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Abstract

Urban delivery demand continues to rise, intensifying last-mile logistics challenges and
accelerating the transition from manual delivery to autonomous delivery robots (ADRs).
This study investigates the behavioral mechanisms underlying consumers’ migration
toward ADRs. Grounded in the socio-technical systems perspective, we integrate the
Push–Pull–Mooring (PPM) model with Social Cognitive Theory (SCT) to explain how
technological and social stimuli shape switching and continuance intentions through
cognitive and emotional pathways. Survey data from 786 Chinese consumers, analyzed
using second-order structural equation modeling, support the proposed framework. The
results indicate that dissatisfaction with manual delivery (push) and perceived benefits of
ADRs (pull) significantly enhance both switching and continuance intentions. Outcome
expectancy positively predicts switching intention but negatively predicts continuance
intention. Technophobia reduces switching intention but does not significantly influence
continuance. Moreover, social norms moderate key relationships, highlighting the role of
external social influence in technology transition. This study extends PPM research into the
smart logistics context, introduces socio-cognitive mechanisms into technology switching
analysis, and conceptually distinguishes switching and continuance intentions as separate
constructs. The findings offer practical guidance for ADR developers and policymakers by
emphasizing strategies to reduce emotional resistance, enhance social endorsement, and
promote the sustainable adoption of autonomous delivery technologies.

Keywords: autonomous delivery robots; push–pull–mooring model; social cognitive
theory; outcome expectancy; socio-technical systems; second-order SEM

1. Introduction
As urban delivery demand continues to grow, the “last-mile” logistics bottleneck

has become increasingly prominent. Since the COVID-19 pandemic, contactless delivery,
safety, and timeliness have emerged as key public concerns [1]. Against this backdrop,
autonomous delivery robots (ADRs), an emerging intelligent delivery technology, have
begun to attract widespread attention and active exploration across various scenarios,
including retail, e-commerce, and community delivery [2]. ADRs refer to fully automated
electric vehicles equipped with GPS, cameras, and multiple sensors that can deliver pack-
ages, groceries, or meals directly to consumers’ doorsteps without human intervention [3].
Despite the pandemic’s catalytic effect and the promotion of innovative city initiatives,
ADR technology remains in its early stages, and consumer psychological acceptance re-
mains uncertain [4,5]. Most consumers have become accustomed to efficient and familiar
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manual delivery methods, such as door-to-door courier services or pickup from parcel sta-
tions [6]. In contrast, as a highly automated, emerging approach, ADRs still face significant
user-acceptance barriers to widespread adoption [1].

To avoid acceptance barriers, service providers must deploy ADRs that align with
users’ expectations, needs, and motivations to ensure effective integration into existing lo-
gistics systems [1,7]. Accordingly, substantial academic research has examined the primary
determinants of consumers’ willingness to adopt ADRs. These studies have predomi-
nantly employed classical frameworks, such as the Technology Acceptance Model (TAM),
Expectation–Confirmation Theory (ECT), Task–Technology Fit (TTF) model, and Innova-
tion Diffusion Theory (IDT), to analyze consumers’ adoption attitudes and behavioral
intentions systematically [1,3,6,8]. Research indicates that perceived usefulness, ease of use,
interaction quality, and usage habits are significant predictors of ADR acceptance intention.
Moreover, individual characteristics such as innovativeness, anthropomorphic design,
social uniqueness, and lifestyle congruence also play crucial roles in user adoption [5,9–11].
These findings lay the theoretical groundwork for clarifying how ADR adoption decisions
are made. However, they overlook consumers’ willingness to shift from traditional de-
livery modes to ADRs. As ADRs represent an emerging delivery method, consumers
must consciously switch between manual and ADR-based adoption decisions. In addi-
tion, continuance intention has often been neglected as a critical variable for promoting
sustained advancement of AI-enabled innovations [12]. Furthermore, existing studies
predominantly emphasize the role of technical attributes [13] while lacking an integrated
perspective on the dual driving forces of social and technological factors that underlie
consumer behavior. Therefore, this study adopts a choice-based modeling approach to
evaluate how consumers trade off different attributes, thereby deepening understanding of
consumer decision-making processes and providing theoretical evidence to inform policy
formulation and commercial deployment.

Grounded in a dual socio-technical perspective, this study conducts an empirical
investigation. It develops a theoretical model to assess the factors influencing consumers’
switch from traditional delivery to ADRs and explore their psychological decision-making
processes, thereby addressing the research gap. Specifically, the study is grounded in socio-
technical systems (STS) theory. It combines the push–pull–mooring (PPM) paradigm with
social cognitive theory (SCT) to develop a new second-order structural equation modeling
(SEM) framework. STS theory emphasizes that the social and technical dimensions interact
with user experience and behavioral responses, forming the dual foundation of system
functioning [12]. The PPM model, derived from research on migration behavior, explains
the motivational mechanisms underlying individuals’ transitions between behavioral
states [14]. In this framework, push variables capture dissatisfaction related to the original
service (e.g., manual delivery), pull factors reflect the attractiveness of the alternative (e.g.,
ADRs), and mooring factors capture individual-level psychological resistance, such as
emotional attachment and cultural habits [14]. Accordingly, this study identifies the path
mechanisms influencing consumer behavioral intentions from three dimensions: social
attributes (push), technological attributes (pull), and psychological resistance (mooring).

Furthermore, to gain a more comprehensive understanding of consumer decision-
making, this study also explores the key psychological mechanisms underlying technology
adoption [15]. SCT emphasizes the significant influence of outcome expectancy on users’
adoption of new technologies. Accordingly, this study incorporates outcome expectancy
as a mediating variable to reveal the cognitive pathway underlying the formation of be-
havioral intention. It includes social norms as a moderator to assess the extent to which
the external social environment influences consumer decision-making. Building upon
these foundations, the research further refines the scope of an investigation into three
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core questions:(1) How do social push drivers, technical pull influences, and mooring
constraints, respectively, influence consumers’ switching and continuance intentions re-
garding ADRs? (2) Does outcome expectancy mediate the relationships among the factors
mentioned above and behavioral intentions? (3) Do mooring factors and social norms exert
moderating effects within these relationships? This study focuses on Chinese consumers as
the research sample, based on two primary considerations: First, China, one of the world’s
largest instant delivery markets, is experiencing mounting “last-mile” logistics pressure
amid rapid urbanization. ADRs pilots have already been implemented in cities such as
Beijing, Shenzhen, and Hangzhou, providing a realistic empirical context and consumer
familiarity for this study. Second, although ADR deployment has advanced rapidly in
China, systematic analyses of consumer adoption mechanisms in the Chinese context
remain limited. Therefore, this study provides empirical insights with local relevance to
inform the formulation of enterprise strategy and policy interventions.

The present research yields several meaningful theoretical advancements. First, draw-
ing on the STS perspective, this study systematically identifies key drivers of consumers’
switching intentions toward ADRs. It constructs a novel second-order SEM that offers a
comprehensive view of how social and technological attributes jointly influence behavioral
intentions. Second, although the PPM paradigm has been widely adopted in studies of
migration-related consumer behavior [14,16,17], empirical research on consumer transitions
from manual delivery to ADRs is scarce. This research introduces the PPM model into
the context of intelligent delivery, thereby advancing its theoretical application from tradi-
tional service migration to socio-technical integration scenarios. Third, by integrating the
PPM model with SCT for the first time, this study expands their theoretical boundaries in
emerging technology adoption and addresses the lack of an integrated “context–cognition–
behavior” mechanism in consumer behavior research. Fourth, this study distinguishes
between “switching intention” and “continuance intention” as two distinct behavioral
pathways, thereby addressing the gap in existing research that often fails to differentiate
between short-term trial behavior and long-term adoption. Ultimately, by examining the
moderating roles of technophobia and social norms, the study enhances the theoretical
understanding of how emotional and social variables influence the technology acceptance
process in consumer contexts. On a practical level, the findings provide empirical evi-
dence to support enterprise strategies for promoting ADRs, optimizing user guidance, and
enhancing service acceptance, while also offering policy recommendations for creating a
regulatory environment conducive to ADR adoption.

2. Literature Review and Research Hypotheses
2.1. Manual Delivery and Studies on Consumer Acceptance of ADRs

Traditional manual delivery refers to a logistics model in which couriers or riders com-
plete “last-mile” delivery tasks, and it has long occupied a dominant position within urban
distribution systems [18]. This model relies on human resources for sorting, dispatching,
and signing deliveries, offering advantages such as high flexibility, broad coverage, and
strong adaptability, particularly in emergency response and high-contact service scenarios.
From the consumer perspective, manual delivery, characterized by “humanized deliv-
ery,” offers a significant emotional connection advantage over door-to-door services [18].
However, as urban traffic congestion, rising labor costs, and the rapid growth of deliv-
ery demand increase, manual delivery has gradually revealed structural shortcomings,
including unstable delivery timeliness, high operational costs, and inefficiency during peak
periods [1,7,19]. Moreover, Pani et al. [20] also noted that manual delivery faces additional
challenges during public emergencies (such as the COVID-19 pandemic), including health
risks from high-contact interactions and insufficient system resilience, exacerbating its
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vulnerability in crisis contexts. Peppel et al. [21] pointed out that manual delivery involves
extensive traffic activities, not only increasing the risk of traffic accidents but also lacking
real-time dynamic scheduling capabilities, making it difficult to flexibly adjust routes and
service arrangements according to traffic conditions, weather changes, and customers’
immediate demands, thereby further limiting overall delivery efficiency. These issues have
become critical drivers, prompting users and enterprises to seek alternative solutions.

ADRs have emerged as an unmanned smart logistics solution to address the structural
bottlenecks in efficiency and cost associated with traditional delivery models and have
gained widespread attention amid the broader context of innovative city development
and green logistics transformation [2]. ADRs integrate artificial intelligence, autonomous
driving, and Internet of Things (IoT) technologies, offering advantages such as low carbon
emissions, uncrewed operation, and cost efficiency. They are regarded as a key tool for alle-
viating last-mile delivery pressure and meeting the demand for contactless delivery [3,7,22].
However, as ADR technology remains in its early stages, consumers exhibit significant
variability in acceptance, commonly encountering multiple cognitive and attitudinal barri-
ers [7]. Existing research has begun to explore consumers’ acceptance attitudes and usage
intentions toward ADRs, identifying key influencers such as perceived utility and usability,
anthropomorphism, innovativeness, and lifestyle congruence [5,7,11]. Some studies have
further introduced variables such as outcome expectancy [8], perceived value [13], trust,
and cooperativeness [5] to uncover the cognitive and emotional mechanisms underlying
ADR adoption. Table 1 summarizes representative studies on consumers’ acceptance
intentions toward ADRs, highlighting the breadth and depth of research across diverse
academic perspectives.

Table 1. Academic studies on consumers’ acceptance intentions toward ADRs.

No. Author(s) Methodology Theoretical
Model Sample Size Significant Contributions

1 Pani et al. [20]

Questionnaire
Survey, Latent
Class Analysis
(LCA)

A latent class
model was
employed to
investigate
heterogeneity in
consumer
acceptance of
ADRs.

483

This study assessed public
willingness to pay (WTP) for
ADRs during COVID-19.
Demographic (age, income,
education) and psychological
(attitudes, perceived
usefulness, risk perception)
factors significantly influenced
acceptance. Preference for
contactless delivery also
increased markedly.

2 Abrams et al.
[23]

Online
experiment
(questionnaire-
based survey)

Existence
Acceptance (EA) 185

This study explores the
non-user acceptance
mechanisms of ADRs by
proposing a “presence
acceptance” model, which
reveals how emotional
responses, perceived social
functionality, and interaction
expectations influence passive
acceptance behavior.
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Table 1. Cont.

No. Author(s) Methodology Theoretical
Model Sample Size Significant Contributions

3 Yuen et al. [3] Questionnaire
Survey, SEM

By integrating
the TAM and the
Theory of
Planned
Behavior (TPB),
this study
develops a
Stimulus–
Organism–
Response
framework.

500

This study highlights the
significant effects of perceived
usefulness, perceived ease of
use, perceived convenience,
attitude, subjective norms,
and perceived behavioral
control on the intention to
adopt ADRs.

4 Koh & Yuen [8] Questionnaire
Survey, SEM

An integrated
theoretical model
was developed
by combining
the Health Belief
Model (HBM)
and the TTF
model.

500

This study highlights the
critical roles of health beliefs
and task–technology fit in
predicting the acceptance of
ADRs, and underscores the
practical value of outcome
expectancy and perceived fit
in promoting the adoption of
urban delivery technologies.

5 Wu et al. [5] Questionnaire
Survey, SEM

Drawing on the
Privacy Calculus
Theory (PCT)
and the
Motivated
Consumer
Innovativeness
(MCI) theory

450

This study highlights the
mediating roles of perceived
privacy risk and perceived
collaboration in the acceptance
pathway. It highlights the
significant impact of both
functional and cognitive
innovation motivations on
increasing consumer
willingness to adopt ADRs.

6 Koh et al. [24] Questionnaire
Survey, SEM

An integrated
model
combining
Resource
Matching Theory,
Perceived Risk
Theory, and
Value Theory

500

This study highlights the key
roles of resource-matching
capability, perceived risk
factors, and perceived value in
predicting the adoption of
ADRs and emphasizes the
significant impact of economic
considerations, privacy
concerns, and capability fit on
the technology
adoption pathway.

7 Westerlund [25] Qualitative
Study

Thematic
analysis based
on manual
coding

401 public
comments

This study highlights the
critical roles of perceived
cuteness, social influence,
privacy concerns, and
operational safety in shaping
public attitudes.

8 Xu et al. [11] Questionnaire
Survey, SEM

The Hierarchical
Service Quality
Model and the
TTF theory

663

This study reveals that
enhancing anthropomorphic
service attributes can
effectively increase consumer
acceptance of robotic
delivery services.
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Table 1. Cont.

No. Author(s) Methodology Theoretical
Model Sample Size Significant Contributions

9 Ayyildiz &
Erdogan [26]

Multi-Criteria
Decision-
Making (MCDM)
Method

The Intuitionistic
Fuzzy PIPRECIA
(IF-PIPRECIA)
method
combined with
the PESTEL
(Political,
Economic, Social,
Technological,
Environmental,
and Legal)
framework

expert
evaluation

This study integrates the
Intuitionistic Fuzzy PIPRECIA
method with the PESTEL
framework to conduct a
comprehensive prioritization
assessment of barriers to
implementing ADRs.

10 Koh & Yuen [1] Questionnaire
Survey, SEM

An integrated
model based on
ECT and TTF
theory

637

The study identifies
interaction quality and
confirmation as the strongest
predictors of
adoption intention.

Despite the burgeoning literature summarized in Table 1, three critical theoretical
lacunae remain and warrant further investigation. First, regarding the behavioral scope,
existing studies predominantly examine ADR adoption in isolation, treating it as a static
“accept/reject” decision. This approach overlooks the dynamic nature of technological
substitution, in which consumers must actively weigh the decision to switch from a deeply
entrenched incumbent service (manual delivery) to a novel alternative [1]. Furthermore,
while initial adoption is well-studied, the drivers of continuance intention—critical for the
long-term viability of AI logistics—remain underexplored [12]. Second, regarding the theo-
retical lens, current research largely adopts a technology-centric perspective (e.g., focusing
on efficiency or usability) [13]. However, as ADRs operate in public spaces and involve
service interactions, they function as complex socio-technical systems. Existing models
often fail to systematically integrate technological drivers, social factors (e.g., trust, norms),
and psychological barriers (e.g., inertia, technophobia) within a unified framework. Third,
regarding the decision mechanism, there is a scarcity of research employing migration
or trade-off frameworks (such as the PPM model) to explicate the specific psychological
processes consumers undergo when transitioning between delivery modes. To bridge these
gaps, this study develops a dual-path choice model to systematically examine the drivers
and mechanisms underlying consumers’ transition from manual to autonomous delivery.

2.2. Theoretical Framework and Model

To systematically examine the behavioral transition from manual delivery to ADRs,
this study integrates the PPM model [27], STS theory, and SCT [28,29]. While PPM pro-
vides the structural logic for migration behavior, it requires contextual drivers to explain
why users switch. STS fills this gap by categorizing these drivers into technical and so-
cial dimensions. Furthermore, SCT is incorporated to elucidate the internal cognitive
mechanism—specifically, outcome expectancy—that translates these external drivers into
behavioral intentions. The integration of these frameworks constructs a comprehensive
second-order SEM (see Figure 1).
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Figure 1. Theoretical model.

2.2.1. Push–Pull–Mooring (PPM) Model

The PPM framework serves as the overarching behavioral structure for this study.
Originally developed to explain migration, it posits that switching behavior is influenced
by three forces: push factors (negative factors at the origin), pull factors (positive factors
at the destination), and mooring factors (impediments to switching) [30–32]. While PPM
has been robustly applied to service switching and digital migration [17,33], prior studies
often lack a systematic rationale for selecting specific push/pull factors. In the context of
ADRs, “push” factors reflect dissatisfaction with manual delivery (e.g., risks, inefficiencies),
while “pull” factors capture the appeal of robotic delivery. This study employs the PPM
paradigm to model the user’s transition pathway but relies on STS theory to identify the
specific antecedents of these forces.

2.2.2. Socio-Technical Systems (STS) Theory

STS theory asserts that any operational system comprises interacting social (people,
attitudes, values) and technical (tasks, technology, processes) subsystems [12,34]. Successful
technology adoption requires the joint optimization of both dimensions [28]. ADRs exem-
plify a complex socio-technical system [3]. The technical dimension involves functional
attributes such as automation accuracy, efficiency, and contactless delivery capabilities [11].
Conversely, the social dimension pertains to human-centric concerns, including trust, pri-
vacy, safety, and the nuances of human–robot interaction [35,36]. By adopting the STS
lens, this study systematically categorizes the “push” and “pull” drivers into technical
performance and social concerns, ensuring a holistic evaluation of the ADR ecosystem
beyond mere functional utility.

2.2.3. Social Cognitive Theory (SCT)

To bridge the external drivers and behavioral outcomes, we incorporate SCT, explicitly
focusing on Outcome Expectancy. SCT suggests that environmental factors influence behav-
ior through cognitive evaluation [10,15]. Outcome expectancy refers to a user’s judgment
of the likely consequences of a behavior—ranging from efficiency gains to emotional satis-
faction [15]. In this framework, SCT explains the psychological processing: users do not
switch to ADRs solely because of technical features, but because they cognitively process
these STS attributes into specific outcome expectancies (e.g., expecting higher efficiency or
lower privacy risk) [37]. Thus, SCT serves as the cognitive nexus, translating the social and
technical attributes identified by STS into the switching motivations modeled by PPM.
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2.3. Research Hypothesis
2.3.1. Push Effect

Consistent with existing studies, this study defines push factors as negative expe-
riences or perceptions that drive users to abandon their original service systems [32],
explicitly referring to the key drivers that prompt consumers to discontinue using tra-
ditional manual delivery [38]. Research in the service sector suggests that push factors
primarily involve users’ negative perceptions of existing services, such as low service
quality, privacy and security risks, financial risks, and low trust, all of which can trigger
migration behaviors [16,32,39–41].

Specifically, service quality reflects the extent to which a service meets users’ expec-
tations [42]. Traditional manual delivery often leads to user dissatisfaction due to delays,
indifferent attitudes, and inconsistent service, thereby reducing satisfaction and continu-
ance intention [43,44]. In the context of crowdsourced logistics, couriers frequently access
users’ private information, and the lack of transparency regarding their identities intensifies
concerns about privacy breaches and personal safety [39,45]. During the pandemic, face-
to-face services entailed elevated health risks, exacerbating consumer concerns over the
safety of conventional delivery [13]. Additionally, as the demographic dividend declines
and labor costs rise, consumers increasingly perceive a mismatch between the price and
service value of manual delivery, heightening their financial risk [7]. Previous studies have
confirmed that price sensitivity is a key driver of users’ intention to switch services, and it
also leads consumers to form positive expectations regarding ADR’s cost efficiency [13,16].
At the same time, trust deficits manifest as users’ doubts about the reliability, stability,
and execution capability of delivery services, weakening emotional attachment, and in-
creasing their willingness to evaluate alternative technologies [16]. Moreover, trust deficits
regarding manual delivery may further enhance consumers’ positive expectations of new
technologies and increase their intention to continue using them [46].

In summary, low service quality, privacy and security concerns, financial risks, and
low trust constitute typical push factors within traditional manual delivery services, sys-
tematically driving consumers to migrate toward ADRs and influencing their switching
intention, outcome expectancy, and continuance intention. Based on these insights, this
research proposes:

H1: Push factors contribute positively to switching intention.

H2: Push factors contribute positively to outcome expectancy.

H3: Push factors contribute positively to continuance intention.

2.3.2. Mooring Effect

In migration behavior research, the mooring effect refers to intrinsic forces that do
not directly stem from service failures or the attractiveness of alternatives, yet that impose
psychological or behavioral constraints on switching decisions [38]. It typically manifests
as hesitation, resistance, or emotional attachment at the cognitive, affective, or behavioral
level when individuals consider switching services, such as habitual usage or technology-
related anxiety [14,47]. Although prior literature has extensively investigated the anchoring
effect of “inertia” within migration dynamics [14], studies examining “technophobia”
functioning as a mooring factor remain limited—especially in contexts where intelligent
and automated technologies are rapidly proliferating, leaving their potential inhibitory
effect insufficiently validated.
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Technophobia refers to the negative psychological responses, such as anxiety, re-
sistance, and perceived incompetence, that individuals experience when encountering
emerging technologies or intelligent systems, particularly in highly technologized delivery
service contexts [47]. Therefore, this study conceptualizes technophobia as a key moor-
ing factor in consumers’ migration from traditional manual delivery systems to ADRs.
Existing studies indicate that technophobia reflects users’ anxiety, resistance, and per-
ceived lack of competence regarding emerging intelligent systems, which may suppress
their positive expectations and reduce their readiness to embrace these intelligent solu-
tions [47,48]. In summary, this research argues that technophobia disrupts individuals’
evaluation of the efficiency and convenience benefits of ADRs, thereby significantly reduc-
ing their outcome expectancy and switching intention. Moreover, when such fear remains
unaddressed, the likelihood of continued use may also decline substantially. Therefore, this
research proposes:

H4: Technophobia significantly reduces switching intention.

H5: Technophobia significantly reduces outcome expectancy.

H6: Technophobia significantly reduces continuance intention.

2.3.3. Pull Effect

In migration studies, pull factors are the attractive features of an alternative system
that motivate individuals to consider switching. These factors are typically reflected
in the system’s advantages in efficiency, convenience, and innovation [32]. In service
switching and technology adoption research, consumers’ willingness to adopt new systems
is often driven by their positive perceptions of system performance and technological
advancement [14].

In the TAM framework, perceived usefulness and ease of use function as core vari-
ables that determine users’ intention to adopt innovative technologies. Ye et al. found that
these factors significantly enhance switching intentions among live-streaming e-commerce
users [49]. Yuen et al. further validated the positive effects of ADRs on consumers’ out-
come expectancy and adoption intention [13]. In addition, anthropomorphism is a key
social attribute in robotic technology, encompassing human-like appearance and affective
or interactional capabilities [11,50]. Empirical evidence suggests that anthropomorphic
features significantly enhance users’ brand perception and interactive experience with
intelligent products, thereby strengthening their intention to use. Another important pull
factor is technological innovativeness, which refers to users’ subjective perceptions of a
technology’s novelty and relative advantage [51]. Lowe and Alpert argue that desirable
technological innovations must offer tangible improvements that significantly enhance the
user experience [52]. Related research also shows that firms emphasizing technological
innovativeness in their marketing are more likely to attract consumer attention and facili-
tate conversion [51]. For example, suppose ADRs are perceived as saving time, reducing
errors, and improving the delivery experience. In that case, consumers are more likely to
transition from conventional delivery methods to ADRs [13].

In summary, perceived ease of use, usefulness, anthropomorphism, and technological
innovativeness collectively constitute the key pull factors in ADRs. The stronger these per-
ceptions are, the greater the consumers’ switching intention, positive outcome expectancy,
and continuance intention. Accordingly, this research proposes:

H7: Pull factors significantly enhance switching intention.

https://doi.org/10.3390/jtaer21010022
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H8: Pull factors significantly enhance outcome expectancy.

H9: Pull factors significantly enhance continuance intention.

2.3.4. Outcome Expectancy

Within the framework of SCT, outcome expectancy is regarded as a core variable for
predicting behavioral intention, reflecting individuals’ subjective judgments about the
consequences of their actions [10,15]. Specifically, outcome expectancy refers to consumers’
cognitive assessment of a technology’s ability to improve efficiency, enhance convenience,
and generate value returns. It is a critical psychological foundation for driving behavioral
intention [15]. In last-mile delivery scenarios, the service advantages of ADRs closely
align with consumers’ expectations for an efficient, convenient lifestyle, increasing the
likelihood of adoption and integration into daily routines. When users believe that ADRs
can deliver faster, lower-cost, and less error-prone services, their intention to replace man-
ual delivery becomes more evident, and their continuance intention is correspondingly
strengthened [8,13]. Prior studies have shown that the more positive consumers’ outcome
expectancy toward autonomous delivery technologies, the stronger their willingness to
adopt them [10]. Moreover, positive outcome expectancy facilitates initial switching be-
havior and enhances user loyalty and system stickiness by increasing satisfaction and
aligning expectations.

Accordingly, this research proposes:

H10: Outcome expectancy significantly enhances switching intention.

H11: Outcome expectancy significantly enhances continuance intention.

3. Methodology
We employed both qualitative insights and quantitative validation analyses to test our

theoretical model (Figure 1). To enhance the robustness and consistency of our findings,
we adopted a multi-source and mixed-methods design to improve the credibility of the
results [53]. In the qualitative phase, we conducted interviews with ten experts from China.
The interviewees included academic researchers with extensive experience in smart logis-
tics, consumer behavior, technology adoption, and autonomous delivery robots, as well as
industry experts with practical experience in logistics operations, unmanned technology
implementation, and platform service management. Participants were selected based on
their expertise and influence in autonomous delivery technologies or consumer adoption
research. Their professional insights facilitated a deeper understanding of the behavioral
mechanisms, influencing factors, and real-world challenges involved in consumers’ transi-
tion from manual delivery to ADRs. Each of these semi-structured interviews lasted over
30 min and provided critical support for the construction of our theoretical model and the
subsequent design of the questionnaire.

3.1. Measurements and Questionnaire Development

Given the presence of multiple higher-order latent constructs, we adopted a second-
order SEM framework to evaluate the theoretical model and hypotheses. The push construct
was specified as a second-order factor indicated by privacy and security concerns, low
service quality, perceived financial risk, and low trust, while the pull construct was speci-
fied as a second-order factor indicated by perceived technological innovativeness (TIN),
anthropomorphism, perceived usefulness, and ease of use. These higher-order factors,
together with technophobia, outcome expectancy, switching intention, and continuance
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intention toward ADRs, formed a hierarchical model for systematic hypothesis testing.
This approach is appropriate because it (i) more faithfully represents the cognitive structure
of multidimensional constructs than first-order models [42]; (ii) aggregates subdimensional
variance, thereby strengthening the explanatory power of relationships among latent vari-
ables and improving overall model robustness [54]; and (iii) mitigates bias in factor loadings
associated with item proliferation, improving theoretical fit and explanatory capacity [42].

In this study’s second-order SEM, all latent constructs were measured using empiri-
cally validated scales, which were contextually adapted to ensure relevance and validity
in the ADR setting. Acceptance intention comprised switching intention [55] (shift from
manual delivery to ADRs) and continuance intention [46] (long-term usage tendency). Push
factors captured negative perceptions of manual delivery across privacy/security concerns,
low service quality, low trust, and financial risk, with items adapted from Wang et al. [45],
Poon and Tung [39], Jung et al. [16], Uzir et al. [56], Yi et al. [57], and Luo et al. [58]. Pull
factors reflected positive perceptions of ADRs, including perceived usefulness, ease of
use, technological innovativeness, and anthropomorphism, drawing from Yuen et al. [3],
Ruiz-Alba et al. [40], and Chi et al. [50]. Mooring was operationalized as technophobia, a
concept articulated by Subero-Navarro and colleagues to capture individuals’ uncertainty
and resistance toward automation [47]. Outcome expectancy, as a key cognitive variable,
reflects perceived gains in efficiency, convenience, and affective returns, as described by
Osakwe and colleagues [10]. Each construct employed ≥4 observed indicators to capture
its conceptual domain; full items and sources appear in Appendix A.

3.2. Survey Administration

The questionnaire tool utilized in this study was structured into three segments. The
first part introduced the study context, briefly outlining the concept of ADRs, the research
goals, data usage policies, and a privacy assurance statement. The statement clarified that
all data would be used solely for academic research, in strict compliance with relevant
privacy protection regulations. No personally identifiable information was collected or
disclosed. Respondents were encouraged to answer truthfully after being fully informed,
to reduce evaluation anxiety and defensiveness, thereby minimizing social desirability bias
in the survey responses. The second section of the questionnaire focused on the primary
constructs. Items were evaluated on a 7-point Likert-type scale, ranging from “strong
disagreement” (1) to “strong agreement” (7), to assess participants’ level of agreement
with each statement. In addition, the wording of all items was designed to be neutral
and objective, avoiding overtly value-laden expressions to enhance the authenticity and
reliability of responses. This third segment gathered general demographic characteristics.

The target population consisted of Chinese residents aged 18 or older who were
registered on the Sojump platform. Sojump is one of the largest online survey platforms
in China, with over 6.2 million active respondents who possess high levels of digital
literacy and frequent mobile usage, making it a suitable data source for studying ADR
technology acceptance and switching mechanisms. Sojump administered the online survey
as a professional survey service provider. All participants were required to read and agree
to an informed consent statement before accessing the questionnaire. All survey items were
presented in Simplified Chinese to ensure accurate comprehension of the measurement
constructs. Prior to the formal survey, a pilot test involving 90 respondents was conducted,
and several items were revised based on feedback to ensure measurement validity and
linguistic clarity. During the formal data collection stage, a total of 1000 responses were
collected, and respondents who completed the questionnaire received a monetary incentive.
Based on the pilot responses, the estimated average completion time was approximately
six minutes. To ensure data quality, several exclusion criteria were applied, including
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completion times below two minutes and failure to pass attention checks, resulting in the
removal of 214 invalid responses and the retention of 786 valid cases. The adequacy of the
final sample size (n = 786) was verified against the requirements for SEM. First, an a priori
power analysis using G*Power 3.1 indicated that to detect a medium effect size (f2 = 0.15)
with a statistical power of 0.95 at α = 0.05, a minimum of 129 subjects was required. Second,
the sample size meets the recommendations of Kline [59] and Hair et al. [60], who suggest
a minimum sample size of 200 for SEM analysis to minimize convergence failures and
improper solutions. Thus, the dataset provides sufficient statistical power for robust model
estimation. The research team paid Sojump 6 RMB per completed questionnaire, covering
both participant compensation and platform service fees. All valid data were included
in the subsequent empirical analyses. Although the sample showed some variation in
gender, age, and income (see Table 2), it primarily consisted of young to middle-aged adults
(21–40 years) with relatively high educational levels and extensive experience with mobile
internet technologies. Therefore, the findings are more applicable to ADRs’ potential core
user group, and caution is advised when generalizing to low-technology-exposure groups
or older populations.

Table 2. Demographic Profile of Respondents.

Characteristics Items Frequency (n = 786) Percentage (%)

Gender
Male 412 52.4
Female 374 47.6

Age (years)

≤20 83 10.6
21–30 299 38.0
31–40 146 18.6
41–50 108 13.7
51–60 89 11.3
>60 61 7.8

Education

Lower secondary education or below 87 11.1
Upper secondary or vocational
education 155 19.7

Junior college 275 35.0
Undergraduate 220 28.0
Master’s degree or above 49 6.2

Monthly income (RMB)

<2500 76 9.7
2500–4500 222 28.2
4501–6500 223 28.4
6501–8500 145 18.4
>8500 120 15.3

3.3. Preliminary Analysis

In SEM, ensuring that data meet approximate normality is essential for applying
maximum likelihood estimation (MLE). To verify this assumption, skewness and kurtosis
were assessed. Kline noted that skewness values should not exceed ±3, and kurtosis
values should remain within ±8 [59]. The results showed that all observed variables fell
within these thresholds (see Table 3), indicating no severe skewness or extreme outliers.
Accordingly, the data met the distributional assumptions for SEM and were deemed
appropriate to facilitate further structural path analysis and testing of research assumptions.

https://doi.org/10.3390/jtaer21010022

https://doi.org/10.3390/jtaer21010022


J. Theor. Appl. Electron. Commer. Res. 2025, 21, 22 13 of 27

Table 3. Confirmatory factor analysis results.

Construct Item Mean SD Skewness Kurtosis Estimate α AVE CR

Pull
effect
(PLE)

Perceived
usefulness
(UFN)

UFN1 3.789 1.493 −0.229 −0.437 0.735 0.904 0.659 0.905
UFN2 3.776 1.518 0.028 −0.301 0.898
UFN3 3.77 1.503 0.031 −0.39 0.75
UFN4 3.841 1.498 −0.347 −0.209 0.763
UFN5 3.812 1.476 −0.009 −0.356 0.896

Perceived ease of
use
(EOU)

EOU1 4.024 1.376 −0.355 0.285 0.871 0.926 0.720 0.928
EOU2 3.649 1.611 −0.02 −0.77 0.839
EOU3 3.842 1.439 0.183 −0.441 0.798
EOU4 3.921 1.443 −0.272 −0.051 0.919
EOU5 3.747 1.554 0.004 −0.608 0.811

Perceived
technological
innovativeness
(TIN)

TIN1 3.612 1.586 −0.123 −0.668 0.942 0.898 0.699 0.902
TIN2 3.705 1.494 0.01 −0.69 0.728
TIN3 3.866 1.51 −0.341 −0.362 0.895
TIN4 3.983 1.476 −0.188 −0.252 0.761

Anthropomorphism
(ANT)

ANT1 3.696 1.603 −0.201 −0.687 0.847 0.944 0.681 0.945
ANT2 3.868 1.564 −0.132 −0.533 0.811
ANT3 3.66 1.535 −0.047 −0.405 0.807
ANT4 3.567 1.613 0.217 −0.903 0.8
ANT5 3.845 1.484 −0.088 −0.347 0.858
ANT6 3.646 1.467 0.032 −0.336 0.867
ANT7 3.765 1.399 −0.07 −0.433 0.806
ANT8 3.812 1.509 −0.146 −0.474 0.801

Push
effect
(PSE)

Privacy and
security concerns
(PSC)

PSC1 2.861 1.483 −0.261 −0.4 0.771 0.938 0.721 0.939
PSC2 2.611 1.524 −0.105 −0.41 0.818
PSC3 2.766 1.417 −0.306 −0.126 0.804
PSC4 2.621 1.408 −0.221 −0.216 0.906
PSC5 2.864 1.499 0.052 −0.385 0.928
PSC6 3.844 1.519 0.027 −0.515 0.857

Low service quality
(LSQ)

LSQ1 3.687 1.598 −0.359 −0.476 0.855 0.919 0.739 0.919
LSQ2 3.866 1.6 −0.22 −0.523 0.836
LSQ3 3.872 1.635 −0.186 −0.737 0.857
LSQ4 3.579 1.706 −0.31 −0.772 0.89

Financial risk
(FNR)

FNR1 3.515 1.527 −0.248 −0.452 0.888 0.924 0.713 0.925
FNR2 3.785 1.463 0.2 −0.293 0.784
FNR3 3.763 1.506 −0.06 −0.493 0.86
FNR4 3.714 1.513 −0.014 −0.475 0.824
FNR5 3.763 1.603 −0.194 −0.592 0.861

Low trust
(LTS)

LTS1 3.796 1.462 −0.272 −0.249 0.88 0.931 0.771 0.931
LTS2 3.42 1.451 −0.134 −0.324 0.889
LTS3 3.726 1.5 −0.22 −0.312 0.874
LTS4 3.763 1.479 −0.178 −0.25 0.87

Technophobia
(TPH)

TPH1 3.779 1.508 0.013 −1.51 0.841 0.950 0.788 0.949
TPH2 3.84 1.364 0.145 −1.411 0.853
TPH3 3.804 1.519 0.225 −1.475 0.993
TPH4 3.785 1.361 0.249 −1.223 0.774
TPH5 3.838 1.431 0.13 −1.387 0.96

Social norms
(SNM)

SNM1 4.163 1.349 −0.304 −0.057 0.791 0.898 0.641 0.899
SNM2 4.294 1.363 −0.379 0.401 0.855
SNM3 4.064 1.374 −0.127 −0.031 0.826
SNM4 4.176 1.397 −0.459 0.105 0.784
SNM5 4.126 1.351 −0.087 0.042 0.743
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Table 3. Cont.

Construct Item Mean SD Skewness Kurtosis Estimate α AVE CR

Outcome expectancy
(OEP)

OEP1 3.854 1.392 −0.266 0.087 0.851 0.911 0.722 0.912
OEP2 3.776 1.453 −0.261 −0.179 0.799
OEP3 3.77 1.485 −0.05 −0.478 0.874
OEP4 3.819 1.454 −0.256 −0.187 0.873

Switching intention
(SWI)

SWI1 3.861 1.533 −0.3 −0.412 0.826 0.918 0.738 0.918
SWI2 3.915 1.53 −0.286 −0.371 0.88
SWI3 3.885 1.498 −0.153 −0.388 0.877
SWI4 3.877 1.505 −0.322 −0.284 0.852

Continuance intention
(CTI)

CTI1 3.968 1.361 −0.149 −0.007 0.748 0.865 0.619 0.866
CTI2 3.504 1.554 0.193 −0.748 0.871
CTI3 3.907 1.422 −0.414 −0.331 0.78
CTI4 3.393 1.297 −0.319 −0.749 0.74

Structural model fit indices: χ2/df = 2.751; SRMR = 0.044; RMSEA = 0.047; CFI = 0.928; IFI = 0.928; TLI = 0.925.

This study conducted two types of bias assessments: response bias and common
method bias. To examine response bias, we compared the responses of early participants
(those in the first 50%) and late participants (those in the last 50%) using an independent-
samples t-test and found no significant differences in mean scores between the groups.
Therefore, it can be reasonably inferred that non-response bias is unlikely to have a sub-
stantive impact on our research findings [61]. Second, this research employed two diag-
nostic approaches to ensure data validity and reliability, while controlling for potential
common-method bias (CMB) arising from the same-source data collection. Firstly, Har-
man’s single-factor test showed that only 41.34% of the total variance was accounted for by
the initial principal component, which is below the 50% threshold, indicating no dominant
factor [55]. Secondly, the ULMC (unmeasured latent method construct) technique was
employed by adding a method factor to the measurement model. A comparative analysis of
fit indices from baseline versus method-adjusted models revealed no significant difference,
suggesting that CMB had no significant effect on the outcomes. The above results confirm
that CMB is absent in this research, indicating that the data are suitable for subsequent
empirical analysis [62].

3.4. Demographic Characteristics

To further examine the representativeness and external validity of the sample, the
demographic characteristics of the respondents were summarized and analyzed, as pre-
sented in Table 2. Among the 786 eligible participants, 52.4% identified as male and 47.6%
as female, suggesting near gender parity with a slight predominance of male respondents.
The majority were between 21 and 40 years, with the most significant proportion in the
21–30 age group (38.0%), followed by those aged 31–40 (18.6%). This age distribution
reflects a youthful to middle-aged sample, consistent with the typical profile of online panel
participants. Regarding education, 69.2% of the respondents reported having completed
college-level or higher education, indicating a relatively advanced educational background
and suggesting strong cognitive and decision-making capacity. Regarding income brackets,
most participants fell within the mid-income range: 56.6% earned RMB 2500–6500, 18.4%
earned between RMB 6501 and 8500, and 15.3% earned more than RMB 8500. The income
distribution aligns closely with the 2024 report on household income and consumption
expenditure released by the National Bureau of Statistics of China, further validating the
sample’s real-world representativeness [63].
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4. Empirical Results and Discussion
4.1. Confirmatory Factor Analysis

As presented in Table 3, all fit statistics fell within acceptable ranges, indicating that
the model appropriately represented the latent constructs. Regarding internal consistency,
all latent variables achieved Cronbach’s alpha and composite reliability values exceeding
the 0.70 criterion. Moreover, the standardized factor loadings and average variance ex-
tracted (AVE) surpassed the 0.50 threshold, supporting adequate construct reliability and
validity [60]. Second-order factors—push and pull—also demonstrated adequate model fit:
Push: χ2/df = 3.100, SRMR = 0.033, RMSEA = 0.052, CFI = 0.997, IFI = 0.977, TLI = 0.973;
Pull: χ2/df = 3.101, SRMR = 0.048, RMSEA = 0.071, CFI = 0.946, NFI = 0.933, TLI = 0.939.
These findings offer further empirical support for the validity of the higher-order constructs.

The inter-construct correlations were further examined to evaluate the discriminant
validity of the evaluative framework. Findings indicated the square roots of the AVE
for all constructs were greater than their corresponding inter-construct correlations (see
Table 4), thereby meeting Fornell and Larcker’s criterion [64]. This suggests that the
constructs are distinct, with no substantial overlap, supporting the measurement model’s
discriminant validity. Additionally, variance inflation factor (VIF) tests were conducted
across all unobserved constructs to assess potential multicollinearity. The VIF values for all
variables were well below the threshold of 3, indicating negligible multicollinearity [60].
Overall, the measurement model demonstrated acceptable levels of construct convergence,
discriminant validity, and control of multicollinearity, establishing a robust foundation for
subsequent structural model assessment.

Table 4. Discriminant validity test results.

PSC LSQ FNR LTS UFN EOU TIN ANT TPH OEP SWI CTI SNM

PSC 0.849 a

LSQ 0.649 b 0.860
FNR 0.602 0.607 0.844
LTS 0.557 0.65 0.616 0.878
UFN 0.501 0.545 0.508 0.55 0.812
EOU 0.47 0.545 0.514 0.525 0.633 0.849
TIN 0.511 0.565 0.53 0.551 0.691 0.584 0.836
ANT 0.593 0.6 0.565 0.584 0.648 0.655 0.634 0.825
TPH −0.187 −0.219 −0.275 −0.262 −0.271 −0.192 −0.298 −0.299 0.888
OEP 0.533 0.567 0.549 0.487 0.537 0.539 0.523 0.538 −0.253 0.850
SWI 0.588 0.605 0.582 0.591 0.531 0.569 0.564 0.631 −0.327 0.595 0.859
CTI 0.337 0.365 0.375 0.282 0.35 0.335 0.389 0.406 −0.15 0.209 0.421 0.786
SNM 0.46 0.518 0.466 0.413 0.488 0.497 0.506 0.548 −0.307 0.448 0.491 0.319 0.801

a. Square roots of AVE are along the main diagonal. b. Correlations between constructs are below the
main diagonal.

4.2. Structural Model Analysis

Following confirmation of the measurement model’s reliability and validity through
CFA, this study further evaluated the structural model using second-order SEM to empiri-
cally test the hypothesized relationships among the core constructs [65]. Estimating the path
coefficients allows for the examination of causal relationships among the latent variables
and their statistical significance. The standardized path coefficients of the second-order
SEM are presented in Figure 2 and Table 5. All path coefficients were below 1.0, indicating
that the parameter estimates were within an acceptable range and free from estimation
bias [42]. The model fit indices showed a good model fit (χ2/df = 2.769, SRMR = 0.0438,

https://doi.org/10.3390/jtaer21010022

https://doi.org/10.3390/jtaer21010022


J. Theor. Appl. Electron. Commer. Res. 2025, 21, 22 16 of 27

RMSEA = 0.047, CFI = 0.934, IFI = 0.934, TLI = 0.931), suggesting that the data were
well-aligned with the proposed model.

Figure 2. Structural modeling result. * p < 0.05, ** p < 0.01, *** p < 0.001.

Table 5. Path relationship hypothesis test results.

Hypotheses Constructs Standardized
Estimate (β) S.E. C.R. p Test Results

H1 PSE→SWI 0.489 0.089 6.371 *** Supported
H2 PSE→OEP 0.448 0.094 5.506 *** Supported
H3 PSE→CTI 0.29 0.088 2.87 ** Supported
H4 TPH→SWI −0.103 0.025 −3.904 *** Supported
H5 TPH→OEP −0.045 0.027 −1.515 0.13 Not Supported
H6 TPH→CTI −0.005 0.025 −0.128 0.898 Not Supported
H7 PLE→SWI 0.218 0.103 3.025 ** Supported
H8 PLE→OEP 0.293 0.115 3.607 *** Supported
H9 PLE→CTI 0.454 0.108 4.506 *** Supported

H10 OEP→SWI 0.117 0.041 2.857 ** Supported
H11 OEP→CTI −0.284 0.043 −4.963 *** Supported

Second-order
constructs (PSE)

PSC 0.769 0.05 18.367 *** Supported
LSQ 0.855 0.058 20.418 *** Supported
FNR 0.797 0.056 19.032 *** Supported
LTS 0.799 0.049 19.032 *** Supported

Second-order
constructs (PLE)

UFN 0.82 0.067 18.072 *** Supported
EOU 0.794 0.067 16.739 *** Supported
TIN 0.795 0.049 17.479 *** Supported
ANT 0.858 0.066 17.479 *** Supported

Structural model fit indices: χ2/df = 2.769; SRMR = 0.0438; RMSEA = 0.047; CFI = 0.934; IFI = 0.934; TLI = 0.931.
* p < 0.05, ** p < 0.01, *** p < 0.001.

As shown in Figure 2, the push, pull, and technophobia constructs had a significant
direct effect on switching intention. Specifically, push factors (β = 0.489, p < 0.001) and pull
factors (β = 0.218, p < 0.01) had a positive and significant influence on switching intention. In
contrast, technophobia, as a mooring variable, had a significant adverse effect (β = −0.103,
p < 0.001). These findings support hypotheses H1, H7, and H4. Further analysis reveals
that push (β = 0.448, p < 0.001) and pull factors (β = 0.293, p < 0.001) significantly and
positively influenced outcome expectancy, confirming hypotheses H2 and H8. However, the
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path from technophobia to outcome expectancy was not statistically significant (p > 0.05),
thus disconfirming hypothesis H5. This result suggests that although some consumers
experience technology-related anxiety, they still hold optimistic expectations regarding
ADR’s efficiency gains and service improvements. In other words, technophobia primarily
affects emotional and cognitive load rather than rational evaluations of technological
outcomes. Finally, push (β = 0.290, p < 0.01) and pull factors (β = 0.454, p < 0.001) also had
significant positive effects on continuance intention, further supporting hypotheses H3
and H9. In contrast, technophobia had no considerable impact on continuance intention,
and hypothesis H6 was not supported. These findings highlight that while technophobia
may hinder initial switching decisions, its influence becomes limited once users establish
habitual usage.

In addition, outcome expectancy had a significantly positive effect on switching inten-
tion (β = 0.117, p < 0.01), verifying hypothesis H10. Nevertheless, the impact of outcome
expectancy on continuance intention was significantly adverse (β = −0.284, p < 0.001),
contrary to hypothesis H11. This result may suggest that although consumers initially
hold positive expectations toward ADRs, a mismatch between expectations and actual
experiences over time may lead to expectation disconfirmation, reducing their willing-
ness to maintain long-term usage [66]. This finding highlights that positive expectations
do not necessarily translate into sustained behavior, and the underlying mechanisms of
expectation fulfillment warrant further investigation.

4.3. Mediation Effect Analysis

Following the recommendation of Nitzl et al. [67], 10,000 bootstrap samples were
generated, and the significance of indirect effects was assessed within a 95% confidence
interval. The mediation results are presented in Table 6. Firstly, outcome expectancy
was found to serve as a significant intermediary in the dynamics between push-related
factors and users’ switching intention (SWI) (bSWI = 0.065, p < 0.05), as well as in their
continuance Intention (CTI) (bCTI = −0.119, p < 0.001). Secondly, outcome expectancy also
mediated the effect of pull factors on switching intention (SWI) (bSWI = 0.042, p < 0.05) and
continuance intention (CTI) (bCTI = −0.077, p < 0.01). These findings suggest that outcome
expectancy serves as a cognitive channel through which socio-technical attributes influence
consumer intentions, and it is a critical psychological mechanism linking contextual stimuli
to behavioral responses.

Table 6. Results of mediating effect testing.

Path Estimate (b) Lower Upper p Test Results

PSE→OEP-SWI 0.065 0.006 0.133 * Supported
PLE→OEP-SWI 0.042 0.002 0.092 * Supported
TPH→OEP-SWI −0.005 −0.016 0.003 0.235 Not supported
PSE→OEP-CTI −0.119 −0.207 −0.055 *** Supported
PLE→OEP-CTI −0.077 −0.15 −0.021 ** Supported
TPH→OEP-CTI 0.009 −0.004 0.026 0.211 Not support

4.4. Moderation Effect Analysis

The moderating effects were tested using Hayes’ PROCESS macro (Model 1) with
5000 bootstrap resamples and a 95% confidence interval. This analysis examined the inter-
active influence of the mooring factor (technophobia) and social norms on the associations
among push–pull variables and users’ behavioral intentions toward adoption (including
both switching and continuance intentions). Table 7 provides a detailed summary of the
moderation results.
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Table 7. Analysis of moderation effects.

Path Coeff se t p LLCI ULCI Test Results

Moderation effect of TPH
PSE→SWI −0.067 0.021 −3.221 ** −0.108 −0.026 Supported
PSE→CTI 0.007 0.024 0.289 0.773 −0.04 0.054 Not supported
PLE→SWI −0.05 0.022 −2.21 * −0.094 −0.006 Supported
PLE→CTI 0.000 0.024 −0.008 0.993 −0.048 0.048 Not supported
Moderation effect of SNM
PSE→SWI 0.085 0.021 4.164 *** 0.045 0.126 Supported
PSE→CTI 0.061 0.023 2.597 * 0.015 0.107 Supported
PLE→SWI 0.105 0.021 4.972 *** 0.064 0.147 Supported
PLE→CTI 0.068 0.023 2.983 ** 0.023 0.113 Supported
TPH→SWI 0.128 0.019 6.634 *** 0.09 0.166 Supported
TPH→CTI 0.069 0.021 3.355 ** 0.029 0.11 Supported

The results indicated that technophobia significantly moderated the effects of both
push factors (β = −0.067, t = −3.221, p < 0.01) and pull factors (β = −0.050, t = −2.210,
p < 0.05) on switching intention. Social norms demonstrated consistent moderating effects
across all examined paths. Specifically, social norms significantly moderated the relation-
ships between push factors (βSWI = 0.085, tSWI = 4.164, p < 0.001; βCTI = 0.061, tCTI = 2.597,
p < 0.05), pull factors (βSWI = 0.105, tSWI = 4.972, p < 0.001; βCTI = 0.068, tCTI = 2.983,
p < 0.01), and technophobia (βSWI = 0.128, tSWI = 6.634, p < 0.001; βCTI = 0.069, tCTI = 3.355,
p < 0.01) on both switching and continuance intentions.

To characterize the direction and magnitude of moderation, we conducted simple-
slope analyses for all significant interaction terms. The results show that: Negative mod-
eration by technophobia. Along the paths from push and pull to switching intention,
technophobia exerts a significant negative moderating effect; when technophobia is high,
the positive impacts of push and pull on switching intention are attenuated. Positive mod-
eration by social norms. Social norms positively moderate the effects of push and pull on
both switching and continuance intentions; higher levels of social norms strengthen these
relationships. Buffering by social norms against technophobia. Along the technophobia
→ intention paths, social norms exhibit a negative interaction with technophobia; higher
social norms significantly buffer technophobia’s suppressing effects on both switching and
continuance intentions.

4.5. Discussion of Results

The findings largely support the proposed conceptual model while revealing nuanced
behavioral mechanisms governing the transition to ADRs. The discussion is structured
around three key dimensions: direct drivers and barriers, the dual role of outcome ex-
pectancy, and boundary conditions.

4.5.1. Direct Effects and Stage-Specific Barriers

First, the results confirm that both push and pull factors are potent drivers of ADR
adoption. Consistent with migration theory [32], dissatisfaction with manual delivery
(push) and the functional appeal of ADRs (pull) significantly enhance users’ switching
intention and outcome expectancy. Notably, pull factors exerted the strongest influence
on continuance intention (β = 0.454), underscoring that long-term retention is primarily
anchored in the technological superiority and value proposition of the new system. Re-
garding barriers, Technophobia exhibited a distinct stage-specific effect. It significantly
inhibited switching intention (supporting H4) but had no significant impact on outcome
expectancy or continuance intention (H5, H6 rejected). This suggests that technophobia
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operates as a pre-adoption “gatekeeper.” Automation anxiety impedes the initial decision
to cross the threshold into usage; however, once users overcome this hurdle and engage
with the service, their continued use is driven by actual performance experiences and habit
formation rather than residual anxiety [6,22].

4.5.2. The “Expectation Paradox”: Mediation Mechanisms

Second, the mediation analysis reveals a complex “double-edged” role of Outcome
Expectancy. While push and pull factors successfully elevate outcome expectancy to drive
switching intention (H10), this heightened expectancy negatively predicts continuance
intention (β= −0.284), contrary to H11. This counterintuitive finding aligns with the
Expectation Disconfirmation paradigm [1,66]. Specifically, while high expectations are
necessary to motivate the initial switch, they may set a high benchmark that reality fails to
meet. Suppose the actual service experience falls short of the idealized expectations formed
via advertising or social influence (an “expectation–performance gap”). In that case, users
may experience disappointment, thereby weakening their resolve to continue using the
service [68]. Thus, optimistic expectations facilitate entry but may jeopardize retention if
not managed realistically.

4.5.3. Boundary Conditions: Technophobia and Social Norms

Finally, the moderation analysis highlights the interplay between individual psychol-
ogy and social context. Technophobia negatively moderated the impact of both push and
pull factors on switching intention, indicating that high anxiety acts as a psychological
barrier that dampens the perceived attractiveness of ADRs [48]. Conversely, Social Norms
exerted a pervasive positive moderating effect. They not only strengthened the pathways
from drivers to behavioral intentions but also mitigated the inhibitory effect of technopho-
bia. This suggests that a supportive social environment—characterized by conformity and
social proof—can effectively buffer against individual technological anxiety, encouraging
even hesitant users to adopt and sustain ADR usage [69,70].

5. Conclusions
5.1. Theoretical Contributions

This study advances theory in five ways. First, from the STS perspective, this research
systematically identifies the key drivers influencing consumers’ switching intentions to-
ward ADRs. It conceptualizes consumers’ dissatisfaction with traditional manual delivery
services as push factors and their favorable perceptions of ADR’s technological advan-
tages as pull factors, thereby proposing a migration logic grounded in the dual social and
technological dimensions. Unlike previous studies that primarily focused on the technical
dimension within technology acceptance models, this study integrates the categorization of
migration drivers with the STS framework, thereby refining the structural components of
the PPM model at the theoretical level and enhancing its explanatory power in capturing
complex consumer decision-making processes [14].

More importantly, this study provides robust empirical evidence for applying the PPM
framework to explain consumers’ switching intentions from traditional manual delivery to
ADRs. The validated model indicates that social, technological, and psychological drivers
influence consumers’ intention to adopt ADRs. This finding transcends the limitations of
prior research, which typically concentrated on a single dimension, such as technological
functionality or product attributes, by highlighting the more complex and systematic
structure of the migration drivers. Moreover, although the PPM framework has been
widely applied across various migration contexts, empirical studies examining consumers’
transition from traditional manual delivery to ADRs remain absent. This study extends the
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PPM model’s theoretical scope in socio-technical systems and deepens its applicability to
emerging scenarios of technological substitution.

Third, this study is the first to integrate the PPM framework with SCT, thereby ex-
tending its applicability to the context of intelligent delivery systems. This integration
addresses a critical gap in consumer behavior research by proposing a unified context–
cognition–behavior pathway. Specifically, the study incorporates “outcome expectancy,”
a core construct in SCT, as a mediating variable to illustrate how consumers’ idealized
expectations of new technologies serve as a cognitive bridge in migration decision-making.
This mechanism enhances theoretical understanding of dynamic adoption processes and
provides a mental perspective that facilitates a more comprehensive understanding of indi-
vidual psychological decision-making in the context of technological substitution [10,15].

Fourth, this research uncovers critical differences in the mechanisms underlying
switching intention and continuance intention. Switching intention primarily reflects con-
sumers’ short-term motivation to experiment with new technology. In contrast, continuance
intention is a more structural intention to adopt ADRs as a long-term delivery solution.
While positive outcome expectancy facilitates switching intention, overly optimistic ex-
pectations of ADRs that are unmet by experience may lead to an expectation–reality gap,
thereby diminishing long-term usage motivation [66,68]. This finding lays the ground-
work for future research that differentiates between trial-based behavior and structural
substitution behavior.

Ultimately, this study extends the exploration of the moderating effects of technopho-
bia and social norms, shedding light on how emotional and social factors influence the
pathways of consumer decision-making. Specifically, technophobia, as a negative emotional
factor, significantly suppresses the influence of both push and pull forces on users’ intention
to switch. This finding extends the theoretical interpretation of mooring mechanisms in the
current PPM structure and broadens the scope of emotional constructs within migration
dynamics models [47,48]. Meanwhile, social norms exert a positive moderating influence,
shaping how push, pull, and mooring variables affect switching and continued intention,
confirming the pivotal role of normative influence in consumer adoption decisions [32].

5.2. Policy Implications

This research provides actionable guidance for ADR developers, service providers, and
policymakers. Importantly, these insights are scalable and applicable to a broad spectrum
of organizations, ranging from large-scale logistics platforms to Small and Medium-sized
Enterprises (SMEs) (e.g., local retailers and community service providers) seeking to deploy
autonomous solutions. By understanding the specific drivers of consumer switching and
continuance, organizations of varying sizes can tailor their strategies as follows:

First, regarding risk management, findings on “Push factors” serve as critical early
warning indicators. While push factors primarily reflect dissatisfaction with manual
delivery, they also highlight consumers’ sensitivity to service failure. For large-scale
platforms, this implies a need to pair automation scale with rigorous “systematic risk
identification,” specifically addressing privacy, security and data transparency to build
systemic trust [7,71]. For smaller operators, who may lack robust brand endorsement,
transparency regarding pricing and service terms is vital to mitigate financial concerns and
avoid triggering user resistance [10,12].

Second, regarding technological enhancement, “pull factors” serve as the primary
driver of adoption. Developers should prioritize the “humanization” of ADR systems by
integrating natural language processing and emotion recognition to foster trust [12,19].
Furthermore, SMEs and community-based organizations can leverage “high-frequency,
low-cost trial deployments” in specific micro-environments (e.g., campuses, residential

https://doi.org/10.3390/jtaer21010022

https://doi.org/10.3390/jtaer21010022


J. Theor. Appl. Electron. Commer. Res. 2025, 21, 22 21 of 27

compounds). These localized pilots effectively lower cognitive barriers and stimulate
motivation through tangible hands-on experience, facilitating a bottom-up diffusion
of acceptance [11].

Third, regarding expectation management, this study uncovers a potential “expectation-
reality gap.” While elevating outcome expectancy drives initial trials [1], overpromising
can backfire, eroding continuance intention (β = −0.284). Therefore, firms of all sizes
must avoid hyperbolic marketing. Instead of exaggerating futuristic benefits, marketing
communications should focus on “service consistency” and “reliability.” Ensuring that the
actual delivery experience matches the promotional narrative is crucial for converting trial
users into long-term loyalists [66].

Fourth, regarding social influence, the positive moderation of social norms suggests
that policymakers and community leaders can shape public acceptance by leveraging social
proof. Since ADRs are novel, consumers look to “referent others” for cues. Organizations
can foster a positive social atmosphere by showcasing testimonials from early adopters
and model communities. For local SMEs, organizing community demonstration events can
enhance users’ sense of social identification and imitative motivation, effectively bridging
the gap between hesitation and adoption [11].

Finally, regarding user support, developers must implement systematic interven-
tions to mitigate technophobia. This is particularly critical for demographic inclusiv-
ity. Strategies should include interactive voice guides and simulation tutorials to reduce
operation-induced anxiety. Additionally, targeted “digital literacy programs”—such as
offline training camps for older adults—can boost technological self-efficacy [22]. By incor-
porating anthropomorphic designs and responsive feedback mechanisms, companies can
alleviate psychological barriers, ensuring that the technology is accessible and welcoming
to non-expert users.

5.3. Limitations and Future Research

This study has several limitations that offer avenues for future inquiry.
First, the study’s generalizability is constrained by geographical and cultural factors.

As the data were collected exclusively in China, consumers in other regions may exhibit
different motivations, social norms, and technology acceptance thresholds. Future research
should conduct cross-cultural replications to test the model’s robustness across diverse
socio-technical contexts [7]. The cross-sectional design also limits observation of temporal
dynamics; longitudinal tracking could validate switching pathways and long-run adoption.

Second, this study modeled outcome expectancy as the primary mediator; however,
the complex nature of resistance and adoption suggests that additional mediators (e.g.,
perceived value, emotional attachment) and moderators (e.g., social anxiety, personal
innovativeness) warrant further examination to enrich explanatory power [12,56].

Third, the scope of “traditional delivery” includes various non-face-to-face options
(e.g., smart lockers, collection points) that were not separately analyzed. Future work
should compare ADRs against these specific last-mile alternatives regarding acceptance
and satisfaction [6,14,18].

Fourth, the sample composition presents a demographic limitation. Due to the web-
based survey administration and the early-stage nature of ADR adoption, respondents
were predominantly young, highly educated, and had high income levels. While this aligns
with the typical profile of early technology adopters, it limits the generalizability of the
findings to broader demographics, such as older adults or lower-income groups. Future
studies should employ stratified sampling and multigroup analyses to examine how age,
education, and income levels moderate the mechanism underlying ADR acceptance [22].
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Finally, regarding sectoral generalizability, it is crucial to delineate the boundary
conditions of these findings. This study focuses specifically on the “Last-Mile Delivery”
context, where consumers actively choose between manual courier services and ADRs.
Consequently, the verified “PPM” mechanisms are primarily applicable to high-contact
service logistics, including on-demand delivery, smart campus/community logistics, and
unmanned retail services. Caution should be exercised when extrapolating these results
to industrial manufacturing sectors (e.g., factory automation) or to backend intralogistics,
where end-user interaction is minimal, and the decision-making dynamics differ fundamen-
tally. Future research is encouraged to test whether the “technophobia” and “switching”
mechanisms observed here hold in other service robot contexts, such as hospitality or
healthcare robotics.
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Appendix A

Construct ID Measurement Source

Perceived
Usefulness

(UFN)

UFN1 Robot delivery services are useful to me. [3]

UFN2 Robot delivery helps limit excessive or irrelevant
face-to-face interactions.

UFN3 Robot delivery can help me maintain a normal lifestyle.
UFN4 Robot delivery can improve my efficiency.
UFN5 Robot delivery can increase the flexibility of my daily life.

Perceived Ease of
Use

(EOU)

EOU1 I find it easy to grasp how robot delivery services work.

[3]
EOU2 I find robot delivery services straightforward to understand.

EOU3 I believe I can easily become skilled at using robot
delivery services.

EOU4 I can easily get robot delivery services to perform the tasks
I want.

EOU5 I believe interacting with robot delivery services does not
require much mental effort.

Perceived
Technological

Innovativeness
(TIN)

TIN1 Robot delivery technology is novel and innovative.

[40]
TIN2 The robot delivery system is technologically advanced.

TIN3 The robot delivery platform technology enables me to receive
high-quality delivery services.

TIN4 I believe robot delivery services will lead the delivery industry
in the future.

Anthropomorphism
(ANT)

ANT1 The robot delivery system appears as natural as a
human courier.

[50]

ANT2 The robot delivery system has a human-like appearance.
ANT3 The robot delivery system embodies values and norms.

ANT4 The robot delivery system understands the purpose
of delivery.

ANT5 The robot delivery system communicates in a
human-like manner.

ANT6 The robot delivery system provides appropriate responses to
user inquiries.

ANT7 The robot delivery system can recognize users’ emotions.
ANT8 The robot delivery system can respond to users’ emotions.

Technophobia
(TPH)

TPH1 I prefer human couriers over autonomous delivery robots for
delivering my packages.

[47]TPH2 I feel uncomfortable with the increasing presence of
autonomous delivery robots in daily life.

TPH3 Compared with robot couriers, I feel safer and more at ease
with human couriers.

TPH4 Autonomous delivery robots should not be responsible for
delivering essential or high-value items.

TPH5 I feel uneasy when interacting with autonomous delivery
robots during the delivery process.

Privacy and Security
Concerns

(PSC)

PSC1 I am concerned that human couriers may collect excessive
personal information.

[39,45]
PSC2 I’m worried that couriers could utilize my personal

information inappropriately.

PSC3 I worry that my data might be disclosed to third parties
without my approval.

PSC4 I fear that human couriers may commit crimes against me.

PSC5 Using human delivery services may increase the risk of being
harmed by criminals.

PSC6 Using human delivery services may increase my safety risks.
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Construct ID Measurement Source

Low Service Quality
(LSQ)

LSQ1 The overall quality of the courier’s service was relatively low
and inconsistent.

[16]LSQ2 Human delivery made me feel unsafe.
LSQ3 The courier’s service felt insincere, leaving me dissatisfied.

LSQ4 The courier responded slowly to my requests and failed to
act promptly.

Financial Risk
(FNR)

FNR1 Human delivery is more expensive than delivery by robots.

[57,58]
FNR2 The actual cost of human delivery is likely to be higher than

that of robot delivery.

FNR3 I believe the service quality of human delivery is lower than
that of robot delivery, given the comparable costs.

FNR4 Compared with human delivery, robot delivery offers more
attractive product/service costs.

FNR5 Compared with human delivery, robot delivery is perceived as
fairer and more reasonable in terms of cost.

Low Trust
(LTS)

LTS1 I feel uneasy when using human delivery services.

[56]
LTS2 I believe that human delivery services are not sufficiently safe.

LTS3 This delivery service often fails to meet its commitments, and
its delivery time is unreliable.

LTS4 I do not trust human delivery services.

Social Norms
(SNM)

SNM1 My family members think that I should use delivery robots.

[69,70]
SNM2 The media often recommends that we use delivery robots.
SNM3 My friends believe that I should use delivery robots.

SNM4 Most residents in my community approve of using
delivery robots.

SNM5 The general public supports the use of delivery robots.

Outcome expectancy
(OEP)

OEP1 I expect delivery robots to offer a wide range of
unique features.

[10]OEP2 I expect delivery robots to provide better value for money.

OEP3 I expect delivery robots to offer greater convenience than
human couriers.

OEP4 I expect delivery robots to deliver higher service quality than
human couriers.

Switching Intention
(SWI)

SWI1 I am willing to try using delivery robots in the future.

[55]SWI2 I would be willing to experience delivery robot services if
given the opportunity.

SWI3 Compared to human delivery, I am more willing to use
delivery robots.

SWI4 I would not consider returning to human delivery services if
delivery robots prove efficient and reliable.

Continuance
Intention

(CTI)

CTI1 I always try to use delivery robots as much as possible.

[46]
CTI2 I will consider using delivery robot services in the long term.

CTI3 Going forward, I prefer robotic delivery over
traditional methods.

CTI4 Overall, I intend to use delivery robots for receiving
delivery services.
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