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A study on sustainable air travel
behavior under the possible
remedy of risk knowledge: A
mediating perspective of risk
perception during COVID-19

Warangsiri Niemtu*, Kaida Qin and Muhammad Toseef

Faculty of Management and Economics, Kunming University of Science and Technology, Kunming,
China

The aviation industry is the center of gravity for tourism-dependent countries
seeking to uplift their economic activities. The COVID-19 pandemic in the
early part of 2020 threatened people and the air industry to the maximum
extent. This paper investigated the sustainable air travel behavior of passengers
under the risk knowledge path. The mediating role of risk perception, i.e.,
physical risk, psychological risk, and service quality, was also tested for the
risk knowledge-air travel behavior association. We surveyed 339 travelers at
six airports in Thailand from January to June 2021 to record their responses.
We applied covariance—variance-based structural equation modeling (CB-
SEM), and the study results revealed a direct effect of risk knowledge with
an indirect impact via risk perception paths on air travel behavior. This paper
highlights knowledge as a remedial response to the perceptual makeup of air
services sustainability. The study has solid managerial implications for aviation
management in the design of ideal pathways for retaining air services during
the current public emergency of COVID-19.

sustainable air-traveling behavior, physical risk, psychological risk, risk knowledge,
service quality

Introduction

During the COVID-19 pandemic, passenger’s travel behavior shifted significantly.
Aviation management calls for the perceptual positioning of passengers as a remedial
tool for sustained travel demand (Song and Choi, 2021). The enduring damage
continues to rise in tourism, transportation, catering, entertainment, and retail due
to COVID-19. People perceive the current pandemic in terms of physical threat,
employment loss, home-to-home disease transmission, suffering, and death (IATA
International Air Transport Association, 2019; Zhu and Deng, 2020). In the initial
3-month phase, the aviation industry bore 70 to 95% decline in passenger demand
with passenger traffic disruptions (Conway III et al., 2020; Spitzmuller et al., 2020).
On the other hand, the aviation industry has experienced the decades of steady
growth, even during the 9/11 terrorist attacks of 2001 and the global economic crisis
of 2008. The aviation industry has maintained a consistent annual growth rate of
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up to 4.5% (Shepardson et al, 2020). Historically, HIN1
and severe acute respiratory syndrome (SARS) diseases have
impacted air travel’s domestic and global stature, which is also
the current case of the public emergency during COVID-19. The
outbreak of the new coronavirus at the start of 2020 isolated all
of China, not only from people but also from industry (Whitely
et al., 2020). COVID-19 exerted immense pressure on various
industries in China and around the world as the outbreak spread.

As a neighboring country, Thailand also came into contact
with COVID-19 in January 2020. Thousands of travelers use
Thai airports to return home, which gave rise to the virus in
the country. The report of Adrienne et al. (2020) elaborated
that outbreak of the pandemic dramatically declined air traffic
in Thailand, and the passenger volume and aircraft movement
decreased by 55.78 and 67.39%, respectively (refer to Figure 1).

Scholars such as Bellizzi et al. (2019) argue that risk
perception is a pathway to judgmental uncertainty in the
tourism market. Moreover, people’s preferences and behaviors
are influenced by their contact with public health emergencies
in the consideration of perceived risk. The prior work of Airport
of Thailand PLC. (2020) and Aircraft Traffic Report (2020)
reported consumption behavior in tourism and identified the
contribution of perceived risk in comparison with perceived
value. Moreover, the pull-push theory of Li (2008) and
Zhao (2012) argued that traveling needs and purposes stem
from the primary motive of people’s willingness to travel.
The work of Roehl and Fesenmaier (1992) incorporates
quality service as the only possible tool to fill people’s
travel needs by adapting to the precausal global health
machinery. Moreover, they argue that quality of service captures
consumption trust and behavioral intention with regard to
service offers.

Few ongoing studies have highlighted air transportation as
a path of virus spread, and countries across the world have
implemented policies to halt air service (Mitchell and Vassos,
1998; Zhang et al., 2018; Shah et al., 2020). Thus, there is a
need to investigate a realistic path model to manage the aviation
industry during the postpandemic period in a tourism-sustained
country. In this regard, working aviation-machinery executives
are mapping passenger awareness as a viable path to overcome
the existing challenges in commercial aviation and as a new
and distinctive approach based on physical and psychological
safety (Conway IIT et al., 2020). This paper is based on three
novel points (Durande-Moreau and Usunier, 1999). First, travel
knowledge is critical for behavioral preferences during the
pandemic at the destination point in addition to the knowledge
of pneumonia (Durande-Moreau and Usunier, 1999; Zhu and
Deng, 2020), usefulness, timing, and facilities. Second, airline’s
perceptions of service quality hold the behavioral key to travel,
willingness to use resources, and intention to fly during COVID-
19. Third, the theory of knowledge-attitude-behavior (KAB) is
chosen to establish a constructive path between risk knowledge
and the behavioral intention of air travel via risk perception.
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Literature review

COVID-19 is a recent issue of concern for airlines to address
and around which to establish policy for the sustainability
of air services management. Prior studies have been confined
to foreseeing passengers’ behavioral changes, risk knowledge,
physical and social servicescapes, satisfaction in connection
to sustainable airport image, and travel behavior (Conway
III et al., 2020; Shah et al, 2020; Song and Choi, 2021). In
association with COVID-19, aviation management must take
precautions to stimulate and sustain air service as the only
option for transportation management under the World Health
Organization (WHO) guidelines. This article used a deductive
method to examine air travel behavior by consolidating service
quality and travel knowledge in a conceptual model.

Individual perception is the central factor of risk psychology,
which focuses on humans’ information processing capacity as
they develop social awareness and responsiveness to risk.

Behavioral intention

The study of Molinari et al. (2008) elaborated upon the
conceptual position of behavioral intention as the potential
future actions of individuals to forecast human behavior.
Zeithaml et al. (1996) considered five dimensions of behavioral
sustainability: willingness to pay, internal and external responses
to problems, switch, and traveler loyalty. A study on consumer’s
behavior reported that customer retention and potential
buying services reflect repurchase intention. Furthermore,
customer’s satisfaction consolidates the aviation industry’s
positivity, feedback, and reuse of services. In the context of
the service sector, researchers have adopted tridimensional
measures proposed by Park and Ryu (2019), that is, willingness
to pay, intention to reuse airports for investigating behavioral
intention (Cameron and James, 1987; Hanemann, 1991; Cronin
Jr and Taylor, 1992), and subsequent hypotheses in the
pandemic context. In this study, KAB theory was adopted to
develop a risk knowledge-risk perception-behavioral intention
association. The KAB model establishes a continuous process of
acquiring knowledge, generating beliefs, and forming behavior
(Zhao, 2012). Other models, such as the theory of planned
behavior (TPB), emphasize subjective norms and sustainable
behavior in connection with knowledge, attitudes, and behavior
in the external knowledge domain of consumer behavior. The
KAB model has wide application in prior education studies,
public health, clinical medicine, and other social aspects. A
partial mediation effect of attitude was found by Zhang et al.
(2012), and a direct positive association of knowledge, attitude,
and behavior was verified along with an indirect association of
knowledge in a hypertension study by Zeng et al. (2017).
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FIGURE 1

Comparative position of aircraft movement and passenger volume 2019-2020.

Hypothesis development

The immediate consensus of the aviation industry is that
a full recovery is required to allow for the development of
optimistic guidelines for airlines (Fasanelli et al., 2020; Miller
et al., 2020; Taylor et al., 2020; Unnikrishnan, 2020). Travel
industry documents, crises, and cultural and functional
risks are undermining sustainable traveler perception.
Furthermore, it has been argued that social, physiological,
psychological, time, satisfaction, capital, and security risks
affect travel perceptions in the service sector over a sustained
period of time (Harrison-Walker, 2001; Joffe, 2003; Floyd
et al., 2004). With the COVID-19 pandemic, airlines have
engaged directly with their customers, most often via
email, to reassure passengers about the safety steps they
are taking such as rigorous cleaning, disinfecting, and social
distancing processes. Passengers who seek to enhance their
lives through tourism develop travel habits characterized by
a desire to seek adventure; however, such tourism habits are
also associated with risk reduction attitudes that have an
impact on tourism behaviors (Mo et al, 2002; Wang et al,
2019).

Risk perception can be as the subjective judgments of
consumers regarding tourism, safety information, crisis events,
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and shortcomings related to travel (Moutinho, 1987; Mowen and
Minor, 1988; Cater, 2006), meaning that the developments of
knowledge proceed subjective norms and reach the behavioral
destination of humans. As long as the people came in to
contact with the situational awareness, they will shift toward the
acceptance of personal decisions.

Risk perception has been reported to be associated with
health risks, social behavior, psychological attitudes, satisfaction,
risk knowledge, and behavioral intention (Zhu et al., 1988;
Chai et al, 2011; Chen and Zhu, 2015; Guo et al., 2015;
Liu, 2019). Studies have reported that the linkage of risk
perception with service quality has a great impact on
customers’ judgments and evaluations of organizational services
in terms of empathy, responsiveness, reliability, and tangibility
(Zeithaml, 1988; Bateson and Hoffman, 2002). Second, the
study hypothesized the relationship that explained that the
information regarding the uncertainty cause perceptual build
that is physical, psychological, and service concerns of the
travelers in the presence of ground reality called COVID-
19. People search for the physical and psychological damages
along with service adjustments made by the airliners. As
long as the knowledge contributes, the perceptual stability
can be secured and the aviation industry moves back to the
service retention.
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The literature and theories reflect the inclination of
perceptual risk toward intention development. Here, the
behavioral intention stems from the human perception, i.e., how
physical, psychological, and service domains are critical to mold
the human behaviors.

Prior studies have identified a connection between service
quality and behavioral intention (Cho and Hu, 2009; Alrubaiee
and Alkaa’ida, 2011; Shah et al,, 2020). The study supposition
supported by the previous work explained the mediating path.
The hypotheses explained that physical risk is causing the
association of knowledge toward traveling behavior. The role of
knowledge which the people of Thailand been guaranteed by
the social and official sources to make decision steps to travel.
Therefore, psychological risk is the central point of concern
in the current emergency. The psychological ground connects
behavioral intention by the sources of situational knowledge that
is isolation or precautions to travel. Service quality is the only
practical tool in all walks of life to continue the services for the
aviation industry, which ask for the awareness, understanding
required by the airlines to reach mental state of decisions
to move. The conceptual framework of the study positioned
variables highlights the path of reaching the behavioral intention
of the air travel behavioral intention under post COVID-19
(refer to Figure 2).

Risk knowledge and behavioral intention

The research of Zhao (2012) reported 3-D knowledge
domains, general, social, and significant, generated from outside
interaction, vast-access information, and specialized knowledge
fields. Individual tension preferences connect risk based on the
knowledge obtained by traversing the civic circle. Moreover, the
study found that information promotes risk-taking behavior.
Complete information has been found to cause people to act
rationally when they are exposed to risk whereas they will
follow risk avoidance under incomplete information (Zhang
and Cheng, 2008). Knowledge sustainability is associated with
passengers’ intention to rejoin travel, which had been limited
due to the restrictions associated with the COVID-19 pandemic.
In terms of financial loss, the distinctive positioning of the risk
mapped by Mitra et al. (1999) is directly associated with product
sustainability. Additionally, problematic and damaging product
or service characteristics impact the consumers’ perception and
increase their sense of psychological risk.

In contrast, consumer physical damage is caused by a
poor-quality service course for physical risk. Social risk refers
to probable negative comments received in the context of
family, work relations, and decision-making. Additionally, travel
behavior post-COVID-19 demands the sustained efforts of
air travel management to synchronize service utility as a
performance risk along with time consumption in decision-
making.
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The empirical findings in medical science are connected to
the spread of risk knowledge to lower perception and guide
experts’ behavior in the direction of medical care (Daniali et al.,
2015). Furthermore, perceptual risk is the commencement of
subjective belief related to the adverse behavior of catching
a disease. The cognitive components of individuals have a
stronger association with knowledge obtained through extended
work behavior during public emergencies (Glanz et al., 2008).
Consequently, another study exposed opposite findings: poor
precautionary practices among individuals were seen under
knowledge and attitudes. That study further highlighted that
work practices are continuously exposed to public risk. Under
such conditions, the work context places demand on the
individuals to manage uncertainty and obtain sustainable

human movement to sustain civic circles.

H1. Risk knowledge significantly influences behavioral
intention of air travel during the pandemic in Thailand.

Risk knowledge and risk perception

According to a study in the travel domain, the risk of health,
terror, and natural disasters necessarily requires knowledge,
awareness, and experience to attain a traveling attitude.
Similarly, in the context of international tourism, a wealth of
risk knowledge leads to a less perceptual risk position and a
reduction in human uncertainty or unfavorable outcomes with
decisive positions (Dowling and Staelin, 1994; Lepp and Gibson,
2003). The empirical work of Johnson et al. (2008) revealed that
an unawareness or zero or minimal risk stems from high-risk
perception and structures adverse consumption decisions.

Travel industry documents, crises, and cultural and
functional risks lift the constructs of sustainable traveler
perception. Another study argued that social, physiological,
psychological, time, satisfaction, capital, and security risks affect
travel perceptions in the service sector over a sustained period
(Stone and Grenhaug, 1993; Floyd and Kirby, 2001; Lou, 2004).
Additionally, service risk also requires knowledge to tackle
uncertainty by designing sustainable tourism policy. The study
of Lepp and Gibson (2003) in the international travel circle
found that rich knowledge about travel, food, and health will
operationalize and control perceived risk. Chai et al. (2011)
verified the sustained predictive power of risk knowledge for
risk perception, and Wang and Xu (2020) studied the negative
significance of risk knowledge and public perception along
with interest involvement and information saturation. Prior
work has explained that rational choices mitigate potential
risks by adopting risk sustainability while working under

unfavorable circumstances.
H2. Risk knowledge significantly influences the perceived

physical risk of sustainable air travel during the pandemic
in Thailand.
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H3. Risk knowledge significantly influences the perceived
psychological risk of sustainable air travel during the
pandemic in Thailand.

H4. Risk knowledge significantly influences the perceived
service quality of sustainable air travel during the pandemic
in Thailand.

Risk perception and behavioral intention

According to Mowen and Minor (1988), perceived risk is
the likelihood of unfavorable outcomes. People with various
personal qualities perceive varying dangers in the same mode
of transportation (Hanemann, 1991) [20]. Medical experts
believe that individuals with underlying medical problems,
such as heart disease, obesity, asthma, and diabetes, may
have an elevated risk of sickness and death from COVID-19
(Nania, 2020). Those who cannot maintain a sufficient level
of health care are unlikely to be ready to subject themselves
to the enduring danger of incurring more medical expenses.
Families with children or vulnerable members may be less
inclined to risk harming a family member due to the new
coronavirus (Lamb et al., 2020).

According to a survey, people’s willingness to travel by
air will drastically decrease, and the sustainability of travel
behavior could be a point of concern for airlines (IATA
International Air Transport Association, 2020). As a result of the
significant decrease in passenger loads post-COVID-19, airlines
are engaging directly with their customers, most often via email,
to reassure passengers about the safety steps they are taking
such as rigorous cleaning, disinfecting, and social distancing
processes (Shepardson et al., 2020).

Another study found that evaluating the quality of
services that a business offers determines customer’s trust
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in that company and sustains consumers’ behavioral
intention. An empirical study of Zeithaml et al. (1996)
established SERVQUAL, which assesses service quality along
five dimensions: tangibles, dependability, responsiveness,
assurance, and empathy. This method is intended to assess
customer’s satisfaction by measuring consumer’s expectations
and perceptions. The study utilized SERVQUAL to assess
the service quality of airlines from the perspective of foreign
passengers. Passengers regard comfortable seats and cleanliness
to be vital services that any aircraft company can provide to
obtain sustainable competitive advantages (Liou and Smith,
2007).

Furthermore, passengers place a premium on “safety-related
services” in the aviation sector. Behavioral intentions are viewed
as a consequence of service quality, influencing customer’s
behavior and, ultimately, the firm’s financial situation. The
work of Hua et al. (2010) demonstrated a direct negative link
among safety concerns, geographical damage, casualties and
damage to facilities and equipment, psychological taboo, ethical
problems, financial concerns, and tourist intention. Yingzhi
et al. (2015) investigated the adverse effects of social, political,
and cultural risk on Japanese tourist intention. The majority
of studies have concentrated on the impact of service quality
on tourist intention. Transportation convenience, tourist safety,
lodging convenience, the level of tourism information, travel
agency services, leisure time, and conforming psychology all
have been positively linked with tourism intention (Jia, 2018;
Gong and Du, 2019). The connectivity of COVID-19 influences
the sustainable behavior of passengers, which leads us to propose
the following hypotheses:

H5. Perceived physical risk significantly influences

sustainable air travel behavioral intention during the
pandemic in Thailand.
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He6. Perceived psychological risk significantly influences
sustainable air travel behavioral intention during the
pandemic in Thailand.
H7. Perceived service quality significantly influences
sustainable air travel behavioral intention during the
pandemic in Thailand.

Mediating effect of risk perception on risk
knowledge-behavioral intention

One work Bae and Chang (2021) positioned traveling
as a universal human need of modern individuals. The
health belief model (HBM) reported that the congruence of
copious risk perception lifted an individual’s health-protective
sustainable behaviors (Rosenstock, 1974). Prior studies have
widely discussed health-seeking and health-protective behaviors
and prolonged travel decisions in the context of health
emergencies reported historically, including SARS and avian flu
(Floyd and Pennington-Gray, 2004) and non-pharmaceutical
intercession for disease (Yu et al., 2012). A Korean study on
travel intention during the pandemic located citizens’ travel trust
following isolation by capturing the subjects” travel knowledge
path curtailing perceived risk (Choi et al., 2021). The binary
dimensional concept of cognitive and affective perceived risk
also affirms the susceptibility, severity, and anxiety levels related
to an individual’s exposure to risk (Sjoberg, 1998, p. 52).

Furthermore, there is strong evidence that service quality
has either a direct or indirect effect on customer’s sustainability
behavioral intentions, which is mediated through customer’s
satisfaction (Zeithaml et al., 1996). A survey of 457 medical
students concluded that health safety, for example, in the
transmission of hepatitis C, is available to individuals who
seek knowledge to control the perceptual positioning of
hepatitis C virus (HCV) and capture behavioral intention
toward medical care. In the marketing domain, the study
of Maclnnis et al. (1991) mentions that an abundance of
knowledge structure led to a decline in risk perception and
the arousal of sustainable motives toward purchasing intention.
Moreover, behavioral intention is directly associated with
product uncertainty knowledge value control (Singh and Smith,
2005; Teo et al., 2009). The empirical work of Van Fan et al.
(2021) in the Chinese service sector studied the factor of
information disclosure intention and concluded that perceived
risk is a contributor to behavioral intention through transparent
information processing.

H8. Perceived physical risk significantly mediates risk
knowledge and the behavioral intention of sustainable air
travel during the pandemic in Thailand.
H9. Perceived psychological risk significantly mediates risk
knowledge and the behavioral intention of sustainable air
travel during the pandemic in Thailand.
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TABLE 1 Statistics of air service users in the first quarter of 2021.

S.No  Thailand airports Number of % Decrease in
passengers passengers
1 Bangkok Don Mueang 1.82 —76.2%
2 Bangkok Suvarnabhumi 1.56 —87.0%
3 Chiang Mai 0.56 —74.1%
4 Phuket 0.46 —88.0%
5 Hat Yai 0.42 —46.5%
6 Nakhon Si Thammarat 0.24 —25.8%
7 Chiang Rai 0.23 —61.7%
8 Udon Thani 0.22 —59.2%
9 Ubon Ratchathani 0.19 —50.6%
10 Khon Kaen 0.18 —55.0%
11 Surat Thani 0.16 —63.0%
12 Krabi 0.14 —82.9%
13 Trang 0.08 —49.6%
14 Ko Samui 0.07 —86.7%
15 Phitsanulok 0.06 —57.2%

Airports of Thailand Public Company Limited, Department of Airports, U-Tapao Airport
Authority and Bangkok Airways Public Company Limited: Analysis by the Aviation
Economy Division.

H10. Perceived service quality significantly mediates risk
knowledge and the behavioral intention of sustainable air
travel during the pandemic in Thailand.

Methods

Population and sampling

The top six Thai airports with the most passengers in
the first quarter of 2021 are Bangkok Don Mueang, Bangkok
Suvarnabhumi, Chiang Mai, Phuket, Hat Yai, and Nakhon Si
Thammarat, which are taken as the population (N = 5.05
million) of the study (refer to Table 1). Multistage sampling
is used, starting with non-probability using Yamane (1967)
formula, and a sample (n = 399) is drawn from the population.
The travelers traveling through the airports came into contact
with the study by the online link provided at the airports
(Figure 4).

Yamane’s formula = N/14+N(e)?
Total population: N = 5,050,000
Error: e = 0.05

Sample: n = 399

Then, the stratified sampling formula is used to obtain a
proportionate sample from each study strata. The sample of
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FIGURE 4
Passengers (in millions) and % change 2011-2020.

each strata is as follows: ng = targeted population x sampling
population/total population (refer to Figure 3).

Participant willingness and privacy are assured, along with
the data separation to handle the common method bias
proposed in the study of Podsakoff et al. (2012).

The statistics for passengers at the top 15 airports in
Thailand indicate a substantial decline in the first quarter of
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2021 compared to the previous year. Bangkok Don Mueang
airport had 1.82 million travelers, a 76.2% decrease; Bangkok
Suvarnabhumi had 1.56 million, an 87.0% decrease; Chiang Mai
had 0.56 million, a 74.1% decrease; Phuket had 0.46 million,
an 88.0% decrease; and the fifth airport Chiang Rai had 0.23
million, a 61.7% decrease. The statistics for these six airports are
shown in Table 1.
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Instrument

This paper emphasizes an adopted instrument for measuring
five variables using a five-point Likert scale. The variable risk
knowledge is measured using a 10-item scale (Zhao, 2012;
Liu, 2019; Xu et al., 2019). The constructs, which include
3 items of physical risk and 4 items of psychological risk
from Han (2005) and 4 items of service quality at airports
(Hutchinson et al, 2009; Ryu et al, 2012), represent risk
perception. Moreover, a 13-item scale was used to measure the
behavioral intention of Zhao et al. (2016), Xu et al. (2019),
Rice et al. (2020) air travel considering the Thai aviation
industry. The questionnaire contained age, gender, education,
and travel frequency to obtain the demographic profile following
the variable assessment. The items were adopted from a
previously validated psychometric scale, and earlier researchers
have validated the lack of redundant items associated with the
scale used in this study.

The graph displays the progression of air services in
Thailand over 10 years. In 2011, 66.37 million people used
air services in Thailand (13.96), increasing the number of
passengers. However, in 2019-2020, passengers decreased from
143.02 to 46.46 million, and the decline rate was 1.81 to —67.38
due to COVID-19 (Aircraft Traffic Report, 2020).

Data collection and analysis

Data collection was performed for 6 months, starting in
January 2021 and covering the first quarter of that year. The
researcher adopted an online survey using Google Form as a
practical tool to approach passengers in the presence of COVID-
19 with their compulsory agreement option to be a part of this
study under research ethics. The simultaneous connectivity of
the constructs for path analysis is a central point of structured
equation modeling (SEM); in this study, analysis of moment
structures (AMOS) is used. Covariance-based SEM holds a
theory testing edge in a single complex model (Chin et al., 2003).

Findings

Table 2, which provides a demographic representation of the
participants, indicates 163 men (40.9%) and 236 women (59.1%);
67 individuals aged 21-30 years (19.0%), 31-40 years (37.6%),
41-50 years (24.8%), and 74 of them above 50 years (18.5%); 34
individuals with higher secondary education (8.5%), 216 with
a Bachelor’s degree (54.1%), and 149 with a Master’s degree
(37.3%). Furthermore, the participants’ travel frequency was also
categorized as 133 one time per year (33.3%), 73 two times per
year (18.3%), and 193 more than two times per year (48.4%).
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TABLE 2 Demographic categorization.

Item Options Sample
Gender Male 163 (40.9%)
Female 236 (59.1%)
Age 21-30 years 76 (19.0%)
31-40 years 150 (37.6%)
41-50 years 99 (24.8%)
Above 50 years 74 (18.5%)
Education Higher secondary 34 (8.5%)
Bachelors 216 (54.1%)
Masters 149 (37.3%)

133 (33.3%)
73 (18.3%)
193 (48.4%)

Travel frequency One time per year
Two times per year

More than two times per year

Confirmatory factor analysis

This section investigates the model of risk knowledge
pathways to the behavioral intention of air travel risk perception
during COVID-19 using confirmatory factor analysis (CFA).
The objective of this CFA was to verify the adequacy of items
for the factors and the number of dimensions underlying the
construct in this empirical model (Bollen, 1989). The findings
indicate that the confirmatory factor analysis (CFA) of the model
of risk knowledge pathways to the behavioral intention of air
travel risk perception during the COVID-19 model identifies five
latent variables with a total of 30 observable variables including
psychological risk perception (PSR), physical risk perception
(PR), service quality (SQ), risk knowledge (RK), and behavioral
intention (BI) (Table 6).

The analysis shows that the chi-square statistic was 173.772
(df = 145.00, Sig. = 0.052>0.05, CMIN/df. 1.198<2.0) based
on the results. The casual factors of stress resulting from the
confirmatory factor analysis show that the model fits the data
well, as evidenced by several fit statistics including a comparative
fit index (CFI) of 0.998 > 0.90, a goodness-of-fit index (GFI)
of 0.972 > 0.90, an adjusted goodness-of-fit index (AGFI)
of 0.911 > 0.80, a root mean square error of approximation
(RMSEA) of 0.022 < 0.05, a root mean square residual (RMR)
0f 0.042 < 0.08), an incremental fit index (IFI) of 0.998 > 0.90,
and a normed fit index (NFI) of 0.989 > 0.05. In summary,
the confirmatory factor analysis (CFA) of the risk knowledge
pathways model to the behavioral intention of air travel risk
perception during COVID-19 strongly suggests that each set
of items represents a single underlying construct and provides
evidence for discriminate validity or OK fit, as shown in Figure 5.

Table 3 contains the confirmatory factor analysis (CFA)
of the model of risk knowledge pathways to the behavioral
intention of air travel risk perception during COVID-19. The
results indicate that the squared multiple correlation coefficients
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FIGURE 5

Confirmatory factor analysis (CFA) of the model of risk knowledge pathways to behavioral intention of air travel risk perception during COVID-19.
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(R2) varied between 30.0 and 99.0%. The standardized factor
loadings 0.55-0.99 were more than 0.50; the conclusion
is compatible with the standardized factor loading concept
proposed by Barclay et al. (1995). The average variance extracted
(AVE) quantifies the variance captured by the indicators of
measurement error; the results ranged from 0.593 to 0.768
more than 0.50 for convergent validity, which is an acceptable
measurement (Hair et al, 2013). The discriminant validity
is the measure of each construct differentiation, verified by
the square root of AVE greater intercorrelation between the
constructs (Byrne, 2010). Here, the constructs square root
of AVE ranges from 0.770 to 0.876 (refer to Table 3) and
is well above the intercorrelation range from 0.269 to 0.735
(refer to Table 4), verifying the discriminant validity of the
study constructs. The composite reliability (CR) values for all
constructs in the model ranging from 0.888 to 0.927 were more
than 0.60, which is acceptable (Fornell and Larcker, 1981). The
reliability from Cronbach’s alpha coefficient ranged from 0.895
to 0.964, which is also more significant than 0.70 and therefore
acceptable (Cronbach et al., 1990). All the resulting variables
are acceptable values and strongly imply that each set of items
represents a single underlying construct and provides evidence
for discriminate validity or an OK fit confirmation; overall, the
data indicate an excellent fit for the testing model.
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Analysis verifies the variable of the
distribution of data

The distribution of measurements

Table 5 shows the descriptive data distribution analysis
variables of the model of risk knowledge pathways to the
behavioral intention of air travel risk perception during
COVID-19. The analysis shows 30 observable variables
including psychological risk perception (PSR), physical risk
perception (PR), service quality (SQ), risk knowledge (RK),
and behavioral intention (BI). The results show scores ranging
from 3.00 to 4.00, a minimum of 1.00, and a maximum of 5.00.
The standard deviations are all <1.5 (30% of mean); therefore,
the data are not widely dispersed from the mean scores,
which range from 3.56 to 4.24, and the standard deviation
scores, which range from 0.64 to 1.04. The variance scores
range from 0.41 to 0.95. For the measures of skewness and
kurtosis, the results show negative skewness scores ranging
from (—1.00) to (—0.02). Values for asymmetry and skewness
between —2 and +2 are considered acceptable to prove
normal univariate distribution (George and Mallery, 2010).
The kurtosis scores range from (—1.15) to 0.70, and kurtosis
is between (—7) and (+7) (Byrne, 2010). The coefficient of
variation (CV), which is a statistical measure of the dispersion
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TABLE 3 Analysis statistics of confirmatory factor analysis (CFA) of the model of risk knowledge pathways to behavioral intention of air travel risk
perception during COVID-19.

Variable Factor Error t-value R? AVE AVE CR Cronbach’s
loading variances alpha

Psychological risk perception (PSR) 0.727 0.852 0.888 0.916
PSR1 (Parameters weight) 0.82 - - 66.0%

PSR2 0.79 0.04 25.978** 63.0%

PSR3 0.94 0.06 20.506** 89.0%

Physical risk perception (PR) 0.768 0.876 0.907 0.900
PR1 (Parameters weight) 0.96 - - 92.0%

PR2 0.93 0.02 37.226%* 86.0%

PR3 0.73 0.04 20.007** 53.0%

Service quality (SQ) 0.672 0.819 0.889 0.895
SQ1 (Parameters weight) 0.92 90.0%

SQ2 0.95 0.03 33.599** 44.0%

SQ3 0.65 0.05 16.571** 85.0%

SQ4 0.72 0.05 19.121** 51.0%

Risk knowledge (RK) 0.593 0.770 0.927 0.923
RK1 (Parameters weight) 0.68 - - 46.0%

RK2 0.76 0.10 10.861** 58.0%

RK3 0.93 0.08 15.176** 87.0%

RK4 0.78 0.08 12.054** 61.0%

RK5 0.66 0.04 22.466** 43.0%

RK6 0.85 0.11 11.064** 71.0%

RK7 0.97 0.09 15.397** 94.0%

RK8 0.56 0.08 9.252*%* 31.0%

RK9 0.66 0.08 12.828** 86.0%

Behavioral intention (BI) 0.676 0.822 0.924 0.964
BI1 (Parameters weight) 0.81 - - 65.0%

BI2 0.99 0.05 26.319** 99.0%

BI3 0.88 0.06 19.409** 77.0%

BI4 0.55 0.06 12.942%* 30.0%

BI5 0.75 0.03 32.097** 56.0%

Bl6 0.93 0.05 22.798** 87.0%

BI7 0.90 0.05 20.408** 81.0%

BI8 0.57 0.06 12.945%* 32.0%

BI9 0.77 0.03 33.188** 73.0%

BI10 0.86 0.02 45.270%* 42.0%

BIl1 0.93 0.05 23.328%* 59.0%

" Significant at the 0.001 level.

of data points in a data series around the mean scores,
ranges from 15.82 to 27.43%, and the value range of 20-30%
was acceptable (Griffiths, 1967). The results show that all
variables with a normal distribution are considered acceptable
when utilizing the model of risk knowledge pathways to
the behavioral intention of air travel risk perception during
COVID-19.

Frontiersin Psychology

11

The correlations of measurements

The results revealed this part to test the correlations
measuring the determinant on the model of risk knowledge
pathways to the behavioral intention of air travel risk perception
during COVID-19. These variables were psychological risk
perception (PSR), physical risk perception (PR), service quality
(SQ), risk knowledge (RK), and behavioral intention (BI). The
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TABLE 4 Analysis correlation variable of the model of risk knowledge pathways to behavioral intention of air travel risk perception during COVID-19.

Variable Behavioral Service quality ~ Risk knowledge Physical risk  Psychological risk
intention (BI) (SQ) (RK) perception (PR)  perception (PSR)

Behavioral intention (BI) 1.000

Service quality (SQ) 0.519%* 1.000

Risk knowledge (RK) 0.425%* 0.310%* 1.000

Physical risk 0.559** 0.652** 0.348** 1.000

perception (PR)

Psychological risk perception (PSR) 0.463** 0.769** 0.269** 0.735%* 1.000

™ Significant at the 0.001 level.

analysis results show that correlation coeflicient scores ranging
from 0.269 to 0.769 <0.80 are a good positive correlation and
an acceptable measurement (Kline, 2011); the correlation is
significant at the 0.001 level. Thus, the construct validity in this
paper was ensured and did not present multicollinearity, and the
data were revealed to explain the results of Table 3.

Structural equation modeling

Structural equation modeling (SEM) has become one of
the techniques of choice for researchers across disciplines.
Therefore, this section investigates the model of risk knowledge
pathways to the behavioral intention of risk perception during
COVID-19 using the structural equation modeling (SEM)
analysis technique to test the relationships among various
constructs, as shown in Table 7 and Figure 6.

The data revealed that the structural equation modeling
(SEM) of risk knowledge pathways to the behavioral intention
of air travel risk perception during the COVID-19 pandemic
identifies five latent total variables including psychological risk
perception (PSR), physical risk perception (PR), service quality
(SQ), risk knowledge (RK), and behavioral intention (BI).
The chi-square value is the traditional measure for evaluating
overall model fit and assessing the magnitude of discrepancy
between the sample and fitted covariance matrices (Hu and
Bentler, 1999). A good model fit would provide an insignificant
result at a 0.05 threshold (Barrett, 2007). The results found
acceptable threshold levels and are consistent with the concepts
of Bollen (1989), Sorbon (1996), and Hair et al. (2010a,b,c).
The results show chi-square statistics of 221.229, df = 189.0,
Sig. = 0.054>0.05, and CMIN/df. Furthermore, the results of
the structural equation modeling analysis model risk knowledge
pathways to behavioral intention of air travel risk perception
during COVID-19 demonstrate a relatively reasonable fit of
the seven indices of the model to the data based on several fit
statistics. The details are as follows:
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(1) The comparative fit index (CFI) analyzes the disparity
between the data and the hypothesized model to determine
how well the model fits the data. The results show a CFI
of 0.998>0.90, which is consistent with the concept of
Hair et al. (2010a,b,c), and a good comparative fit index
should be more than 0.90. A CFI value of more than 0.95
is presently recognized as an indicative of a good fit (Hu
and Bentler, 1999 and Goffin, 2007).

(2) The goodness-of-fit index (GFI) measures how well the
predicted model fits the observed covariance matrix. The
results show a GFI of 0.965>0.909, which is consistent with
the concept of Mueller (1996) and Hair et al. (2010a,b,c).
The goodness-of-fit index (GFI) is a measure of fit between
the hypothesized model and the observed covariance
matrix, and a good goodness-of-fit index should be more
than 0.90 (Goffin, 2007).

(3) The adjusted goodness-of-fit index (AGFI), which is
affected by the number of indicators of each latent variable,
results showed an AGFI of 0.914 > 0.80 and between 0.80
and 0.90 and are considered a reasonable model consistent
with the concept of Joreskog and Sorbom (1989). The GFI
and AGFI range between 0 and 1, with a cutoff value of
more than 0.80, exceeding the recommended level of 0.8,
indicating acceptable fit (Zikmund, 2003) and generally
indicating acceptable model fit (Hu and Bentler, 1995;
Baumgartner and Hombur, 1996).

(4) The root mean square error of approximation (RMSEA)
mean reduces the issues of sample size by analyzing
the discrepancy between the hypothesized model, with
optimally chosen parameter estimates, and the population
covariance matrix (Hooper et al., 2008). The results showed
an RMSEA of 0.021<0.08, which suggests acceptable
threshold levels consistent with the concept of Browne
and Cudeck (1993) and Hair et al. (2006), and indicate
acceptable model fit.

(5) The root mean square residual (RMR) is the
square root of the discrepancy between the sample
covariance matrix and the model covariance matrix.
The results show an RMR of 0.040<0.08, which is
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TABLE 5 Descriptive data distribution of the variable risk knowledge pathways to behavioral intention of air travel risk perception during COVID-19.

Variable Range Min Max Mean Std. Variance  Skewness  Kurtosis
Psychological risk perception (PSR)

PSR1 3.00 2.00 5.00 4.22 0.86 0.75 —0.88 —0.03
PSR2 4.00 1.00 5.00 4.21 0.87 0.75 —0.99 0.48
PSR3 3.00 2.00 5.00 4.19 0.90 0.81 —0.87 —0.15
Physical risk perception (PR)

PR1 3.00 2.00 5.00 3.95 0.84 0.70 —0.38 —0.53
PR2 3.00 2.00 5.00 4.01 0.77 0.60 —0.18 —0.88
PR3 3.00 2.00 5.00 3.95 0.81 0.66 —0.05 —1.15
Service quality (SQ)

SQ1 3.00 2.00 5.00 4.05 0.64 0.41 —0.16 —0.16
SQ2 3.00 2.00 5.00 4.03 0.70 0.49 —0.57 0.70
SQ3 3.00 2.00 5.00 4.05 0.80 0.63 —0.60 0.00
SQ4 3.00 2.00 5.00 4.02 0.81 0.65 —0.35 —0.66
Risk knowledge (RK)

RK1 3.00 2.00 5.00 3.56 0.98 0.95 —0.02 —1.00
RK2 3.00 2.00 5.00 3.70 0.93 0.86 —0.20 —0.82
RK3 3.00 2.00 5.00 3.80 0.90 0.81 —0.20 —0.83
RK4 3.00 2.00 5.00 3.79 0.85 0.73 —0.17 —0.70
RK5 3.00 2.00 5.00 3.64 0.97 0.95 —0.08 —1.00
RK6 3.00 2.00 5.00 3.75 0.92 0.84 —-0.23 —0.79
RK7 3.00 2.00 5.00 3.82 0.89 0.80 —0.22 —0.80
RK8 3.00 2.00 5.00 3.81 0.89 0.79 —0.22 -0.79
RK9 3.00 2.00 5.00 3.79 0.96 0.93 —0.24 —0.97
Behavioral intention (BI)

BI1 4.00 1.00 5.00 4.17 0.86 0.74 —0.88 0.24
BI2 4.00 1.00 5.00 4.12 0.89 0.79 —0.67 —0.37
BI3 4.00 1.00 5.00 4.24 0.89 0.80 —1.00 0.22
Bl4 4.00 1.00 5.00 3.82 1.04 1.09 —0.54 —0.51
BI5 4.00 1.00 5.00 4.18 0.84 0.70 —0.84 0.22
Bl6 4.00 1.00 5.00 4.13 0.86 0.74 —0.58 —0.51
BI7 3.00 2.00 5.00 4.24 0.86 0.74 —0.82 —0.32
BI8 4.00 1.00 5.00 3.92 0.97 0.95 —0.55 —0.36
BI9 4.00 1.00 5.00 4.19 0.85 0.72 —0.87 0.26
BI10 3.00 2.00 5.00 421 0.82 0.66 —0.78 —0.02
BI11 3.00 2.00 5.00 417 0.85 0.72 —0.64 —0.54

consistent with the concept of Hu and Bentler (1999). The
standardized root mean square residual reduces difficulty
in interpretation and ranges from 0 to 1, with a value
of 0.05 or less being indicative of an acceptable model
(Diamantopoulos and Siguaw, 2000).

(6) The normed fit index (NFI) analyzes the discrepancy
between the chi-squared value of the hypothesized model
and the chi-squared value of the null model (Bentler and
Bonett, 1980). The results showed an NFI of 0.986>0.90,
which is an acceptable threshold level consistent with the
concept of Hair et al. (2010a,b,c). More recent suggestions
indicate that the cutoff criteria should be an NFI with the
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values of more than 0.95 for this statistic to be a good fit
(Hu and Bentler, 1999).

(7) Incremental fit indices (IFIs) are frequently utilized
when evaluating the fit of structural equation models. They
are predicated on a comparison of a target model’s fit to
a null model’s fit. The results show an IFI of 0.998>0.90,
an acceptable threshold level; values close to 1 indicate
a perfect fit consistent with the concept of Hair et al.
(2010a,b,c).

The results in the table show the structural equation

modeling analysis model, a causal model of risk knowledge
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TABLE 6 Fit indices proposed for the model of risk knowledge pathways to behavioral intention of air travel risk perception during COVID-19.

Index Criteria Result References Result
Chi - Square = 221.229 df. = 189.0

Sig. >0.05 0.054 Bollen (1989), Sorbon (1996), Hair et al. (2010a,b,c) Good fit
CMIN/df <2.0 1.171 Hair et al. (2010a,b,c), Kelloway (2015) Good fit
GFI >0.90 0.965 Browne and Cudeck (1993), Hair et al. (2010a,b,c) Good fit
AGFI >0.80 0.914 Baumgartner and Hombur (1996), Zikmund (2003) Good fit
NFI >0.90 0.986 Mueller (1996), Hu and Bentler (1999), Hair et al. (2010a,b,c) Good fit
IFI >0.90 0.998 Bentler (1990), Hair et al. (2010a,b,c) Good fit
CFI >0.90 0.998 Mueller (1996), Goffin (2007), Hair et al. (2010a,b,c) Good fit
RMR <0.08 0.040 Hu and Bentler (1999), Diamantopoulos and Siguaw (2000) Good fit
RMSEA <0.08 0.021 Hair et al. (2010a,b,c) Good fit

TABLE 7 Analysis statistics of the structural equation modeling analysis of risk knowledge pathways to behavioral intention of air travel risk

perception during COVID-19.

Variable Path Variable A S.E. t. Sig. R?

Psychological risk perception (PSR) < — Risk knowledge (RK) 0.31 0.06 6.071 0.000* 10.0%
Service quality (SQ) < Risk knowledge (RK) 0.34 0.05 6.828 0.000* 17.0%
Physical risk perception (PR) < —— Risk knowledge (RK) 0.41 0.07 8.217 0.000* 11.0%
Behavioral intention (BI) < —— Physical risk perception (PR) 0.24 0.06 4.420 0.000* 43.0%
Behavioral intention (BI) < —— Psychological risk perception (PSR) 0.17 0.07 2.726 0.006* 43.0%
Behavioral intention (BI) < —— Service quality (SQ) 0.18 0.09 2.788 0.005* 43.0%
Behavioral intention (BI) < —— Risk knowledge (RK) 0.23 0.06 5.360 0.000* 43.0%

“Significant at the 0.05 level.

pathways to the behavioral intention of air travel risk perception
during COVID-19, which strongly suggests that each set of items
represents a single underlying construct and provides evidence
for discriminate validity or an OK fit confirmation. Overall, the
data indicate an excellent fit for the testing model.

Hypothesis testing

This part studies the hypothesis testing analysis of the
structural equation modeling analysis of risk knowledge
pathways to the behavioral intention of air travel risk perception
during COVID-19; the results were analyzed as follows (Table 8).

The data revealed the hypothesis testing analysis for fit
confirmation of the model structural equation modeling (SEM)
analysis model of risk knowledge pathways to the behavioral
intention of air travel risk perception during COVID-19. It
consists of the following variables: psychological risk perception
(PSR), physical risk perception (PR), service quality (SQ),
risk knowledge (RK), and behavioral intention (BI), which
summarize the path coeflicients. The results reveal the following
about the study’s hypotheses.
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H1. Risk knowledge significantly influences behavioral
intention of air travel during the pandemic in Thailand.

The results show that risk knowledge significantly influences
the behavioral intention of air travel during the pandemic
in Thailand. They explain a regression weight estimate of
standardized coefficients 0.23, a standard error of ~0.06, a ¢-
value of 5.360, and a Sig. 0.000 < 0.05. The risk knowledge
influence to change the behavioral intention of the model
was able to explain the influence to change at a rate of
43.0%; hence, H1 is supported. Risk knowledge significantly
influenced the behavioral intention of air travel during the
pandemic in Thailand, which was significant at or below the
0.05 level.

H2. Risk knowledge significantly influences the perceived
physical risk of air travel during the pandemic in Thailand.

The results show that risk knowledge significantly influences
the physical risk perception of air travel during the pandemic
in Thailand. They explain a regression weight estimate of
standardized coefficients of 0.41, a standard error of ~0.07, a
t-value of 6.828, and a Sig. 0.000 < 0.05. The risk knowledge
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TABLE 8 Summary hypothesis testing analysis of risk knowledge pathways to behavioral intention of air travel risk perception during COVID-19.

Hypotheses Effect Result Coeflicients R?

H1 Risk knowledge significantly influences behavioral intention Direct Supported 0.23 43.0%
of air travel

H2 Risk knowledge significantly influences perceived physical Direct Supported 0.41 11.0%
risk of air travel

H3 Risk knowledge significantly influences perceived Direct Supported 0.31 10.0%
psychological risk of air travel

H4 Risk knowledge significantly influences perceived service Direct Supported 0.34 17.0%
quality of air travel

H5 Perceived physical risk significantly influences behavioral Direct Supported 0.24 43.0%
intention of air travel

H6 Perceived psychological risk significantly influences Direct Supported 0.17 43.0%
behavioral intention of air travel

H7 Perceived service quality significantly influences behavioral Direct Supported 0.18 43.0%
intention of air travel

H8 Perceived physical risk significantly mediates risk knowledge Indirect Supported 0.05 43.0%
and behavioral intention of air travel

H9 Perceived psychological risk significantly mediates risk Indirect Supported 0.10 43.0%
knowledge and behavioral intention of air travel

H10 Perceived service quality significantly mediates risk Indirect Supported 0.06 43.0%

knowledge and behavioral intention of air travel

“Significant at the 0.05 level.

influence to change the physical risk perception of the model
was able to explain the influence to change at a rate of
11.0%; hence, H2 is supported. Risk knowledge significantly
influenced the physical risk perception of air travel during the
pandemic in Thailand, which was significant at or below the
0.05 level.

H3. Risk knowledge significantly influences the perceived
psychological risk of air travel during the pandemic
in Thailand.

The results show that risk knowledge significantly influences
the perceived psychological risk of air travel during the
pandemic in Thailand. They explain a regression weight estimate
of standardized coefficients of 0.31, a standard error of ~0.06, a
t-value of 6.071, and a Sig. 0.000 < 0.05. The risk knowledge
influence to change the perceived psychological risk of the
model was able to explain the influence to change at a rate
of 10.0%; hence, H3 is supported. Risk knowledge significantly
influenced the perceived psychological risk of air travel during
the pandemic in Thailand, which was significant at or below the
0.05 level.

H4. Risk knowledge significantly influences the perceived

service quality of air travel during the pandemic
in Thailand.
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The results show that risk knowledge significantly
influenced the perceived service quality of air travel during
the pandemic in Thailand. They explain a regression
weight estimate of standardized coefficients of 0.34, a
standard error of ~0.05, a t-value of 6.828, and a Sig.
0.000 < 0.05. The risk knowledge influence to change
the perceived service quality of the model was able to
explain the influence to change at a rate of 17.0%; hence,
H4 is supported. Risk knowledge significantly influenced
the perceived service quality of air travel during the
pandemic in Thailand, which was significant at or below the
0.05 level.

H5. Perceived physical risk significantly influences the
behavioral intention of air travel during the pandemic
in Thailand.

The results show that perceived physical risk significantly
influenced the behavioral intention of air travel during the
pandemic in Thailand. They explain a regression weight
estimate of standardized coefficients of 0.24, a standard
error of ~0.06, a t-value of 4.420, and a Sig. 0.000 <
0.05. The perceived physical risk influence to change the
behavioral intention of the model was able to explain
the influence to change at a rate of 43.0%; hence, H5
is

supported. The perceived physical risk significantly
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influenced the behavioral intention of air travel during the
pandemic in Thailand, which was significant at or below the
0.05 level.

He6. Perceived psychological risk significantly influences
the behavioral intention of air travel during the pandemic
in Thailand.

The results show that perceived psychological risk
significantly influenced the behavioral intention of air
travel during the pandemic in Thailand. They explain a
regression weight estimate of standardized coefficients of
0.17, a standard error of ~0.07, a t-value 2.726, and Sig.
0.006 < 0.05. The perceived psychological risk influence to
change the behavioral intention of the model was able to
explain the influence to change at a rate of 43.0%; hence, H6
is supported. The perceived psychological risk significantly
influenced the behavioral intention of air travel during the
pandemic in Thailand, which was significant at or below the
0.05 level.

H7. Perceived service quality significantly influences the
behavioral intention of air travel during the pandemic
in Thailand.

The results show that perceived service quality significantly
influenced the behavioral intention of air travel during the
pandemic in Thailand. They explain a regression weight estimate
of standardized coefficients of 0.18, a standard error of ~0.09,
a t-value of 2.788, and a Sig. 0.005 < 0.05. The perceived
service quality influence to change the behavioral intention of
the model was able to explain the influence to change at a rate
of 43.0%; hence, H7 is supported. The perceived service quality
significantly influenced the behavioral intention of air travel
during the pandemic in Thailand, which was significant at or
below the 0.05 level.

H8. Perceived physical risk significantly mediates risk
knowledge and behavioral intention of air travel during the
pandemic in Thailand.

The results show that perceived physical risk significantly
mediates risk knowledge and the behavioral intention of air
travel during the pandemic in Thailand. They explain a
regression weight estimate of risk knowledge to perceived
physical risk coefficients of 0.41 and perceived physical risk to
behavioral intention coefficients of 0.24. The risk knowledge to
behavioral intention direct path coefficient was 0.31, and the
indirect path coefficient was 0.10 (0.41 x 0.24). Hence, H8 is
supported; the perceived physical risk significantly mediated
risk knowledge and behavioral intention of air travel during the
pandemic in Thailand, which was significant at or below the
0.05 level (Preacher et al., 2007).
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H9. Perceived psychological risk significantly mediates risk
knowledge and behavioral intention of air travel during the
pandemic in Thailand.

The
significantly ~mediates

results show that perceived psychological risk

risk knowledge and behavioral
intention of air travel during the pandemic in Thailand.
They explain a regression weight estimate of risk knowledge
to perceived psychological risk coefficients of 0.31 and
perceived psychological risk to behavioral intention coeflicients
of 0.17, and the risk knowledge to behavioral intention
direct path coefficient was 0.31 along with the indirect path
coefficient 0.052 (0.31 x 0.17). Hence, H9 is supported;
the perceived psychological risk significantly mediated risk
knowledge and behavioral intention of air travel during the
pandemic in Thailand, which was significant at or below the
0.05 level.

H10. Perceived service quality significantly mediates risk
knowledge and behavioral intention of air travel during the
pandemic in Thailand.

The results show that perceived service quality significantly
mediates risk knowledge and behavioral intention of air travel
during the pandemic in Thailand. They explain a regression
weight estimate of risk knowledge to perceived service quality
of coeflicients of 0.34 and perceived service quality to behavioral
intention of coeflicients of 0.18. The risk knowledge to
behavioral intention direct path coefficient was 0.31 along with
indirect path coefficients of 0.061 (0.34 x 0.18). Hence, H10 is
supported; the perceived service quality significantly mediated
risk knowledge and behavioral intention of air travel during the
pandemic in Thailand, which was significant at or below the
0.05 level.

Discussion and conclusion

Discussion

The result of structural equation modeling (SEM) analysis
models shows risk knowledge pathways to the behavioral
intention of air travel of risk perception during COVID-
19. The research found that the risk knowledge significantly
influences the behavioral intention of air travel during the
pandemic in Thailand, with a coefficient value of 0.23. The
result is consistent with research, and Lepp and Gibson (2003)
found that rich knowledge about travel, food, and health will
operationally control perceived risk in the international travel
circle. Additionally, the risk knowledge significantly influences
the physical risk perception of air travel during the pandemic
in Thailand, with a coefficient value of 0.41, and the results
of the study based on the research by Wang and Xu (2020)
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found the significance of risk knowledge and public perception
along with interest involvement and information saturation. In
addition, the result found that the risk knowledge significantly
influences the perceived psychological risk of air travel during
the pandemic in Thailand, with a coefficient value of 0.31, and
the risk knowledge significantly influences the perceived service
quality of air travel during the pandemic in Thailand, with a
coeflicient value of 0.34. The result is consistent with the research
by Stone and Grenhaug (1993) and Lou (2004) show that the
travel industry documents, crises, and cultural and functional
risks lift the constructs of sustainable traveler perception.

This study aimed to understand the sustainable air travel
behavioral intentions in the context of the Thai aviation industry
to determine how pandemics alter behavioral makeup. First,
the empirical results mapped a significantly positive association
between risk knowledge and behavioral intention to sustainable
travel decisions. The prismatic mental foundation of the
travelers folded under uncertainty, where the dissemination of
knowledge drives behavioral development. Moreover, the social
connectivity flow is at the stake, which asks the information
source to be the center of gravity to survive and return to life on
real grounds. The knowledge flow draws a line between favorable
and unfavorable situations such as COVID-19, and knowledge
excels as an optimistic way to travel for work or visit areas away
from home via a physical journey (Temme et al., 2006; Daniali
et al,, 2015; Zhu and Deng, 2020).

Second, this work elucidates the significant contribution of
risk knowledge to risk perception, with a more specific positive
impact on physical, psychological, and service quality attributes
to overcome the fear and arousal of integrative capacity
in humans under challenging circumstances, which was also
highlighted by Chai et al. (2011). Moreover, the sustainability of
travelers’ perceptions impacts the travel industry with regard to
design knowledge fit. This situational knowledge demonstrates
how to neutralize risk and promulgate countermeasures to
deal with negative physical and psychological impacts. The
aviation industry also reshapes its operations in accordance with
preventive measures under the guidance of the WHO.

Third, according to Liou and Tzeng (2007) and Glanz
et al. (2008), the path coefficients indicate a significant impact
of psychological and physical risk perception on behavioral
intention, and Chen (2008) supported a significant impact of
service quality reported by the study. Here, the behavioral
structures of the travelers explain the positivity of perception
in terms of physical and psychological domains. Therefore,
the reshaping human intention is possible in pandemics that
are also historically reported to be accompanied by natural
and economic disasters. People have returned to normal life
behaviors in similar situations of life-threatening dangers such
as SARS 2002 and the Ebola virus 2013-2016. Furthermore,
positivity of perception under pandemic along with reliable
quality service helps travelers to move toward their destination,
supporting the claim of Shah et al. (2002).
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Finally, empirical evidence showcases the reasoning that risk
perception obtains the feasibility of travel willingness. This is
the path highlighted by the work of Zeng et al. (2012), which
explains the connectivity of knowledge to perceptual buildup
contributing to behavioral development. Human psychology is
proven critical in this study for curing the central point of recent
discussion that is COVID-19. As long as humans hold strong
norms to fight against this unforeseen enemy, every economic
indicator will be back on track and contribute to sustainable
development. Physical risk perception is also proven to connect
risk knowledge and sustainable travel behavior, which is the
ultimate damage of the disease. This might explain how people
consider this fact; however, the neutralization of perception is
key to safeguarding the behavioral path. International airlines
reshaped their services to retain customers by adapting to the
pandemic to stay operational. Here, many human intentions and
work standards of the aviation industry in Thai circles play a
connecting role in people’s chain of safety to sustain traveling
habits during pandemics. Ranking the mediating effect of the
variables, physical risk had the highest significantly negative
effect, followed by service quality with a positive significant effect
and psychological risk with a minor negatively significant effect
on the relationship of knowledge risk and travelers’ behavioral
intention. The overall testing of the theoretical base, knowledge,
attitude, and behavior (KAB) theory was tested, and the study
asserts that behavioral changes under the existence of knowledge
are the foundation of the human behavioral makeup.

Conclusion

This research is based on a deductive approach to an
intact theoretical model with empirical evidence to examine
the connectivity of risk knowledge reasoning and perception
of risk in the behavioral intentions of travelers in Thailand.
A survey is conducted by incorporating 399 respondents
who travel through renowned airports using a variance-based
SEM technique to generate empirical evidence to test the
hypothesized relationship. The statistical analysis of this work
suggests the predictive power of risk knowledge in sustainable
travel behavior using aviation services. Second, the findings
reveal a significant contribution of risk perception constructs,
i.e., psychological, physical, and quality of service, to intention
development during travel inside and outside Thailand.
Finally, the empirical evidence promulgates the mediating
connectivity of risk knowledge and behavioral intention via
risk perception. Overall, the study explains that pneumonia
and travel knowledge are the critical tools that will sustain
cognitive makeup to facilitate an understanding of pandemics
while continuing the life cycle with perceptual balance,
resulting in people’s willingness to travel under controlled
working circumstances.
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Implications and limitations

The recent era of isolation modified positions on human
safety and business survival. The current pandemic has shifted
overall human conduct with the impacts on factors such as social
connectivity, business demeanor, and travel. In the literature,
various studies highlight the prevalence of pandemics along
with causes and consequences in the academic and business
research. Perceptual studies are limited in number that address
the range of disasters that have been experienced in the recent
past. Prior studies have analyzed the economic, civic, health, and
educational impacts of pandemics across the globe. Considering
the perception of the pandemic crisis, an impact mechanism
of crisis knowledge on travelers’ behavioral intention via the
perception of risk was presented.

The academic side of the research has many implications.
First, this study contributes to the field of service management
by designing an impact mechanism of risk knowledge
guiding service consumption behavior. Second, the study
accumulated travel and pneumonia knowledge leading to
behavioral intention, and previous pneumonia and tourism
knowledge during COVID-19 are being investigated in the
Chinese context. Third, the mediating factors are considered
in this empirical work to highlight the reasoning path
from risk knowledge to travel behavior via physical risk,
psychological risk, and service quality. The empirical findings
serve as a stepping stone by demonstrating the conceptual
means of constructing knowledge in uncertain circumstances
across the country. Finally, this research elaborates the
underpinning behavioral components of intention, willingness,
and recommendations for travel across the country given the
prevalence of COVID-19.

The empirical findings of the study promulgated the
personification of risk knowledge on behavioral makeup in
the Thai aviation industry. Aviation industry management can
add information to sustain travel and pandemic knowledge.
This information channel will disseminate preventive measures
of epidemics during travel. The perceptual development of
travelers can be captured by mapping the lack of knowledge
in the aviation industry by cultivating knowledge about
uncertainty. This study provides critical insight for the aviation
industry to redesign operation manuals in the consideration
of external factors, and adaptive measures are required with
the spread of the pandemic. A perceptual shift is what the
Thai aviation industry needs to achieve sustainable local
and international tourism, which could be made possible by
channeling knowledge regarding viral disease, travel, physical,
and psychological uncertainty, which demand a service quality
shift and leading traveler behavior.

This paper makes a significant contribution to the
sustainable travel behavior of passengers during prolonged
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uncertain traveling situations during COVID-19. Limitations
include the study’s findings being limited to six airports.
Second, the limited sample of the paper could be extended
in the future studies to obtain broader generalizing power to
the population. Third, the paper’s cross-sectional data can be
shifted to longitudinal data for more in-depth analysis. Next,
organizational cultural typologies are critical beliefs that can be
included in the study model’s moderation capacity to broaden
future implications.
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