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Abstract: The COVID-19 pandemic has impacted consumers’ lives and their shopping patterns,
leading them towards mobile commerce. To address current shopping circumstances, an adapted
UTAUT2 model aims to integrate trust and perceptions of the effects of the COVID-19 pandemic on
consumers’ behavioral intention to rely on m-commerce during this period. The study proposes a
research model which is investigated with the help of structural equation modelling in AMOS. Using
the framework of a cross-sectional study, data were collected from an emerging market in Romania,
where internet speed ranks 4th worldwide and where the yearly increase in internet and social media
users is approximately 10%. By using confirmatory factor analysis and structural equation modelling,
the research validates the applicability of UTAUT2 in examining consumers’ behavioral intent of
using m-commerce during a pandemic. Hedonic motivation is the strongest predictor of consumers’
behavioral intentions to continue using m-commerce. The findings contribute to understandings of
consumers’ behavior with m-commerce in an emerging market, extending knowledge based on the
adapted UTAUT2 model and allowing for comprehension of the key role of trust and social influences
in affecting consumers’ perceptions of the COVID-19 outbreak in relation to shopping patterns.

Keywords: m-commerce; behavioral intention; trust; digital marketing strategy; Unified Theory of
Acceptance and Use of Technology (UTAUT2); COVID-19 pandemic

1. Introduction

COVID-19 is widely regarded as one of the most pressing crises in the world, with
global economic and social consequences. Since COVID-19 is easily transmitted by respi-
ratory droplets or physical contact [1–3], countries were put in lockdown, with multiple
restrictions for businesses and citizens. “The enforcement of social distancing, lockdowns,
and other measures in response to the COVID-19 pandemic have led consumers to ramp up
online shopping, social media use, internet telephony and teleconferencing, and streaming
of videos and films” [4]. Thus, the pandemic has led to multiple changes in consumer
behavior due to widespread lockdowns, social distancing, limited shopping possibilities,
and other precautions meant to minimize the spread of the virus.

As a result of severe containment efforts to prevent the spread of the pandemic,
consumers had to adapt to new shopping behaviors [5], by resorting to online acquisitions,
home deliveries, and/or contactless payments. These changes have led to the emergence of
different forms of remote shopping [6], with e-retailing increasing in importance. Therefore,
examining the premises of m-commerce is of utmost importance due to its multimedia
extension and opportunities for businesses to provide qualitative customer experiences.

Multiple industry reports anticipate perpetual changes in consumers’ behavior due
to the pandemic in terms of their shopping reasons, habits, living situations, and work
prospects [7–9]. Academic research is also focusing on studying the consequences of online
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consumer switching behavior induced by the pandemic and the restrictions that have
impacted consumers’ lives [6,10–12].

With significant effects of the COVID-19 pandemic on consumers’ purchasing behav-
iors [5,6], consumers tend to rely more frequently on mobile apps for their multimedia
characteristics, and they tend to engage more in online purchases to protect themselves
from contacting the virus. Although the impact of COVID-19-induced online shopping
behavior through m-commerce apps has been examined in the last two years [11–14], there
is a limited set of studies showcasing emerging contexts, such as in Romania, where Internet
speed ranks 4th worldwide [15], thus enabling consumers to focus more on m-commerce
and online shopping. Furthermore, this paper seeks to show the repercussions of the
pandemic on Romanian consumers’ perceptions regarding their shopping behavior during
the COVID-19 pandemic. Therefore, the aim of this paper is to investigate consumers’ be-
havioral intentions to buy products via m-commerce apps during the COVID-19 pandemic,
as induced/determined by consumers’ hedonic motivations, social influence, performance
expectancy, and trust.

This paper extends knowledge on the use of the Unified Theory of Acceptance and Use
of Technology (UTAUT) in its adapted form as UTAUT2, which examines “performance
expectancy, effort expectancy, social influence, facilitating conditions, hedonic motivation,
habit, and price value” [16]. As various authors have encouraged research that explores
diverse samples of respondents from multiple countries to examine key UTAUT2 rela-
tionships in depth [17], the present paper conceptualizes and aims to validate an adapted
model of UTAUT2 in the Romanian context. Besides addressing consumers’ acceptance
and use of m-commerce [18,19], this paper adds significantly to the existing research on
the UTAUT2 framework by incorporating consumers’ trust in using m-commerce apps.
Compared to previous studies that have only highlighted the pandemic context [6,10,11],
this paper offers original contributions by examining the impact of the COVID-19 outbreak
on mobile shoppers and their purchasing patterns in a UTAUT2 theoretical setting.

This paper is structured as follows: Section 2 provides an in-depth explanation of the
UTAUT2 approach, along with a systematic literature review of the main theoretical con-
structs (m-commerce, use of mobile apps, consumer-related perceptions, and their impact
on behavioral intentions towards using m-commerce apps), thus also developing research
hypotheses and highlighting the proposed conceptual model. Section 3 contains research
methodology, research design, sampling, and a presentation of the analysis procedures.
Section 4 includes interpretations of the results, and Section 5 continues with a discussion
of the findings compared to previous research. Finally, Section 6 highlights the conclusions,
encompassing theoretical contributions and managerial implications for m-commerce apps,
as well as study limitations, thus providing future research perspectives.

2. Theoretical Framework: Hypothesis and Conceptual Model Development
2.1. Unified Theory of Acceptance and Use of Technology (UTAUT2)

Various theories have been proposed to understand consumers’ behavior of accepting
and using m-commerce apps, such as the Expectancy Confirmation Model (ECM); Task–
Technology Fit; the Technology Acceptance Model (TAM, [20]); the Theory of Reasoned
Action (TRA); and the Unified Theory of Acceptance and Use of Technology (UTAUT).
In academic research, UTAUT has become a popular theory for anticipating consumers’
behavioral intention to use new technologies [21–23]. In its extended version, UTAUT2 is
relevant for examining multiple drivers that impact consumers’ experiences and acceptance
of m-commerce by using mobile shopping apps. As the literature shows in various research
contexts [24–26], there is a need to further analyze and understand the use of m-commerce
acceptance in different settings [17].

Numerous theories have proven useful in understanding technology uptake by fi-
nal consumers, such as the ‘Technology Acceptance Model (TAM)’, which aids in the
comprehension of consumer attitudes toward using and accepting technologies [27], or
the Innovation Diffusion Theory (IDT), which investigates technology acceptance at an
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individual level [28]. In fact, the Unified Theory of Acceptance and Use of Technology
(UTAUT2) constitutes a theoretical expansion and progression of previous approaches,
namely: the Theory of Reasoned Action (TRA); TAM; the Motivational Model (MM); the
Theory of Planned Behavior (TPB); Combined TAM and TPB (C-TAM-TPB); the Model of
PC Utilization (MPCU); IDT; and Social Cognitive Theory (SCT) [16,22].

The initial proposal of UTAUT involved four main components: “performance ex-
pectancy, social influence, effort expectancy, and facilitating conditions” [22], which aimed
at explaining how the intention to use a certain technology may determine consumers’
behavior [29]. Scholars criticized this approach, as it overlooked consumers’ voluntary and
intentional use of different technologies [25]. Consequently, in 2012, Venkatesh et al. [16]
extended the UTAUT model by incorporating the impacts of seven constructs (i.e., per-
formance expectancy, effort expectancy, social influence, facilitating conditions, hedonic
motivation, habit, and price value) on behavioral intention [16]. Fishbein and Ajzen [30]
define behavioral intention as “the strength of one’s intention to perform a specific behav-
ior”. Thus, behavioral intention represents a measure of a consumer’s power of desire or
willingness to try to exert effort while performing a particular behavior [27], but it also re-
flects an individual’s strength to perform a certain behavior [30,31]. Compared to previous
theoretical frameworks, UTAUT2 allows improved predictive ability for moderators [16,31].

UTAUT2 reflects a thorough theoretical framework that has been applied in various
settings, thus proving its applicability and adaptability in various contexts that address con-
sumers’ adoption and use of technologies [32]. For instance, such research was examined
in the context of NFC mobile payments in hotels [33], mobile banking [17,34,35], mobile
tourism shopping frameworks [36], tourists’ intention to use travel apps [37], gaming [38],
or the impact on consumers’ intents to use mobile payments [39]. As a conceptual frame-
work, UTAUT2 was also explored in relation to consumers’ predisposition to use health
apps or telemedicine [40–42], travel and tourism apps [43,44], electric car-sharing ser-
vices [45], and acceptance of artificial intelligence [46]. Thus, these many different research
settings highlight the vast applicability of UTAUT2.

Regarding m-commerce research, various authors have contributed to the expansion
of UTAUT2. For instance, certain authors considered additional dimensions (such as
trust and perceived security) in examining low-income consumers’ intentions to embrace
m-commerce in Ecuador in an expanded UTAUT2 framework [24]. Other authors have
linked UTAUT2 m-commerce adoption research to satisfaction [47], perceived risk and
shopping app usage [48], retail app usage [13,14,49], adopting food delivery apps [50,51],
or mobile payment app usage [52–54]. Thus, UTAUT2 research is often used to assess
factors impacting consumers’ continued intent to rely on m-commerce apps.

2.2. M-Commerce and the Use of Mobile Apps

Mobile devices have become essential in consumers’ daily lives. Worldwide, there
were 4.66 billion active internet users in January 2021, comprising 59.5% of the global
population [55]. Moreover, 4.32 billion people (or 92.6%) are considered active mobile
internet users [55]. Worldwide smartphone subscriptions have exceeded six billion and
are expected to increase rapidly in future years [56]. As consumers spend more time
secluded during the COVID-19 pandemic, they tend to use their mobile devices even more
often [57]. On mobile devices, content is predominantly accessed via apps (up to 96% in
some countries), with 88% of consumers using apps that provide key services (financial
services and shopping) [57]. Given the widespread appeal of mobile devices and constant
development of wireless networks, m-commerce is rapidly growing in popularity [31,58,59].

M-commerce is considered the possible “extension of e-commerce where business
activities are performed in a wireless environment using mobile devices” [60]. M-commerce
apps include various features, from seamless shopping experiences to mobile payments,
thus contributing to the incontestable rise in popularity of m-commerce. In 2017, global
m-commerce sales accounted for 1.36 billion USD, whereas in 2021, m-commerce generated
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worldwide 3.56 billion USD in revenue [61]. By 2024, Europe and North America are
projected to be the most prosperous regions for m-commerce use [62,63].

As an expansion of e-commerce, m-commerce is based on its additional capabilities
that are “enabled through the use of a mobile platform and a wireless network” [25].
In fact, mobile technologies may have triggered a paradigm shift in consumers’ decision-
making process [56]. Mobile apps have the potential to “foster engagement by providing a
richer, and deeper shopping experience than traditional e-stores” [64]. M-commerce apps
also include certain key advantages [64], such as (1) instantaneous “one-click” access to
organizations; (2) the use of push notifications which generate sales and improve customer
retention; and (3) the tailoring ability of apps in determining consumer preferences towards
brands, products, etc.

Leveraging user-friendly multimedia functionalities and omnichannel integration,
m-commerce apps have enabled businesses to create tailored shopping experiences [65–69].
Customers seem to prefer m-commerce compared to e-commerce due to its increased
convenience and flexibility, unique offers, immediacy, and speedier qualitative shopping
experiences [58]. When shopping, consumers may use their mobile devices to engage in
retail time with friends, retailers, and other shoppers [70]. Therefore, the apps constitute
proper tools that can be used for engaging customers and stimulating their purchasing
behavior [64,70,71]. M-commerce retailers guide customers to use their apps by offering
incentives and stimulating app downloading for further purchases through attractive prices,
vouchers, etc. Amid the COVID-19 pandemic, retailers must focus on comprehending the
reasons that encourage consumers to continue using m-commerce apps [72,73].

2.3. Antecedents of Behavioral Intention in M-Commerce

The main goal of retailers is to influence consumers’ behavioral intention of using
m-commerce. Intentions are there “to capture the motivational factors that influence”
customer behavior, being proper indicators for an individual’s willingness to perform
certain behaviors [74]. In fact, an “individual’s tendency to perform some behavior” is the
main aspect of the ‘Theory of Reasoned Action’ (TRA) [30]. Thus, intentions represent an
indicator of consumers’ “perceived likelihood of using a particular innovation” [20,25], such
as m-commerce. Behavioral intentions [25,36] or continuance intention [29,39,75] have been
considered several times in relation to examining m-commerce and the UTAUT2 approach.
In m-commerce settings, when consumers anticipate more benefits and entertainment value
from using such apps, they are more inclined to further rely on them [13,14,48,49]. UTAUT2
prerequisites, such as social influence, hedonic motivation, and performance expectancy,
may present significant determinants of customers’ intention to continue using mobile
shopping applications [25,26,48].

Social Influence reflects the extent to which an “individual perceives that important
other believe he or she should use a new system” [16]. As a standalone concept, social
influence is grounded on (a) subjective norms, (b) social factors, and (c) image. Customers
are more inclined to revert to their “social system” [26] to learn more and broaden their
understanding on the use of new technology, or to receive social acceptance for their
decision to utilize a new system [32]. Extending this idea to m-commerce, consumers
who rely on shopping apps tend to seek “approval from friends, family, colleagues and
others while engaging with them” [48]. Users may assimilate ideas from their peers as they
interact and have physical and social media exchanges, which may further influence their
decision to adopt shopping apps. Although m-commerce use and/or shopping is usually
conducted privately, consumers may be tempted to rely on these apps, as their relatives and
friends are pursuing similar avenues [25]. Existing studies that examine the impact of social
influence on consumers’ intent to continue to use m-commerce in their daily lives have
shown certain discrepancies in reported results; social influence often constitutes a key
element in triggering consumers’ intention towards m-commerce use [16,21,33,39,48,75–77],
although this relation is very much context-related and does not always exert a significant
influence [17,24–26,29]. Based on these arguments, we infer that:
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Hypothesis (H1): Social influence has a positive impact on consumers’ intentions to use m-commerce.

Performance Expectancy (PE) represents “the degree to which consumers will con-
sider getting some benefits while using a technology” [16]. Performance expectancy is
based on several concepts, namely: perceived usefulness, extrinsic motivation, job-fit,
relative advantage, and outcome expectations [16,22]. This concept has been theorized
by its characteristics focused on usefulness, efficiency, and time saving opportunities for
consumers [16,22]. These features provide m-commerce apps an important competitive
advantage [33]. M-commerce is beneficial in terms of time efficiency, personalization, and
flexibility [78]. Performance expectancy acts as an influencing factor of consumers’ behav-
ioral intention to use m-commerce apps, which stands in line with the UTAUT2 approach.
When consumers anticipate more benefits from using m-commerce apps (such as shopping
or food delivery apps), they tend to reuse them more often [26,48].

Performance expectancy also constitutes one of the most important factors in forecast-
ing whether technology will be adopted by individuals [75]. The relevance of a positive
connection between performance expectancy and consumers’ behavioral intention to use
m-commerce has been intensively researched based on food delivery apps [16,21], shopping
apps [36,48,75,79], or NFC mobile payments [33,38,76]. In some cases, the relationship
between performance expectancy and m-commerce proved to have an insignificant im-
pact [24,39]. Therefore, we consider that:

Hypothesis (H2): Performance expectancy has a positive impact on consumers’ intentions to
use m-commerce.

Hedonic Motivation is described as “the fun or pleasure derived from using a certain
technology”, such as m-commerce, due to its essential impact on accepting it [16]. This
enjoyment gained from using the considered technology impacts consumers’ intention to
adopt and rely on it in the future [80]. “Hedonic motives tend to be prominent determinants
in a consumer’s likelihood to adopt self-service technologies” [34]. Customers are more
willing to adopt m-commerce if it provides additional entertainment and/or possesses
increased multimedia value [17,25,48].

Various app features are beneficial to customers, such as browsing, content and social
sharing, collecting incentives/rewards in a multimedia environment, etc. These features
aid in increasing the m-commerce app’s entertainment value, which may further assist in
generating customer engagement and maintaining consumer interest in m-commerce apps.
When consumers have positive experiences with m-commerce apps, while considering
them entertaining and enjoyable, they are more likely to reuse them in the future [34,48].
Hedonic motivation constitutes a key driver of consumers’ behavioral intention to continue
to use m-commerce apps [16,17,24,25,48]. Therefore, we put forth the following hypothesis:

Hypothesis (H3): Hedonic motivation has a positive impact on consumers’ intentions to
use m-commerce.

Trust represents a widely used marketing concept of major prominence for m-commerce
due to the increased risk perceived by customers when engaging with such technology [13,78].
As a result of consumers’ susceptibility of mobile apps’ security and the impression of
distrust towards mobile vendors, m-commerce carries a higher degree of uncertainty
and risk [6,21]. Trust is also considered an all-encompassing construct; consumers who
tend to trust brands, products, or companies are more vulnerable to the actions of their
trusted counterpart [78,81–84]. Transposed to m-commerce platforms, consumers show an
increased willingness, receptiveness, and openness to engage with the platform in which
they have placed their trust.

When customers trust m-commerce apps, they tend to spend less time looking for
reassuring information, thus requiring less cognitive efforts to make a purchasing decision.
Trusting customers are more inclined to continue to use m-commerce, as “they believe
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that the service provider would not exhibit any opportunistic behavior” [78]. Thus, in
m-commerce settings, trust has been established as an important and reliable indicator of
consumers’ intention to continue using mobile technology [6,85–87]. Trust can be examined
from three perspectives [86]: “ability, integrity, and benevolence”. Ability denotes that
m-commerce providers possess the knowledge and skills required to properly implement
their strategies. Integrity refers to m-commerce platforms’ ability to maintain their promises
and avoid misleading customers. Benevolence indicates that m-commerce apps and sup-
pliers prioritize the interests of their customers. As a “complex and multidimensional
concept” [88], trust shows “undeniable importance for both transacting parties due to
increased uncertainty in an online environment” [76].

Trustworthiness may considerably shape users’ mental expectations to think that
m-commerce can deliver dependable service. Thus, if users accumulate a higher level of
trust from mobile shopping apps, they tend to display a higher willingness to continue
to use these apps [21]. In other words, experienced users’ intention to continue using
m-shopping is impacted by trust. Trust is established because of an app’s performance and
extended development of app-related operations [19]. Positive and significant relationships
between m-shoppers’ trust and their intention to continue using m-commerce platforms
have been intensively researched [21,76,85,86]; therefore, we infer that:

Hypothesis (H4): Trust exerts a positive impact on consumers’ intentions to use m-commerce.

Impact of COVID-19 on Customers. In multimedia retail settings, there are many
opportunities for addressing the impact of COVID-19 on consumer behavior [67,69,89,90].
The recent pandemic has been intensively studied as scholars aim to showcase the reper-
cussions and effects of this outbreak on consumers’ purchasing patterns, shopping motives,
attitudes, perceptions, preferences, etc. [10,77,91]. Throughout the COVID-19 pandemic,
research has focused on the impact of social relationships on an individual’s perceptions of
this new epidemic context [12]. Thus, social influence affects an individual’s predisposition
in believing certain ideas and driving certain behaviors [76].

With social distancing measures in place, people have gravitated towards other types
of communication technologies to connect with friends, family, and/or coworkers. People
have been using social media for “social support and information seeking” during the
pandemic [92]. Social influence is predicted to exert an impact on how people perceive
the pandemic in relation to their shopping behavior. A similar study discovered that
“consumers tend to imitate the actions of others amid a pandemic” [10]. While exploring
COVID-19 phobia and news exposure, smartphone addiction, and consumer pessimism
in relation to mobile shopping, ‘social influence’ has been found to be a strong predictive
moderator [12]. As this study aims to expand previous COVID-19-related knowledge on
the adverse impacts of the pandemic as well as the negative effects of subjective norms in
assessing the COVID-19 threat while shopping, we posit that:

Hypothesis (H5): Social influence has a negative effect on consumers’ perceptions of COVID-19
in relation to their shopping behavior.

As they have been confronted with lockdowns and restrictions [89], consumers have
focused and relied more on online shopping [4], with m-commerce playing an increased
role in their daily lives. During the last two years, the COVID-19 pandemic may have
expedited the adoption of m-commerce platforms [77]. Various reports predict a permanent
change in consumer behavior after the pandemic [7,8] with the anticipation that individuals
may exhibit more conscious shopping behavior by focusing on “buying local [products]
and embracing m-commerce” [7]. Due to strong and intensive disturbances during their
normal living experiences, consumers have been increasingly hesitant about traditional
purchasing from brick-and-mortar stores during the COVID-19 pandemic. To protect
themselves against the deadly virus, consumers increasingly resorted to click-and-order
shopping [10], but also to mobile apps to acquire food, brands, and other products [90].
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As a result of today’s extensive internet connectivity [15] and increased use of technology,
consumers’ preferences for mobile purchasing are further changing [91], exhibiting new
shopping habits [5]. Consumers are more likely to engage more frequently in m-shopping
as a type of retail therapy to cope with the continuing COVID-19 crisis [12]. To reflect novel
insights on how COVID-19 impacts consumer behavior in the context of m-commerce, we
propose the following hypothesis:

Hypothesis (H6): Consumers’ perceptions of COVID-19 in relation to their shopping behavior
have a negative effect on their behavioral intention to continue relying on m-commerce.

2.4. Moderation of Gender and Consumer Generations

Previous UTAUT2 research [16,25,31] has also considered examining moderation ef-
fects for interactions between trust for mobile shopping apps and an individual’s behavioral
intentions to rely on m-shopping. Depending on their birth years, consumers tend to have
common traits and experiences based on social, cultural, and economic contexts. As such,
consumers can be classified into different generational cohorts or generations [5,58,93–95].
Generations consist of “groups of individuals born during the same period of time who
share similar values, attitudes, beliefs and expectations which are constant throughout
the generation’s lifetime”, leading to the formation of a ‘generational identity’ [5]. Such
generational cohorts have the potential to greatly alter consumer buying patterns and
shopping behaviors [58]. Opposite to older generations, which are represented by Baby
Boomers (born after the second World War until 1964) and Generation X (born usually
between 1965 and 1979), Millennials/Generation Y (born between 1980 and 1994) and
Generation Z (born between 1995 and 2010) exhibit stronger online addiction, social media
exposure, and social media usage [5,58,93–95]. For instance, Gen Z relies more on mobile
purchases than older cohorts [9]. Thus, we infer that:

Hypothesis (H7): Trust perceptions of Generation Z members exert stronger positive effects on
their behavioral intention to continue to rely on m-shopping than those of Millennials.

As m-commerce users are predominantly young people [5,58,94], the present research
considers the moderation effect of gender and generational cohorts between trust and m-
commerce behavioral intentions (see Figure 1). Gender variations were found to influence
decision making and information processing [36]. As men and women make decisions
in different manners, especially when shopping, such decisions may also extend to m-
commerce acquisitions [36,96]. Therefore, we assume that:
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Hypothesis (H8): Female respondents’ perceptions of trust exert stronger positive effects on their
behavioral intention to continue to rely on m-shopping than those of males.

Figure 1 highlights the proposed hypotheses of this model.

3. Research Methodology
3.1. Research Scope and Context

The scope of this paper was to explore consumers’ behavioral intentions to buy prod-
ucts via m-commerce apps during the COVID-19 pandemic, as induced and determined
by consumers’ hedonic motivations, social influence, performance expectancy, and online
trust. To implement this research question, a conceptual model (Figure 1) was proposed
as a basis for investigation. The investigated concepts (social influence, performance ex-
pectancy, hedonic motivations, trust, behavioral intention, and impact of COVID-19 on
customers) were operationalized based on scales adapted from the existing literature that
were considered for the current research context.

Research was based on an empirical questionnaire-based investigation among Roma-
nian consumers. The survey was implemented in 2021 during the 3rd and 4th wave of the
COVID-19 pandemic in Romania, which had a tremendous effect on the population and
the sanitary system as the number of daily new infections peaked at over 18,000 cases [97].

The authors chose to conduct their investigation in this emerging market, as Romania
ranked 4th place worldwide for internet speed (in 2021) and registered an increase of
1.3 million people (+10.8%) in the number of internet and social media users in 2021 [15].
Moreover, the number of mobile connections equaled 143.7% of the total registered Ro-
manian population in January 2022 [15]. Although the official population in Romania is
approximately 19 million inhabitants, in December 2021 there were 27.41 million mobile
cellular connections [15]. Thus, the access of Romanians to m-commerce apps is very high.
The market situation introduces new marketing opportunities for companies relying on
m-commerce apps [29]. To a certain extent, the rapid rise of the mobile market may also
be related to the pandemic situation, as Romanians had to rapidly change their previous
shopping behavior (mainly focused on brick-and-mortar stores) and to adapt to the new
click-and-order environment [90,98,99].

For this research, respondents consisted of Romanian m-commerce customers who
had experience with mobile commerce apps. According to national statistics, m-commerce
apps were among the most utilized ones in 2021, followed by mobile banking and gaming
apps [98]. In Romania, the average order value using m-commerce was approximately
43.5 EUR in 2020 [99], thus leaving great opportunity for future developments, as the
average order value at the global level was around 73 EUR/mobile order [100].

3.2. Questionnaire Design and Measures

To examine the research scope, the considered constructs (see Figure 1) were developed
based on the existing literature. The items of all constructs are measured on five-point Likert
scales, with values ranging from 1 (‘Strongly disagree’) to 5 (‘Strongly agree’) and adapted
to the present research context (presented in Table 1). The six reflective latent constructs are:
hedonic motivation, social influence, performance expectancy, and behavioral intention
extracted from the Venkatesh et al. [16], as well as trust encompassed from Zhao and
Bacao’s study [21] and perceptions of COVID-19 in relation to shopping patterns adapted
from Zenker et al. [101]. The questionnaire is divided into several sections to help with the
completion of the survey and to minimize the impact of biases. Additionally, we provided
respondents the opportunity to select their preferred mobile commerce apps to avoid the
issue of common method bias.
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Table 1. Constructs and Measures, Confirmatory Factor Analysis, and Convergent Validity.

Construct/Item Measures St. Est. α AVE CR

Hedonic Motivation (HM) adapted from Venkatesh et al. [16] 0.738 0.559 0.788
HM1 Using m-commerce is fun 0.639
HM2 Using m-commerce is enjoyable 0.900
HM3 Using m-commerce is very entertaining 0.678

Social Influence (SI) adapted from Venkatesh et al. [16] 0.791 0.590 0.808
SI1 People who are important to me support me to use m-commerce 0.591
SI2 People who are important to me think m-commerce apps are beneficial 0.826

SI3 People who are important to me think it is a good idea to
use m-commerce 0.859

Performance Expectancy (PE) adapted from Venkatesh et al. [16] 0.789 0.558 0.791
PE1 I find m-commerce useful in my daily life 0.730
PE2 Using m-commerce increases my productivity 0.742
PE3 Using m-commerce helps me accomplish things more quickly 0.768

Behavioral Intention (BINT) adapted from Venkatesh et al. [16] 0.841 0.627 0.834
BINT1 I intend to continue using m-commerce in the future 0.728
BINT2 I will always try to use m-commerce in my daily life 0.853
BINT3 I plan to continue to use m-commerce frequently 0.790

Trust (TR) adapted from Zhao and Bacao [21] 0.803 0.728 0.889
TR1 “I believe m-commerce apps are trustworthy 0.879
TR2 I believe m-commerce apps keep customers’ interests in mind 0.782

TR3 I feel secure with ordering and receiving my orders
through m-commerce 0.901

Impact of COVID-19 on customers (COV) adapted from Zenker et al. [101] 0.912 0.776 0.912
COV1 * COVID-19 makes me worry a lot about my normal ways of shopping 0.888

COV2 * When watching news about COVID-19, I become nervous or anxious in
regard to traditional shopping 0.889

COV3 * I do not feel safe to shop in stores due to COVID-19 0.867

Note: St. Est.: Standardized Estimates; α: Cronbach Alpha > 0.7; AVE: Average Variance Extracted > 0.5;
CR: Composite reliability > 0.7; * item presents reverse coding.

3.3. Data Collection and Sampling

To acquire data for testing the proposed research hypotheses, we conducted a survey
of Romanian mobile buyers. The data collection process began by assessing the necessary
sample size before administering the survey. The sample size for this study was estimated

using Cochran’s [102] formula: N = Z2[P(1−P)]
E2 , where Z represents the “level of confidence

expressed in standard errors” [103], E reflects the “acceptable amount of sampling error”,
and P stands for “the proportion in population that may exhibit a certain behavior” [103].
For this formula, a 95 percent confidence level was considered, along with a precision of
±6%, and a 50 percent expected variability. Based on these considerations, the sample
size was computed to be 267 respondents. To aid in the feasibility of replicating an SEM
model in similar contexts, Hair et al. [104] suggested utilizing a sample size consisting of
200 up to 400 participants. To establish a correct sample size for model analysis, Nunnally
and Bernstein [105] proposed the “rule of ten”, meaning that for each construct/indicator
of a model, ten observations should be considered [106]. These recommendations were
considered in establishing the final dataset.

The data collection process implied gathering responses based on convenience sam-
pling and snowball sampling [107]. First, participants were invited to partake in the study
using convenience sampling among acquaintances. Second, participants were encouraged
to share the online survey with other users of m-commerce apps. These practices are widely
used in m-commerce research [24,29,77]. Data were collected using a self-administered
questionnaire completed on a voluntary and anonymous basis. A total of 449 responses
were gathered. Based on respondents’ answers to a screening question and other data
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inspection techniques [106], the final valid data set included 351 respondents who engage
in m-commerce. The respondents’ profiles are presented in Table 2.

Table 2. Socio-demographic characteristics of the Respondents (n = 351).

Variable Frequency Percent

Preferred m-commerce apps

Food and delivery apps 79 22.5%
Clothing, shoes, and apparel apps 160 45.6%

Grocery items apps 18 5.1%
Cosmetics, fragrances, and beauty products apps 55 15.7%

Other types of apps 39 11.1%

Experience with m-commerce

Less than 1 year 19 5.4%
1–3 years 180 51.3%
3–6 years 104 29.6%

More than 6 years 48 13.7%

Gender
Female 255 72.6%
Male 96 27.4%

Generational cohort
Generation Z 242 68.9%

Millennials/Generation Y 75 21.4%
Generation X 34 9.7%

Employment status

Student 184 52.4%
Employed 155 44.2%

Searching for a job 11 3.1%
Retired 1 0.3%

Education level (last level of obtained diploma)

High school diploma 215 61.3%
Bachelor studies 103 29.3%
Master studies 30 8.5%

PhD studies 3 0.9%

Personal monthly
income

Less than 500 EUR/month 178 50.7%
501–1000 EUR/month 109 31.1%
1001–1500 EUR/month 41 11.7%

More than 1501 EUR/month 23 6.6%

Respondents were requested to provide their birth year. Considering their birth year,
we were able to establish the generation cohort of each respondent and their age. Conse-
quently, we discovered that the respondents’ average age was 26.10 years old (standard
deviation of 8.31). To classify respondents based on their associated generational cohort,
we used the widely accepted classification proposed by established studies [5,58,96–99].
We obtained a sample consisting of 68.9% Zers, 21.4% Millennials, and 9.7% Xers. Females
comprised most of the participants (72.6%). From the sample, 90.6% obtained their high
school and bachelor studies diplomas, and most of the respondents classified themselves
as students (52.4%). Additionally, 81.8% of this study’s participants reported a personal
monthly income lower than 1000 EUR/month.

Regarding mobile shopping, the 351 respondents expressed their preference for differ-
ent types of apps: 45.6% of participants mentioned they use clothing, shoes, and apparel
apps; 22.5% use food and delivery apps; 15.7% use apps that sell cosmetics, fragrances, and
beauty products; 5.1% chose the category of apps that allows them to purchase grocery
items (beverages, cereals, snacks); and 11.1% use other types of apps. Most respondents
(94.6%) have used m-commerce apps for at least one year. The survey also included a ratio
scale regarding the frequency of engaging in mobile shopping. As a result, the respondents
mentioned an average of 4.03 mobile app purchases per month.

3.4. Evaluation of the Measurement Models

To uncover any breaches of the normality condition, data screening was performed
prior to the use of more extensive statistical procedures. Skewness and Kurtosis were
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computed to evaluate the distribution of data. Based on the literature’s recommenda-
tions [106,108], skewness values had to fall in the range of ±2, and kurtosis values had
to be classified in the range of ±6 [106]. Both requirements were fulfilled. Following
the first inspection of the dataset, IBM SPSS and AMOS were used to compute structural
equation modeling (henceforth SEM). The main data analysis procedures comprised of
confirmatory factor analysis (henceforth CFA) and multi-group for moderation analysis.
CFA helps to identify how well measurement items reflect the main components explored
in an empirical study [104]. Upon evaluation of the CFA, the proposed model’s hypotheses
are investigated in the frame of reference of a structural equation model. SEM represents
“a statistical method that examines the relationships among numerous variables in a si-
multaneous way” [106]. Most notably, SEM is used to examine the “significance and the
strength of relationships” within a proposed model [109]. To improve the understanding
of the findings, data analysis extends through the application of a moderation analysis,
considering the previously recommended hypotheses (H7 and H8). These analyses and
their respective results are detailed in their subsequent sections.

4. Results

Anderson and Gerbing [110] proposed a two-step strategy to data analysis: first,
verify the measurement model’s reliability and validity; and second, assess the research
hypotheses and structural model framework. This approach was previously developed by
various authors in explaining the UTAUT2 model in m-commerce settings [17,21,24,29].

4.1. Confirmatory Factor Analysis

As a data analysis technique that allows researchers to test (affirming or dismissing)
a measurement model, CFA is described by Collier [106] as a “statistical technique that
analyzes how well indicators measure unobserved constructs.” To examine the accuracy
of the CFA, various authors propose examining goodness-of-fit indicators, convergent
validity, and discriminant validity [104,106]. As recommended by Hu and Bentler [111], the
first step of CFA implies the evaluation of goodness-of-fit indicators, such as: Chi-square
(X2) ratio degrees of freedom (df) (X2/df) < 5.0, the comparative fit index (CFI) ≥ 0.9, the
goodness-of-fit index (GFI) ≥ 0.9, the normed-fit index (NFI) ≥ 0.9, the Tucker–Lewis
coefficient (TLI) ≥ 0.9, and the root mean square error of approximation (RMSEA) < 0.08.
An initial development of CFA with a total of 20 scale items, associated with the constructs
of the model, presented certain issues. More specifically, two scale items (SI4 and TRS4)
had to be removed from CFA due to low factor loadings. After their removal, CFA was
reapplied. The new CFA showed congruence with the cut-off values of model relevancy,
according to Hu and Bentler [111]: X2(115): 265.206 (p < 0.001), (X2/df): 2.306, CFI: 0.958,
GFI: 0.924, NFI: 0.929, TLI: 0.944, and RMSEA: 0.061. Considering these results, we can
assert that CFA meets the goodness-of-fit requirements (see Table 1).

The second phase in CFA is to establish convergent validity using the following evalu-
ation criteria: Cronbach’s alpha > 0.7, standardized loading estimates, composite reliability
(CR) > 0.7, and average variance extracted (AVE) > 0.5. Table 1 presents the results of these
evaluation criteria. Firstly, the values for Cronbach’s alpha met the 0.7 threshold [111,112],
as the lowest value of 0.738 was recorded for ‘Hedonic motivation’. Secondly, regarding
the standardized loading estimates, Hair et al. [104] proposed a minimum level of 0.5, and
this criterion was met based on the values recorded in Table 1. Thirdly, CFA requires the
evaluation of composite reliability (CR) based on values higher than 0.7 [113,114]. Lastly,
in relation to convergent validity, various authors [104,114] recommended reviewing the
calculated values of average variance extracted (AVE). The generally accepted threshold
for AVE is 0.5, and this criterion was met, as the lowest AVE value was recorded for perfor-
mance expectancy (0.558), and the highest value was registered for the variable examining
the impact of COVID-19 on customers’ perceptions (0.776). As a general assessment, all
the requirements for convergent validity were fulfilled [104,112–114]. Table 1 also includes
descriptive data for the scale items used in this empirical investigation.
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The last step in examining the relevancy of confirmatory factor analysis is the inspec-
tion of discriminant validity. A widely applied method for asserting this criterion was
proposed by Bagozzi and Yi [113], and it implies the evaluation of pairwise correlations
between factors without surpassing the 0.85 level. Thus, considering the results showcased
in Table 3, this condition was fulfilled. Hair et al. [104] as well as Fornell and Larcker [114]
established a more rigorous method for discriminant validity, namely that the square root
of AVE for any latent construct should be higher than any of the other pairwise correlations
calculated in CFA. The computed results reflect that CFA aligns both requirements for
discriminant validity (Table 3).

Table 3. Results of discriminant validity of CFA (Fornell –Larcker Criterion).

BINT HM SI PE TR 6. COV

BINT 0.853
HM 0.709 0.748
SI 0.674 0.560 0.768
PE 0.740 0.652 0.678 0.747
TR 0.692 0.613 0.614 0.735 0.792

COV −0.238 −0.204 −0.317 −0.212 −0.171 0.881
Note: The bolded values displayed on the diagonal reflect the square root of AVE. Off-diagonal values reflect the
pairwise correlations between the constructs. BINT: Behavioral Intention; HM: Hedonic Motivation; SI: Social
Influence; PE: Performance Expectancy; TR: Trust; COV: Impact of COVID-19 on customers.

To offer an accurate examination of the proposed model, we used the framework
provided by Podsakoff et al. [115] and by MacKenzie and Podsakoff [116] to address the
issue of common method bias. To limit the influence of biases on the reliability of the
results, a priori procedures were developed. To avoid potential biases, the research scope
was general and allowed respondents to choose their preferred m-commerce apps. After
the data collection process was complete, we used two tests to assess the probability of
common method bias [115,116]. First, we proceeded to evaluate common method bias in
SPSS using Harman’s one-factor test and exploratory factor analysis [115]. Based on the
results, one factor accounts for only 40.6% of the variance, which is considerably lower
than the recommended threshold of 50%. Second, we also inspected the common method
bias in CFA [80]. The new model displayed a poor fit, considering the previously applied
CFA, more specifically: (X2/df): 10.935 (>3), CFI: 0.625 (<0.9), NFI: 0.604 (<0.9), TLI: 0.575
(<0.9), and RMSEA: 0.168 (>0.08). Thus, the model that included a common latent factor
reflected inadequacy. Overall, we can state that common method bias is not an issue in this
set of observations.

4.2. Hypotheses Testing with SEM

Following the validation of CFA, we proceeded to examine the model’s hypothe-
ses using SEM. Similar to the steps required to validate CFA, the first phase for the as-
sessment of SEM is to evaluate its accuracy, considering the premises established by
Hu and Bentler [111]. Computation of SEM yielded the following results: X2(119): 279.009
(p < 0.001), (X2/df): 2.345 (<5), CFI: 0.955 (>0.9), GFI: 0.920 (>0.9), NFI: 0.925 (>0.9), TLI:
0.942 (>0.9), and RMSEA: 0.062 (<0.08). All the indicators reflect the requirements es-
tablished by Hu and Bentler [111]. Thus, the data fit the proposed model’s hypotheses.
Table 4 and Figure 2 present the findings associated with testing the hypotheses of the
proposed model.
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Table 4. Results of hypothesis evaluation in SEM.

Effects Path Coefficients (β) t-Value Sig. Effects

SI→BINT 0.193 3.227 0.000 *** H1—Supported
PE→BINT 0.242 2.931 0.003 ** H2—Supported

HM→BINT 0.295 4.932 0.000 *** H3—Supported
TRS→BINT 0.224 2.835 0.005 ** H4—Supported

SI→COV −0.316 −5.286 0.000 *** H5—Supported
COV→BINT −0.026 −0.724 0.469 n.s. H6—Not Supported

Note: *** Significant at p ≤ 0.001 (two-tailed), ** Significant at p < 0.010 (two-tailed), n.s. Not significant.
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The results of the structural model (Table 4) reveal that social influence has a positive,
direct, and considerable impact on consumers’ behavioral intention (β: 0.193, p < 0.001).
Thus, H1 is accepted in the context of the proposed model. The findings demonstrate
that consumers’ behavioral intention to use m-commerce is impacted by performance
expectancy (β: 0.242, p: 0.003, confirming H2). There is also a significant and positive
connection established between hedonic motivation and customers’ behavioral intentions
(β: 0.295, p < 0.001), supporting H3. Thus, out of the hypotheses associated with UTAUT2,
hedonic motivation is established as the strongest predictor of consumers’ behavioral
intention to continue using m-commerce. This model proposes the inclusion of trust as a
latent variable meant to expand UTAUT2. The results highlight a direct and significant
relationship between consumers’ trust for m-commerce apps and their intention to use this
shopping outlet in the future. Therefore, H4 can also be validated (β: 0.224, p: 0.005).

Another original contribution of the proposed model is reflected in the inclusion of
consumers’ perceived impact of COVID-19 on their shopping behavior. This latent variable
was examined in connection to two hypotheses. H5 is confirmed by the negative and
significant result computed for the connection between consumers’ social influence of
using m-commerce and the impact of COVID-19 on their perceptions (β: −0.316, p < 0.001,
confirming H5). However, the results identify an insignificant estimate for the connection
between ‘Impact of COVID-19 on customers’ and ‘Behavioral Intention’ (β: −0.026, p:
0.469, confirming H5). Thus, H6 is rejected. In its current form, the current model accounts
for 68.9% of the variance in consumers’ behavioral intention and 10.0% of the variance in
consumers’ perceived impact of COVID-19 on their shopping behavior.
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4.3. Moderation Testing

Moderation enables the testing of the idea that “direct influence of an independent
variable on a dependent variable is altered or changed because of a third variable” [106].
For moderation testing, we used the premises established by Collier [106] regarding the
application of a two-group analysis. Upon the development of a two-group analysis in
AMOS, we aimed to examine the interaction of two moderators (gender and generational
cohort) on the relationship between trust and behavioral intention of consumers to con-
tinue using m-commerce. Initially, we proposed the examination of two generational
cohorts (Y/Millennials and Z), anticipating a higher response rate in these two groups
of respondents.

The results of the moderation analysis indicate a significant difference between the
groups associated with the two generational cohorts. More specifically, we observed a chi-
square test difference of 5.164 (1 df) and a p-value of 0.023 (<0.05). According to the results
in Table 5, there is a significant and positive influence of trust on consumers’ behavioral
intention for Generation Z (β: 0.261, p: 0.010) respondents. However, the analysis presents
an inconsequential outcome for Millennial respondents. Thus, respondents classified as
Generation Z have no issues with trusting m-commerce apps, and this trust tends to be
related to a clear intent to continue using this form of shopping. H7 is partially accepted
from the perspective of Millennials.

Table 5. Difference Test for Hypothesis H7.

Effects Path Coefficients (β) t-Value Sig.

TRS→ BINT (for Zers) 0.261 2.577 **

TRS→ BINT (for Millennials) −0.291 −1.030 0.303
Note: ** Significant at p < 0.010 (two-tailed).

H8 is based on another moderation analysis that focuses on the same relationship but
explores this connection from the perspective of male and female respondents. However,
upon conducting the analysis, we noticed that the chi-difference test shows no difference
at the model level, both for the overall model (X2: 17.951 at a p-value of 0.459) and for the
constrained relationship between trust and behavioral intention (X2: 1.117 at a p-value of
0.290). Therefore, H8 is rejected.

5. Discussions

Based on the premises of UTAUT2 with additional original contributions, this study
was undertaken to discover which factors influence customers’ adoption of m-commerce
in Romania, during the COVID-19 pandemic. These data analysis procedures applied
in this study are consistent with previous developments in the relevant literature that
also employed SEM to investigate different conceptual frameworks of UTAUT2 [24,29,76].
Our findings show that UTAUT2 constitutes a robust paradigm that may considerably
increase knowledge of a key digital marketing phenomenon, such as m-commerce adoption.
Furthermore, we address the ramifications of these relationships and hypotheses for a
comprehensive conceptual framework.

To a large extent, social influences have an impact on customers’ inclinations and
intentions to use m-commerce. Customers are more inclined to accept and use new tech-
nologies (such as m-commerce) in their lives if m-shopping is suggested and approved by
key figures. As part of a community, consumers’ intent toward m-shopping acceptance
and usage is strongly determined by the standards and beliefs of their peers. Thus, this
study validates a fundamental component associated with UTAUT2 [16] and stands in line
with previous empirical investigations [21,22,31,33,38,48,75–77].

Moreover, according to UTAUT2′s hypotheses, our study’s findings demonstrate
a positive relationship between performance expectancy and consumers’ behavioral in-
tentions to use m-commerce. Theoretical frameworks assess consumers’ performance
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expectancy based on attributes such as “usefulness, efficiency, and time savings” [16,22,23].
When a customer perceives mobile shopping as easy-to-use and timesaving, that customer
tends to exhibit a higher likelihood of embracing this type of commerce. Additionally,
when compared to traditional shopping, the omnipresent dimension of m-commerce apps
provides consumers with supplementary benefits, such as rapid access to a wide range
of market offerings and the ability to be more productive in shopping activities (saving
favorite products or monitoring products in wish-lists). Thus, this paper highlights perfor-
mance expectancy as a strong predictor of consumers’ intent towards using m-shopping.
This status of a strong predictor is congruent with our initial expectation of the proposed
hypothesis [21,26,29,34,48,75,79].

Similarly, considering another UTAUT2 construct, the results suggest that hedonic
motivation represents a significant and valuable driver of consumers’ behavioral intention.
Customers appreciate multimedia experiences available on their mobile devices. From a
multimedia perspective, consumers associate their m-shopping experiences with fun,
escapism, enjoyment, playfulness, and a general sense of pleasure. As shown in this
study, hedonic motivation reflects a relevant element for consumers who engage in m-
shopping. Thus, this research has enhanced previous studies in this area, complementing
previous findings [16,17,22,25,26,34,38,48]. Thus, the main insight is that consumers are
more inclined to use an interactive, multimedia, fun, and well-developed app for their
m-commerce needs, over a variety of applications that accomplish similar activities.

The previous literature has found that consumers’ intents to engage in future pur-
chases are facilitated by trust in the supplier, especially within the setting of m-commerce.
Sarkar et al. [78] define m-commerce as “a new technological interface that improves trans-
actions and helps in building long term relationships with customers”. Thus, the authors
posit trust as a key factor in enhancing the relationship between m-commerce vendors and
targeted customers. Consumers’ abilities and impressions of reliability are often used to
describe trust [18,19,112]. As such, this study proposes trust as an additional construct that
can extend and improve UTAUT2. The impact of trust on consumers’ behavioral inten-
tion is confirmed, showcasing results that support previous studies [21,77,85–87,117,118].
In other words, customers who have developed a favorable and trustworthy connection
with m-commerce vendors are more inclined to further rely on the same shopping apps for
other transactions. Strong and long-term connections are based on trust between companies
and consumers [119]. To this effect, trust represents an essential success element for any
online company that operates e-commerce, m-commerce, or s-commerce [118,119]. There-
fore, one can state that customers’ intents to use m-commerce are influenced by their trust
perception, which either restricts or supports acceptance and use of m-shopping [78,117].

In addition, an innovative component of this model involves the examination of
customers’ perceptions of the COVID-19 pandemic. To assess this research objective, H5
highlights a negative interaction between social influences and consumers’ perceptions
of COVID-19 regarding their shopping behavior. This relationship is supported, and this
outcome leads to the conclusion that friends and family members can impact consumers’
perceptions of COVID-19 regarding their shopping behavior. When individuals find
themselves in uncertain and potentially harmful health conditions, they rely on family
and friends to process certain information and to evaluate existing circumstances, such as
engaging in traditional shopping compared to new modes of purchasing products and/or
brands. This is one of the first investigations aiming at exploring how COVID-19 influences
consumer behavior in terms of operationalized and implemented scale items [101], thus
also highlighting the novelty of the research as compared to prior studies that focus only on
adjusting their measurement items to reflect the pandemic [91]. As COVID-19 technology-
based shopping is still developing, additional studies may bring more insight on the
prerequisites that lead to consumers’ behavioral intention to rely on m-commerce apps.

Furthermore, this study aimed to explore a negative interaction between customers’
perceptions of COVID-19 and their intention to rely on m-shopping. However, the findings
reveal an insignificant impact of this relationship. One plausible explanation for this
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inconsequential result can be attributed to the level of experience these respondents have
with m-commerce. Most respondents (94.6%) have a vast experience with m-shopping, and
the pandemic does not generate a high level of adjustment, in their case. Due to the novelty
of this proposed hypothesis, supplementary investigations are required to provide a more
thorough understanding of this relationship.

In discussing the results of structural equation modeling, it is important to highlight
the level of explained variance in the main dependent variable. According to the findings,
the expanded UTAUT2 model explains that 68.9% of consumers expressed behavioral
intent of using m-shopping. Thus, this integrative version of the model demonstrates the
model’s predictive power. However, social influences have determined a small proportion
of variation in consumers’ perceptions of the COVID-19 pandemic (10%).

Finally, to expand the comprehension of the proposed model, this research aims to
understand contrasts of trust perceptions between Millennials and Zers regarding mobile
shopping intent [93]. As previously stated, buying decisions are influenced by generational
patterns. This study adds to the knowledge of generational cohorts in this context and
expands the understanding of UTAUT2, as previously recommended [16]. The findings are
consistent with those of Lissitsa and Kol [58], who use a generational approach to examine
purchase intention for m-commerce. Additionally, different generational perspectives are
found in the study developed by Eger et al. [5], examining modifications in consumer
behavior during the COVID-19 pandemic.

Considering H8, our model finds no differences between female and male respon-
dents in relation to their perceptions of trust impacting their behavioral intent of using
m-commerce apps. This result contradicts a previous discovery by Marinkoviæ et al. [109]
in their application of an invariance test on gender as a moderator in their UTAUT2 model.
Moreover, in the initial UTAUT2 model proposal, Venkatesh et al. [16] finds that respon-
dents’ gender is a valuable moderator. Thus, our inconsistent result should be examined
in additional studies. In a recent study related to the pandemic, Sheth [120] asks the
following question: “Will the consumers permanently change their consumption habits
due to lockdown and social distancing or will they go back to their old habits once the
global crisis is over?”. Additionally, a BCG report [121] states that, during the pandemic,
consumers’ spending patterns change as consumers tend to renounce expensive products
due to uncertainty, and they lean more towards using local products. In future studies,
these aspects should guide additional efforts that examine modifications at a consumer
behavioral level [66–69,122–126] in different countries.

6. Conclusions
6.1. Theoretical Contributions

This study examines consumers’ intention to use m-commerce during the difficult
circumstances generated by the worldwide COVID-19 pandemic. The scope of this research
is to ascertain consumers’ behavioral intentions to use m-commerce based on a model
that includes five main determinants (hedonic motivation; social influence; performance
expectancy; trust; impact of COVID-19 on customers). The current study adds to the body
of knowledge in several ways.

This research acknowledges and responds to calls for studying UTAUT and UTAUT2
in various settings. The research model for m-commerce examines eight hypotheses
based on the UTAUT2 theoretical framework. Thus, one of the most notable conceptual
contributions is that it expands prior UTAUT2 m-commerce research. UTAUT2 components
have been shown to be accurate predictors of m-commerce buying intentions during the
COVID-19 pandemic. Derived from this empirical analysis, we can state that performance
expectancy, hedonic motivation, and social influences constitute important drivers of
consumers’ behavioral intention. Results also show consistency and convergence with
these three hypotheses associated with UTAUT2. Assessing the extent to which social
influences impact customer intentions, the results reinforce and contribute to a clearer
comprehension of this connection within a model focused on m-commerce. Moreover,
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results reconfirm performance expectancy as an antecedent of consumers’ intent towards
m-shopping. Consumers who engage in m-commerce focus on the usefulness of these
apps, their provided opportunity to increase their productivity in shopping experiences,
and timely achieving their purchasing goals. Furthermore, m-commerce apps provide
consumers with fun, enjoyable, and entertaining shopping experiences.

This research further adds to the existing literature of understanding trust in the con-
text of m-commerce. Mobile devices serve as a platform for consumers to conduct different
commercial or financial operations in m-commerce. Therefore, the first touchpoint between
consumers and companies operating in m-settings is based on establishing consumers’ trust.
M-commerce business organizations must minimize customers’ concern and confusion
about the security and threats of m-commerce. This study is valuable in its assessment
of the COVID-19 pandemic, reflecting a new theoretical contribution. The worldwide
repercussions of the COVID-19 outbreak, as well as its consequences on consumer behavior,
are unparalleled in recent history. As an important contribution, this is among the first
studies to examine how COVID-19 affects consumers’ behavior by using established scale
items. During this pandemic, our study highlights the need to examine the effect of social
relationships on people’s perceptions and behaviors. As presented by the results, social in-
fluences effectively impact consumers’ perceptions of COVID-19 as they relate to shopping.
Moreover, initially, consumers’ views of COVID-19 were proposed to establish a negative
influence on their intent of using m-commerce. However, this hypothesis is rejected in the
context of this model, due to an inconsistent result. Nonetheless, more studies are required
to further explain this potential relationship.

6.2. Managerial Implications

Due to technological advancements, widespread usage of mobile communication
devices, and changes in customer behavior, m-commerce has gained prominence in recent
years, especially compared to online sales and/or e-commerce. During the COVID-19
lockdowns and restrictions characterized by confinement and insecurities of health risks,
consumers have largely adopted and relied on online orders directly from e-shops or
through m-commerce apps. This change in customer behavioral patterns has led marketers
to advance their marketing strategies in m-commerce settings, thus modernizing and
adapting offers to the new social context. Enhancing customers’ experiences on mobile
apps is more important now than ever before.

Companies can focus on providing a seamless customer experience, improving cus-
tomer trust and satisfaction, and generating relevant customer analytics as key strategies to
address in the new m-commerce landscape. Most importantly, m-commerce apps provide
a basis for improving customer engagement, increasing sales, allowing higher customer
response rates, and generating higher levels of customer loyalty. In m-commerce, retailers
can engage consumers through apps by push notifications, which often enable a fast re-
sponse. In congruence with current findings, vendors should focus on developing engaging
and entertaining app content, supplemented by push notifications. To boost m-shopping
customer engagement, content personalization may represent a proper objective for any
vendor. Even before the COVID-19 pandemic, personalization started to surge in digital
marketing practices. From an elementary marketing perspective, organizations should rely
on push notifications in the form of m-coupons to intensify customers’ enjoyment level
through app use (hedonic motivation), thus increasing their performance expectancy while
using the app.

From a more complex marketing perspective, retailers and online vendors should
focus on gathering consumer data and using new customer datapoints in developing and
implementing targeted and comprehensive digital marketing strategies. Digital marketing
enables a seamless customer experience. Thus, data gathered from m-commerce can be
primarily used to enhance modern customer targeting strategies. Furthermore, such data
can be examined and utilized in segmenting customers and designing specific services and
marketing communication campaigns.
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6.3. Limitations and Future Research Perspectives

A theoretical limitation of this paper regards the constructs included in the model,
which are based on UTAUT2. The proposed model can be extended with additional con-
structs, for instance, with customer satisfaction and/or loyalty towards m-commerce apps,
but also with mobile advertising alert content, which may increase consumers’ behavioral
intention to use m-commerce. Additionally, as this research offers broad viewpoints on
m-commerce apps from multiple product categories, future research can focus on dis-
tinct product categories, m-commerce apps, or specific mobile vendors. Moreover, this
cross-sectional study reflects a limited dataset gathered from Romanian m-shoppers. Thus,
future research is needed to confirm these concepts in various research contexts and cir-
cumstances. Lastly, as a result of this study reflecting a cross-sectional design, it cannot
detect changes in time of the examined constructs. To this effect, longitudinal research may
aid the understanding of changing behavior towards m-commerce, from the perspective of
m-shoppers’ panels.

As technology continues to progress at a frenetic pace, future studies can also address
new advances in artificial intelligence or augmented reality (AR), as well as product rec-
ommendations’ impacts on adopting m-commerce. In digital commerce settings, AR can
bridge the gap between the intangibility of mobile apps and developing a realistic prod-
uct/brand experience. Thus, there is an increasing requirement to comprehend the impact
of AR on consumers’ experience in m-commerce. In m-commerce, product recommenda-
tions can be enhanced by generating higher levels of engagement from m-shoppers. Future
studies can also expand on comparing m-shoppers’ behaviors on different emerging versus
developed countries, as well as their switching behavior towards relying on m-commerce
apps before and during the COVID-19 pandemic and/or during and after the COVID-19
pandemic. The pandemic has dramatically changed traditional shopping behavior, and
thus, m-commerce relevance is likely to expand.
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