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Abstract: COVID-19 has affected travel and will undoubtedly impact how people view travel and
future intentions to travel as we adjust to life moving forward. Understanding how people arrive
at these travel intentions will be paramount for managers and planners in determining how best to
reactively and proactively plan for tourism, especially considering perceived risk and uncertainty
related to COVID-19. By extending the theory of planned behavior, this study aims to examine the
relationship between perceived risk, perceived uncertainty, subjective norms, attitudes about future
travel, and perceived behavioral control in explaining individuals’ intentions to travel in the near
future. This study employed a quantitative research method, and data were gathered using an online
questionnaire distributed through Qualtrics from a sample of 541 potential travelers (representing
residents of 46 US states) from 23 June 2020 to 1 July 2020. Of the eight hypotheses tested, four were
supported. Surprisingly, neither perceived risk nor uncertainty were significant within the model.
Subjective norms significantly predicted both attitudes about traveling and perceived behavioral
control. Subjective norms and perceived behavioral control, in turn, explained a moderate degree
of variation in individuals’ intentions to travel. Study implications, limitations, and future research
suggestions are offered. One of the main managerial implications includes the need for destinations
to be proactive and focus on intentional planning for sustainable tourism.

Keywords: perceived risk and uncertainty; subjective norms; perceived behavioral control; Qualtrics;
structural equation modelling

1. Introduction

Back in 2010, the World Travel & Tourism Council (WTTC) estimated that tourism
growth would be positive, contributing to USD 11.15 trillion in earnings, supporting in
excess of 330 million jobs. However, these tourism-related figures have been sharply
decreased due to the COVID-19 pandemic that began at the close of 2019. Unfortunately,
in September of 2020, the WTCC shared a scenario indicating that 121 million tourism
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jobs and USD 3.4 trillion in tourism earnings could melt away as an adverse impact
of COVID-19. Furthermore, in 2020, the United Nations World Tourism Organization
(UNWTO) announced that international tourist arrivals had dropped 70% compared to the
first eight months of last year’s records. In April of 2020, Longwoods International reported
from the fifth wave of their traveler sentiment study related to the impacts of COVID-
19 that approximately half of the participants (48%) had cancelled a trip, 43% decided
to decrease their travel plans due to COVID-19, and the majority of them claimed that
COVID-19 adversely influenced their decision making about travel [1]. These results reflect
tourism’s sensitivity to global pandemics and indicate how individuals’ risk perception
and uncertainty may play out regarding travel behavior.

In a report from 25 August 2023, the World Health Organization ([2], p. 1) affirms that
«COVID-19 remains a major threat» as the number of reported cases for the last 28-day
period (24 July to 20 August 2023) increased globally by 63% to 1.5 million new COVID-19
cases compared to the previous 28 days. In the analyzed period, 2000 COVID-19 deaths
were registered.

Keeping in mind that tourism generally depends on the number of arrivals and
is influenced by individuals’ reactions [3], several tourism scholars have emphasized
the influential risk of catching COVID-19 on individuals’ decisions to select particular
destinations, intentions to travel, and, ultimately, their travel behavior [1,3–5]. That said,
however, a limited number of studies [4–7] (see Kock et al. [4]; Sánchez-Cañizares et al. [5];
Bae and Chang [7]) have focused on perceived risk and individuals’ intention to travel in
light of COVID-19 and established travel restrictions. As such, the need exists to undertake
research that assesses potential travelers’ intentions to once again engage in tourism,
considering the role risk and uncertainty play in such intentions and just how ready
individuals are to travel (considering various time horizons). Determining perceived risk
and uncertainty are significant determinants in facilitating tourism policy and management
decisions, even after the pandemic is controlled [8].

Utilizing a survey of potential US travelers, the main aim of this study is to extend
the theory of planned behavior (TPB) model by including perceived risk and perceived
uncertainty associated with COVID-19 and determine how the two constructs influence
individuals’ attitudes to travel within the US in the near future, and, ultimately, how TPB
factors (attitudes about future travel, subjective norms, and perceived behavioral control)
may influence individuals’ intention to travel within the US in the near future. More
specifically, this study aims to examine the relationship between perceived risk, perceived
uncertainty, subjective norms, attitudes about future travel, and perceived behavioral
control in explaining individuals’ intentions to travel in the near future. The “near future”
is operationalized by considering five time horizons: 30 days, three months, six months,
nine months, and one year or more.

In terms of the novelty of the present research in relation to the existing literature,
to the best of our knowledge, this is the first study to examine the salient factors behind
travel decision making (i.e., individuals’ intention to travel) during an unprecedented time
involving COVID-19 using a modified theory of planned behavior model. Needless to
say, tourism theory and practice are likely to continually change and adapt as we navigate
travel life through the lens of the “new norm”.

The following section discusses the relevant literature and provides hypotheses relat-
ing to the study’s aims. The methods of testing these hypotheses are outlined, followed
by the presentation of the results. The discussion, implications of the findings, limitations,
and future research conclude the paper.

2. Literature Review
2.1. The COVID-19 Pandemic and Its Impact on Tourism

The global pandemic of COVID-19 hit the hotel and airline industries especially hard,
along with the other tourism sectors. Prominent airlines such as Virgin, Flybe, Trans States
Airlines, and Compass Airlines have experienced significant financial distress, leading to
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their collapse. In parallel, the tourism and hospitality industries were grappling with severe
financial challenges due to an almost complete decline in demand, which severely affected
businesses and employment losses [9–13]. For example, as a result of decreased demand
for lodging during the pandemic, by the end of January 2020, China had experienced a 71%
decline in hotel occupancy relative to the same time in 2019 [10]. In the United States, most
tourism and outdoor recreation sectors suffered a downturn at the outset of COVID-19 and
witnessed a decline in employment, with 5,512,000 people experiencing job losses. Tourism
businesses suffered a staggering loss of more than USD 500 billion in revenue during the
year 2020 [14,15].

Infectious diseases have impacted the travel industry and its affiliated supply chain
in the past two decades. Infectious diseases threaten human health and communities’
social and economic well-being [16]. While travel is uncertain during an infectious dis-
ease outbreak, an outbreak’s economic consequence can devastate the destination’s econ-
omy [17,18].

In 2003, the outbreak of severe acute respiratory syndrome (SARS) spread across
29 countries and three regions, resulting in a total of 8422 reported cases and 916 deaths.
Among the most affected areas were Hong Kong, Taiwan, China, and Singapore [19]. This
outbreak had a profound impact on Hong Kong’s tourism industry. As noted by Siu and
Wong (2004) [18], during the latter half of March 2003, there was a significant decline
of 10.4% in visitor arrivals compared to the previous year. Moreover, the total number
of incoming visitors to Hong Kong plummeted by 63% between March and April 2003.
China’s net loss impact was estimated to be approximately USD 16.8 billion by the end of
2003. According to Henderson (2004) [17], for Singapore, tourist arrivals declined almost
immediately in mid-March, and figures were 61.6% lower than the previous year in April,
representing a contraction of 70.7% in May.

The health and economic impact of SARS was not only limited to Asia. In early 2014,
the Ebola pandemic impacted the health and economy of West Africa. According to the
Global Alert and Response (GAR), the origin of the 2014 Ebola virus outbreak was traced
back to the Meliandou village of Guinea in December 2013 [19]. The collective repercussions
of the Ebola crisis on Liberia, Guinea, and Sierra Leone were evaluated at approximately
USD 2.8 billion, with Guinea accounting for USD 600 million, Liberia for USD 300 million,
and Sierra Leone for USD 1.9 billion [20]. In 2012, the Middle East respiratory syndrome
coronavirus (MERS-CoV) appeared in the Middle East and three years later showed up in
Korea. Consequently, infectious diseases have substantially decreased the economies of
host communities and countries over the past 20 years.

Finally, COVID-19 also adversely influenced the tourism sector in traditional desti-
nations such as Greece, Turkey, Portugal, and Spain [21,22]. For instance, Moreno-Luna
et al. [21] investigated the impact of the COVID-19 pandemic on different regions and their
economies, focusing on tourism. The study in Spain analyzes the relationship between the
tourism sector and the pandemic outbreak.

As a methodology, they utilized a comparative analysis approach. The aim was to
analyze various Spanish regions representing the existing administrative divisions in Spain.
This objective guided the data’s organization and presentation, which is reflected through
tables, illustrative graphs, and maps. The authors propose a set of policy recommendations
to enhance the tourism industry’s resilience, including implementing health and safety
protocols, promoting domestic tourism, and financial support for affected businesses.
These considerations should be integrated into marketing and communication strategies.
Despite the negative effects, the research suggests that domestic tourism within Spain has
started to recover, offering a potential opportunity for regions. The study emphasizes the
importance of accommodation types in this recovery process and provides insights for
tourism recovery efforts.

Furthermore, Meramveliotakis and Manioudis [22] discussed the challenges of the
common belief that small businesses are the backbone of the economy and argues that
Greek economic policy contradicts this notion. The authors aim to empirically validate
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a policy paradox in Greece concerning small businesses during COVID-19. Despite the
vital importance of small businesses to the Greek economy, the limited financial support
they receive implies a policy paradox. In other words, the crisis has created a political
and economic environment where policies lead to the destruction of the weakest and least
efficient sections of capital (i.e., small firms) during the COVID-19 pandemic.

2.2. Perceived Risk and Uncertainty Concerning Travel

Perceived risk is a barrier that makes consumers hesitate to make purchase deci-
sions [23]. Risk researchers assert that people delay travel consumption to avoid risk [24].
Similarly, Sirakaya and Woodside [25] claim that the travel decision making process is
risky and uncertain. Perceived risk is the subjective expectation of a potential negative
consequence associated with a decision, whereas a degree of probability can be attached to
each possible outcome [26].

Risk refers to action with implications but known probabilities [25]. Sönmez and
Graefe [27] revealed that perceptions of risk or safety concerns are extremely influential
in the decision making process of tourists since they can strongly influence an individual
in selecting a destination. Consequently, tourists will consider the perceived risks of a
destination before deciding to visit [28]. Examples of events that influence tourist travel
intention include Avian flu, SARS, tsunamis, and earthquakes, and the results show lower
perceived risk positively influences the intention to travel to the destination of interest [7,29].
Similarly, Hem, Iversen, and Nysveen’s [30] research shows that tourists are more inclined
to skip visiting places if they perceive risk.

Bouzon and Devillard [31] assert that uncertainty is the impossibility of describing
events that have not yet occurred or are inaccessible to measurement. Williams and
Balaz [32] define uncertainty as actions with many possible outcomes, whereas the prob-
abilities are unknown. It is a circumstance where anything (both known and unknown)
can happen [33]. Research (e.g., [34,35]) provides evidence that consumers will spend less
money when there is uncertainty. According to Ghosh [36], rational customers who delay
purchases to safeguard themselves during uncertain times are the main cause of the drop
in economic activity.

2.3. Theory of Planned Behavior and Work Surrounding Tourism

The theory of planned behavior (TPB) proposes a direct connection between behavioral
intention and actual behavior [37,38]. According to TPB, psychological (attitudes) and social
(subject norms) factors along with perceived behavioral control affect individuals’ decisions
to act [39,40]. Attitude denotes an individual’s positive or negative sentiment towards a
specific action and has been extensively used as a variable in consumer behavior to forecast
consumer choices [41]. Subjective norms refer to how an individual perceives society’s
impact on their decision to participate in an activity, measuring the importance attributed
to a reference group’s endorsements and the willingness to conform to the shared beliefs,
attitudes, and choices of these groups, such as preferences for holidays [42]. Perceived
behavior control is an individual’s self-assessment of their ability to autonomously choose
to undertake or avoid a specific action [43]. It relates to an individual’s perceived ease of
performing a behavior [44].

Several studies have used the TPB model to explain tourists’ intention, many of
which were most recently published [7,39,45–53]. For example, Lee and Jan [48] used TPB
factors to determine tourists’ ecotourism behavioral intention and found that all factors
significantly explained intention. Santos et al. [53] used TPB to assess attitudes as a predictor
of environmental behavior in sustainable events. Furthermore, Hsieh et al. [29], Hsu and
Huang [52], Park et al. [50], Cao et al. (2020) [45], Sánchez-Cañizares et al. [5], Chen and
Tung [46], and Seow et al. [51] used the TPB and found that all three TPB constructs had a
substantial impact on visitors’ behavioral intentions. However, some researchers found
that two of the three TPB factors were significant predictors of tourists’ intentions. While
Meng et al. [49] and Eom and Han [47] explained tourist intentions with subjective norms
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and attitudes, Quintal et al. [26] and Lam and Hsu [44] explained with subjective norms
and perceived behavioral control. Furthermore, Zhang, Moyle, and Jin [54] found that only
subjective norms significantly predicted visitors’ pro-environmental behavioral intentions.
The TPB model has been extended in tandem with other factors. Those extra factors that
have been used in addition to TPB factors (i.e., attitudes, perceived behavioral control,
and subjective norms) either directly or indirectly determined tourists’ intentions. For
instance, some of the variables that have been added in recent tourism studies include
perceived risk [29], distance desire [45], travel constraints and destination image [50],
positive and negative anticipated emotions [54], emotional solidarity [55], awareness [56],
and destination attachment [47].

3. Methodology
3.1. Hypotheses Development

Specific research has shown that heightened perceived risks of infectious diseases
within destinations have significantly affected attitudes and perceived behavioral control
(PBC) [5,7,29]. For instance, Bae and Chang [7] found that, the more risk perception
(cognitive/affective) increases, the more positive attitudes towards “untact” (i.e., avoiding
unnecessary contact) tourism behavior result. Similarly, Sánchez-Cañizares et al. [5] found
that individuals’ perceived risk due to COVİD-19 was negatively related to attitudes
and PBC. Furthermore, Hsieh et al. [29] showed that perceived risk negatively impacts
attitudes in their TPB model. Finally, Quintal et al. [26] found that perceived risk and
uncertainty significantly and negatively influenced attitudes as perceived uncertainty
was also a negative predictor of perceived behavioral control. In light of these extant
findings [5,7,26,29], it is deduced that, as individuals’ perceived risk and uncertainty
increase due to COVID-19, their attitudes regarding travel within the US in the near future
will tend to decrease. Consequently, we hypothesize that

H1. Perceived risk associated with COVID-19 while travelling will be negatively related to individ-
uals’ attitudes regarding travel within the US in the near future.

H2. Perceived uncertainty associated with COVID-19 while travelling will be negatively related to
individuals’ attitudes regarding travel within the US in the near future.

H3. Perceived uncertainty associated with COVID-19 while travelling will be negatively related to
individuals’ perceived behavioral control concerning travel.

In TPB models, subjective norms generally serve as one of, if not the best, predictor of
behavioral intentions [26,44,46,50,54]. However, only a few works have sought to examine
the relationship between such TPB factors [26,47]. For example, Quintal et al. [26] found that
subjective norms significantly and positively influenced both attitudes and PBC. Similarly,
Eom and Han [47] showed a significantly strong positive relationship between subjective
norms and attitudes.

These relations can be more obvious amid COVID-19 due to individuals experiencing
social pressure (i.e., wearing masks, social distancing, hand-washing, coughing into arm,
avoiding crowded areas, or even refraining from traveling outside one’s usual environment)
that may influence their attitudes as well as perceived behavioral control. Given this [26,47],
we hypothesize the following relationships:

H4. Subjective norms concerning travel will be positively related to individuals’ attitudes regarding
travel within the US in the near future.

H5. Subjective norms concerning travel will be positively related to individuals’ perceived behavioral
control regarding travel.

B factors (i.e., attitudes, subjective norms, and perceived behavioral control) have been
shown to be significant predictors of individuals’ behavioral intention [5,7,39,45,47–54].
For example, the TPB model has been used to determine individuals’ decision mak-
ing, including an intention to engage in “untact” travel [7], willingness to pay more for
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additional safety measures while traveling during COVID-19 [5], experience [47], gen-
eral travel [29,45,50], ecotourism [48], continued volunteer tourism activities [49], pro-
environmental behaviors [51], and medical tourism [49]. Thus, the current study advances
the notion that significant and positive relationships will exist between TPB factors and
behavioral intentions (i.e., individuals’ intentions to travel within the near future). In light
of these extant findings [5,7,39,45,54], it is hypothesized that

H6. Attitudes regarding travel within the US will be positively related to individuals’ intentions to
travel within the near future.

H7. Subjective norms concerning travel will be positively related to individuals’ intentions to travel
within the near future.

H8. Perceived behavioral control concerning travel will be positively related to individuals’ inten-
tions to travel within the near future.

3.2. Sampling and Data Collection

Data were collected from an online survey in collaboration with Qualtrics, using an
online questionnaire between 23 June 2020 and 1 July 2020. By the end of this period of
data collection, 30 June 2020, 2.61 million Americans had been infected with COVID-19 and
some 128,250 had died [57]. The survey was launched approximately three months after the
fourth US Presidential Proclamation, which restricted US travel of foreign nationals. Online
surveys are now more common in social science research given their ability to produce
reliable data [56,58]. According to Heen, Lieberman, and Miethe [59], online platforms
provide an extremely efficient and inexpensive method for collecting national survey
data. When collaborating with Qualtrics, researchers can target participants based on
demographics and specific interests. Specifically, panel individuals over the age of 18 were
sent an email requesting that they participate in the study. They were surveyed for their
past travel experiences (prior to COVID-19 pandemic) and future travel motivations during
the pandemic. In total, 541 potential US travelers completed the questionnaire. According
to Bryman and Cramer [60], a sufficient sample size will be obtained by multiplying the
number of statements used in the scale by five or ten. Therefore, the total number of items in
the survey created to test our research model is 25, and at least 25 × 10 = 250 questionnaires
was determined as the minimum acceptable sample size for the universe of the research.
Therefore, it can be stated that these 541 questionnaires collected from US travelers are
sufficient to represent the universe [60].

3.3. Measures

All items within each of the six constructs in the model are built on measures from
earlier studies. Perceived risk and its four items were adapted from the work of Quintal
et al. [26] to measure the probability that travelling within the next six months would lead
individuals to contract, spread, be hospitalized, and be around others with COVID-19.
These four items were measured on a 5-point Likert scale (1 = highly improbable and
5 = highly probable). Perceived uncertainty (four items) was also adapted from the work
of Quintal et al. [26] to gauge the uncertainty of the same four items used to measure risk.
These items were measured on a 5-point Likert scale (1 = not at all certain and 5 = very
certain).

Attitudes regarding travelling within the US in the near future were measured using
five items adapted from Bagozzi, Dholakia, and Basuroy [61] and Quintal et al. [26]. These
items were presented on a 5-point Likert scale (1 = strongly disagree and 5 = strongly agree)
and included adjectives describing the idea of imminent travel, such as good, right, wise,
necessary, and beneficial. Two other staple measures of the theory of planned behavior
concern subjective norms and perceived behavioral control. The former was measured
using three items adapted from Hsu and Huang [52] and Quintal et al. [26]; the latter was
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measured using five items adapted from Park and Hsieh [50]. Both presented on a 5-point
Likert scale (1 = strongly disagree and 5 = strongly agree).

The ultimate dependent variable in the model, intentions to travel within the US,
was measured using four items adapted from Hsu and Huang [52], Lam and Hsu [44],
and Quintal et al. [26]. The items were presented on a 5-point Likert Scale (1 = 30 days;
2 = three months; 3 = six months; 4 = nine months; and 5 = one year or more) with the root,
“I [intend to, plan to, want to, and probably will] travel within the U.S. within the next. . .”.

3.4. Data Analysis

Data analysis was conducted using both IBM SPSS v.25 and Amos v.25. IBM SPSS
v.25 was used for univariate analysis, identifying potential outliers by considering z-
scores from standardized data, and for multivariate data screening using Mahalanobis’s
Distance [62]. Descriptive analysis was applied to depict participant characteristics across
various demographic measures. Before assessing individual hypotheses in the model,
Amos was used to examine skewness and kurtosis, which revealed no significant concerns
regarding data distribution.

Subsequently, a two-step analytical approach following Anderson and Gerbing [63]
was employed. The first step involved establishing a measurement model through con-
firmatory factor analysis (CFA), allowing the evaluation of psychometric properties for
each scale and its corresponding items. Afterward, structural equation modeling (SEM)
was utilized to evaluate the eight proposed hypotheses in the model. Throughout these
processes, Amos was employed for CFA and SEM to assess psychometric properties of
each scale, absolute fit indices, hypothesized relationships within the model, as well as the
distinct variance in attitudes towards traveling in the US, perceived behavioral control, and
intentions to travel.

4. Findings
4.1. Participant Profile

Numerous conclusions about the sample composition are possible based on Table 1.
A slight majority (54.2%) of participants indicated that they were women. In the way of
age, the median age falls within the 30–39 category. The current annual household income
was also somewhat evenly distributed across the sample (i.e., the median score was USD
25,000–49,999). Most individuals had completed high school, some college, or an associate’s
degree (70.8%). Slightly over half were married or partnered (50.8%), and most (73.6%)
were considered White in racial group. A preponderance (63.8%) of individuals indicated
that they did not have children under 18 living at home. Regarding the region where
participants were from (based on US Census Bureau designations), nearly half (46.2%) of
the sample was from the South, followed by 20.3% from the Northeast, 17.0% from the
Midwest, and 16.1% from the West. Slightly less than half (46.6%) said they had taken
an overnight trip or vacation for leisure in the US during the last 18 months. Of these
individuals, the average number of trips or vacations taken during that period was 4.17.

Table 1. Participants’ socio-demographic profile.

Variables n %

Gender (n = 541)

Female 293 54.2

Male 233 43.1

Non-binary 15 2.7

≥60 102 18.8
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Table 1. Cont.

Variables n %

Age (n = 541; Median = 30–39 years of age)

18–24 93 17.2

25–29 75 13.9

30–39 110 20.3

40–49 93 17.2

50–59 68 12.6

Current annual household income before taxes
(n = 541; Median = USD 25,000–49,999)

Under USD 25,000 140 25.9

USD 25,000–49,999 143 26.4

USD 50,000–99,999 158 29.2

USD 100,000 or more 100 18.5

Education level (n = 541; Median = Some
college)

Grade school 9 1.7

High school 164 3.03

Some college 127 23.5

Associate’s degree (two-year degree) 92 17.0

Bachelor’s degree (four-year degree) 74 13.7

Graduate degree (Master’s, PhD) 75 13.9

Marital status (n = 541)

Married or partnered 279 50.8

Single 186 34.4

Divorced or separated 64 11.8

Widowed 16 3.0

Race (n = 541)

American Indian/Alaska Native 8 1.5

Asian or Asian American 15 2.8

Black or African American 71 13.1

Latinx 22 4.1

White or Caucasian 398 73.6

Other 6 1.1

Two or more races 21 3.9

Children under 18 living at home (n = 541)

No 345 63.8

Yes 196 36.2

Region per US Census Bureau designations
(n = 541; 46 states representing except AK,
ND, NH, NM)

Northeast (CT, MA, ME, NJ, NY, PA,
RI, VT) 110 20.3

Midwest (KS, IA, IL, IN, MI, MN, MO,
NE, OH, SD, WI) 92 17.0
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Table 1. Cont.

Variables n %

South (AL, AR, DE, FL, GA, KY, LA,
MD, MS, NC, OK, SC, TN, TX, VA, WV) 250 46.2

West (AZ, CA, CO, HI, ID, MT, NV OR,
UT, WA, WY) 87 16.1

Over last 18 months, did you take any US
overnight trips/vacations for leisure? (n = 541)

No 289 53.4

Yes 252 16.6

Over last 18 months, how many US overnight
trips/vacations for leisure did you take?
(n = 248; M = 4.17)

1 61 24.6

2 65 26.2

3 46 18.5

4–9 60 24.2

10+ 16 6.5

4.2. Measurement Model and Psychometrics

As we collected data from a single source, we took steps to investigate the potential
presence of common method bias (CMB) to ensure the integrity of our data [64,65]. To
accomplish this, we performed a Harman’s one-factor test, where all 25 items spanning the
six constructs in our model were subjected to an unrotated exploratory factor analysis [66].
The results showed that no single factor accounted for more than 34% of the variance
among the variables, indicating the absence of CMB in our measurements. Additionally, we
examined skewness and kurtosis values to assess data normality. The output from Amos
indicated skewness coefficients below 1.0 and kurtosis coefficients below 2.0 for all items.
This study’s skewness and kurtosis results fulfilled the threshold for proving a normal
univariate distribution. As supported by the works of Ribeiro, Pinto, Silva, and Woosnam
(2018) [67] and West, Finch, and Curran [68], these values suggest the normality required
for maximum likelihood estimation in structural equation modeling (SEM) and confirm the
appropriateness of our survey data collected.

Before delving into exploring the potential influence of perceived risk and uncer-
tainty on attitudes towards traveling, subjective norms, perceived behavioral control, and
ultimately travel intentions within the structural model, a measurement model was for-
mulated through confirmatory factor analysis (CFA) using IBM Amos, v.25. The use of
covariance-based structural equation modeling (CB-SEM) for evaluating both CFA and
structural relationships is justified by the data’s normality and the sample size sufficient for
SEM analysis [69]. Establishing this measurement model, which examines the underlying
factor structure of construct items, is a prerequisite for evaluating the latent measure’s
structural paths [70]. Given that prior research has shown each of the six model constructs
to be unidimensional, each construct was included in subsequent models using Amos,
along with the addition of cross-loadings and error covariances. Table 2 showcases consis-
tent factor structures (indicating unidimensionality) in line with previous findings in the
tourism literature.
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Table 2. Normality analysis and measurement model results.

Factor and
Corresponding Item Mean Std.

Deviation

Standardized
Factor

Loadings
(t Values) b

CR c AVE VIF
Values Skewness Kurtosis

Perceived Risk a 2.98 0.89 0.68 1.644

Probability—will lead you to
contract COVID-19 3.05 1.418 0.92 (17.75) −0.266 −1.231

Probability—will lead you to
be hospitalized due to
COVID-19

2.76 1.378 0.85 (16.91) −0.029 −1.219

Probability—will lead you to
spread COVID-19 2.92 1.380 0.84 (16.68) −0.166 −1.240

Probability—will lead you to
be around others with
COVID-19

3.19 1.349 0.66 (NA d) 0.075 −1.217

Perceived Uncertainty a 3.05 0.92 0.73 1.644

Uncertainty—will lead you to
contract COVID-19 3.03 1.296 0.93 (23.29) −0.086 −1.086

Uncertainty—will lead you to
spread COVID-19 3.02 1.328 0.87 (21.53) −0.067 −1.160

Uncertainty—will lead you to
be hospitalized due to
COVID-19

2.86 1.338 0.86 (21.23) 0.125 −1.141

Uncertainty—will lead you to
be around others with
COVID-19

3.30 1.348 0.76 (NA d) −0.348 −1.077

Attitudes regarding travelling
in US a 2.99 0.93 0.74 2.820

Travelling within the US in
the near future would be right 3.04 1.240 0.91 (29.86) −0.108 −0.954

Travelling within the US in
the near future would be wise 2.87 1.270 0.89 (28.72) 0.079 −1.005

Travelling within the US in
the near future would be good 3.18 1.268 0.87 (NA d) −0.218 −0.974

Travelling within the US in
the near future would be
beneficial

3.01 1.285 0.84 (25.93) −0.072 −1.028

Travelling within the US in
the near future would be
necessary

2.83 1.249 0.81 (23.96) 0.168 −0.940

Subjective Norms a 2.95 0.91 0.78 2.446

People in my life whose
opinions I value would
approve of me travelling
within US in near future

2.99 1.281 0.92 (30.15) −0.075 −1.051

Most people who are
important to me think I
should travel within US in the
near future

2.82 1.335 0.87 (NA d) 0.137 −1.114

Most people who are
important to me would travel
within the US in the near
future

3.03 1.284 0.86 (26.84) −0.064 −1.070



Sustainability 2023, 15, 15729 11 of 20

Table 2. Cont.

Factor and
Corresponding Item Mean Std.

Deviation

Standardized
Factor

Loadings
(t Values) b

CR c AVE VIF
Values Skewness Kurtosis

Perceived Behavioral Control
a 3.60 0.84 0.52 1.354

If I wanted to, I could travel
throughout the US in the near
future

3.72 1.162 0.86 (15.13) −0.724 −0.319

It is possible for me to travel
throughout the US in the near
future

3.64 1.168 0.76 (15.44) −0.605 −0.466

It is easy for me to travel
within the US in the near
future

3.16 1.277 0.75 (NA d) −0.186 −1.002

I have complete control over
travelling throughout the US
in the near future

3.61 1.179 0.66 (13.76) −0.454 −0.757

Whether or not I travel within
the US in the near future is
completely up to me

3.85 1.087 0.54 (11.60) −0.745 −0.189

Intentions to travel a 2.58 0.94 0.81 1.000

I plan to travel within the US
within the next. . . 2.52 1.395 0.95 (40.60) 0.333 −1.232

I intend to travel within the
US within the next. . . 2.59 1.457 0.92 (NA d) 0.265 −1.358

I probably will travel within
the US within the next. . . 2.51 1.433 0.91 (36.06) 0.322 −1.327

I want to travel within the US
within the next. . . 2.69 1.460 0.80 (25.91) 0.181 −1.365

a Perceived risk items asked on 5-pt scale where 1 = not probable and 5 = probable; Uncertainty items asked on
5-pt scale where 1 = not at all certain and 5 = very certain; Attitudes regarding travelling in US, subjective norms,
and perceived behavioral control asked on 5-pt scale where 1 = strongly disagree and 5 = strongly agree; Intentions
to travel asked on 5-pt scale where 1 = one year or more; 2 = nine months, 3 = six months, 4 = three months and
5 = 30 days; b All t tests were significant at p < 0.001. c CR is calculated composite reliability; d In AMOS, one
loading has to be fixed to 1; hence, t-value cannot be calculated for this item.

No items were eliminated from the final CFA or the structural model as we did not
observe problematic cross-loadings [60], elevated error covariances [71], or low average
variance extracted (AVE) scores [72] (refer to Table 2). All six constructs within the model
exhibited robust composite reliabilities (ranging from 0.84 to 0.94) and adequate average
variances extracted (AVE) (ranging from 0.52 to 0.81). As suggested by Hu and Bentler [73],
composite reliabilities should exceed 0.70, while Hair et al. [72] recommend AVE estimates
greater than 0.50.

Aside from evaluating the reliability of the six constructs, we also assessed their
construct validity, encompassing both discriminant and convergent validity. Discriminant
validity was scrutinized through two methods. Initially, we applied the criterion that the
square root of the average variance extracted (AVE) for each factor should surpass the
inter-factor correlations, aligning with the approach proposed by Fornell and Larcker [74].
As illustrated in Table 3, this criterion was satisfied across all cases. Furthermore, we
confirmed convergent validity through the presence of statistically significant t-values
connected to each factor loading, alongside AVE values exceeding 0.50, in line with the
guidelines of Hair et al. [72]. VIF values of 5 or above suggest a potential collinearity
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concern [72]. All VIF values (maximum VIF: 2.820) in the inner model were less than 5
(Table 2), indicating that the study had no collinearity issue [72]. According to Table 2, the
correlation values in the study were below (r < 0.85) and in the expected direction.

Table 3. Discriminant validity analysis from CFA.

Factors 1 2 3 4 5 6

1. Perceived behavioral control 0.72 a

2. Perceived risk −0.15 b,c 0.82

3. Perceived uncertainty −0.11 0.68 0.86

4. Attitudes regarding travelling in US 0.60 −0.18 −0.11 0.86

5. Subjective norms 0.46 −0.13 −0.08 0.83 0.89

6. Intentions to travel 0.43 −0.06 −0.10 0.51 0.54 0.90
a The bold diagonal elements are the square root of the variance shared between factors and their measure.
b Below diagonal elements are the correlations between factors. c All correlations were significant at p < 0.001.

Fit indices for the measurement model were all acceptable. In other words, incremental
model fit indices (i.e., TLI, IFI, and CFI) were near 0.95 as the absolute model fit index (i.e.,
RMSEA) under consideration was below 0.08 [65,66]. More specifically, the CFA revealed
a measurement model of χ2(257) = 866.23, p < 0.001, TLI = 0.94, IFI = 0.95, CFI = 0.95,
and RMSEA = 0.06 (see Table 4). Twenty-three of the twenty-five items demonstrated
standardized factor loadings in excess of 0.70, which Tabachnick and Fidell [62] claim is
good. The other two items had acceptable loadings above 0.50 [70].

Table 4. Fit indices of models.

Models’ Fit Indices χ2 df χ2/df p IFI TLI CFI RMSEA

Measurement model 866.23 257 3.37 0.000 0.95 0.94 0.95 0.06

Structural model 939.19 261 3.60 0.000 0.94 0.93 0.94 0.07

Note: IFI: Bollen’s fit index; TLI: Tucker–Lewis fit index; CFI: Comparative fit index; RMSEA: Root mean square
error of approximation.

4.3. Structural Path Model to Examine Hypothesized Relationships

Having established the measurement model, we proceeded to evaluate a structural
path model to investigate the eight hypotheses depicted in Figure 1. Similar to the mea-
surement model, the results indicated an excellent fit of the structural model to the data:
χ2(261) = 939.19, p < 0.001, TLI = 0.93, IFI = 0.94, CFI = 0.94, and RMSEA = 0.07 (Table 4).
Table 5 and Figure 2 provide SEM results. In assessing the particular paths between per-
ceived risk and attitudes regarding traveling within the US in the near future (β = −0.07,
p > 0.05) and perceived uncertainty and attitudes regarding traveling within the US in the
near future (β = 0.01, p > 0.05), neither were significant. As such, H1 and H2 were not
supported. H3 was also not supported, revealed by perceived uncertainty not significantly
explaining perceived behavioral control (β = −0.07, p > 0.05). Subjective norms, however,
significantly explained attitudes regarding traveling in the US in the near future (β = 0.83,
p < 0.001) and perceived behavioral control (β = 0.48, p < 0.001)—demonstrating support
for H4 and H5. Although attitudes regarding traveling in the US in the near future did
not significantly predict intentions to travel in the near future (β = 0.07, p > 0.05), both
subjective norms and perceived behavioral control did explain the ultimate outcome vari-
able (β = 0.40, p < 0.001; β = 0.19, p < 0.001). As such, H6 was not supported; H7 and H8
were supported. Considering the variance explained throughout the model, subjective
norms explained 71% of the variance in attitudes about traveling within the US in the near
future as well as 24% of the variance in perceived behavioral control. Further, 33% of the
variations in individuals’ intentions to travel are explained by the variations in subjective
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norms and perceived behavioral control (R2 = 0.33). As shown in Table 5 and Figure 2, four
of the eight model hypotheses were supported.
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Table 5. Hypothesized results.

Hypothesized Relationship B β t-Statistic Supported

H1: Perceived risk→ Attitudes regarding travelling in US −0.09 −0.07 −1.75 ns No
H2: Perceived uncertainty→ Attitudes regarding travelling in US 0.01 0.01 0.10 ns No
H3: Perceived uncertainty→ Perceived behavioral control −0.07 −0.08 −0.10 ns No
H4: Subjective norms→ Attitudes regarding travelling in US 0.77 0.83 20.82 *** Yes
H5: Subjective norms→ Perceived behavioral control 0.38 0.48 9.91 *** Yes
H6: Attitudes regarding travelling in US→ Intentions to travel 0.07 0.06 0.74 ns No
H7: Subjective norms→ Intentions to travel 0.46 0.40 4.65 *** Yes
H8: Perceived behavioral control→ Intentions to travel 0.28 0.19 4.14 *** Yes

Note: *** p < 0.001; ns denotes non-significance.
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5. Discussion

This study incorporated individuals’ perceived risk and uncertainty with traveling
amidst the COVID-19 pandemic to an amended theory of planned behavior model. In
so doing, potential US travelers served as the study sample to determine how construct
antecedents could explain individuals’ intentions to travel again, considering one of five
time horizons (i.e., 30 days, three months, six months, nine months, and one year or more).
Although this work is one of the first few to examine the model constructs as highlighted
in Figure 1—and the insight will most certainly be helpful to managers—the findings were
somewhat mixed relative to the eight hypotheses formulated. This is largely due to the
inability of perceived risk or perceived uncertainty to serve as significant model predictors.
Despite the hypothesized relationship between perceived risk and attitudes about traveling
in the near future being negative (consistent with the work of Hsieh et al. [29], Quintal
et al. [26], and Sánchez-Cañizares et al. [5]), it was not significant. Furthermore, similar
to Quintal et al. [26], neither attitudes about traveling nor perceived behavioral control
was significantly explained by perceived uncertainty. This reveals to us that, based on our
model, these attitudes about traveling in the near future are potentially forged by factors
external to the person, such as norms.

These subjective norms served to be a significant antecedent within the model, influ-
encing attitudes about traveling in the near future and perceived behavioral control, as
Quintal et al. [26] also discovered. Eom and Han [47] also found a significant link between
subjective norms and attitudes, which is consistent with our findings. Most likely, subjective
norms served as the best predictor in the model because social norms took on a heightened
role as individuals felt greater pressure to act according to health standards, restrictions,
and suggestions [74]. Given that many states had implemented travel restrictions, this most
certainly factored into individuals’ attitudes to travel and their perceived control to travel
in the first place. This was precisely why we utilized a national study, to reflect as many
states and their potentially disparate travel restrictions when our study commenced.

Within the travel and tourism literature, many have employed theory of planned
behavior models to explain individuals’ intentions to act, while fewer studies have found
that only two of three TPB constructs (i.e., attitudes, subjective norms, and perceived
behavioral control) significantly explained behavioral intentions [26,44,47,49]; however, a
great majority of studies [5,7,29,39,45,46,48,50–52] have demonstrated that all three TPB
constructs were significant in predicting behavioral intentions.

However, our study’s results align with the minority [26,44] in that only two of the
three constructs (i.e., SN and PBC) were significant predictors of behavioral intentions.
Quintal et al. [26] revealed the same significant antecedents in a similar study incorporating
perceived risk and uncertainty. Eom and Han [47] indicated different findings in that
attitudes and subjective norms were salient antecedents in explaining behavioral intentions.
The results of this study indicate that residents’ perceived behavioral control (i.e., self-
perception and determination) and subjective norms (i.e., social pressure from those most
important to participants, such as friends and family members) strengthened individuals’
behavioral intention to travel within the near future [29,45,50]. Although only half of the
hypotheses in the model were supported, a preponderance of those that were significant
belonged to constructs within the traditional TPB framework. Consequently, a range
of theoretical and practical implications emerges, necessitating attention to guide both
academic research and management decisions concerning individuals’ travel intentions in
the post-COVID-19 era.

6. Implications

Based on extant research findings (namely the work of Quintal et al., 2010 [26]), one
would have expected perceived risk and perceived uncertainty to play a significant role in
explaining individuals’ intentions to travel in the near future, but neither did. This leads
us to consider one of two things. First, attitudes about traveling in the near future may be
explained by some deeply held values or beliefs that we did consider or measure within
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our model. Had we employed a model more focused on the theory of reasoned action [75],
we would have accounted for behavioral beliefs.

Second, perceived risk and perceived uncertainty (even during the pandemic) ulti-
mately do not strongly impact individuals’ intentions to travel. This may not come as a
total surprise because the US leads all countries (at the time of data collection with no other
country as a close second) in the number of COVID-19 cases and deaths, and traveling
indicates another form of behavior added to a list of those undertaken among individuals
(e.g., shopping, eating at restaurants, visiting local parks, attending sporting events, gather-
ing for worship, etc.). Although some restrictions have been put in place across the 50 US
states, many individuals disregard the risk and uncertainty of potentially contracting and
sharing COVID-19 with others [76]. Some of this may come from relaxed restrictions or
people’s ignorance of their consequences. It should be noted that the current paper reflects
the first wave (of at least three throughout 12 months), so we will keep a close eye on the
role that perceived risk and perceived uncertainty play in explaining travel intentions.

Relationships between the main theory of planned behavior constructs contributed
most in explaining intentions to travel in the future. Despite more than thirty years of
support for the relationship between behavioral attitude and intention to behavior, our
work did not reveal such a significant relationship. In looking at the only other work that
incorporates perceived risk and uncertainty in explaining individuals’ intentions to travel,
Quintal et al. [26], however, also demonstrated a weak relationship between such attitudes
and behavioral intention, revealing significance in one of three scenarios. Perhaps our
findings are a result of measuring attitudes using a Likert scale of agreement as opposed to
extant work (see Bagozzi et al., 2003) [61] that has utilized a semantic differential scale. We
opted for the former to present each of the antecedent constructs (i.e., attitudes, subjective
norms, and perceived behavioral control) using the same scale.

This work also has implications for practice. Table 2 shows that the mean response
to all travel intention items fell below 3.0 (M = 2.58), indicating that participants intend to
travel within 6–9 months (from when these data were collected in July 2020). Although
the ability to travel during such a time horizon will be contingent upon travel restrictions
enacted and enforced by sending and receiving countries, such timing will allow for
destinations to plan most appropriately for imminent travel at the beginning of 2021 and
beyond [7]. What this also does is ‘buy more time’ for the transportation, lodging, and
dining sectors to appropriately plan for effective safety, cleaning, and spacing of common
areas [77]. Additionally, these sectors can also determine the most effective means by which
to stagger their offerings, whether that be seats in planes, rooms available for purchasing,
or chairs at tables; balancing health and safety with revenue will have to be the ‘new norm’
by which providers operate [78].

Furthermore, there is no better time to embrace forms of travel that are more sustain-
able in nature than now [79]. The worry of embracing sustainable tourism at the cost of
sacrificing higher volumes of mass tourism is all but gone. Instead, a focus of how travel
can be more sustainable moving forward is front-and-center [80]. The adage ‘some is better
than none’ should be a mantra that all destinations embrace to allow a return to tourism
earnings coupled with championing the other two legs of the proverbial triple-bottom-line
stool [81]. Now, of course, what this looks like will be drastically different to each destina-
tion, but one thing is certain, the time for proactive, intentional planning for sustainable
tourism is now if not too late. The disruption of the tourism industry due to the pandemic,
especially in 2020 and 2021, could have been a good opportunity to rethink and reframe
the tourism industry and put it on the right track to sustainability. There are studies that
report that the pandemic has been a catalyst for the sustainable digital transformation in
the hospitality industry [82]. Other studies suggest that it would be the right time for the
accommodation industry to implement internal corporate social responsibility based on
providing health, safety, compensation, benefits, training and development, well-being, and
work–life equilibrium to their employees [83,84]. However, as of mid-2023, there is strong
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evidence that continued tourism growth contradicts industry narratives of progressively
and successfully engaging with sustainable practices and climate change mitigation [85].

Our work also speaks to the value of social norms and perceived behavioral control.
Indirectly, influencing aspects such as public service announcements through traditional
media outlets (i.e., radio, television, and web) along with ever-evolving social media
outlets have arguably positively impacted individuals’ intentions to travel [86]. In essence,
individuals have been socially impacted not to travel so hastily. This needs to continue so
that individuals are positively influenced to travel when the time is right for society and
necessary measures are put in place to protect others.

7. Limitations and Future Research

The research delineated in this paper is subject to numerous limitations. First, this
study used an online survey for data collection, and the self-selection process of joining
Qualtrics and participating in online surveys raises concerns about the representativeness
of a sample. In addition, older individuals who have lower incomes or reside in remote
areas might not be adequately represented in this survey [87].

Third, the quality of the collected data is subject to potential bias. Participants received
monetary compensation, raising concerns about the presence of professional survey takers
who might inaccurately present themselves while participating in the study [88] and/or
not provide thoughtful responses. Future studies should employ multiple methods of
data collection to overcome this limitation. A combination of internet-based and on-
site questionnaires should be employed. Fourth, it is somewhat surprising that neither
perceived risk nor uncertainty were significant predictors in the model. As Bae and
Chang [7] suggested, both social costs of traveling and motivations of traveling may help
shed light on travel intentions. Because we treated travel intentions generically, we did
not consider particular forms of travel. Future research should examine travel intentions
by measuring intentions of engaging in certain behaviors focusing on care for queue
management at attractions, transportation modifications, and lodging alterations.

Lastly, attitudes are not fixed and can frequently change due to various factors. Future
research related to the relationship between the constructs of the theory of planned behavior,
individuals’ intentions to travel, and actual travel behavior (within the framework of
COVID-19) should encompass longitudinal data collected, shedding light on how attitudes
might evolve.

8. Conclusions

By extending the theory of planned behavior, this study examined the relationship
between perceived risk, perceived uncertainty, subjective norms, attitudes about future
travel, and perceived behavioral control in explaining individuals’ intentions to travel
in the near future. This study employed a quantitative research method and data were
gathered using an online questionnaire distributed through Qualtrics from a sample of
541 potential travelers (representing residents of 46 US states) from 23 June 2020 through 1
July 2020. Out of the eight hypotheses, only four were supported. Neither perceived risk
nor uncertainty were significant within the model. Subjective norms significantly predicted
both attitudes about traveling and perceived behavioral control. Subjective norms and
perceived behavioral control explained moderate variation in individuals’ intentions to
travel. As we reflect on the evolving landscape shaped by the COVID-19 pandemic, it is
evident that travel intentions and actual travel behavior have been permanently altered,
influenced by the progression of the pandemic. This research contributes to understanding
this dynamic context, incorporating insights from the latest literature and developments
up to 2023.
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