
Tourism Management Perspectives 41 (2022) 100936

Available online 7 February 2022
2211-9736/© 2022 Elsevier Ltd. All rights reserved.

Applying the TRIRISK model to COVID-19 in tourism: A comparison 
between 2020 and 2021 

Ji Youn Jeong a, John L. Crompton b, Kyung-Yur Lee c,* 

a Department of Tourism, Kyungpook National University, 2559 Gyeongsang-daero, Sangju 37224, Republic of Korea 
b 600 John Kimbrough Boulevard, Suite 445, Texas A&M University, College Station, TX 77843-2261, USA 
c Department of Tourism & Airline Management, Hanyang Cyber University, 220 Wangsimni-ro, Seoungdong-gu, Seoul 04763, Republic of Korea   

A R T I C L E  I N F O   

Keywords: 
Perception change 
COVID-19 
Perceived risk 
Perceived severity 
Travel avoidance intentions 

A B S T R A C T   

In this study, we adapted a TRIRISK model developed in the medical field for deployment in the tourism domain. 
Structural equation modeling was used to investigate the roles of the deliberative, affective, and experiential 
dimensions of perceived risk and the perceived severity of COVID-19 in predicting travel avoidance intentions. 
An analysis of covariance was conducted to determine whether the study variables differ by period and de-
mographic factors. The study makes three major contributions to the literature, namely, the development of an 
instrument to measure the impact of the COVID-19 pandemic on travel avoidance intentions; the testing of 
models that identified the relationships between the perceived risk of contracting the virus, expected severity of 
the medical and psychosocial consequences emanating from this risk, and travel avoidance intentions; and an 
evaluation of the initial appraisal of differences among sociodemographic cohorts in response to the study 
variables for 2020 and 2021.   

1. Introduction 

Since the first case of COVID-19 was reported to the World Health 
Organization (WHO) in December 2019, 122.8 million cases and 2.7 
million deaths have been reported as of March 2021 in 219 countries 
worldwide. COVID-19 has been particularly severe in the United States 
with approximately 29.8 million cases and 541,914 deaths (CNN Health, 
March 21, 2021). This ongoing pandemic has decimated tourism to an 
unprecedented degree, and its enduring influence and long-term impact 
are estimated to surpass the effects of any other crisis in the industry 
(Gössling, Scott, & Hall, 2020; United Nations World Tourism Organi-
zation [UNWTO], 2020). In this context, the UNWTO (2021) reported 
that international tourist arrivals in 2020 declined to 74% of the 2019 
volume. This figure is substantially larger than the 0.4% decline that 
occurred during the SARS outbreak in 2003. 

The impact of COVID-19 on travel intentions can be explained using 
Herzberg, Mausner, and Snyderman (1959) theory of motivation. The 
benefits obtained from travel become secondary concerns when weighed 
against the ongoing crisis; thus, the perceived risks of COVID-19 may be 
pivotal to travel-related decision-making. The tourism industry faces a 
significant challenge in determining when and who should invest in 
marketing efforts to launch its recovery. A key factor in such decision- 

making may be the prediction of the mitigation of tourist risk percep-
tions to a level at which the disadvantages of a trip do not exceed its 
anticipated benefits. Therefore, the perceived risk and severity of 
COVID-19 should be central variables for determining the status of 
travel intentions and behaviors of a target market. 

Although previous studies have determined that the COVID-19 
pandemic is far more severe than its predecessors, recent occurrences 
of cases indicate that the literature pertaining to this topic is still in its 
infancy (Mackenzie & Goodnow, 2020; Nazneen, Hong, & Ud Din, 2020; 
Wang, Xue, Wang, & Wu, 2020). Particularly, existing studies do not 
reflect the change in individual perceptions and behaviors over time 
despite the constantly changing COVID-19 situation. In the past year of 
the COVID-19 outbreak, the virus underwent mutations, vaccines were 
developed, and related policies were amended with the election of new 
officials (British Broadcasting Corporation [BBC] News, 2021). Thus, 
applying the results of existing studies to the current situation is likely 
inappropriate. To address this research gap, the current study proposes 
models that explain the relationships between perceived risk, perceived 
severity of COVID-19, and travel avoidance intentions and compares the 
study variables according to time period and demographic factors. 

Therefore, the first aim of this study was to explore the relationships 
between perceived risk, perceived severity of COVID-19 in term of 
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hygiene features, and travel avoidance intentions. Specifically, this 
study adapted the tripartite model of risk perception (TRIRISK) devel-
oped by Ferrer, Klein, Persoskie, Avishai-Yitshak, and Sheeran (2016), 
Ferrer et al., 2018) to investigate the function of the deliberative, af-
fective, and experiential dimensions of perceived risk. The second 
objective of this study was to verify whether changes occurred in the 
perceptions of COVID-19 and how they influenced travel avoidance 
intentions over time. Third, this study intended to understand the 
effective target markets when tourists are prepared to re-engage in 
travel; the study examined how the perceived risk differs by de-
mographic characteristics. 

Globalization, travel, and climate change may lead to an increase in 
the number of pandemics in the future (Coker, Hunter, Rudge, Liverani, 
& Hanvoravongchai, 2011; Gössling, 2002). Therefore, this study aims 
to contribute to the comprehensive understanding of the impact of 
COVID-19 on the tourism industry and furthermore, provide insights for 
the establishment of preventive policies for crises that may arise from 
prospective pandemics. 

2. Literature review 

2.1. Perceived risk and travel avoidance intentions 

Perceived risk refers to negative feelings about the likelihood of 
contracting a disease and is identified as a central construct in predicting 
health-related behavioral intentions (Rogers, 1975; Weinstein, 1988). 
Studies in the domains of marketing and tourism have consistently re-
ported that perceived benefits are sought at the initial stages of the 
decision-making process but as the final decision approaches, the focus 
tends to shift more to perceived risks usually associated with hygiene 
features (Woodside & Lysonski, 1989). For example, Um and Crompton 
(1990) investigated the influence exerted by inhibitors (perceived risks) 
and facilitators (perceived benefits) on selection decisions related to 
vacation destinations and reported that perceived risks were decisive at 
the final stage of decision-making. 

Moreover, prospect theory, which posits that the powers of negative 
and positive expectations are asymmetric, can be used to elucidate the 
dominant influence of the pandemic on the behavior of tourists (Kah-
neman & Tversky, 1979). The focal tenet of this theory is the notion of 
loss aversion, which asserts that individuals are likely to respond more 
compellingly to losses than to corresponding levels of gains. In other 
words, potential tourists may pay more attention to the risks posed by 
COVID-19 than to the benefits they expect from a tourism experience. 
Simply put, the negative perceptions of the pandemic significantly in-
fluence the behavior of potential tourists. 

Several scholars have argued that perceived risk can be a powerful 
tool for predicting travel intentions. However, meta-analyses have 
demonstrated that this loss aversion can only modestly explain travel 
intentions (Brewer et al., 2007; Sheeran, Harris, & Epton, 2014). The 
TRIRISK model was developed to address this gap. 

2.2. The TRIRISK model 

Ferrer et al. (2018) postulated that the low predictability of risk can 
be explained by the fact that perceived risk was posited as a unidi-
mensional construct denoting a reason-based judgment of probability. 
The authors coined the term deliberative risk perception and recognized 
it as a rational and systematic approach to decision-making to address 
uncertain outcomes that exemplify reason-based logic (Shafir, Simon-
son, & Tversky, 1993; Weinstein, 1988). Ferrer et al. (2018) extended 
this operationalization by adding two more dimensions: affective and 
experiential risks. The perception of affective risk alludes to emotions 
associated with threat; it is typically measured by items related to fear, 
concern, anxiety, or worry, and is likely to influence an individual's level 
of emotional engagement in a decision (Chien, Sharifpour, Ritchie, & 
Watson, 2017; Ferrer, Portnoy, & Klein, 2013). A related study in the 

field of tourism addressed the anxiety and mental engagement of trav-
elers when confronted with the possibilities of uncertain and negative 
outcomes (Larsen, Brun, & Øgaard, 2009). On the other hand, experi-
ential risk perception is held to refer to vulnerability to threats at the 
intuitive level (Reyna, 2012; Weinstein, 1988). 

Accordingly, Ferrer et al. (2016) formulated the tripartite model of 
risk perception (TRIRISK) encompassing the deliberative, affective, and 
experiential perceptions of risk. Their study on cancer patients 
confirmed that the TRIRISK model was more suitable than single or 
dual-factor models and that the three components independently 
contributed to protective behavioral intentions. Bae and Chang (2021) 
adopted deliberative and affective risks to measure the perceived risks of 
COVID-19 and demonstrated risk influences on travel intentions. How-
ever, the TRIRISK model per se has not been used in the field of tourism. 

This study adapted the TRIRISK model developed by Ferrer et al. 
(2016), Ferrer et al. (2018) to investigate the roles of deliberative, af-
fective, and experiential dimensions of perceived risk in tourists' deci-
sion-making during the COVID-19 pandemic. 

2.3. Perceived severity 

While perceived risk refers to the likelihood of contracting a virus, 
perceived severity indicates the convictions held by an individual about 
serious negative consequences that could emanate from contracting a 
disease. Rosenstock (1974) noted that perceived risk and perceived 
severity of disease are frequently complementary in illuminating 
behavioral intentions. Subsequent studies confirmed empirically that 
the prediction of behavior was substantially enhanced in health contexts 
when the examination included perceived severity (Lowenstein, Weber, 
Hsee, & Welch, 2001; Mullens, McCaul, Erickson, & Sandgren, 2004). 
Such studies informed a health belief model (HBM) developed by 
Abraham and Sheeran (2015). The model includes perceived risk and 
perceived severity of the consequences of illness as the core elements 
influencing behaviors. 

Ferrer et al. (2016), Ferrer et al. (2018) conceptualized severity as a 
multi-dimensional structure that included the medical severity (e.g., 
pain and symptoms) and psychosocial severity (e.g., the degree to which 
an illness interferes with personal relationships and social roles) of the 
disease and demonstrated their roles in behavioral intentions. In a 
similar vein, the perceived severity of COVID-19 seems to be measured 
in psychosocial and physical dimensions. According to BBC News Korea 
(March 4, 2020, people tend to take protective action not only because 
of concerns about their own health but also the psychosocial burden of 
the possibility of infecting others. 

This study hypothesized that perceived risk influences perceived 
severity because perceived severity is defined as a response to the con-
sequences of a risk. Six hypotheses were proposed regarding the re-
lationships between perceived risk and perceived severity: 

H1. Deliberative risk perception is positively related to medical 
severity. 

H2. Affective risk perception is positively related to medical severity. 

H3. Experiential risk perception is positively related to medical 
severity. 

H4. Deliberative risk perception is positively related to psychosocial 
severity. 

H5. Affective risk perception is positively related to psychosocial 
severity. 

H6. Experiential risk perception is positively related to psychosocial 
severity. 

The dual process theory proposed by Kahneman (2011) can explain 
tourists' decision-making process in avoiding travel to elude risky situ-
ations due to COVID-19. According to the theory, System 1 operates 
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automatically and instantaneously, in ways such as responding to bodily 
pain, whereas System 2 responds under a cognitive computation based 
on socially and culturally learned contexts. The responses to the 
assessment of medical severity of COVID-19 are likely to be a result of 
immediate fear (System 1), whereas the responses to psychological 
severity may be associated with the responses that were culturally and 
socially learned during the pandemic era (System 2). Furthermore, 
Kahneman (2011) noted that an immediate judgment through System 1 
is not only relevant to the initial response but also serves as an anchor for 
System 2 to operate from. This means that the assessment of medical 
severity (System 1) may impact that of psychosocial severity (System 2), 
as well as travel avoidance intentions. Thus, the current study suggests 
three hypotheses regarding the perception of severity and travel 
avoidance intentions as follows: 

H7. Medical severity is positively related to psychosocial severity. 

H8. Medical severity is positively related to travel avoidance 
intentions. 

H9. Psychosocial severity is positively related to travel avoidance 
intentions. 

2.4. Role of time and demographic variables 

The COVID-19 pandemic has been ongoing for more than a year 
since its outbreak in 2019, and the relevant situation has been constantly 
changing: “pandemic fatigue” is increasing, vaccines are being devel-
oped, and variants of the virus have emerged (BBC News, 2021). 
Accordingly, the perceptions about COVID-19 and behavioral intentions 
have, in like fashion, been changing over time. For example, Neuburger 
and Egger (2021) collected and compared data in two periods, namely, 
in early March 2019 and then in mid-March or 2 weeks later. The results 
revealed that the risk perception of COVID-19, travel risk perception, 
and change in travel behavior were greater during the second than the 
first period. 

The literature that confirmed the differences in perception and be-
haviors even in a 2-week timeframe suggests that the differences would 
be evident within a larger timeframe. Therefore, the present study hy-
pothesized that the relationships between perceived risk, perceived 
severity, and travel avoidance intentions in 2021 would differ from 
those in 2020. 

H10. The relationships between perceived risk, perceived severity, 
and travel avoidance intentions differ between 2020 and 2021. 

Scholars have widely acknowledged that tourists are not homoge-
neous and that they exhibit individual differences in terms of risk 
perception and avoidance behaviors. If various target markets are likely 
to exhibit differences in the perceived risk of COVID-19, then such dif-
ferences will influence the formulation of effective strategies for alle-
viating perceptions of risk. 

The evidence in the literature has led to the expectation that the 
perceived risk of COVID-19 and travel intentions may vary among 
tourist segments. For example, Peluso and Pichierri (2021) have 
demonstrated empirical differences in risk avoidance tendencies related 
to COVID-19 by age, income, gender, and level of education. Further, 
other researchers have identified the differences in the risk perceptions 
of COVID-19 based on sociodemographic factors, such as age, level of 
education, income, occupation, and place of residence (Bae & Chang, 
2021; Zhan, Zeng, Morrison, Liang, & Coca-Stefaniak, 2020); psycho-
logical factors (e.g., spatiality and hypotheticality; Li, Zhang, Liu, Kozak, 
& Wen, 2020); and cultural elements e.g., nationality; Asahara, 2020). 

H11. Perceived risk differs according to demographic variables, such 
as age, gender, income, marital status, and level of education. 

Altogether, 11 hypotheses were proposed, as shown in Fig. 1. 
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Fig. 1. Proposed research model.  
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3. Methodology 

3.1. Measurement 

The survey instrument adapted items that were proven valid and 
reliable using scales published in the medical literature. The phrasing of 
the items was altered to fit the contexts of the COVID-19 pandemic and 
the tourism sector. In addition to demographic questions, the ques-
tionnaire comprised 21 items that measured 6 study constructs. The 
sample size was acceptable for testing SEM, which included 21 latent 
variables, according to the criterion which at least 10 cases per variable 
were needed for SEM (Anderson & Gerbing, 1988). 

The study measured the three dimensions of risk adapted from Ferrer 
et al. (2018), namely, deliberative (four items), affective (six items), and 
experiential (four items). The measures for medical and psychosocial 
severity were adapted from the works of Ferrer et al. (2018) and 
Weinstein (1988), and the three items for travel avoidance intentions 
were adapted from Sheeran et al. (2014). A five-point Likert-type scale 
was used to rate items. The response options for items measuring travel 
avoidance intentions and deliberative, affective, and experiential risk 
ranged from strongly disagree (1) to strongly agree (5). Responses to 
statements related to medical and psychosocial severity ranged from not 
at all serious (1) to very serious (5). 

Three academic experts reviewed the face validity of the survey 
questions. Based on their feedback, the original questionnaire was 
modified, and the revised instrument was administered to a cohort of 
volunteer students by way of a pretest to confirm validity. The research 
questionnaire is attached as Appendix A. 

3.2. Data collection 

Participants were recruited over two periods in 2020 and 2021 
(period 1: July 26 to August 5, 2020; period 2: March 5–12, 2021) using 
Amazon Mechanical Turk (MTurk). MTurk, launched by Amazon in 
2005, is the most popular crowdsourcing platform for convenience 
sampling. Although a probability sample may yield more generalizable 
results than a convenience sample (Jeong, Crompton, & Dudensing, 
2016), probability sampling of all U.S. citizens is impossible in reality. 
The data collected from the MTurk platform was found to be less 
expensive than a probability sample but more representative of the U.S. 
population than a conventional convenience sample (Goodman & Pao-
lacci, 2017). The sample was limited to citizens of the United States who 
were native English speakers. Each participant was given 50 cents as 
compensation. For period 1, a total of 306 participants were recruited. 
However, analyses were performed on a sample of 260 respondents 
because 28 and then 18 participants were subsequently excluded due to 
missing responses and lack of travel experiences, respectively. Only 
those who had traveled at least once per year before COVID-19 were 
considered eligible for a comparative study on travel avoidance in-
tentions due to COVID-19. Using a similar method, 321 participants 
were recruited for period 2, of whom 298 were included in the analyses. 
Thus, 558 respondents from periods 1 and 2 were included for analyses. 

3.3. Data analysis 

Confirmatory factor analysis (CFA) was used to assess whether the 
items were loaded on anticipated domains followed by structural 
equation modeling (SEM) to obtain causal insights into the relationships 
between the study variables for each year. Additionally, an analysis of 
covariance (ANCOVA) was performed as SEM does not consider the 
effect of exogenous variables on the differences in study variables by 
period. An exogenous variable can influence the dependent variable but 
is not set as an independent variable. This study identified the exogenous 
demographic variables that may influence such differences and 
compared the perceived risk between 2020 and 2021 while keeping the 
exogenous constant by using ANCOVA. 

4. Results 

4.1. Profile of the respondents 

Table 1 presents the demographic profile of the sample used for 
analyses. The age profile tended to be skewed toward younger cohorts, 
and more than half the respondents were male (N2020 = 135 [51.9%]; 
N2021 = 202 [67.8%]). The largest annual household income cohort in 
2020 was between $25,000 and $39,999 (N = 52 [20.0%]) whereas that 
of 2021 was between $70,000 and $84,999 (N = 72 [24.2%]). In terms 
of marital status, the respondents were evenly divided between single 
and married for 2020; however, married respondents comprised 72.5% 
of the sample for 2021. More than half of the respondents for 2020 and 
2021 had completed a four-year bachelor's degree, followed by graduate 
degree in both years. Approximately 67% of the respondents were 
Caucasian/White. The study observed no statistical difference in the 
frequencies of travel before COVID-19 between the 2020 (4.74) and 
2021 (4.87) samples, which confirmed the homogeneity of travel ten-
dency between the groups (t-value = − 0.107, p = 0.915). 

4.2. Measurement model 

CFA was conducted to justify the three dimensions of the perceived 
risk of COVID-19 and further verify the measurement items and six study 
constructs, namely, deliberative risk, affective risk, experiential risk, 
medical severity, psychosocial severity, and travel avoidance intentions. 

Table 1 
Demographics of the sample.  

Variable Total July 2020 March 2021 

N =
558 

% N =
260 

% N =
298 

% 

Age       
20–29 107 19.2 55 21.2 52 17.4 
30–39 243 43.5 89 34.2 154 51.2 
40–49 90 16.1 50 19.2 40 13.3 
50–59 75 13.4 45 17.3 30 10.0 
60–69 37 6.6 20 7.7 17 5.6 
70 or over 6 1.1 1 0.4 5 1.7 

Gender       
Male 337 60.4 135 51.9 202 67.8 
Female 221 39.6 125 48.1 96 32.2 

Annual household income       
Under $25,000 49 8.8 32 12.3 17 5.7 
$25,000–$39,999 82 14,7 52 20.0 30 10.1 
$40,000–$54,999 90 16.1 44 16.9 46 15.4 
$55,000–$69,999 117 21.0 48 18.5 69 23.2 
$70,000–$84,999 95 17.0 23 8.8 72 24.2 
$85,000–$99,999 51 9.1 16 6.2 35 11.7 
$100,000–$149,999 45 8.1 24 9.2 21 7.0 
$150,000 or over 29 5.2 21 8.1 8 2.7 

Marital status       
Single 204 36.6 126 48.5 78 26.2 
Married 345 61.8 129 49.6 216 72.5 
Other 9 1.6 5 1.9 4 1.3 

Level of education       
Lower than a high school 
diploma 

2 0.4 2 0.8 0 0 

High school diploma 31 5.6 18 6.9 13 4.4 
Some college courses but 
no degree 

52 9.3 29 11.2 23 7.7 

Associate's degree 54 9.7 25 9.6 28 9.7 
Bachelor's degree 332 59.5 133 51.2 199 66.8 
Graduate degree 87 15.6 53 20.4 34 11.4 

Race       
African American/Black 58 10.4 24 9.2 34 11.4 
Asian 95 17.0 47 18.1 48 16.1 
Hispanic 30 5.4 12 4.6 18 6.0 
Caucasian/White 371 66.5 177 66.1 194 65.1 
Other 4 0.7 0 0 4 1.3 

Frequency of travel before 
COVID-19 (per year) 

4.81  4.74  4.87   
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Table 2 indicates that the proposed measurement model adequately 
suited the data (χ2 = 423.604, df = 174, χ2/df = 2.435, p < 0.001, NFI =
0.956, IFI = 0.974, CFI = 0.974, TLI = 0.968, RMSEA = 0.051) (Byrne, 
2001). All factors loaded on their anticipated domains were calculated 
above the cutoff point of 0.6. All were significant at p < 0.001, which 
confirms the construct validity of the multi-item scales. Cronbach's 
alpha values greater than or equal to 0.688 for each construct confirmed 
their reliability. 

The study re-examined the discriminant validity of the TRIRISK 
model through chi-square difference tests (Table 3). In congruence with 
the findings in the literature (Ferrer et al., 2016; Ferrer et al., 2018), the 
TRIRISK model demonstrated a better fit than the one- and two-factor 
standards. The finding provided evidence for the legitimacy of the 
tripartite framework of risk perceptions about COVID-19. 

Table 4 indicates that the average variance extracted (AVE) value for 
each construct was higher than the adequacy criterion of 0.5, which 
confirms the convergent validity of the measurement model (Fornell & 

Larcker, 1981; Hair, Anderson, Tatham, & Black, 1998). The composite 
reliability coefficients for each construct exceeded the criterion of 0.6, 
which further confirmed the convergent validity and internal consis-
tency of the constructs. The correlations between components were less 
than the established threshold of 0.85, thus supporting discriminant 
validity. In addition, the AVE values were higher than the squared 
correlations between the corresponding constructs, which indicated 
discriminant validity. 

4.3. Structural equation modeling (SEM) 

Invariance tests for the measurement and structural models were 
conducted using data for 2020 (N = 260) and 2021 (N = 298). The 
difference in chi-square between the non-restricted and full-metric 
invariance models was significant (χ2 = 23.587, df = 9, p = 0.005), 
thereby indicating a difference in the structural models between 2020 
and 2021 samples (Anderson & Gerbing, 1988). The structural model for 

Table 2 
Confirmatory factor analysis of the TRIRISK model: Scale items and factor loadings.  

Constructs and scale items Total July 2020 March 2021 

Standardized 
loading 

Cronbach's 
alpha 

Standardized 
loading 

Cronbach's 
alpha 

Standardized 
loading 

Cronbach's 
alpha 

Deliberative riska  0.869  0.818  0.884  
1. I am likely to contract COVID-19 in the future. 0.853  0.814  0.858   
2. Given my usual lifestyle, it does seem possible that I could 

contract COVID-19. 
0.703  0.626  0.745   

3. From a doctor's point of view, I realize that my usual conduct 
places me at risk of contracting COVID-19. 

0.748  0.621  0.799   

4. I believe there is a substantial possibility of me contracting 
COVID-19 in the future. 

0.852  0.839  0.844  

Affective risk a  0.953  0.961  0.945  
1. I feel very worried about being infected with COVID-19 in the 

future. 
0.899  0.918  0.880   

2. I feel very fearful about being infected with COVID-19 in the 
future. 

0.890  0.916  0.874   

3. I am very nervous about being infected with COVID-19 in the 
future. 

0.882  0.901  0.860   

4. I feel very fearful when I think about COVID-19. 0.872  0.888  0.857   
5. I feel very worried when I think about COVID-19. 0.874  0.888  0.862   
6. I feel very anxious when I think about COVID-19. 0.853  0.874  0.828  
Experiential risk a  0.879  0.878  0.877  
1. I am concerned about contracting COVID-19 in the future. 0.863  0.882  0.846   
2. It is easy for me to imagine myself being infected with COVID- 

19 in the future. 
0.717  0.679  0.737   

3. I feel very vulnerable to the COVID-19 virus. 0.831  0.845  0.819   
4. When I hear about someone being infected by COVID-19, my 

first reaction is that “that could be me someday.” 
0.794  0.784  0.797  

Medical severity b  0.830  0.862  0.798  
1. In your opinion, how serious would the physical condition (e. 

g., symptoms, pain, etc.) of contracting COVID-19 be? 
0.848  0.873  0.823   

2. In your opinion, how serious would the medical circumstances 
(e.g., treatment, hospitalization, etc.) of contracting COVID-19 
be? 

0.838  0.868  0.807  

Psychosocial severity b  0.688  0.689  0.672  
1. How serious would the conditions of COVID-19 be in terms of 

your personal feelings? 
0.813  0.853  0.780   

2. How serious would the conditions of COVID-19 be in terms of 
your relationship with others? 

0.645  0.617  0.649  

Travel Avoidance intentions a  0.858  0.878  0.842  
1. I am determined to avoid tourist locations to protect myself 

from COVID-19. 
0.819  0.854  0.795   

2. I will try to stay at home to avoid contracting COVID-19. 0.772  0.786  0.763   
3. I intend to defer my travel plans so that I can avoid being 

infected with COVID-19. 
0.867  0.888  0.850  

Goodness-of-fit statistics for total model: χ2 = 423.604, df = 174, χ2/df = 2.435, p < 0.001, NFI = 0.956, IFI = 0.974, CFI = 0.974, TLI = 0.968, RMSEA = 0.051. 
Goodness-of-fit statistics for 2020 model: χ2 = 366.121, df = 174, χ2/df = 2.104, p < 0.001, NFI = 0.922, IFI = 0.958, CFI = 0.957, TLI = 0.949, RMSEA = 0.065. 
Goodness-of-fit statistics for 2021 model: χ2 

= 353.507, df = 174, χ2/df = 2.032, p < 0.001, NFI = 0.933, IFI = 0.919, CFI = 0.964, TLI = 0.957, RMSEA = 0.059. 
Notes 1: All factor loadings are significant at p < 0.001. 
Notes 3: NFI = normed fit index, IFI = incremental fit index, CFI = comparative fit index, TLI = Tucker–Lewis index, RMSEA = root mean square error of approx-
imation. 
Notes 3:aFive-point Likert-type scale (1 = strongly disagree to 5 = strongly agree); bFive-point Likert-type scale (1 = not serious to 5 = very serious). 

J.Y. Jeong et al.                                                                                                                                                                                                                                 



Tourism Management Perspectives 41 (2022) 100936

6

the 2021 sample excluded the path from medical severity to psychosocial 
severity, which was included in the original model as H7. Thus, the 
study proposed two structural models for the 2020 and 2021 samples 
and analyzed them separately using SEM. The measurement items for 
each construct were verified for both samples in Tables 2–4. Therefore, 
the same items were used for both models. 

Table 5 demonstrates that the proposed model for the data for 2020 
is a good fit (χ2 = 404.859, df = 178, χ2/df = 2.274, p < 0.001, NFI =
0.919, IFI = 0.953, CFI = 0.953, TLI = 0.944, RMSEA = 0.068) (Byrne, 
2001). The results disclosed that deliberative risk was negatively related 
to medical severity (β = − 0.329, t = − 2.162, p < 0.05). Therefore, H1 
was not supported. By contrast, experiential risk was positively related 
to medical severity (β = 1.014, t = 3.258, p < 0.01), which supported 
H3. Moreover, the study found no significant relationship between 
TRIRISK and psychosocial severity as posited in H4, H5, and H6. How-
ever, medical severity positively influenced psychosocial severity (β =

0.746, t = 7.622, p < 0.001), which supported H7. Furthermore, psy-
chosocial severity was positively associated with travel avoidance in-
tentions (β = 0.975, t = 2.567, p < 0.01); thus, H9 was supported. In 
terms of the total effects on travel avoidance intentions, the study 
concluded that perceived risks exerted a total positive impact as the 
positive effect of experiential risk on travel avoidance intentions (β =
0.521, p < 0.05) was stronger than the negative effect of deliberative risk 
on travel avoidance intentions (β = − 0.285, p < 0.05). 

In terms of data for 2021, the proposed model fits the data well (χ2 =

359.903, df = 178, χ2/df = 2.022, p < 0.001, NFI = 0.932, IFI = 0.964, 
CFI = 0.964, TLI = 0.958, RMSEA = 0.059). The results indicated that 
affective risk was negatively related to medical severity (β = − 6.613, t =
− 2.268, p < 0.05), which thereby rejected H2. In contrast, experiential 
risk was positively related to medical severity (β = 8.502, t = 2.496, p <
0.01) and provided support for H3. Similarly, affective risk was nega-
tively associated with psychosocial severity (β = − 6.181, t = − 2.203, p 

Table 3 
Discriminant validity check: Comparisons of the combined and un-combined models.   

Model fit Model fit compared to TRIRISK model 

χ2 df p CFI RMSEA χ2 df p 

One factor 991.283 183 <0.001 0.915 0.089 567.679 9 <0.001 
Two factors (A–E combined) 550.158 179 <0.001 0.961 0.061 126.554 5 <0.001 
Two factors (D–E combined) 735.159 179 <0.001 0.941 0.075 311.555 5 <0.001 
Tripartite 423.604 174 <0.001 0.974 0.051 – – – 

Notes 1: A–E combined = Affective and Experiential risk combined; D–E combined = Deliberative and Experiential risk combined. 

Table 4 
Descriptive statistics and associated measures.   

No. of items Mean (Std. dev.) AVE (1) (2) (3) (4) (5) (6) 

(1) Deliberative risk 4 3.151 (1.488) 0.586 0.787a .545c 0.557 0.382 0.441 0.089 
(2) Affective risk 6 3.378 (1.589) 0.690 0.738b 0.930 0.564 0.537 0.650 0.311 
(3) Experiential risk 4 3.358 (1.466) 0.658 0.746 0.751 0.833 0.570 0.564 0.308 
(4) Medical severity 2 3.576 (1.255) 0.679 0.618 0.733 0.755 0.809 0.613 0.368 
(5) Psychological severity 2 3.582 (1.249) 0.678 0.664 0.806 0.751 0.783 0.641 0.424 
(6) Travel avoidance intentions 3 3.973 (1.222) 0.641 0.298 0.558 0.555 0.607 0.651 0.843 

Notes 1: AVE = average variance extracted. 
Notes 2: a Composite reliabilities are plotted in bold along the diagonal; b Correlations are placed below the diagonal; c Squared correlations are placed above the 
diagonal. 

Table 5 
Standardized parameter estimates for the proposed structural models for 2020 and 2021.  

Independent variables  Dependent variables 2020 (N = 260) 2021 (N = 298) 

Coefficients (β) t-value Hypothesis Coefficients (β) t-value Hypothesis 

Deliberative risk → Medical severity − 0.329 − 2.162* H1. Not supported − 1.263 − 1.646 H1. Not supported 
Affective risk → Medical severity 0.001 0.005 H2. Not supported − 6.613 − 2.268* H2. Not supported 
Experiential risk → Medical severity 1.014 3.258** H3. Supported 8.502 2.496* H3. Supported 
Deliberative risk → Psychosocial severity − 0.153 − 1.344 H4. Not supported − 1.372 − 1.799 H4. Not supported 
Affective risk → Psychosocial severity 0.180 1.267 H5. Not supported − 6.181 − 2.203* H5. Not supported 
Experiential risk → Psychosocial severity 0.229 0.944 H6. Not supported 8.181 2.475* H6. Supported 
Medical severity → Psychosocial severity 0.746 7.622*** H7. Supported – – – 
Medical severity → Travel avoidance intentions − 0.360 − 0.938 H8. Not supported − 3.046 − 1.441 H8. Not supported 
Psychosocial severity → Travel avoidance intentions 0.975 2.567** H9. Supported 3.718 1.980* H9. Supported   

Total effect Total effect 

βDeliberative risk → Medical/Psychosocial severity → Travel avoidance intentions = − 0.285 (p = 0.040*) βDeliberative risk → Medical/Psychosocial severity → Travel avoidance intentions = − 1.187 (p = 0.061) 
βAffective risk → Medical/Psychosocial severity → Travel avoidance intentions = 0.147 (p = 0.185) βAffective risk → Medical/Psychosocial severity → Travel avoidance intentions = − 2.446 (p = 0.227) 
βExperiential risk →Medical/Psychosocial severity → Travel avoidance intentions = 0.521 (p = 0.049*) βExperiential risk →Medical/Psychosocial severity → Travel avoidance intentions = 4.178 (p = 0.127) 
R2 

Medical severity = 0.604, R2 
Medical severity = 0.802, 

R2 
Psychosocial severity = 0.986, R2 

Psychosocial severity = 0.786, 
R2 

Travel avoidance intentions = 0.397. R2 
Travel avoidance intentions = 0.650. 

Goodness-of-fit statistics: χ2 = 404.859, df = 178, χ2/df = 2.274, p < 0.001, NFI = 0.919, 
IFI = 0.953, CFI = 0.953, TLI = 0.944, RMSEA = 0.068 

Goodness-of-fit statistics: χ2 = 359.903, df = 178, χ2/df = 2.022, p < 0.001, NFI = 0.932, 
IFI = 0.964, CFI = 0.964, TLI = 0.958, RMSEA = 0.059 

Notes 1: *p < 0.05, **p < 0.01, ***p < 0.001. 
Notes 2: NFI = normed fit index, IFI = incremental fit index, CFI = comparative fit index, TLI = Tucker–Lewis index, RMSEA = root mean square error of 
approximation. 

J.Y. Jeong et al.                                                                                                                                                                                                                                 



Tourism Management Perspectives 41 (2022) 100936

7

< 0.05), whereas experiential risk was positively related to psychosocial 
severity (β = 8.181, t = 2.475, p < 0.01). Thus, H5 was rejected, whereas 
H6 was supported. Furthermore, psychosocial severity was positively 
associated with travel avoidance intentions (β = 3.718, t = 1.980, p <
0.05) and supported H9. The total effect of the positive experiential risk 
on travel avoidance intentions (β = 4.178, p = 0.127) was stronger than 
the other two negative risk perceptions, but it was insignificant at the 
0.05 level. 

In summary, perceived risks did not significantly influence travel 
avoidance intentions for 2021, although the positive effects of experi-
ential risk on the medical (β = 1.014 vs. β = 8.502 for the 2020 and 2021 
samples, respectively) and psychosocial (β = 0.229 vs. β = 8.181 for the 
2020 and 2021 samples, respectively) severities were greater than those 
for 2020. This result indicated that the influence of perceived risk on 
travel avoidance intentions was less significant for 2021 than for 2020. 
Furthermore, medical severity did not play any role in travel avoidance 
intentions during 2021. The findings implied that people in 2021 
compared to 2020 wanted to travel more despite a greater sense of the 
risk and severity of infection; specifically, medical severity no longer 
influenced travel avoidance intentions. Thus, H10 was supported. 

4.4. ANCOVA for demographic factors 

ANCOVA is an appropriate method to use when covariates are 
deemed to influence the dependent variable. Thus, the study employed 
ANCOVA to compare the perceived risk between 2020 and 2021 while 
keeping the covariates (age, gender, income, marital status, and level of 
education) constant. 

As represented in Table 6, respondents in 2021 rated all dimensions 
of TRIRISK higher than those in 2020 (p = 0.000, p = 0.047, and p =
0.014 for deliberative risk, affective risk, and experiential risk, respec-
tively). In addition, age, marital status, and education were identified as 
covariates that exerted influence on TRIRISK. 

Table 7 and Fig. 2 show the differences in TRIRISK between age 
groups as well as by period. For respondents aged less than 40 years old, 
TRIRISK measures in 2021 were significantly higher than those in 2020 
(p = 0.000, p = 0.022, and p = 0.002 for deliberative risk, affective risk, 
and experiential risk, respectively; Table 7 and Fig. 2). For respondents 
aged 40 years or older, only deliberative risk in 2021 was significantly 
higher than that in 2020 (p = 0.046). Since TRIRISK increased signifi-
cantly among the younger age group in 2021 compared to 2020, sig-
nificant differences between age groups were noted in 2021 while the 
differences were not found to be significant in 2020. 

The differences in TRIRISK according to marital status and period are 
illustrated in Table 8 and Fig. 3. For the single respondents, the study 
found no significant differences in TRIRISK between 2020 and 2021. 
However, TRIRISK measures were significantly higher in 2021 than in 
2020 among married respondents (p = 0.000, p = 0.022, and p = 0.001 
for deliberative risk, affective risk, and experiential risk, respectively). 
As a result, TRIRISK differed significantly by marital status in 2021 with 
TRIRISK increasing among married respondents in the same year. 

Lastly, Table 9 and Fig. 4 represent differences in TRIRISK by edu-
cation level and period. Respondents not in receipt of a bachelor's degree 
did not exhibit significant differences in TRIRISK between 2020 and 
2021, whereas TRIRISK measures were significantly higher in 2021 than 
in 2020 among those with a bachelor's degree or higher (p = 0.000, p =

0.002, and p = 0.000 for deliberative risk, affective risk, and experiential 
risk, respectively) (Table 9 and Fig. 4). As a result, TRIRISK differed 
significantly according to the level of education in 2021. 

5. Discussion and implications 

This study aimed to establish a comprehensive framework of the 
relationships between perceived risk, perceived severity of COVID-19, 
and travel avoidance intentions, and further identify changes in per-
ceptions of COVID-19 over time. 

5.1. Theoretical implications 

The findings of the study provide theoretical implications which are 
as follows. First, by applying the tripartite model, which was derived 
from its application in preventive medicine, to the tourism domain, this 
study developed a theoretical instrument for measuring the impact of 
the COVID-19 pandemic on travel intentions of tourists for the first time. 
The results confirmed that the proposed measurement model, which 
included three constructs of risk perception, suited the data and proved 
that the construct validity, convergent validity, and discriminant val-
idity satisfied their respective thresholds (Tables 2–4). The study con-
textually adapted an instrument that was originally designed for the 
medical investigation of the prediction of the behavior of cancer patients 
to the tourism sector to measure the participants' perceptions of the risk 
and severity of the current COVID-19 situation (Ferrer et al., 2013; 
Ferrer et al., 2016; Ferrer et al., 2018). The study provided evidence that 
the adapted instrument is valid and reliable. 

Second, this is the first attempt to identify and compare the re-
lationships between the perceived risk of contracting COVID-19, the 
severity of the medical and psychosocial consequences of the disease, 
and travel avoidance intentions between samples from 2020 and 2021 
(Table 5). Both models for the 2020 and 2021 samples illustrated the 
positive effects of experiential risk on medical severity (H32020: β =
1.014, p < 0.01; H32021: β = 8.502, p < 0.05). In the model for 2020, 
medical severity influenced psychosocial severity (H72020: β = 0.746, p 
< 0.001), so experiential risk indirectly influenced psychosocial severity 
via medical severity. However, in the model for 2021, the relationship 
between medical severity and psychosocial severity was not included in 
the structural model (H7); as a result, experiential risk directly influ-
enced psychosocial severity (H6: β = 8.181, p < 0.05) in the 2021 model. 
The findings support dual process theory, i.e., as experience and learning 
are repeated, the influence of System 1 (medical severity) on System 2 
(psychosocial severity) is reduced and eventually, the cognitive response 
through System 2 can be a direct and immediate response to the stimulus 
(Kahneman, 2011). In addition, while medical severity did not exhibit a 
significant relationship with travel avoidance intentions (H8), psycho-
social severity positively influenced travel avoidance intentions for both 
years (H9). This result is in line with the news reports that the public 
“shaming” of those who ignore social distancing policies, is more 
influential in persuading individuals to engage in protective behaviors 
than concerns about their own health are (BBC News Korea, 2020). 

Third, the finding confirmed that perceived experiential risk in-
creases travel avoidance intentions. This result concurs with that of 
Wang et al. (2020), who proposed that tourism risk perception nega-
tively influences travel intention, and the finding of Bae and Chang 

Table 6 
Results of ANCOVA of TRIRISK.  

Independent variable 2020 (N = 260) 2021 (N = 298) Diff. F-value p-Value p-Value of covariance Adj. R2 

Age Gender Income Marriage Edu. 

Deliberative risk 2.874 3.392 0.518 22.130 0.000*** 0.000*** 0.106 0.660 0.003** 0.002** 0.113 
Affective risk 3.240 3.500 0.254 3.976 0.047* 0.018* 0.534 0.444 0.035* 0.006* 0.035 
Experiential risk 3.208 3.489 0.281 6.015 0.014* 0.042* 0.960 0.221 0.010* 0.105 0.031 

Notes: *p < 0.05, **p < 0.01, ***p < 0.001. 
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Table 7 
Results of t-test of TRIRISK by year and age.   

Under 40 (N2020 year = 144, N2021 year = 206) 40 or over (N2020 year = 116, N2021 year = 92) Diff. p-Value 

Deliberative risk 
2020 2.936 (Std. = 0.849) 2.795 (Std. = 0.898) − 0.142 0.192 (t = − 1.308) 
2021 3.527 (Std. = 1.052) 3.090 (Std. = 1.52) − 0.437 0.001**(t = − 3.217) 
Diff. 0.589 0.294   
p-Value 0.000*** (t = 5.571) 0.046* (t = 2.014)    

Affective risk 
2020 3.310 (Std. = 1.087) 3.160 (Std. = 1.165) − 0.151 0.282 (t = − 1.078) 
2021 3.580 (Std. = 1.033) 3.299 (Std. = 1.155) − 0.285 0.044* (t = − 2.020) 
Diff. 0.275 0.141   
p-Value 0.022* (t = 2.297) 0.386 (t = 0.870)    

Experiential risk 
2020 3.234 (Std. = 0.948) 3.175 (Std. = 1.0243) − 0.060 0.626 (t = − 0.488) 
2021 3.580 (Std. = 1.033) 3.285 (Std. = 1.123) − 0.295 0.028* (t = − 2.214) 
Diff. 0.346 0.111   
p-Value 0.002** (t = 3.186) 0.459 (t = 0.742)   

Notes: *p < 0.05, **p < 0.01, ***p < 0.001. 

Fig. 2. TRIRISK by age for 2020 and 2021.  

Table 8 
Results of t-test of TRIRISK by year and marital status.   

Single (N2020 year = 126, N2021 year = 78) Married (N2020 year = 129, N2021 year = 216) Diff. p-Value 

Deliberative risk 
2020 year 2.792 (Std. = 0.834) 2.969 (Std. = 0.898) 0.177 0.104 (t = 1.633) 
2021 year 3.035 (Std. = 0.953) 3.544 (Std. = 1.114) 0.509 0.000***(t = 3.585) 
Diff. 0.244 0.575   
p-Value 0.056 (t = 1.918) 0.000*** (t = 5.250)    

Affective risk 
2020 3.140 (Std. = 1.187) 3.365 (Std. = 1.050) 0.224 0.111 (t = 1.598) 
2021 3.160 (Std. = 1.065) 3.647 (Std. = 1.119) 0.488 0.001** (t = 3.346) 
Diff. 0.017 0.281   
p-Value 0.920 (t = 0.101) 0.022* (t = 2.309)    

Experiential risk 
2020 3.165 (Std. = 1.072) 3.262 (Std. = 0.882) 0.097 0.432 (t = 0.788) 
2021 3.120 (Std. = 1.009) 3.642 (Std. = 1.054) 0.521 0.000*** (t = 3.780) 
Diff. − 0.043 0.381   
p-Value 0.777 (t = − 0.284) 0.001** (t = 3.444)   

Notes: *p < 0.05, **p < 0.01, ***p < 0.001. 
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(2021), who argued that experiential risk negatively influences the 
behavioral intention toward untact tourism. However, contrary to the 
expectation of the current study, the hypotheses regarding deliberative 
and affective risk were rejected, which indicated that certain paths were 
negatively related to severity instead of positive impacts (H12020, H22021 
and H52021). This outcome is ostensibly counterintuitive and puzzling. 
Nevertheless, it is partially consistent with the results reported by Ferrer 
et al. (2013), Ferrer et al. (2016), and Ferrer et al. (2018), who devel-
oped the TRIRISK model. Similarly, the authors reported that delibera-
tive risk was negatively associated with outcome severity, although they 
found that the negative relationship did not extend to affective risk. The 
authors suggested the following: 

… negative associations between deliberative risk perceptions and 
intentions are not uncommon as participants who intend to protect 
themselves against cancer may (accurately) assess their future cancer 
risk as lower …. This suggests the possibility that people may accu-
rately infer that their behavior reduces their risk of disease. (Ferrer 
et al., 2016, p. 659) 

Similar to Ferrer et al. (2016), the respondents of the present study 

did not adjust their experiential risk perceptions based on their in-
ferences of how their behavior may affect risk. 

Fourth, this is one of the first studies to identify covariates influ-
encing the perceived risk and then compare their roles in the differences 
in perceived risk between 2020 and 2021. This study has academic 
significance by suggesting that caution is needed in generalizing find-
ings regarding COVID-19 studies as the questionnaire responses may 
vary depending on the sample composition and data collection period. 
The findings indicated that the mean values of TRIRISK, in general, were 
higher among the 2021 sample than the 2020 sample (Table 6). In other 
words, individuals in the United States continue to take the risks of 
COVID-19 seriously despite the development of vaccines and the num-
ber of individuals being inoculated. Interestingly, differences in TRIRISK 
were noted according to age, marital status, and level of education for 
the 2021 sample (Tables 7, 8, and 9), while such differences were not 
observed for the 2020 sample. In particular, respondents aged less than 
40 years, married, and with higher levels of education responded to 
higher TRIRISK in 2021. The results somewhat support those of the 
existing studies; that worry is a major motivator of health-related 
behavioral changes, and it is more common in young adults than in 

Fig. 3. TRIRISK by marital status for 2020 and 2021.  

Table 9 
Results of t-test of TRIRISK by year and education level.   

Under Bachelor's degree (N2020 year = 74, N2021 year = 65) Bachelor's degree or higher (N2020 year = 186, N2021 year = 233) Diff. p-Value 

Deliberative risk 
2020 2.753 (Std. = 0.855) 2.922 (Std. = 0.877) 0.169 0.160 (t = 1.409) 
2021 2.904 (Std. = 1.081) 3.528 (Std. = 1.069) 0.624 0.000***(t = 4.125) 
Diff. 0.150 (Std. = 0.164) 0.606 (Std. = 0.095)   
p-Value 0.362 (t = 0.915) 0.000*** (t = 6.373)    

Affective risk 
2020 3.180 (Std. = 1.251) 3.268 (Std. = 1.070) 0.092 0.551 (t = 0.597) 
2021 3.160 (Std. = 1.2258) 3.590 (Std. = 1.078) 0.431 0.014* (t = 2.517) 
Diff. − 0.017 (Std. = 213) 0.322 (Std. = 0.106)   
p-Value 0.938 (t = − 0.078) 0.002** (t = 3.050)    

Experiential risk 
2020 3.334 (Std. = 1.033) 3.157 (Std. = 0.958) − 0.177 0.189 (t = − 1.316) 
2021 3.050 (Std. = 1.154) 3.610 (Std. = 1.013) 0.562 0.001** (t = 3.559) 
Diff. − 0.284 (Std. = 0.186) 0.454 (Std. = 0.097)   
p-Value 0.128 (t = − 1.533) 0.000*** (t = 4.673)   

Notes: *p < 0.05, **p < 0.01, ***p < 0.001. 
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older adults. For example, Peluso and Pichierri's study (2021) deduced 
that older individuals reported a negative sense of control and were 
consequently less able to avoid the situational environment due to the 
COVID-19 outbreak. Moreover, Barber and Kim (2021) proposed that 
older adults were less concerned about COVID-19 and exhibited fewer 
behavioral changes related to COVID-19 although mortality from 
COVID-19 in 2019 was higher among older than younger adults. In 
addition, the result is partially consistent with that of Neuburger and 
Egger (2021), who presented distinct differences in risk perception and 
travel behaviors by age and travel frequency. 

5.2. Managerial implications 

The results of this study have managerial implications. First, the 
originality of this study lies in its attempt to adapt the TRIRISK model to 
incorporate leisure and tourism through a multidisciplinary approach. 
Both study models for 2021 and 2021 explained 39.7% and 65.0% of 
variance in travel avoidance intentions, which confirmed that inte-
grating the instrument is appropriate for tourism research. Indeed, the 
measurement dimensions of perceived risk differ according to the 
literature and research fields, which may result in the fragmentation of 
academic frameworks. For example, the majority of studies on tourism 
measured risk perception in a unidimensional manner (Chien et al., 
2017; Neuburger & Egger, 2021; Wang et al., 2020), whereas other 
studies adopted a bidimensional approach (Bae & Chang, 2021) or 
multiple methods (Pennington-Gray, Schroeder, & Kaplanidou, 2011). 
The present study, however, adopted three types of risk perception from 
the medical field and verified their effectiveness in the context of 
tourism. To the best of our knowledge, the proposed instrument is the 
first designed to monitor the virus-avoidance-related intentions of po-
tential travelers. 

Defining risk using three dimensions instead of a single aspect would 
be more appropriate for risk management. Individuals whose primary 
concerns stem from perceptions of deliberative risk could be reached 
using cognitive and rational appeals, and affective risk messages could 
be emotionally directed. For individuals whose main concern is expe-
riential risk, they would likely be responsive to testimonial messages. 
Stafford, Yu, and Armoo (2002) reflected on their experiences as hote-
liers in Washington DC and disclosed that campaigns could only be 
effective when the target markets were confident about traveling again. 

That being the case, premature investment in marketing drives could be 
wasted. Thus, the travel industry should identify a favorable point at 
which the target markets become willing to receive marketing messages. 
Subsequently, such messaging and marketing strategies should be 
implemented in a timely manner, for if not, then the investments and 
efforts of the industry may be in vain. 

Second, the findings informed future tourism revitalization strategies 
by revealing the decision-making process and why potential tourists 
take measures to defend themselves against the virus. Some studies 
anticipated that perceptions of risk and assessments of the severity of 
outcomes would be reinforcing factors. That is, if the medical and/or 
psychosocial consequences associated with the virus were believed to be 
severe, concerns about the risk of contracting the virus would also 
heighten. However, the results of this study suggested that the two di-
mensions are viewed as sequential constructs instead of the reinforce-
ment of concepts. Perceptions of risk may be viewed as measures of the 
extent or likelihood of contracting the virus whereas severity measures 
the intensity or the consequences associated with contracting the virus. 
Thus, if perceptions of experiential risk are high, medical and psycho-
social severity increases, and then individuals tend to engage in pro-
tective behaviors, such as refraining from interacting with crowds, 
ensuring social distancing, and wearing masks. Engaging in these be-
haviors may lead to the inference that their precautionary behavior 
reduces the risk of contracting COVID-19. The results indicate that 
reducing the perceived risk of COVID-19 for tourists should be 
prioritized. 

Third, this study is pioneering in that it examines the change in 
perceptions of and responses to COVID-19. The two cross-sectional 
research uses of the instrument would enable the tracking of trends in 
public sentiment, which may further inform estimations about the 
possible timeframe for tourists to more likely become receptive to 
marketing efforts. Since early August of 2020, the perception of COVID- 
19 has changed substantially. The significant increase in all dimensions 
of the TRIRISK can be attributed to the number of confirmed cases from 
4.67 million in the first survey on August 5, 2020, to 28.9 million cases 
as of March 12, 2021, when the second survey was conducted in the 
United States (WHO, 2021). Thus, investigations across longer periods 
are more appropriate for the establishment of the timing and strategic 
approaches to recovery marketing. 

Finally, treating sociodemographic variables as forces moderating 

Fig. 4. TRIRISK by education level for 2020 and 2021.  
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travel avoidance intentions can inform customized marketing strategies. 
The results suggested that individuals aged more than 40 years, un-
married, and less educated experienced less risk in 2021. Therefore, 
prioritizing marketing strategies intended for these groups will be 
effective after the safety of tourists against COVID-19 in tourist desti-
nations is sufficiently verified. 

5.3. Limitations and future research 

Despite the contributions and implications of this study, it has some 
limitations. This study was conducted on a convenience sample; hence, 
its outcomes should be interpreted with caution. If the results are 
confirmed by other probability samples, more valid and reliable 
conclusion could be obtained. Moreover, this study investigated re-
spondents from the United States only. Thus, further research should 
compare the current results with those of other countries. Since per-
ceptions and behavior intentions are likely to change constantly, future 
studies should collect recent data and update the trends. 
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Appendix A. Survey questionnaire 

Please indicate the extent to which you agree or disagree with the 
statement.  

1. Questions about the perceived risk of COVID-19 (1 = strongly 
disagree, 5 = strongly agree)  

1) I am likely to contract COVID-19 in the future. 
2) Given my usual lifestyle, it does seem possible that I could con-

tract COVID-19.  
3) From a doctor's point of view, I realize that my usual conduct 

places me at risk of contracting COVID-19.  
4) I believe there is a substantial possibility of me contracting 

COVID-19 in the future.  
5) I feel very worried about being infected with COVID-19 in the 

future.  
6) I feel very fearful about being infected with COVID-19 in the 

future.  
7) I am very nervous about being infected with COVID-19 in the 

future.  
8) I feel very fearful when I think about COVID-19.  
9) I feel very worried when I think about COVID-19.  

10) I feel very anxious when I think about COVID-19.  
11) I am concerned about contracting COVID-19 in the future.  
12) It is easy for me to imagine myself being infected with COVID-19 

in the future.  
13) I feel very vulnerable to the COVID-19 virus.  
14) When I hear about someone being infected by COVID-19, my first 

reaction is that “that could be me someday.”  
2. Questions about the perceived severity of Covid-19 (1 = not 

at all serious, 5 = very serious)  
1) In your opinion, how serious would the physical condition (e.g., 

symptoms, pain, etc.) of contracting COVID-19 be?  
2) In your opinion, how serious would the medical circumstances (e. 

g., treatment, hospitalization, etc.) of contracting COVID-19 be?  

3) How serious would the conditions of COVID-19 be in terms of 
your personal feelings?  

4) How serious would the conditions of COVID-19 be in terms of 
your relationship with others?  

3. Questions about the travel avoidance intentions (1 = strongly 
disagree, 5 = strongly agree)  

1) I am determined to avoid tourist locations to protect myself from 
COVID-19.  

2) I will try to stay at home to avoid contracting COVID-19.  
3) I intend to defer my travel plans so that I can avoid being infected 

with COVID-19.  
4. Demographic questions  
1) What is your gender? 

① Male ② Female.  

2) What is your age? 

① 20–29 ② 30–39 ③ 40–49 ④ 50–59 ⑤ 60–69 ⑥ 70 or over.  

3) What is your approximate annual income before taxes? 

① Under $25,000 ② $25,000–$39,999 ③ $40,000–$54,999 ④ 
$55,000–$69,999. 

⑤ $70,000–$84,999 ⑥ $85,000–$99,999 ⑦ $100,000–$149,999 ⑧ 
Over $150,000.  

4) What is your marital status? 

① Single ② Married ③ etc.  

5) What is your final education degree? 

① Lower than a high school diploma ② High school diploma ③ 
Some college course but no degree ④ Associate's degree ⑤ Bachelor's 
degree ⑥ Graduate degree.  

6) What is your ethnic background? 

① African American/Black ② Asian ③ Hispanic ④ Caucasian/White 
⑤ Other.  

7) Which country are you a citizen of? 

① U.S. ② Other.  

8) How often did you travel on average before the COVID-19 
pandemic? ( ) times per year. 
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