variables tend
to be very low (Baker, 1991; Huang et al., 2016; Lindell &
Perry, 2000). Therefore, a sample with an overrepresentation
of some demographic groups would not bias the findings.

In addition, although other survey approaches, such as
phone surveys, in-person surveys, and surveys with incen-
tives, might generate a sample with a better representation of
demographic characteristics, it would require a much higher
budget to perform such tasks. A mail survey study does have
its advantages for disaster studies. During the COVID-19
pandemic, a mail survey rather than an in-person survey also
protected researchers and study participants from exposure
risk. It provides less disturbance to disaster-affected individ-
uals since the researchers would not have direct contact with
potential participants. It also provides participants with a bet-
ter sense of information security, encouraging them to share
their experiences. Future work might consider using survey
incentives or an oversampling procedure to achieve a sample
with better representation if the budget allows. For exam-
ple, one direction a researcher could take is to oversample
evacuees who evacuated to different evacuation destinations
(e.g., public shelter, friends/peers’ homes, or hotel/motel) and
examine the factors affecting such decisions.

Third, our survey response rate is relatively low compared
to other early hurricane evacuation studies in the area (Huang
etal., 2012; Wu et al., 2012). Low survey response rates (less
than 10%) have been noted as a trend in household survey
studies in recent years (Leeper, 2019). Although a high survey
response rate reduces the chance of results in a biased sample,
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studies have shown that surveys with a low response rate do
not necessarily result in such an issue. This issue only occurs
when demographic characteristics are highly correlated with
questionnaire responses; however, studies have shown this is
not the case (Groves et al., 2008; Tourangeau, 2017). Wright
(2015) also suggested studies with low response rates (less
than 10%) do not necessarily lead to a biased sample.

Finally, a dual hazard event that has contradicting protec-
tive action suggestions (evacuation vs. social distancing) is
fairly novel as of the time of this writing. When this study
was conducted, there was not enough literature focusing on
this issue (Clay et al., 2022; Collins et al., 2021; Collins,
Polen, Dunn, Jernigan, et al., 2022; Collins, Polen, Dunn,
Maas, et al., 2022). Therefore, this study solely focuses on
the interrelationships among threat perception variables and
how they affect hurricane evacuation decisions in this novel
case. This is also based on other research findings that suggest
threat perception variables are the key factors of evacua-
tion decisions (Baker, 1991; Huang et al., 2016). Moreover,
COVID-19 hazard intrusiveness was not included in the anal-
ysis since no validated survey questions were available at the
time when the survey was sent out. Future studies should
try to build upon this and incorporate other theoretically and
methodologically sound variables to investigate this issue
further.

5.3 | Implications for research and practice
This research aimed to address the gap in the hazard risk
perception literature by parsing out the associations among
different aspects of threat perception and their effects on
evacuation decisions using the structural equation model
analysis. The findings of this research could lead to the-
ory development for future situations when an environmental
hazard is intertwined with respiratory infectious disease risk.
This is because evacuation is one of the popular protec-
tive action choices before, during, and after a disaster, such
as a hurricane, flood, tsunami, or wildfire. In addition, the
research objective presented here is part of a larger program
of research. The analytical results presented here will be
applied to ongoing and future studies that focus on devel-
oping programs that facilitate a more efficient evacuation
decision process. Moreover, the findings of this research can
provide valuable recommendations for emergency manage-
ment practice. For example, the results indicate COVID-19
might discourage people from making an evacuation decision
to a certain degree; however, hurricane risk perception regard-
ing personal consequences still plays a bigger part during the
decision-making process.

ACKNOWLEDGMENTS

This work was supported by the U.S. National Science
Foundation under Grant CMMI 2051578 and Natural Haz-
ards Center, Natural Hazards Center, University of Colorado
Boulder. None of the conclusions expressed here necessarily
reflect the views other than those of the authors.

REFERENCES

Alhakami, A. S., & Slovic, P. (1994). A psychological study of the inverse
relationship between perceived risk and perceived benefit. Risk Analysis,
14(6), 1085-1096.

Arbuckle, J. L. (2019). Amos 26.0 User’s Guide. Chicago: IBM SPSS.

Baker, E. (1991). Hurricane evacuation behavior. International Journal of
Mass Emergencies & Disasters, 9(2), 287-310.

Bentler, P. M. (1990). Comparative fit indexes in structural models.
Psychological Bulletin, 107(2), 238-246.

Bentler, P. M., & Bonett, D. G. (1980). Significance tests and goodness of
fit in the analysis of covariance structures. Psychological Bulletin, 88(3),
588-606.

Bohrnstedt, G. (1983). Measurement. In P. H. Rossi, J. D. Wright, & A. B.
Anderson (Eds.), Handbook of survey research (pp. 70—-121). Academic
Press.

Bollen, K. A. (1989). A new incremental fit index for general struc-
tural equation models. Sociological Methods & Research, 17(3),
303-316.

Borowski, E., Cedillo, V. L., & Stathopoulos, A. (2021). Dueling emer-
gencies: Flood evacuation ridesharing during the COVID-19 pandemic.
Transportation Research Interdisciplinary Perspectives, 10, 100352.

Botzen, W. J. W., Mol, J. M., Robinson, P. J., & Zhang, J. (2022). Indi-
vidual hurricane evacuation intentions during the COVID-19 pandemic:
Insights for risk communication and emergency management policies.
Natural Hazards, 111(1), 507-522.

Browne, M. W., & Cudeck, R. (1992). Alternative ways of assessing model
fit. Sociological Methods & Research, 21(2), 230-258.

Brug, J., Aro, A. R., Oenema, A., De Zwart, O., Richardus, J. H., &
Bishop, G. D. (2004). SARS risk perception, knowledge, precautions,
and information sources. Emerging Infectious Diseases, 10(8), 1486—
1489.

Cho, H., Lee, J. S., & Lee, S. (2013). Optimistic bias about HIN1 flu: Testing
the links between risk communication, optimistic bias, and self-protection
behavior. Health Communication, 28(2), 146—158.

Clay, L., & Rogus, S. (2021). Impacts of COVID-19 on the Social Determi-
nants of Health. Natural Hazards Center Quick Respons Report. Boulder,
CO: Natural Hazards Center, University of Colorado Boulder. Avail-
able at: https://hazards.colorado.edu/quick-response-report/impacts-of-
covid-19-on-the-social-determinants-of-health

Clay, L., Greer, A., Murphy, H., & Wu, H. (2022). Risk Messaging Dur-
ing Syndemics. Natural Hazards Center Weather Ready Report Series,
9. Boulder, CO: Natural Hazards Center, University of Colorado Boul-
der. Available at: https://hazards.colorado.edu/weather-ready-research/
risk-messaging-during-syndemics

Collins, J., Polen, A., Dunn, E., Jernigan, 1., McSweeney, K., Welford, M.,
Lackovic, M., Colon-Burgos, D., & Zhu, Y.-J. (2022). Hurricanes Laura
and Sally: A case study of evacuation decision-making in the age of
COVID-19. Weather, Climate, and Society, 14, 1231-1245.

Collins, J., Polen, A., Dunn, E., Maas, L., Ackerson, E., Valmond, J.,
Morales, E., & Colon-Burgos, D. (2022). Hurricane hazards, evacuations,
and sheltering: Evacuation decision-making in the prevaccine era of the
COVID-19 pandemic in the PRVI region. Weather, Climate, and Society,
14(2), 451-466.

Collins, J., Polen, A., McSweeney, K., Colon-Burgos, D., & Jernigan, 1.
(2021). Hurricane risk perceptions and evacuation decision-making in
the age of COVID-19. Bulletin of the American Meteorological Society,
102(4), E836-E848.

Cronbach, L. J., Assistance, E., & Shavelson, R. J. (2004). My current
thought on coefficient alpha and successor procedures. Educational and
Psychological Measurement, 64(3), 391-418.

Dattalo, P. (2013). Analysis of multiple dependent variables. Oxford
University Press.

Davidson, K., & Prkachin, K. (1997). Optimism and unrealistic optimism
have an interacting impact on health-promoting behavior and knowl-
edge changes: Personality and Social Psychology Bulletin, 23(6), 617—
625.

Dillard, A. J., McCaul, K. D., & Klein, W. M. P. (2006). Unrealistic
optimism in smokers: Implications for smoking myth endorsement and

1umod ‘0 “T696€ST

:sdny woy pap

ASUAOITT SuOWIWO)) dANEa1)) d[qearjdde ayy Aq PouIdA0S a1k SO[ONIE V() SN JO SI[NI J0j AIRIqIT dUI[UQ) AS[IA\ UO (SUOIIPUOI-PUB-SULIA) W0 Ad1m KTeiqi[our[uoy/:sdny) suonipuo)) pue sud |, a1 S *[£20¢/21/L0] uo Areiqry aurjuQ AS[IA\ ‘Sexd L, YUON JO ANSIOAIUN £q ZOTH [ eSH/[ [ 1°01/10p/wod K[im L.


https://hazards.colorado.edu/quick-response-report/impacts-of-covid-19-on-the-social-determinants-of-health
https://hazards.colorado.edu/quick-response-report/impacts-of-covid-19-on-the-social-determinants-of-health
https://hazards.colorado.edu/weather-ready-research/risk-messaging-during-syndemics
https://hazards.colorado.edu/weather-ready-research/risk-messaging-during-syndemics

12

WU ET AL.

self-protective motivation. Journal of Health Communication, 11(S1),
93-102.

Dillman, D. A., Smyth, J. D., & Christian, L. M. (2014). Internet, phone,
mail and mixed-mode survey: The tailored design survey. John Wiley &
Sons.

Dohle, S., Keller, C., & Siegrist, M. (2010). Examining the relationship
between affect and implicit associations: Implications for risk perception.
Risk Analysis, 30(7), 1116-1128.

Dow, K., & Cutter, S. L. (1998). Crying wolf: Repeat responses to hurricane
evacuation orders. Coastal Management, 26(4), 237-252.

Dow, K., & Cutter, S. L. (2000). Public orders and personal opinions: House-
hold strategies for hurricane risk assessment. Environmental Hazards, 2,
143-155.

Finucane, M. L., Alhakami, A., Slovic, P., & Johnson, S. M. (2000). The
affect heuristic in judgments of risks and benefits. Journal of Behavioral
Decision Making, 13(1), 1-17.

Fischhoff, B., Slovic, P., Lichtenstein, S., Bead, S., Combs, B., Read, S., &
Combs, B. (1978). How safe is safe enough? A psychometric study of
attitudes towards technological risks and benefits. Policy Sciences, 9(2),
127-152.

Fischhoff, B., Slovic, P., Lichtenstein, S., Bernard, C., & Combs, B. (1980).
How safe is safe enough: A psychometric study of attitudes toward tech-
nological risks and benefits. In P. Slovic (Ed.), The perception of risk (pp.
80-103). Earthscan.

Floyd, D. L., Prentice-Dunn, S., & Rogers, R. W. (2000). A meta-analysis
of research on protection motivation theory. Journal of Applied Social
Psychology, 30(2), 407-429.

Fowler, F. J., Jr. (2002). Survey research methods (3rd ed., Vol., 1). Sage
Publications, Inc.

Fu, H., Wilmot, C. G., Zhang, H., & Baker, E. J. (2007). Modeling the hurri-
cane evacuation response curve. Transportation Research Record, 2022,
94-102.

Ge, Y., Peacock, W., & Lindell, M. (2011). Florida households’ expected
responses to hurricane hazard mitigation incentives. Risk Analysis,
31(10), 1676-1691.

Gefen, D., Straub, D., & Boudreau, M.-C. (2000). Structural equation mod-
eling and regression: Guidelines for research practice. Communications
of the Association for Information Systems, 4, 2—78.

Greer, A., Wu, H.-C., & Murphy, H. (2020). Household adjustment to
seismicity in Oklahoma. Earthquake Spectra, 36(4), 2019-2032.

Groves, R. M., Peytcheva, E., The, S., Opinion, P., Summer, N., & Groves,
R. M. (2008). The impact of nonresponse rates on nonresponse bias: A
meta-analysis. The Public Opinion Quarterly, 72(2), 167-189.

Hancock, G. R., & Liu, M. (2012). Bootstrapping standard errors and data-
model fit statistics in structural equation modeling. In R. H. Hoyle (Ed.),
Handbook of structural equation modeling (pp. 296-306). The Guilford
Press.

Hu, L. T., & Bentler, P. M. (1999). Cutoff criteria for fit indexes in covari-
ance structure analysis: Conventional criteria versus new alternatives.
Structural Equation Modeling, 6(1), 1-55.

Huang, S., Lindell, M. K., & Prater, C. S. (2017). Multistage model of hurri-
cane evacuation decision: Empirical study of Hurricanes Katrina and Rita.
Natural Hazards Review, 18(3), 05016008.

Huang, S., Lindell, M., & Prater, C. (2016). Who leaves and who stays?
A review and statistical meta-analysis of hurricane evacuation studies.
Environment and Behavior, 48(8), 991-1029.

Huang, S., Lindell, M., Prater, C., Wu, H., & Siebeneck, L. (2012). House-
hold evacuation decision making in response to Hurricane Ike. Natural
Hazards Review, 13(4), 283-296.

Huang, S., Wu, H., Lindell, M., Wei, H., & Samuelson, C. (2017). Percep-
tions, behavioral expectations, and implementation timing for response
actions in a hurricane emergency. Natural Hazards, 88, 533—-558.

lIorfa, S. K., Ottu, I. F. A., Oguntayo, R., Ayandele, O., Kolawole, S. O.,
Gandi, J. C., Dangiwa, A. L., & Olapegba, P. O. (2020). COVID-19
knowledge, risk perception, and precautionary behavior among Nige-
rians: A moderated mediation approach. Frontiers in Psychology, 11,
3292.

Johns Hopkins University. (2020). COVID-19 community response survey.
Johns Hopkins University. https://www.nlm.nih.gov/dr2/JHU COVID-
19 _Community Response Survey v1.3.pdf

Jon, 1., Lindell, M., Prater, C., Huang, S.-K., Wu, H., Johnston, D., Becker,
J., Shiroshita, H., Doyle, E., Potter, S., McClure, J., & Lambie, E. (2016).
Behavioral response in the immediate aftermath of shaking: Earthquakes
in Christchurch and Wellington, New Zealand, and Hitachi, Japan. Inter-
national Journal of Environmental Research and Public Health, 13(12),
1137.

Kang, J., Lindell, M., & Prater, C. (2007). Hurricane evacuation expecta-
tions and actual behavior in Hurricane Lili. Journal of Applied Social
Psychology, 37(4), 887-903. hitps://doi.org/10.1111/j.1559-1816.2007.
00191.x

Keselman, H. J., Algina, J., Lix, L. M., Wilcox, R. R., & Deering, K. N.
(2008). A generally robust approach for testing hypotheses and setting
confidence intervals for effect sizes. Psychological Methods, 13(2), 110—
129.

Klein, C. T. F., & Helweg-Larsen, M. (2002). Perceived control and the
optimistic bias: A meta-analytic review. Psychology and Health, 17(4),
437-446.

Kline, R. B. (2005). Principles and practice of structural equation modeling
(2nd ed.). The Guilford Press.

Kunreuther, H., & Slovic, P. (1996). Science, values, and risk. The ANNALS
of the American Academy of Political and Social Science of the American
Academy of Political and Social Science, 545, 116—-125.

Leeper, T. J. (2019). Where have the respondents gone? Perhaps we ate them
all. Public Opinion Quarterly, 83, 280-288.

Lei, P, & Wu, Q. (2007). Introduction to structural equation modeling:
Issues and practical considerations. Educational Measurement: Issues
and Practice, 26(3), 33-43.

Lerner, J. S., & Keltner, D. (2001). Fear, anger, and risk. Journal of
Personality and Social Psychology, 81(1), 146—159.

Li, Y., Greer, A., & Wu, H. C. (2023). Modeling household earthquake
hazard adjustment intentions: An extension of the protection motivation
theory. Natural Hazards Review, 24(2), 04022051.

Lin, C., Siebeneck, L. K., Lindell, M. K., Prater, C. S., Wu, H.-C., & Huang,
S.-K. (2014). Evacuees’ information sources and reentry decision making
in the aftermath of Hurricane Ike. Natural Hazards, 70(1), 865—882.

Lindell, M. (2018). Communicating imminent risk. In H. Rodriguez, W.
Donner, & J. E. Trainor (Eds.), Handbook of disaster research (2nd ed.,
pp. 387-410). Springer Nature.

Lindell, M., Huang, S., & Prater, C. (2017). Predicting residents response to
the May 1-4, 2010, Boston water contamination incident. International
Journal of Mass Emergencies and Disasters, 35, 84—113.

Lindell, M., & Hwang, S. (2008). Households’ perceived personal risk
and responses in a multihazard environment. Risk Analysis, 28(2), 539—
556.

Lindell, M. K. (1994). Perceived characteristics of environmental hazards.
International Journal of Mass Emergencies and Disasters, 12, 303-326.

Lindell, M. K. (2013). North American cities at risk: Household responses to
environmental hazards. In J. Helene, R. Tiziana, & J. Adams (Eds.), Cities
at risk: Living with perils in the 21st century (pp. 109—130). Springer.

Lindell, M. K., & Perry, R. W. (2000). Household adjustment to earthquake
hazard: A review of research. Environment and Behavior, 32(4), 461-501.

Lindell, M., Kang, J. E., & Prater, C. S. (2011). The logistics of household
hurricane evacuation. Natural Hazards, 58, 1093—1109.

Lindell, M., Lu, J., & Prater, C. (2005). Household decision making and
evacuation in response to Hurricane Lili. Natural Hazards Review, 6(4),
171-179.

Lindell, M., & Perry, R. (2004). Communicating environmental risk in
multiethnic communities. SAGE Publications.

Lindell, M., & Perry, R. (2012). The protective action decision model:
Theoretical modifications and additional evidence. Risk Analysis, 32(4),
616-632.

Lindell, M., & Prater, C. (2000). Household adoption of seismic haz-
ard adjustments: A comparison of residents in two states. International
Journal of Mass Emergencies and Disasters, 18(2), 317-338.

9SUDIT Suowo)) d9ANeaI) d[qesrjdde oy £q pautoaoS are sa[oNIER V() (9N JO SN 10J AIRIqIT dUI[UQ) AJIA\ UO (SUONIPUOD-PUE-SULIA)/ W0 Ad[1m " AIRIqI[oul[uo//:sdny) SUONIPUO) pue suLdf, oy 98 [€707/T1/L0] U0 Areiqry auruQ Ao[ipy ‘Sexd ], YyLoN JO As1oatun £q Zogy [ esuy/[ [ 11°01/10p/woo Kopim Areiqrjaurjuo//:sdny woly papeoumod ‘0 ‘4769651


https://www.nlm.nih.gov/dr2/JHU_COVID-19_Community_Response_Survey_v1.3.pdf
https://www.nlm.nih.gov/dr2/JHU_COVID-19_Community_Response_Survey_v1.3.pdf
https://doi.org/10.1111/j.1559-1816.2007.00191.x
https://doi.org/10.1111/j.1559-1816.2007.00191.x

EVACUATE OR SOCIAL DISTANCE?

|13

Lindell, M., Prater, C., Wu, H., Huang, S., Johnston, D., Becker, J., &
Shiroshita, H. (2016). Immediate behavioural responses to earthquakes
in Christchurch, New Zealand, and Hitachi, Japan. Disasters, 40(1),
85-111.

Maddux, J., & Rogers, R. (1983). Protection motivation and self-efficacy:
A revised theory of fear appeals and attitude change. Journal of
Experimental Social Psychology, 19(5), 469-479.

Maghelal, P., Peacock, W. G., & Li, X. (2017). Evacuating together or sep-
arately: Factors influencing split evacuations prior to Hurricane Rita.
Natural Hazards Review, 18(2), 04016008.

Marsh, H. W., & Hocevar, D. (1985). Application of confirmatory factor
analysis to the study of self-concept. First- and higher order factor models
and their invariance across groups. Psychological Bulletin, 97(3), 562.

Martin, I. M., Bender, H., & Raish, C. (2007). What motivates individuals to
protect themselves from risks: The case of wildland fires. Risk Analysis,
27(4), 887-900.

Matthews, G., Jones, D. M., & Chamberlain, A. G. (1990). Refining the mea-
surement of mood: The UWIST mood adjective checklist. British Journal
of Psychology, 81, 17-42.

Mileti, D., & Peek, L. (2000). The social psychology of public response
to warnings of a nuclear power plant accident. Journal of Hazardous
Materials, 75(2), 181-194.

Mileti, D. S., & Sorensen, J. H. (1987). Why people take precautions against
natural disasters. In N. D. Weinstein (Ed.), Taking care: Why people take
precautions (pp. 296-320). Cambridge University Press.

Mileti, D., & Sorensen, J. (1990). Communication of emergency public warn-
ings: A social science perspective and state-of-the-art assessment (No.
ORNL-6609). Oak Ridge National Lab., TN (USA).

Morrow, B. H., & Gladwin, H. (2005). Hurricane Ivan behavioral anal-
ysis. Federal Emergency Management Agency and US Army Corps of
Engineers.

National Hurricane Center. (2020). Hurricane Laura advisory archive 25a.
National Hurricane Center.

National Institute of Environmental Health Science. (2018). NIH disas-
ter research response (DR2). National Institute of Environmental Health
Science. https://dr2.nlm.nih.gov/

Oh, S. H., Lee, S. Y., & Han, C. (2021). The effects of social media use
on preventive behaviors during infectious disease outbreaks: The medi-
ating role of self-relevant emotions and public risk perception. Health
Communication, 36(8), 972-981.

Peters, E. M., Burraston, B., & Mertz, C. K. (2004). An emotion-based
model of risk perception and stigma susceptibility: Cognitive appraisals
of emotion, affective reactivity, worldviews, and risk perceptions in
the generation of technological stigma. Risk Analysis, 24(5), 1349—
1367.

Prati, G., Catufi, V., & Pietrantoni, L. (2012). Emotional and behavioural
reactions to tremors of the Umbria-Marche earthquake. Disasters, 36(3),
439-451.

Radcliffe, N. M., & Klein, W. M. P. (2002). Dispositional, unrealistic, and
comparative optimism: Differential relations with the knowledge and pro-
cessing of risk information and beliefs about personal risk: Personality
and Social Psychology Bulletin, 28(6), 836—846.

Raker, E. J., Zacher, M., & Lowe, S. R. (2020). Lessons from Hurricane
Katrina for predicting the indirect health consequences of the COVID-19
pandemic. Proceedings of the National Academy of Sciences of the United
States of America, 117(23), 12595-12597.

Rasmussen, J. L. (1988). “Bootstrap confidence intervals: Good or bad”:
Comments on Efron (1988) and Strube (1988) and further evaluation.
Psychological Bulletin, 104(2), 297-299.

Rogers, R. (1983). Cognitive and physiological processes in fear appeals and
attitude change: A revised theory of protection motivation. In J. Cacioppo
& R. Petty (Eds.), Social psychophysiology (pp. 153-176). Guilford
Press.

Rutter, D. R., Quine, L., & Albery, 1. P. (1998). Perceptions of risk in
motorcyclists: Unrealistic optimism, relative realism and predictions of
behaviour. British Journal of Psychology, 89(4), 681-691.

Santana, R., & Martin, J. (2020). Evacuations ordered as Hurricane Laura
aims at U.S. coast. Associated Press.

Sharma, U., & Patt, A. (2012). Disaster warning response: The effects
of different types of personal experience. Natural Hazards, 60(2),
409-423.

Slovic, P. (1992). Perceptions of risk: Reflections on the psychometric
paradigm. In S. Krimsky & D. Golding (Eds.), Social theories of risk (pp.
117-152). Sheldon Krimsky and Dominic Golding.

Slovic, P., Finucane, M. L., Peters, E., & MacGregor, D. G. (2007). The
affect heuristic. European Journal of Operational Research, 177(3),
1333-1352.

Slovic, P., Fischhoff, B., & Lichtenstein, S. (1980). Facts and fears: Under-
standing perceived risk. In Societal risk assessment: How safe is safe
enough? (pp. 181-216). Boston, MA: Springer US.

Smith, S. K., & Mccarty, C. (2009). Fleeing the storm(s): An exami-
nation of evacuation behavior during Florida’s 2004 hurricane season.
Demography, 46(1), 127.

Steiger, J. H. (2007). Understanding the limitations of global fit assessment
in structural equation modeling. Personality and Individual Differences,
42(5), 893-898.

Strahan, K. W., & Watson, S. J. (2019). The protective action decision model:
When householders choose their protective response to wildfire. Journal
of Risk Research, 22(12), 1602—1623.

Tinsley, C. H., Dillon, R. L., & Cronin, M. A. (2012). How near-miss events
amplify or attenuate risky decision making. Management Science, 58(9),
1596-1613.

Tourangeau, R. (2017). Presidential address: Paradoxes of nonresponse.
Public Opinion Quarterly, 81(3), 803-814.

Trumbo, C. W., Peek, L., Meyer, M. A., Marlatt, H. L., Gruntfest, E.,
McNoldy, B. D., & Schubert, W. H. (2016). A cognitive-affective scale
for hurricane risk perception. Risk Analysis, 36(12), 2233-2246.

United States Census Bureau. (2022). U.S. Census Bureau QuickFacts:
Galveston County, Texas; United States. https://www.census.gov/
quickfacts/fact/table/vermilionparishlouisiana,calcasieuparishlouisiana,
jeffersoncountytexas, galvestoncountytexas/SEX255220

Van, W. M., Edward, T., Edward, B., & Hessee, S. (2002). Riding out the
storm: Experiences of the physically disabled during Hurricanes Bonnie,
Dennis, and Floyd. Natural Hazards Review, 3, 98—106.

Wang, F., Wei, J., Huang, S.-K., Lindell, M. K., Ge, Y., & Wei, H.-L.
(2018). Public reactions to the 2013 Chinese H7N9 influenza outbreak:
Perceptions of risk, stakeholders, and protective actions. Journal of Risk
Research, 21(7), 809—833.

Wei, H., Lindell, M., & Prater, C. (2014). “Certain death” from storm
surge: A comparative study of household responses to warnings about
Hurricanes Rita and Ike. Weather, Climate and Society, 6, 425-433.

Wei, H., Wu, H., Lindell, M., Prater, C., Shiroshita, H., Johnston, D., &
Becker, J. (2017). Assessment of households’ responses to the tsunami
threat: A comparative study of Japan and New Zealand. International
Journal of Disaster Risk Reduction, 25, 274-282.

Weinstein, N. D. (1989). Optimistic biases about personal risks. Science,
246(4935), 1232-1233.

Weinstein, N. D., Lyon, J. E., Rothman, A. J., & Cuite, C. L. (2000). Changes
in perceived vulnerability following natural disaster. Journal of Social
and Clinical Psychology, 19(3), 372-395.

Whitehead, J. C., Edwards, B., Van Willigen, M., Maiolo, J. R., Wilson, K.,
& Smith, K. T. (2000). Heading for higher ground: Factors affecting real
and hypothetical hurricane evacuation behavior. Global Environmental
Change Part B: Environmental Hazards, 2(4), 133—142.

Whytlaw, J. L., Hutton, N., (Wie) Yusuf, J. E., Richardson, T., Hill,
S., Olanrewaju-Lasisi, T., Antwi-Nimarko, P., Landaeta, E., & Diaz,
R. (2021). Changing vulnerability for hurricane evacuation during a
pandemic: Issues and anticipated responses in the early days of the
COVID-19 pandemic. International Journal of Disaster Risk Reduction,
61,102386.

Wright, G. (2015). An empirical examination of the relationship
between nonresponse rate and nonresponse bias. Statistical Journal
of the International Association for Official Statistics, 31(2), 305—
315.

Wu, H., Arlikatti, S., Prelog, A., & Waukich, C. (2017). Household
response to flash flooding in the United States and India: A compar-

9SUDIT Suowo)) d9ANeaI) d[qesrjdde oy £q pautoaoS are sa[oNIER V() (9N JO SN 10J AIRIqIT dUI[UQ) AJIA\ UO (SUONIPUOD-PUE-SULIA)/ W0 Ad[1m " AIRIqI[oul[uo//:sdny) SUONIPUO) pue suLdf, oy 98 [€707/T1/L0] U0 Areiqry auruQ Ao[ipy ‘Sexd ], YyLoN JO As1oatun £q Zogy [ esuy/[ [ 11°01/10p/woo Kopim Areiqrjaurjuo//:sdny woly papeoumod ‘0 ‘4769651


https://dr2.nlm.nih.gov/
https://www.census.gov/quickfacts/fact/table/vermilionparishlouisiana,calcasieuparishlouisiana,jeffersoncountytexas,galvestoncountytexas/SEX255220
https://www.census.gov/quickfacts/fact/table/vermilionparishlouisiana,calcasieuparishlouisiana,jeffersoncountytexas,galvestoncountytexas/SEX255220
https://www.census.gov/quickfacts/fact/table/vermilionparishlouisiana,calcasieuparishlouisiana,jeffersoncountytexas,galvestoncountytexas/SEX255220

14

WU ET AL.

ative study of the 2013 Colorado and Uttarakhand disasters. In M.
Companion & M. Chaiken (Eds.), Understanding vulnerability, building
resilience: Responses to disasters and climate change (pp. 37-48). CRC
Press.

Wu, H., Greer, A., Murphy, H., & Chang, R. (2017). Preparing for the
new normal: Students and earthquake hazard adjustments in Oklahoma.
International Journal of Disaster Risk Reduction, 25, 312-323.

Wu, H., Huang, S., & Lindell, M. (2020). Evacuation planning. In M.
Lindell (Ed.), Handbook of urban disaster resilience: Integrating miti-
gation, preparedness, and recovery planning, (pp. 206-222). Taylor &
Francis.

Wu, H., Lindell, M., & Prater, C. (2012). Logistics of hurricane evacuation
in Hurricanes Katrina and Rita. Transportation Research Part F: Traffic
Psychology and Behaviour, 15(4), 445—461.

Wu, H., Lindell, M., & Prater, C. (2015a). Process tracing analysis of
hurricane information displays. Risk Analysis, 35(12), 2202-2220.

Wu, H., Lindell, M., & Prater, C. (2015b). Strike probability judgments and
protective action recommendations in a dynamic hurricane tracking task.
Natural Hazards, 79(1), 355-380.

Wu, H., Lindell, M., Prater, C., & Samuelson, C. (2014). Effects of track
and threat information on judgments of hurricane strike probability. Risk
Analysis, 34(6), 1025-1039.

Zajonc, R. B. (1980). Feeling and thinking: Preferences need no inferences.
American Psychologist, 35(2), 151.

Zajonc, R. B. (1984). On the primacy of affect. American Psychologist,
39(2), 117-123.

How to cite this article: Wu, H.-C., Murphy, H.,
Greer, A., & Clay, L. (2023). Evacuate or social
distance? Modeling the influence of threat perceptions
on hurricane evacuation in a dual-threat environment.
Risk Analysis, 1-14.
https://doi.org/10.1111/risa.14202

1umod ‘0 “T696€ST

:sdny woy pap

ASUAOITT SuOWIWO)) dANEa1)) d[qearjdde ayy Aq PouIdA0S a1k SO[ONIE V() SN JO SI[NI J0j AIRIqIT dUI[UQ) AS[IA\ UO (SUOIIPUOI-PUB-SULIA) W0 Ad1m KTeiqi[our[uoy/:sdny) suonipuo)) pue sud |, a1 S *[£20¢/21/L0] uo Areiqry aurjuQ AS[IA\ ‘Sexd L, YUON JO ANSIOAIUN £q ZOTH [ eSH/[ [ 1°01/10p/wod K[im L.


https://doi.org/10.1111/risa.14202

	Evacuate or social distance? Modeling the influence of threat perceptions on hurricane evacuation in a dual-threat environment
	Abstract
	1 | INTRODUCTION
	2 | LITERATURE REVIEW
	2.1 | Affective risk perceptions
	2.2 | Cognitive risk perception
	2.3 | Relationships among perceived threat variables
	2.4 | Research objectives

	3 | METHODOLOGY
	3.1 | Data collection and study participants
	3.2 | Measure
	3.3 | Analytical method

	4 | RESULTS
	4.1 | Hypotheses testing
	4.2 | Indirect, direct, and total effects

	5 | DISCUSSION AND CONCLUSIONS
	5.1 | Findings
	5.2 | Limitations
	5.3 | Implications for research and practice

	ACKNOWLEDGMENTS
	REFERENCES


