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Highlights

e The present study identifies important independent factors underpinning the
motivations to use drones for last-mile delivery.

e The moderating role of delivery risk is further investigated.

e Study is underpinned by the social cognitive theory and the model of goal-directed
behavior.

e The findings emanating from this study hold important implications for research on
commercial drones and managerial practice.

Abstract

Uncrewed Aerial Vehicle (UAV), commonly known as a drone, has become popular in
military and recreational circles. Although their usage in commerce is relatively low, a
continuous rise in commercial use, especially for last-mile delivery, in the future is
anticipated. Consequently, there is a necessity for a greater understanding of consumers'
readiness to accept the latest technological application to increase knowledge, business, and
managerial practice. Specifically, this study aims to investigate consumers’ intentions to
deploy drones for last-mile delivery. The study applies the social cognitive theory and the
model of goal-directed behaviour. It investigates the effect of outcome expectancy, lifestyle
compatibility, perceived self-efficacy, consumer attitude, and the desire of usage for delivery
drones among European millennial consumers. Additionally, it examines whether delivery
risk moderates the influence of attitude and desire to use delivery drones. The authors
discovered that the aforementioned are positively related to consumer attitude. Consumer
attitude as such is positively associated with the desire and intention to use this method of
delivery. Furthermore, the intention to use drone delivery is positively influenced by the



desire for this delivery, outcome expectancy, and lifestyle compatibility. These findings
indicate the importance of desire and lifestyle compatibility as predictors. At the theoretical
level, the results support the perspective that social cognitive theory, together with the model
of goal-directed behaviour, is an adequate framework to account for consumer intentions.
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“Gartner predicts that in 2026, more than one million drones will be carrying out retail
deliveries, up from 20,000 today.” (Goasduff, 2020).

1. Introduction

Drones have existed since the early twentieth century. Until recently, they have largely been
confined to military warfare (Cook, 2007, as cited in Baloch and Gzara, 2020). The use of
drones beyond military applications, government surveillance (Leclercq-Vandelannoitte and
Aroles, 2020), and mundane activities such as photography, now attracts significant
commercial interest, especially among retailers and logistics firms (Baloch and Gzara, 2020;
Joerss et al., 2016; Roca-Riu and Menendez, 2019; Ramadan et al., 2017). However, their
usage in commerce is still low. Current expectations predict a continuous rise of delivery
drones in the future (Bain & Company, 2018). Similarly, according to Gartner, by 2026, more
than a million drones will be used for retail deliveries, up from the current estimate of 20,000
(Goasduft, 2020).

Although usage creates problems with airspace management between uncrewed and crewed
aircraft (Galkin, 2021), successful commercial drone delivery potentially modifies last-mile
delivery and, ultimately, customer fulfilment. Possibly, commercial drones will work in



tandem with user-friendly mobile applications, thus allowing consumers to easily monitor
and trace their ordered merchandise (Aurambout et al., 2019). Subsequently, reducing
delivery risks.

Although scholars demonstrate a keen interest in the study of drone delivery services
(Aurambout et al., 2019; Hwang and Kim, 2021; Perera et al., 2018; Raj and Sah, 2019; Yoo
et al., 2018; Zhu, 2019), there exists limited empirical exploration of consumer readiness to
embrace this delivery type. This is unsurprising as drone delivery is still an emerging trend
and piloted in phases. Interestingly, a recent survey (Urban, 2018) found that approximately
26% of respondents expect to use drone delivery services in the next few years. This finding
further reinforces the necessity for an enhanced understanding of consumer readiness to
accept this technology and to inform professionals.

As consumer behavioural intention is a useful indicator of actual adoption behaviour and
willingness to pay additional service charges, studies of the potential contributory factors to
usage intentions, in terms of drone delivery, play a key role to provide valuable guidance for
research practitioners, drone developers, retailers, and logistics companies. Among others,
the study by Hwang et al. (2019b) identified perceived innovativeness and attitudes as factors
that would influence consumers’ intentions to adopt a drone food delivery service.
Furthermore, Hwang et al. (2019a) highlight positive and negative anticipated emotions as
predictors of the desire to use drone delivery and, ultimately, usage intentions. Similarly,
while Khan et al. (2019) emphasized consumer privacy as a key concern for acceptance,
research by Yoo et al. (2018) further highlight the relative advantages of speed, complexity,
innovativeness, performance, and reduced privacy risks as determinants of consumer attitudes
towards drone delivery and, in turn, adoption. Additional studies assert that attitude,
perceived behavioural control, and personal and subjective norms play an important role in
initial acceptance (Kim and Hwang, 2020). In addition, the image of a delivery service is a
strong determinant of both the desire and intention to use (Hwang and Choe, 2019; Hwang
and Kim, 2021).

The above studies contribute to the authors initial understanding of this emerging trend.
Nonetheless, these studies are confined to the Asian consumer context and imply the need to
incorporate diverse consumer contexts into a study of consumer acceptance. The study
extends the research to the analysis of consumer intentions and their determinants in the
European market. Moreover, none of the above studies, has investigated whether delivery
risk - considered a concern for potential users (Sah et al., 2020; Yoo et al., 2018; Zhu et al.,
2020) - might play an important moderating role especially in the influence of consumer
factors such as attitude and desire.

Data for this study is collected in the Czech Republic. The country presents ideal conditions
to test assumptions on consumer acceptance of this emerging technology artifact. Czech
consumers are highly sophisticated and digitally literate and drone usage is popular (Tsiamis
et al., 2019). Czechs are thus more likely to be early adopters of drone delivery. This rising
relevance of drones is also indicated by the increased importance of drone start-ups (Tracxn,
2021).

It needs to be noted that each country has specific regulations of drone utilization. These
regulations may differ across the EU (DroneRules, 2021). The Czech regulation of UAVs is
the responsibility of the Civil Aviation Authority (CAA). These regulations for commercial
drones include the obligation to register, to have an aerial work permit, and a liability



insurance up to 880,000 euro. The drone must be operated by a licensed pilot. Furthermore,
reporting accidents/incidents is mandatory for commercial drones (DroneRules, 2021). These
regulations increase costs in relation to other possible alternatives.

Since it is commonly understood that a multitude of factors may affect the adoption of
innovations, this alone is an incentive for academic exploration of the phenomenon.
Moreover, since commercial drone usage is in its infancy and is piloted by the companies
identified above, more research grounded in established theory is needed to understand this
emergent trend. The reader may also review the call to action by Aydin (2019) and Tsai and
Tiwasing (2021); 6). Besides other works on technology adoption, this study integrates the
social cognition theoretical perspective (c.f. Bandura, 1992) with the model of goal-directed
behaviour (Perugini & Bagozzi, 2001, 2004) in the exploration of critical determinants of
drone usage among potential EU consumers.

Based on the two theoretical perspectives, this advance research in commercial drone
acceptance and especially, in regard to last mile delivery, through focusing on six potentially
critical factors: (1) outcome expectancy; (2) lifestyle compatibility; (3) perceived self-
efficacy; (4) delivery risk; (5) consumer attitude, and (6) consumers’ desire relative to
intention to deploy these services. In addition, this study examines whether the first three
identified factors play a role in the formation of both positive consumer attitudes towards and
desire to use the technology. The notion that delivery risk moderates the influence of both
attitude and desire on intentions is further explored, especially among millennials who are
often described in the literature to be early adopters of emergent innovations.

The most important contribution to the extant body of knowledge to this new field is the
identification and empirical analysis of the critical determinants behind drone acceptance,
which has been formed by these theories. Based on an extensive literature review, the authors
conclude that this research represents a dual theoretical perspective of the social cognitive
theory and the goal-directed behaviour model in the exploration of consumer drone
motivations. The study and its empirical revelations extend the research into drone
acceptance, particularly in terms of the potential to be used effectively for customer delivery.
Thereby, increases its commercial success. The study also complements previous efforts
(Hwang et al., 2019a, 2019b, 2019c¢; Khan et al., 2019; Yoo et al., 2018), and together with
these, the findings provide a foundation to augment understanding of the topic. At the general
level, this work contributes to the literature through analysis of the demand for delivery (e.g.,
Kim et al., 2017) and advances the understanding of the critical factors associated with
consumer acceptance.

2. Theoretical background and hypotheses
2.1. Social cognitive theory (SCT)

SCT is a widely accepted model of individual behaviour (Liu, 2016; Ratten and Ratten, 2007;
Schunk, 2012; Sun et al., 2020). It is a descendant of the social learning theory (Bandura,
1977a) and builds upon the foundations of individual and group psychological behaviour. It
proposes the existence of continuous reciprocal causation among environmental factors,
cognitive factors, and human behaviour (Bandura, 1986, 2006).

SCT argues that behaviour is affected by outcome expectations and self-efficacy. The latter
refers to personal belief of one's capability to perform a particular behaviour (Bandura,



1977b; Hsu et al., 2004). It conceptually overlaps with the notion of perceived behavioural
control in the research stream of planned behaviour (Ajzen, 1991; Chen and Hung, 2016;
Yang, 2012). The concept of self-efficacy is prominent as it recognizes that expectations of
positive outcomes from certain behaviour is meaningless if one doubts their capability to
successfully execute such behaviour in the first place (Compeau et al., 1999). In other words,
the desire to engage in a particular form of behaviour is not in itself enough; one must also
have the perceived ability to accomplish (Hsu et al., 2004).

SCT considers human behaviour to be dynamic that is, individuals device plans based on
their anticipation of future outcomes, and revise their plans, if necessary (Bandura, 2005).
Due to its adaptive nature, SCT is often used to examine the reasons for individuals who
adopt certain behaviours (Compeau and Higgins, 1995; Straub, 2009). Accordingly, it has
been applied to account for the adoption of technologies, such as computers (Conrad and
Munro, 2008) or Al (Suseno et al., 2020). SCT implies that decisions as to whether and the
extent to use technology are related to self-efficacy, positive outcome expectations (Hsu et
al., 2004; Liu, 2016) and personal characteristics, such as, lifestyle compatibility (Bandura,
1986; Rogers, 1995). Therefore, this study, includes these factors as antecedents of consumer
intentions.

2.2. The model of goal-directed behaviour (MGB)

MGB enriches motivational theories and in relation to emerging technologies adoption by
highlighting the role of desire (Bagozzi, 2007). Desire is defined as a state of mind whereby
an agent has personal motivation to perform an action or achieve a goal (Perugini and
Bagozzi, 2004). In fact, according to scholars, “the motivational content in decision-making
is constituted by the desire to perform a certain behaviour, and desire energizes intentions”
(Perugini and Bagozzi, 2004; 11). Importantly, desire, which is an intrinsic motivational
state, is conceptually different from attitude and intention. Attitude represents how favourable
or unfavourable a person perceives the behaviour to be (Ajzen, 1991). This means that
attitude reflects favourable or unfavourable evaluations of a specific behaviour (Tsai and
Tiwasing, 2021; Yang, 2012; Yoo et al., 2018). Intention is defined as “the degree to which a
person has formulated conscious plans to perform or not perform some specified future
behaviour” (Warshaw and Davis, 1985; 214). It reflects “how much of an effort they are
planning to exert” (Ajzen, 1991; 181). A key distinction between intention and desire is that
intention ‘is relatively now-oriented, but desire usually does not have time limitation’ (Yi et
al., 2020). According to the MGB, desire is a proximate cause of intentions, while attitudes
are a distal cause. The influence of attitudes on intentions is mediated by desire (Leone et al.,
1999).

MGB has been applied to highlight the role of desires to explain the variability of intentions
and behaviours (Bagozzi, 2007; Perugini and Bagozzi, 2001). For example, previous research
indicates that desire is an important predictor of intentions to work with social robots (Pigarra
and Giger, 2018) and to use drone food delivery services (Hwang and Kim, 2021). Desire has
also been found as an important factor to form bicycle travellers’ loyalty (Han et al., 2017a).
In line with MGB, desires, next to attitudes and intentions, comprise the model.



2.3. Critical determinants

Applying SCT, the following three components are used as independent variables of the
construct of critical determinants: a) outcome expectancy, b) perceived self-efficacy, and c)
lifestyle compatibility.

Bandura (1977b) defines outcome expectancy as the expected ability to execute a course of
action successfully and achieve the expected outcome (Ratten and Ratten, 2007). Sheeshka et
al. (1993) state that expected outcomes are dependent upon expectations of performance in
given situations and is also interpreted by other scholars to reflect performance expectancy of
the object (Venkatesh et al., 2003). Consequently, the contribution of outcome expectancy
alone to the prediction of behaviour may be limited. Therefore, in line with SCT, perceived
self-efficacy is included as an additional independent variable.

Self-efficacy is defined as the belief that one has the capability to perform a behaviour
(Bandura, 1986). Perceptions of self-efficacy have shown to influence decisions about the
behaviour to engage (Compeau and Higgins, 1995; Liu, 2016; Ratten and Ratten, 2007;
Yang, 2012), and also affect emotional responses (Bandura, 1977b).

Rogers (1995) notes that an individual might accept an innovation if it is compatible with
their lifestyle. More importantly, according to Armstrong et al. (2014), consumers in a
society do not just buy products but also the values and lifestyles that such products
represent. Another aspect is that groups share and maintain coherence and compatibilities in
their lifestyles (Veal, 1993). Earl (1983) suggests that lifestyle is the search for coherence and
compatibility in various aspects of life (Boateng et al., 2016). Additionally, recent reports
suggest that in addition to the pertinent issue of the regulatory framework surrounding drone
delivery operations (Baur and Hader, 2020), there exists several psychological factors that
include attitude, delivery risk, desire, self-efficacy, and outcome expectancy (Hwang et al.,
2019b; Kim et al., 2021; Yoo et al., 2018; Zhu et al., 2020). The latter constitute the
successful uptake of drone delivery by end-market users. These authors examine the above
issues in relation to the initial acceptance of drone delivery through the development of a
research model based on SCT and MGB and the European potential customers in the market
as an empirical case.

2.4, Effect of critical determinant components on consumer attitude

Outcome expectancy is hypothesized to explain attitudes and attitude formation (Huang et al.,
2015). Empirical studies indicate that in various contexts a positive association between
outcome expectancy and self-efficacy on the one hand, and attitudes on the other (Baker-
Eveleth and Stone, 2008; Stone and Baker-Eveleth, 2013). Attitudes are also affected by the
lifestyle compatibility (Hanafizadeh et al., 2014; Tsai and Tiwasing, 2021) as emphasized by
Rogers (1995). Consequently:

H1a. Outcome expectancy has a positive influence on consumer attitude.

H1b. Perceived self-efficacy has a positive influence on consumer attitude.

Hlec. Lifestyle compatibility has a positive influence on consumer attitude.



2.5. Effect of critical determinant components on desire

According to MGB, desire is distinct from attitudes and intentions (Perugini and Bagozzi,
2001). Earlier research suggests that a stronger desire to act is associated with a greater self-
efficacy and greater outcome expectancy (Sekerka and Bagozzi, 2007). More so, according to
Yi et al. (2020) there is a significant positive relationship between perceived behavioural
control, conceptually similar to self-efficacy, and desire in the Airbnb context. Further, since
lifestyle compatibility has been previously found to positively influence attitudes towards
technology (Hanafizadeh et al., 2014; Tsai and Tiwasing, 2021), it is also expected also that
the notion of lifestyle compatibility will have an independent and significant direct effect on
consumers’ desire to use drone for their last-mile delivery. Especially, if customers feel that
the drone usage is congruent with their interests and how their purchased items are to be
delivered. Therefore:

H2a. Outcome expectancy has a positive influence on desire.

H2b. Perceived self-efficacy has a positive influence on desire.

H2c. Lifestyle compatibility has a positive influence on desire.

2.6. Effect of critical determinant components on intention to use

SCT predicts that outcome expectations and self-efficacy influence individuals’ actual ability
to exhibit a particular behaviour. This effect is substantiated by several studies in both
clinical and organizational settings, in relation to a wide variety of behaviour (Abood and
Conway, 1988; Compeau and Higgins, 1995; Maddux et al., 1986; Nel and Heyns, 2017; Yoo
et al., 2018). In their study, Nel and Heyns (2017) discuss that perceived self-efficacy
positively and significantly influences usage intentions. Moreover, Abood and Conway
(1988), as well as Maddux et al. (1986), found that self-efficacy and outcome expectancy
made approximately equal contributions to the prediction of behavioural intentions. Extant
research also indicates that lifestyle compatibility is positively associated with intention
(Hanafizadeh et al., 2014; Koenig-Lewis et al., 2010; Wessels and Drennan, 2010). As a
result:

H3a. Outcome expectancy has a positive influence on intention to use.

H3b. Perceived self-efficacy has a positive influence on intention to use.

H3ec. Lifestyle compatibility has a positive influence on intention to use.

2.7. Effect of consumer attitude on desire

According to MGB, attitude is an important predictor of desire, which suggests that when
consumers have a positive attitude, they have a higher level of desire (Bagozzi, 2007;
Perugini and Bagozzi, 2001; Leone et al., 2004). Empirical studies confirm the effect of

attitude on desire (Hwang et al., 2019b; Pigarra and Giger, 2018). Therefore:

H4. Consumer attitude has a positive influence on desire.



2.8. Effect of consumer attitude and desire on intention to use

As stated by Hwang et al. (2019b), the relationship between attitude and behavioural
intentions is confirmed by many existing theories. According to Ajzen (1991), attitude is a
crucial factor that explains individuals’ behavioural intentions and plays an important role in
their prediction. This is also supported by empirical studies and among which are Brand et al.
(2020), Chen and Hung (2016), Han et al. (2017b), Hwang et al. (2020) and Tsai and
Tiwasing (2021). Therefore:

HS5a. Consumer attitude has a positive influence on intent to use.

According to Perugini and Bagozzi (2001), the desire to engage in certain behaviour is the
most important factor that affects intention/behaviour. Furthermore, the relationship between
desire and behavioural intentions is empirically confirmed in consumer-behaviour-related
research (Hwang et al., 2019a). Consequently, it is concluded that desires are important
predictors of intentions (Hwang and Kim, 2021; Perugini and Bagozzi, 2004; Pi¢arra and
Giger, 2018). Desire is created based on positive or negative evaluations as a critical role in
behavioural intentions formation (Bagozzi, 2007; Han and Yoon, 2015; Hwang and Choe,
2019; Yi et al., 2020). Therefore:

HS5b. Desire has a positive influence on intention to use.
2.9. The moderating influence of delivery risk

Low-flying drones have raised public concern. According to Ren and Chen (2020), more than
80% of the flight activities of light and small uncrewed drones take place below 120 m. Their
increased use raises awareness of their risk (Luppicini and So, 2016). Following which,
researchers from numerous countries and disciplines studied the risks posed by civilian
drones (e.g., Mingyuan, 2019). Users have higher expectations for new technologies, but also
exhibit negative attitudes when usage results in unexpected adverse consequences. One
explanation for this phenomenon is that customers may have little information about products
or services that use innovative technologies. They may, therefore, perceive greater risk due to
uncertainty or lack of trust (Herzenstein et al., 2007; Lee, 2009). Perceived risk is defined as
“the nature and amount of risk perceived by a consumer in contemplating a particular
purchase decision” (Cox and Rich, 1964; 33). This may also be described as the risk of a loss
in a choice situation (Taylor, 1974). Klauser and Pedrozo (2017) define the perceived risk in
the use of drone delivery services as the subjectively determined expectation of a loss.
According to Bauer (1960), perceived risk theory explains how consumers understand risk to
avoid negative outcomes in their purchase decisions. Consumers seek to avoid or reduce
negative outcomes rather than increase benefits through risk-taking (Im et al., 2008).

These findings lead to the conclusion that delivery risk, following the research of Sah et al.
(2020:6) is explained as “the probability of drone malfunctioning and not being able to
deliver the product [on time]" could moderate the relationship between potential users'
attitude and their intentions to use (Ho6a). This supports the findings of several authors (e.g.,
Sun, 2014) that consumers are reluctant to use new technology-based services because of
possible risks. On the other hand, it has been revealed that venturous, innovative consumers
take a risk to try new services or products (Nakamura, and Kajikawa, 2018; Wright et al.,
2014). Therefore, it is assumed that a positive relationship between consumer attitude and
intent to use is reduced in the presence of a perceived delivery risk (i.e., H6a). This



proposition is supported by the fact that increased positive attitudes towards drone delivery
that, in turn, decrease risk concerns about safety, privacy, and security (Parker et al., 2012,
2016). However, Zhu (2019) reveals that consumers with positive attitudes towards drone
delivery focus on issues with security and privacy than the benefits specific to this delivery
method. According to Lopez-Nicolas and Molina-Castillo (2008), customers are also
concerned about delivery failure of their packages due to theft, damage, or other unexpected
events. Furthermore, customers who expect drones to fail may develop an unfavourable
attitude and therefore are less likely to use it (Robinson, 2017; Vijayasarathy, 2004).
Similarly, consumers who feel unsafe about food delivery services have fewer positive
perceptions of these services (Chen, 2013; Hwang and Choe, 2019; Martins et al., 2014).
Consequently, customers' attitudes directly influence their behaviour in regard to their actual
system usage (Davis, 1989; Lee, 2009). This attitude arises from the individual assessment of
said behaviour, and their behavioural intention. This is explained as the “strength of one's
willingness to exert effort while performing certain behaviours,” Lee (2009). Considering the
preceding discussion:

Heéa. Delivery risk negatively moderate the positive influence of consumer attitude on usage
intentions.

Further studies by Nakamura and Kajikawa (2018), Hwang and Cloe (2019) and Yi et al.
(2020) imply that possible risks mitigate the influence of consumers' desire of a product.
Another study conducted by Soffronoff et al. (2016) also proposes that providers are viewed
less favourable when using drone delivery services due to possible risks. In fact, according to
Sah and colleagues, delivery risk is a vital mitigating factor of potential users’ acceptance of
drone and especially in the logistics context. Therefore, the following is proposed:

Ho6b. Delivery risk negatively moderate the positive influence of desire on intention to use.

The above hypotheses are summarized in the form of a research model in Fig. 1.
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Table 1. Measures.

Arrimde

ATTDE] I think that nsing drone delivery iz 2 good idea
ATTDEZ | think that using drone delivery oo receive a
package would be a wize idea

ATTDES [ have positive feelings wwarnds using a drone as
part of my shopping activities

Delivery Risk

Intention o Use

Trust Dispositdon

COMPATI] Using drone delivery would fit my lifestyle
COMPAT2 Using drone to receive orders would fit well with
how [ like to do my shopping

COMPAT3 Using drone to receive products would be
compatible with how I would like to receive my products
DERISK] The package the drone is carrying might be stolen
DERISKZ The package the drone is carrying might be
damaged by others

DERISKS Product delivery mav take too long or be
inromplets

DESIRE] I desire to use drone delivery services when
ordering items and/or products ffom a shop

DESIREZ My desire to use drone delivery services when
ordering items is strong

DESIRES [ want to use drone when ordering soods items.
INTENT1 Using drone delivery to receive product iz
something [ would do

INTENT2 1 would use drone delivery to receive my order
INTENT3 [ could see myself using drone delivery to receive a
package

INTENT4 Given the resources [ predict [ would use drone
delivery

MMEDIAL I have often seen articles about drone delivery in
the media

MMEDIAZ I got a lot of information from media sbout drone
delivery

NMMEDIAS I understood more about drone delivery dhrough
the media

OEXPECT] My expectation about drone delivery is that it
will provide many unique features (item dropped)
OEXPECT2 I expect that drone delivery will offer me
superior value for money
OEXPECTS Using drone delivery will offer me greater
convenience than any other methods

OEXPECT4 I expect good service quality when using drone
fior my shopping delivery

OEXPECTS My expectation in general iz that drone delivery
will offer me important benefits

SEFICACY] I fael that I am capahle of nsing drone
technology for shopping purposss

EEFICACY2 T believe I have the necessary siills and or
Imowledge to uze drone for product delivery

SEFICACY3 | feel confident understanding how o operate
drone for receiving orders

SEFTICACY4 Generally speaking | could handle 3 more
challenging technological innovation than drone delivery
TRUSTDIS] | generally trust other people

TRUSTDISZ | genarally have faith in humandcy
TRUSTDISS | generally trust other people unless they give
e Peason not to

TRUSTDIS4 [ feel that peoole are senerallv reliable

10



3. Methodology
3.1. Measurement instruments

All measurement instruments are adapted and modified from previous research, thus ensuring
content validity. In particular, the measures of perceived self-efficacy and outcome
expectancy were derived from Ratten and Ratten (2007), while lifestyle compatibility is
adapted from Boateng et al. (2016). The measure of desire originates from Hwang et al.
(2019b), consumer attitude from Yoo et al. (2018). To measure the intention to use, we relied
on the research of Hwang et al. (2019b) and Yoo et al. (2018). The measurement items for
delivery risk and media influence (control variable 1) were drawn from Yoo et al. (2018),
while the measurement items for trust disposition (control variable 2) were obtained from the
research of Gefen (2000) and Kim et al. (2008). The measurement scale is anchored on a
five-point Likert scale and ranges from strongly disagree (1) to strongly agree (5). Table 1
provides an overview of the measures and their corresponding items.

3.2. Research sample and data collection procedure

This study targeted a younger population aged between 17 and 35 years. This population
segment is known to be early adopters and heavy users of digital technologies (Alexander and
Kent, 2020; Leon, 2018; Osakwe et al., 2021; Thusi and Maduku, 2020). An online survey
was utilized for the data collection and through the chain-referral sampling approach (Kuo et
al., 2020). The survey took place in the Czech Republic from February to April 2019.549
completed responses were received. 48.8% of the respondents were females, while males
constituted 51.2% of the sample. A further breakdown of the sample characteristics is
displayed in Table 2.

Table 2. Sample characteristics (n = 549).

Catagory Sub-category Frequency
Gender Female 268
IMale 281
Age 17 24 521
2530 25
MMizzing responsze 3
Nationality Aszian 10
Czech 455
European, non-Czech il
Orehex =]
Respondent familiarity with 1 have seen a drone phyrically 358
drong
1 have seen 3 drone on the 113
internat
I have zean a drone on the TV 34
Mizzing response =
BRespondent use of drons Mo 413
Yes 136

3.3. Data analysis and software

The study utilized component-based structural equation modeling, also known as PLS-SEM,
mainly due to the exploratory nature of the study (Hair et al., 2019a; Osakwe et al., 2021).
Moreover, the statistical objective is geared toward in-sample and out-of-sample prediction;
thus, reinforcing the appropriateness of PLS-SEM (Hair et al., 2019b, 2020; Ofori et al.,
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2021). Additionally, PLS-SEM is a well-established method in the literature and renders the
research results more comparable to previous literature (Chen and Hung, 2016; Liu, 2016;
Tsai and Tiwasing, 2021). SmartPLS 3.3.3 software (Ringle et al., 2015) is used for the
statistical analysis.

Following the suggestions of Anderson and Gerbing (1988), we adopted a two-step approach
for the evaluation of the hypothesized model. In the first step, in line with the guidelines of
Hair et al. (2020) and Ramayah et al. (2018), testing comprised the validity and reliability of
the instruments used. The second step, the researchers ran the structural model to test the
developed hypotheses.

Since data was collected using a single source, the issue of Common Method Bias is
examined based on the recommended approach by Kock (2015) and Kock and Lynn (2012).
In this method, all variables are regressed against a common variable. If the VIF <3.3, then
there is no bias from the single-source data. Table 3 displays, the analysis yielded VIF of less
than 3.3; thus, single/source bias is not a serious data issue.

Table 3. Full collinearity testing.

Construct VIF

Artitnde 3007
Lifestyle Compatibility 2923
Delivery Rizk 1.040
Desire 2 630
Intention to Use Drone 2018
Media Infloence 1155
Dutcome Expectancy 2025
Perceived Seli-Efficacy 1525
Trust Disposidon 1.115

4. Results

4.1. Measurement model assessment

For the measurement model, assessment includes the loadings, average variance extracted
(AVE), and the composite reliability (CR). The values of loadings should be > 0.708, the
AVE, > 0.5, and the CR, > 0.7. As shown in Table 4, the AVEs are all higher than 0.5 and the
CRs, higher than 0.7. The loadings are also acceptable, with only one loading less than 0.708
(Hair et al., 2020).
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Table 4. Convergent validity, construct and indicator reliabilities.

Consouet [t=m Loading= R AVE

Artmde ATTDEL 0.897 0200 0.768
ATTDE2 0.867
ATTDE3 0.845

Lifesryle Companbiliry COMPATI 0,885 0.906 0.763
COMPAT2 0.871
COMPATZ 0.885

Delivery Risk DERISK1 0.784 0.853 0.650
DERISEZ 0804
DERIZE3 0.803

Dezire DESIREL 0.210 nele 0791
DESIREZ 0.846
DESIFES 0.210

Intention to Use Drone INTENT1 0.892 0932 0774
INTENTZ 0.909
INTENT3 0.873
INTENT4 0.843

Media Influence MMEDIAL 0.857 0201 0.751
MMEDIAZ 0.868
MMEDIAS 0.876

Outcome Expectancy OEXPECT1 0.695 0.859 0.549
OEXPECT2 0.708
OEXPECT3 0.731
OEXPECT4 0.743
OEXPECTS 0.804

Self-Efficacy SEFICACY] 0.837 0886 0661
SEFICACY2 0.830
SEFICACY3 0797
SEFICACY4 0788

Trust Disposition TRUSTDIS1 0763 0LB57 0601
TRUSTDIS2 0721
TRUSTDIS3 0.855

In addition to the above, the team assessed the discriminant validity using the heterotrait—
monotrait (HTMT) criterion proposed by Henseler et al. (2015) and updated by Franke and
Sarstedt (2019). The HTMT values should be < 0.85 according to the stricter criterion and
<0.90 according to the more lenient criterion to consider the discrimination validity between
two latent variables as established. Table 5 illustrates the values of HTMT are all lower than
0.9. This confirms that the research constructs are sufficiently distinct from each other. Also,
the bootstrapped confidence interval upper limit did not indicate values of 1. This signifies
that for any random sample selected from the original distribution, the lower and upper
bounds of the 95% bias corrected and accelerated (BCa) confidence interval of the HTMT
values should not include one (1) (Hair et al., 2019a). Accordingly, the validity test confirms
that the corresponding nine constructs used in this study are conceptually distinct and can be
used, therefore, in the analysis of the hypothesized relations (Franke and Sarstedt, 2019).

4.2. Structural model assessment

Supported by Hair et al. (2020), reports of the path coefficients, the standard errors, t-values,
and p-values for the structural model used a 5000-sample re-sample bootstrapping procedure
(also see Ramayabh et al., 2018). Table 6 summarizes the criteria used to test the developed
hypotheses. Based on prior research, two control variables, Media Influence and Trust
Disposition are added, but neither variable is significant.
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Table 5. Discriminant validity based on the HTMT criterion.

Construet 1 p 3 4 5 6 7 3 g
1. Artirude
2. Lifestyle Compatibility 0.708
3. Dellvery Risk 0.131 0.111
4. Desire o.7o7 0.830 0.129
5. Intention to Use Drone 0.508 0.857 0.080 0.773
6. Media Influence 0.270 0,308 0.058 0.3467 0.1
7. Outcome Expectancy 0.509 0.6681 0.104 0.857 0.670 0.259
8. Percelved Self-Efficacy 0.575 0.543 0.056 0483 0.481 0.300 0.569
9. Trust Disposition 0.077 0.115 0.160 0.125 0.101 0.214 0.250 0.288

Table 6. Results of the hypotheses testing
Hypothesis Relationship Sud Beta 5td Error t-value pvalue BCILL BOUL £
Hla Outcome Expectancy — Attitude 0.381 0.039 0,534 P < 0.001 0.317 0.445 0.231
Hilb Lifestyle Compatibility + Attirods 0.308 0.040 10.134 P < 0.001 0.246 0.473 0.266
Hle Self-Efficacy —» Atttnde 0.131 0.038 3450 P < 0001 0.067 0192 0.0:30
Hla Dutcome Expectancy — Desire .08 0.0:41 2177 0.015 0.023 0.156 0.010
H2b Lifestyle Compatibility — Desire 0.540 0.045 0,846 P < 0.001 0.365 0.512 0.240
Hle Self-Efficacy — Derire 0.o11 0,035 0282 0389 —0.052 0072 0,000
Hia Durcome Expectancy — Intenton 0.078 0.038 2075 0.019 0.023 0.149 0.00%
H3b Lifestyle Compatibility -+ Intention 0.403 0.043 9.470 p < 0.001 0.340 0.477 0.195
Hie Sel-Efficacy -+ Intention 0.001 0.033 0045 0.482 0.055 0.051 0.000
H4 Artitode -+ Desire 0.325 0.045 7.234 P < 0.001 0.250 0.398 0.104
H5a Artitude - Intention 0.259 0.048 5.404 P < 0.001 0.177 0.333 0.071
H5b Desire — Intentlon 19 0.045 4.268 P < 0.001 0.115 0.263 0.043
Hoa Artitude* Delivery Risk — Intention =0.055 0.054 1021 0.154 =0.111 0.085 0.005
Heb Desire*Delivery Risk — Intention 0003 0.047 0057 0477 ~0.048 0116 0.000
Controll Media Influence -+ Intention 0.036 0.023 1L.I70 0.102 0.085 0,005 0.00a
Control2 Trast Disposition —+ Intention 0.012 0.037 0324 0.373 0.096 0,054 0,000
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First, analysis of Hla, H1b and Hlc predicts consumer attitude. The R? for attitude is 0.598
(Q? = 0.454) demonstrating that 59.8% of the variance in attitude is explained by the three
variables taken together. Outcome expectancy (f = 0.381, p < 0.01), Compatibility

(8 =0.408, p <0.01) and self-efficacy (5 =0.131, p <0.01) are positively related to attitude
and supports Hla, H1b, and Hlc.

Next, the predictors of desire are reviewed. The R? for desire was 0.591 (Q? = 0.462), which
reveals that 59.1% of the variance in desire is explained by modeled variables namely,
outcome expectancy, compatibility, self-efficacy, and attitude. Outcome expectancy

(8 =10.089, p <0.05), and compatibility (f = 0.440, p < 0.01) are positively related to desire
but self-efficacy (£ = 0.011, p > 0.05) is not a significant predictor. This supports H2a and
H2b, but not H2c¢. Attitude (f = 0.325, p < 0.01) is positively related to desire and
consequently supports H4.

Finally, the predictors of intention are tested. The R? for intention to use is 0.661

(Q? =0.506), which specifies that 66.1% of the variance of intention to use is explained by
the modeled variables including the moderating effects. Outcome expectancy (5 = 0.078,
p <0.05), compatibility (5 = 0.403, p < 0.01), attitude (5 = 0.259, p < 0.01), and desire
(#=10.191, p <0.01) are positively related to Intention, while self-efficacy (f = —0.001,

p > 0.05) is not a significant predictor of intention. Thus, H3a, H3b, H5a and H5b are
supported, but H3c was not.

Equally, delivery risk is appraised as a moderator of the relationship between Attitude and
Intention as well as between Desire and Intention to use. Neither the effect of the interaction
between attitude and delivery risk (8 =—0.055, p > 0.05), nor between the desire and delivery
risk (8 =0.003, p > 0.05) are significant. Therefore, H6a and H6b are not supported.

As a result, the following finalized research model in Fig. 2 is derived.

[ Delivery risk

\’\/
“

‘ Crivical determinants

Hla: Bata=0.0A%; Sy <0000 |
H2k: Bata=0,440; 5ig <0004

| Outeome expectancy

Lifestyle compatibility

H3a: BetasOUO78; S <0001 |
H3b: Beta=0,403; Sig <0001

Perceived selfefficacy ot =
Hla: Bota=0.381; Sig <0.000
Hib: Beta=0,408; Sig <0.001 " H5a: Deta=0.259; Sig<0.001 |
Filc: BetasOl131; Sig <0.001 —

N

Consumer attitude

Fig. 2. Finalized research model.
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Table 7. Out-of-sample prediction based on PLS predict.

MV PLS M PLSIM

RMSE MAE EMSE MAE RMEE MAE P predict
INTENT1 0661 0518 0.688 0.521 0.007 0.002 0.452
INTENT2 0697 0.534 0.732 0.55 0.035 0.016 0.492
INTENT3 0.724 0.57 0.721 0.554 0.003 0.016 0.452
INTENTS 0723 0.551 0768 0.584 0.045 0,033 0.401
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As this study also aims to assess the out-of-sample prediction of the research model and
especially the target construct of intention to use drones, the study employed the PLS-Predict
method. With PLS-Predict, researchers can compare their proposed PLS model with a naive
linear model benchmark especially using error metrics such as root mean squared error
(RMSE). For further details, relative to PLS-Predict, consult Hair et al. (2020). Shmueli et al.
(2019) proposed a holdout sample-based procedure. It generates case-level predictions on an
item or a construct level using the PLS-Predict with a ten-fold procedure to verify predictive
relevance. They suggest that if all item differences (PLS-LM) are negative, then the model
holds strong predictive power. If all differences are positive, then the predictive relevance of
the model is not confirmed. If the majority of the differences is negative, there is a moderate
predictive power. Finally, if the minority of differences is negative, the model has low
predictive power. Based on Table 7, three errors of the PLS model out of four are lower than
the LM model, and the Q? Predict for the latent variable is 0.591. Thus, one may conclude
that the model has moderate predictive power. In particular, the PLS model may to some
extent be relied upon to predict potential users’ intentions toward drone delivery.

Further investigation to determine if there are potential issues with endogeneity, especially
with respect to the direction of causality’ the authors employed a range of robust statistical
tools namely, Sympson's paradox ratio (SPR), r-squared contribution ratio (RSCR), statistical
suppression ratio (SSR), and the nonlinear bivariate causality direction ratio (NLBCDR)
(Kock, 2020; Shibin et al., 2020). The robust results in Table 8 indicate that endogeneity is
not a problem as the results are above the acceptable limits and further reinforce the utility of
the proposed model.

Table 8. Test for endogeneity using different indices.

Index Bezearch Arcepiable level
reported valoe

Sympeon's paradox rato (SPR) SPR - 0813 acceptable if -~ 07,
ideally — 1

R-sguared contibudon ratde (RSCR) RSCR = 0.983 acceptable if == 0.9
ideally = 1

Statistical suppreszion rato (S5R) S5B = 1.000 accaptable if = 0.7

Nonlinear bivariate causalicy MLBCDR =~ 1.000  acceptable if >= Q.7

direction ratio (NLBCDE)
5. Discussion and conclusion

5.1. Summary

All three critical variables: outcome expectancy, lifestyle compatibility, and self-efficacy,
influence positively consumer attitude. In addition, outcome expectancy and the lifestyle
compatibility positively affect both desire and the intention to use. The results also indicate
that consumer attitude positively affects desire and the intention to use. The desire itself
positively affects the intention to use. Interestingly, the intention to use is not affected by the
control variables of media influence and trust disposition. However, surprisingly research
results indicate that delivery risk does not in any meaningful way diminish the impact of
attitude and desire on intentions.
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5.2. Theoretical implications

The results provide several theoretical implications. First, the relevance of SCT for the
analysis of intention to use drones in last-mile delivery. In particular, in line with SCT, the
study confirms the essential role of outcome expectancy and perceived self-efficacy.
However, the effect of perceived self-efficacy is identified on the consumer attitude but not
directly on the intention to use. Although contrary in the light of earlier studies that highlight
the effect of perceived self-efficacy on the intention to use (Liu, 2016; Nel and Heyns, 2017,
Teo, 2009). There are, however, studies that also find no effect of self-efficacy on use
intentions (Heerink, 2011; Venkatesh et al., 2003). Furthermore, the result is comparable with
studies that conclude the direct effect of self-efficacy on attitudes (Baker-Eveleth and Stone,
2008; Hsu et al., 2004; Stone and Baker-Eveleth, 2013). The research, meanwhile, is further
indicative that attitude is an important mechanism to influence the outcome expectancy on
use intentions, especially in the context of drone acceptance. Indeed, emerging evidence from
the supplementary analysis reveals that attitude mediates the influence of outcome
expectancy, and perceived self-efficacy on the intention to use drones among the millennial
cohorts in the study. Together, the research contributes new evidence to empirical research on
drone acceptance by highlighting that while self-efficacy may not directly contribute to
intentions to use, it nevertheless influences through positive attitudes towards drone delivery.
This finding further validates the importance of attitudes on behavioural consequences and in
this case, intentions to use drones (Ajzen, 1991; Chen and Hung, 2016; Hwang et al., 2020).

Second, the results highlight the importance of lifestyle compatibility for technology adoption
(Rogers, 1995). Lifestyle compatibility was found to positively affect consumer attitude,
desire, and intention to use. Earlier research identified the relevance of the lifestyle
compatibility on consumer attitudes (Tsai and Tiwasing, 2021) and ultimately, the intention
to adopt technologies such as internet and mobile banking (Boateng et al., 2016; Hanafizadeh
et al., 2014). This study reveals that this relevance extends to drone delivery. Third, in line
with MGB and recent approaches (Bagozzi, 2007; Belk et al., 2020), the results emphasize
the role of desire for technology acceptance. Desire is affected by consumer attitude and
influences the intention to use. Compared with the extant literature, the above finding
contrasts with prior studies in the Airbnb context where it was found that desire is not
strongly influenced by attitude (Yi et al., 2020). At the same time, the authors agree with
Belk et al. (2020; 14), according to whom “the global consumer of technology must be
seduced into perpetual desire for the next new technological wonder, and that the consumer is
a willing participant in this seduction.”

This study equally confirms the finding in the Asian context regarding the positive
contribution of consumer desire on the intention to use drones (Hwang and Choe, 2019;
Hwang and Kim, 2021). Therefore, the innermost motivation on the part of the potential
consumer to use drones is an important precursor to its usage intention. Similarly, results
from the supplementary analysis indicates that desire, which in this case reflects a strong and
personal motivation to use drone, is a facilitating mechanism between attitude and use
intention. In conclusion, the research findings provide further verification of the predictive
utility of MGB in a novel context, which widens the general scope of comprehension of
MGB-related phenomena such as desire in studies on consumer adoption of new and
innovative technologies.

For the time being, the current research based on data, disagrees with the dominant literature
view regarding the role that risk-related factors, such as delivery risk, play when it comes to
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the acceptance of emerging technologies. (Chiu et al., 2014; Hong and Cha, 2013; Sah et al.,
2020; Zhu, 2019). More specifically, this research draws attention to findings that perceived
delivery risk neither diminishes the positive influence of attitude nor the positive influence of
individual desire to use. This is in contrast with previous arguments that perceive risk
significantly weakens, for example, the positive effect of utilitarian value on behavioural
intentions (Chiu et al., 2014). While the current moderating evidence contrasts with previous
perceived risk research, it nevertheless aligns with the research in cognitive consistency
(Brannon and Gawronski, 2018; Kruglanski et al., 2018; Wicklund and Frey, 1981).
According to the cognitive consistency literature, individuals deliberately tend to live in
harmony with their cognitions that include thought processes, beliefs, and opinions towards a
targeted behaviour. In this instance, intentions to use drone. In perspective, the positive
influence of both attitude and desire on intentions to use significantly discredit the belief that
drone usage for order delivery is highly susceptible to malfunctions, product damage, and
untimely delivery. In fact, past research conducted among respondents from another western
market exposes that generally individuals do not consider the use of drones to be risky and
further imply they do not hold any negative attitudes toward drone acceptance (Clothier et al.,
2015). The research is highly suggestive that delivery risk is not a sufficient barrier to
millennial consumers’ acceptance of drones. One important interpretation for the above
finding is that millennials, unlike other generations, are less risk-averse and thus early
adopters of new technologies. Moreover, they tend to be more adventurous and excited about
what new technologies offer. In this case, they are generally positive and excited about the
idea of using a drone. This suggestion provides opportunity for further research to explore the
possibility that generational cohorts, as defined by various age groups, interact with delivery
risk regarding (dis)adoption of drones. In conclusion, the research evidence, despite
contradicting past studies on perceived risk, has in many ways implicated extant research on
the cognitive consistency paradigm. Consistent with this paradigm, the research emphasizes
that when consumers hold strong and favourable views, beliefs and/or desire towards a target
object, or behaviour, they may overlook certain uncertainties and, in this case, perceived
delivery risk.

Lastly, the final contribution, which is empirical in nature, originates from the integration of
SCT with MGB and which together explains the 66.1% variation in the intention to use
drones and which, when compared to initial efforts on this topic (Aydin, 2019; Khan et al.,
2019; Ramadan et al., 2017), appears more informative. This research may initiate a better
understanding of the critical factors behind consumer acceptance within the European market
context and across the millennial cohorts in the world. By leveraging the PLS predictive
toolbox, the research model indicates that the findings of the key criterion variable — intention
to use — are robust and may therefore, generalize to an audience of interest to researchers and
practitioners.

5.3. Recommendations for practical implications

The study results have several practical implications for firms that target young consumers
and consider drone delivery. Specifically, firms must consider the compatibility of drone
delivery with consumers' lifestyles. Since lifestyles typically differ across countries or even
regions, firms should analyze preferences to shop and receive their products. Various aspects
of drone delivery, such as environment-friendliness, reliability, safety, or novelty, require to
be stressed or destressed based on their compatibility with young consumers’ lifestyles. In
this regard, drone delivery advertisements on popular social media outlets can be used to
convey compatibility with consumer lifestyles (Hwang et al., 2020; Yoo et al., 2018).
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Furthermore, exploration of the compatibility of drone delivery with consumer lifestyles
assists firms to identify the suitable market segments.

Firms may attempt to positively affect the outcome expectancy of drone delivery, by
accentuating its convenience, quality, and good value for money. The last aspect is
particularly important, given that younger consumers have, on average, lower incomes.
Drone delivery is expected to reduce costs by lower long-term fuel costs and on-the-job
accidents (Bamburry, 2015). However, these cost reductions could differ across
product/industry contexts. In particular, the cost advantage is more pronounced in areas such
as the delivery of food or medical products, where there are low scale economies, with a high
risk of road-traffic accidents per unit delivered. It is also in this industry where the speed and
convenience of drone delivery appears appreciated by consumers. In other industries where
scale economies are important and the cost of using delivery drones exceeds alternative
modes of delivery, prospects of drone usage is less bright (McKinnon, 2016).

According to the findings, the role of delivery risk in moderating the effects of key variables
on intention to use is insignificant. This is an important finding as earlier discussions of drone
delivery listed a higher possibility of theft or attack as potential problems (Bamburry, 2015;
McKinnon, 2016). Firms may therefore, focus more on other concerns that comprise privacy
risks identified as one of the key factors that impact intention to use (Khan et al., 2019;
Lowry et al., 2017). Other initiatives to spark consumers’ desire to use drone delivery include
marketing communications emphasis of the novelty and the image of a technologically
enhanced future (Belk et al., 2020; Hwang et al., 2020).

5.4. Limitations

This work is subject to several limitations. First, intentions to use drone delivery may not lead
to actual behaviour (Wang et al., 2006). Future studies may focus directly on consumer
choices rather than intentions. Second, most respondents were Czech. Therefore, the results
may not be generalized to others, especially non-European countries. Third, more influential
factors on drone use in relation to privacy issues should be considered in future research,
especially if additional practical implications are to be derived. The research focuses on the
market demand for drone services without consideration of the factors of supply and the
characteristics of the environment, including relevant legislation. Consumers in remote
regions may benefit more from drone delivery than consumers in urban areas (Coyne and
Goodman, 2020). Another crucial factor on the supply is the available technology and its
associated costs. Future research should address these issues to improve the understanding of
the emergent phenomenon of drone delivery and in so doing, improve its implications for
both practice, policymaking, and academic studies.
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