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A B S T R A C T

Public acceptance is critical to the adoption of Shared Autonomous Vehicles (SAVs) in the transport sector.
Traditional acceptance models, primarily reliant on Structural Equation Modeling, may not adequately capture
the complex, non-linear relationships among factors influencing technology acceptance and often have limited
predictive capabilities. This paper introduces a framework that combines Machine Learning techniques with
chord diagram visualizations to analyze and predict public acceptance of technologies. Using SAV acceptance
as a case study, we applied a Random Forest machine learning approach to model the non-linear relationships
among psychological factors influencing acceptance. Chord diagrams were then employed to provide an
intuitive visualization of the relative importance and interplay of these factors at both factor and item levels
in a single plot. Our findings identified Attitude as the primary predictor of SAV usage intention, followed by
Perceived Risk, Perceived Usefulness, Trust, and Perceived Ease of Use. The framework also reveals divergent
perceptions between SAV adopters and non-adopters, providing insights for tailored strategies to enhance
SAV acceptance. This study contributes a data-driven perspective to the technology acceptance discourse,
demonstrating the efficacy of integrating predictive modeling with visual analytics to understand the relative
importance of factors in predicting public acceptance of emerging technologies.
1. Introduction

Over the past decades, consumer behavior has shifted from
ownership-centric to access-centric models, notably with the rise of
shared mobility services (Merfeld et al., 2019). This shift is evidenced
by a decline in vehicle ownership and the rising relevance of shared
mobility (Zong et al., 2019; Menon et al., 2019; Liljamo et al., 2021).
In this context, Shared Autonomous Vehicles (SAVs) emerge as a trans-
formative innovation (Merfeld et al., 2019). SAVs promise enhanced
efficiency, reduced congestion and accidents, lower environmental
impact, and improved accessibility compared to traditional mobility
solutions (Tian et al., 2021; Krueger et al., 2016; Milakis et al., 2017;
Pettigrew et al., 2019; Ye et al., 2022).

However, like all other new technology and novel products, the
success of SAVs critically hinges on public acceptance, a challenge often
overlooked in the face of technological advancements (Zhang et al.,
2019). Existing models, like the Technology Acceptance Model (TAM)
and the Unified Theory of Acceptance and Use of Technology (UTAUT),
offer theoretical frameworks to understand this acceptance (Davis and
Davis, 1989; Venkatesh et al., 2003). These frameworks almost all rely

∗ Correspondence to: Department of Civil Engineering, Monash University, Wellington Rd, Clayton VIC 3800, Australia.
E-mail address: lirui.guo@monash.edu (L. Guo).

on factor analysis tools like Structural Equation Modeling (SEM) for val-
idation. Yet, traditional validation methods, notably explanatory mod-
eling such as SEM, exhibit limitations in capturing the complex, non-
linear relationships essential in understanding individual acceptance
decisions for these advanced systems (O’Malley and Neelon, 2014).
For example, a population comprising adopters and non-adopters with
polarized views may result in factors driving acceptance being masked.
In addition, existing factor analysis visualizations produced using these
tools often fail to intuitively present the impact of individual predictors,
a vital aspect to better understanding SAV acceptance.

Research has traditionally tended towards explanatory modeling,
but the field of predictive analytics holds significant potential as a
data-driven technique. SEM primarily focuses on either confirming
(i.e., covariance-based SEM) or explaining (i.e., partial least squares
SEM) variable relationships based on theoretical constructs and achiev-
ing a good model fit (Hair et al., 2021), rather than on predictive
accuracy. This focus can result in models that fit the data well but
have limited ability to predict new observations or capture the nuanced
factors influencing individual acceptance decisions. Breiman (2001b)
argues that higher predictive accuracy provides more reliable insights
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into the underlying data mechanisms, while weak predictive accuracy
an lead to unreliable conclusions. Predictive analytics, especially using
achine learning methods, can offer better predictive accuracy than

raditional data models and bridge the gap between theoretical con-
structs and practical application (Breiman, 2001b; Alwabel and Zeng,
2021). Therefore, adopting predictive analytics emerges as a com-
pelling avenue for advancing technology acceptance research, offering
insights that are both data-rich and pragmatically relevant (Alwabel
nd Zeng, 2021).

Furthermore, while SEM is a widely used approach for exploring
factors influencing Autonomous Vehicle (AV) acceptance, the visual-
zation strategies commonly employed often only show the weights of

the overall factors. This limitation makes it difficult to visualize the
relative influence of each item on AV acceptance, particularly when
attempting to discern how specific items within key factors – such as

rust, Perceived Risk, or Attitude – uniquely influence SAV acceptance.
he inability of SEM to succinctly visualize these intricate relationships
oints to a significant methodological gap. This underscores the need
or more intuitive and revealing visualization tools that can offer deeper
nsights into the complex dynamics underpinning SAV acceptance.

Addressing the identified gaps, this paper introduces an innovative
ramework for predicting public acceptance of technology. We adopt a
achine Learning approach complemented by chord diagram visualiza-

ions to analyze factor relationships and forecast public acceptance of
merging technologies like SAVs. Our framework thoroughly evaluates

the influence of the identified predictors of technology acceptance
erived from the literature and provides an intuitive, user-friendly

visualization of their importance. By allowing for both factor-level and
tem-level analysis, it provides detailed insights into which specific

aspects within each factor are most influential in predicting accep-
tance. This approach provides policymakers, designers, and stakehold-
ers with essential insights, fostering strategic initiatives to enhance
public acceptance of new technological innovations.

Specifically, this research delves into the complex and non-linear
psychological factors affecting the acceptance of SAVs as a case study
to validate our proposed framework. We focus on single-request Car-
Sharing systems and SAE Level 5 SAVs (Narayanan et al., 2020; SAE
International, 2021), representing the forefront of shared mobility au-
onomy.

The rest of this paper unfolds as follows: Section 2 reviews relevant
literature on key psychological factors influencing public acceptance
of SAVs, contrasts explanatory and predictive modeling approaches,
and explores data visualization in SAV acceptance studies. Section 3
presents our proposed framework. Section 4 reveals the application of
ur proposed framework in the SAV case study, which also includes
he questionnaire design and data collection details. Section 5 presents
he results and discussion, outlining factor importance and model per-

formance validation. Section 6 provides concluding remarks, discussing
key implications of our findings, practical implications for stakeholders,
nd directions for future research.

2. Related literature

2.1. Private AVs or SAVs

Diverse perceptions exist among the public regarding the prefer-
nce for private autonomous vehicles (AVs) over SAVs. While many

studies have not explicitly focused on specific SAE levels of autonomy,
descriptions typically imply higher levels of automation. In Australia,
there appears to be a trend favoring ride-sharing AVs over the pur-
chase of private AVs, especially among those already using car-sharing
services (Krueger et al., 2016; Pettigrew et al., 2019). Conversely, a
tudy in Austin, Texas, indicates a preference for owning AVs, with
ndividuals interested in SAVs expressing a desire to try these before
onsidering purchase (Zmud et al., 2016). This finding aligns with
urveys by Mohammadzadeh (2021) and Barbour et al. (2019), where
2

63% of New Zealand participants showed a preference for owning AVs
despite higher costs, and approximately 60% of American participants
expressed disinterest in SAVs. A study by Tian et al. (2021) compar-
ing preferences among 542 Chinese respondents further underscores
these trends. This research evaluated preferences for owning a private
human-driven vehicle, a private AV, using an SAV, or engaging in car-
sharing. The findings suggest a general inclination towards retaining
personal vehicles or purchasing AVs over utilizing shared options.
However, SAVs emerged as more favorable compared to traditional
car-sharing models, highlighting a nuanced preference landscape in the
context of AV acceptance.

2.2. Theoretical models in AV acceptance research

Survey studies and theoretical models play a pivotal role in un-
erstanding the factors influencing public acceptance of AVs. Re-
earch consistently identifies certain demographic factors, such as being
ounger, male, and residing in urban areas, as contributing to higher
V acceptance (Sener et al., 2019; Cunningham et al., 2019a; Becker

and Axhausen, 2017). Additional factors include higher education and
income levels (Liu et al., 2019a), frequency of driving (Cunningham
et al., 2019a), shorter driving histories (Pettigrew et al., 2019), individ-
uals with physical limitations impeding driving, and owners of vehicles
with advanced automated features (Sener et al., 2019).

Several theoretical models have been developed to analyze human
behavior and the psychological factors influencing the acceptance of
emerging technologies, including AVs. Prominent among these are
he Technology Acceptance Model (TAM, Davis and Davis, 1989),
he Theory of Planned Behavior (TPB, Ajzen, 1991), and the Unified
heory of Acceptance and Use of Technology (UTAUT, Venkatesh et al.,

2003). While TPB offers a general framework for understanding human
behavior, TAM and UTAUT were specifically formulated for technology
acceptance in Information Systems research (Xu et al., 2018).

In recent years, TAM has been extensively applied to study pub-
lic acceptance of AVs due to its simplicity, efficacy in explaining
various information systems’ technology acceptance, and its proven
effectiveness in interpreting driver acceptance of new in-vehicle tech-
nologies (Zhang et al., 2021; Xu et al., 2018; Zhang et al., 2019; Lee
et al., 2019; Dai et al., 2021; Ye et al., 2022; Man et al., 2020; Wang
et al., 2023; Orsot-Dessi et al., 2023). TAM primarily employs perceived
ease of use (PEOU), perceived usefulness (PU), and attitude towards
using (A) as the drivers of behavioral intention to use (BI). Other
sychological factors that have been widely explored include social
rust (Liu et al., 2019b), initial trust (Zhang et al., 2019, 2021; Choi and

Ji, 2015; Xu et al., 2018), perceived risk (PR) (Montoro et al., 2019; Liu
et al., 2019b; Xu et al., 2018), and psychological ownership (Lee et al.,
2019; Dai et al., 2021; Orsot-Dessi et al., 2023). These factors have also
een validated in studies focusing on public acceptance of SAVs (Dai

et al., 2021; Ye et al., 2022; Orsot-Dessi et al., 2023), highlighting their
relevance in this evolving field.

2.3. Psychological factors

In this work, we propose methods to explore several psychological
factors crucial in predicting public acceptance of SAVs. These include
elements from the TAM (i.e., PEOU, PU, A, BI), alongside Trust, PR,
and Psychological Ownership.

2.3.1. Technology acceptance model
The original TAM identifies three primary determinants influencing

technology acceptance (i.e., BI): PEOU, PU, and A. PEOU refers to the
degree to which a person believes that using a particular system would
be effortless, while PU is the degree to which a person believes that
using a particular system would enhance job performance (Davis and
Davis, 1989). Attitude represents an individual’s positive or negative
feelings towards using the technology (Zhang et al., 2019). These
determinants have been robustly validated in numerous studies, making
them primary predictors of users’ intention to use SAVs.
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2.3.2. Trust
Trust, defined by Rousseau et al. (1998) as ‘‘a psychological state

omprising the intention to accept vulnerability based upon positive
xpectations of the intentions or behavior of another’’, is a critical
actor in understanding public acceptance of AVs. Various aspects of
rust have been explored in previous research. Choi and Ji (2015)
dentified key sources of trust in AVs as system transparency, technical
ompetence, and situation management, though their survey primarily
mphasized dependence and reliability. Zhang et al. (2019) under-
cored initial trust as the most pivotal factor in fostering a positive

attitude towards AVs, subsequently influencing users’ intention to use
AVs, aligning with findings from Sener et al. (2019).

Liu et al. (2019b) explored trust in the context of limited access
o new technologies, highlighting the importance of trust in manufac-
urers (automakers and IT companies involved in AV production) and
overnment authorities responsible for regulation and oversight, known
s social trust. Their research indicated that social trust directly and
ndirectly influences acceptance of fully autonomous vehicles, with its

indirect effects notably shaping overall acceptance and its direct effects
influencing willingness to pay and behavioral intention to use.

Kenesei et al. (2022) delved deeper, delineating three dimensions
of trust: trust in AV performance, trust in AV manufacturers, and trust
in regulatory institutions, alongside two risk dimensions (performance
isk and privacy risk). Their comprehensive study revealed that perfor-
ance trust directly impacts the intention to use AVs, while trust in

manufacturers affects intention through privacy risk (defined below in
Section 2.3.3) mediation. Notably, trust in regulatory institutions was
found to have neither direct nor indirect effects on behavioral intention
to use.

Our research aims to thoroughly investigate these various aspects of
rust through a series of targeted survey questions, predictive analysis,
nd visualization, to better understand its nuanced role in shaping
ublic acceptance and SAV usage intention.

2.3.3. Perceived risk (PR)
Despite AVs potentially offering safer transportation than human

drivers (Ernst and Reinelt, 2017; Lee et al., 2019), public concerns per-
sist about the risks associated with AVs (Zhang et al., 2019; Cunningham
t al., 2019b; Kyriakidis et al., 2015; Cunningham et al., 2019a;

Montoro et al., 2019). A primary issue is the perceived loss of vehi-
cle control during AV operation, which leads to diverse perceptions
regarding risk and safety (Ernst and Reinelt, 2017). Studies suggest that
he public often places more emphasis on the potential risks, such as

accidents, associated with AVs than on their benefits (Montoro et al.,
2019). Kenesei et al. (2022) have identified two types of risk impacting
the intention to use AVs: performance risk, encompassing safety and
functionality concerns, and privacy risk, risks pertaining to security and
privacy of user data. Interestingly, their findings indicate that while
performance trust significantly influences user intentions, perceived
performance risk does not have a notable effect. This suggests that trust
in AV performance plays a more pivotal role than risk perception in
determining user acceptance. This insight underscores the importance
f thoroughly understanding public perceptions of risks and their

influence on the behavioral intention to use SAVs. Addressing these
perceived risks, particularly by enhancing trust in AV performance, is
crucial for fostering wider acceptance of this emerging technology.

2.3.4. Psychological ownership
Psychological ownership, as defined by Pierce et al. (2003), refers

to the state where individuals feel a sense of ownership over a target,
sserting ‘It is mine!’ even in the absence of legal ownership. This
ensation can develop towards any tangible or intangible object that an
ndividual finds visible, attractive, and engaging, whether it be legally

owned, shared, or abstract (Pierce et al., 2003; Baxter et al., 2015).
Research has demonstrated the broad implications of psychological

wnership. Peck et al. (2021) found that heightened psychological own-
rship led to increased care for public goods, while Jami et al. (2020)
3

linked it to a boost in self-esteem. Rosa et al. (2021) observed that
interventions fostering psychological ownership increased interest in
claiming government benefits. In the realm of marketing, psychological
ownership has been shown to influence consumer behavior, such as
willingness to pay higher prices and purchase intentions (Kirk and
Swain, 2018).

Understanding psychological ownership requires an exploration of
its underlying human motives. According to Pierce and Peck (2018),
hese include effectance motivation (effective interaction with one’s

environment leading to efficacy and pleasure), self-identity (using pos-
sessions for self-definition and expression), home (creating a sense
of belonging in a specific space and time), and stimulation (seeking
rousal and activation). The development of psychological ownership
s facilitated through control over the target, intimate knowledge of it,
nd investment of the self into the target, covering a range of activities
rom customization to care and personalization (Baxter et al., 2015;

Peck and Shu, 2018).
In the context of AVs, research has extensively investigated car

wnership dynamics (Javid and Al-Hashimi, 2020; Krueger et al.,
2016; Pettigrew et al., 2019; Zmud et al., 2016; Liljamo et al., 2021).

owever, the concept of psychological ownership in relation to SAVs
presents a novel area of exploration with promising potential. Studies
such as those by Lee et al. (2019), Dai et al. (2021) and Orsot-Dessi
et al. (2023) have shed light on the role of psychological ownership in
shaping behavioral intentions towards SAVs and suggested a positive
relationship between psychological ownership and behavioral intention
to use SAVs. Given the emerging trends towards shared mobility and
the advancements in vehicle autonomy, the concept of psychological
ownership offers a compelling perspective. It suggests the possibility of
psychological ownership emerging as an influential factor, potentially
supplanting the traditional notion of physical car ownership in the
ealm of SAVs. This shift highlights the evolving nature of consumer

attitudes in a landscape increasingly dominated by high levels of
automation and shared transport solutions. Our case study aims to
investigate a potential triggering mechanism to explore the impact of
psychological ownership in shaping public acceptance of SAVs, testing
our framework’s ability to delve into a relatively uncharted aspect of
SAV acceptance.

2.3.5. Relationship among constructs
Understanding the relationships among constructs is crucial in ac-

eptance studies. From a methodological perspective, we face two key
challenges: ensuring that our data collection instruments capture in-
ormation relevant to these constructs and identifying the relationships
etween them.

In the field of AV acceptance research, there is often a tendency
o assume fixed linear relationships between various constructs and

follow a data modeling approach to propose theoretical models that
explain the public acceptance of AVs. However, this approach can lead
to theoretical conflicts, as multiple models may fit the data equally
well, raising questions about which model truly captures the under-
lying mechanisms. When different models pass goodness-of-fit tests or
statistical measures, it becomes difficult to select one over the others
purely based on theoretical grounds (Breiman, 2001b).

As a foundational framework, TAM traditionally connects constructs
such as PU, PEOU, Attitude, and BI in a cohesive manner. However,
he role of the Attitude construct in TAM has been a subject of debate.
ome researchers, such as Venkatesh and Davis (1996) and Davis and

Venkatesh (1996), argued that excluding Attitude from TAM does not
iminish the model’s explanatory power. This claim has been supported

by recent studies on AV acceptance (Zhang et al., 2021; Choi and
Ji, 2015). Conversely, other researchers advocate for the inclusion of
Attitude as a direct antecedent of BI, emphasizing its potential impact
on users’ intention to adopt SAVs (Zhang et al., 2019; Dai et al., 2021;
Ye et al., 2022). These conflicting perspectives highlight the variability
in theoretical approaches within the field.
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Moreover, constructs related to attitudes have been treated as
antecedents of PEOU and PU in previous literature. For example,
Venkatesh and Bala (2008) included factors like computer anxiety,
layfulness, and perceived enjoyment as antecedents of PEOU in the
echnology Acceptance Model 3 (TAM3). These factors are closely
elated to individuals’ feelings towards using technology, i.e. their
ttitudes. Similarly, Yuen et al. (2020) included belief in benefits

(e.g., ‘‘I believe I can benefit from using AVs’’) in the Observability
actor and showed that it serves as an antecedent of Perceived Value of
Vs, similar to PU.

These examples illustrate that Attitude and its related items have
been used as both antecedents and consequences in relation to PEOU
nd PU, highlighting the variability in theoretical approaches. The
ame variability is observed in the relationship between Trust and
R. Kenesei et al. (2022) identified models where PR is an independent

variable with Trust acting as a mediator, and others where PR serves
as a mediator between Trust and acceptance.

Recognizing the lack of consensus in the literature, our study adopts
a data-driven approach to explore these relationships from a predictive

odeling perspective, while ensuring that our analysis is informed by
xisting theoretical frameworks.

2.4. Data analysis

2.4.1. Structural equation modeling (SEM)
SEM is a widely adopted statistical approach in researching the

acceptance of AVs, valued for its ability to model complex relation-
ships between observed and latent variables and to test theoretical
models (Hair et al., 2010; Kline and St, 2022). It enables researchers
to explore and confirm hypothesized relationships among constructs,
making it a powerful tool for theory testing and development.

However, there are limitations in applying SEM to AV acceptance
esearch. A primary concern is its assumption of linear relationships
etween variables (O’Malley and Neelon, 2014), which may not fully

capture the often non-linear nature of behavioral intentions towards
Vs or SAVs. This issue is particularly evident in the context of PR and
rust, where linear assumptions may oversimplify complex dynamics,
s discussed in Section 2.3.5. The sample size is another crucial aspect

of SEM, as estimates such as standard errors for the effects of latent
variables may be inaccurate when working with small samples. While
there is no absolute minimum sample size standard, small sample
size, complex models, non-normal distributed samples, or missing data
can pose challenges in AV acceptance studies (Kline and St, 2022).
Moreover, the default estimation method in SEM, maximum likelihood,
relies on multivariate normality, a condition rarely fulfilled in prac-
tice (Kline and St, 2022). Furthermore, inaccurate model specifications,
uch as incorrect causal directions or omitted variables, can lead to
isleading conclusions about variable relationships (Breiman, 2001b;

Tomarken and Waller, 2005).
Advancements like partial least squares SEM (PLS-SEM) address

ome of these limitations by offering flexibility with small samples,
o strict distributional assumptions, and the capability to handle non-

linear effects (Hair et al., 2021). However, PLS-SEM is limited in its
bility to model non-recursive structures and lacks a comprehensive
oodness-of-fit measure, constraining its utility for theory testing (Hair
t al., 2021). Additionally, the increasing complexity of SEM and
he availability of user-friendly software tools necessitate a strong
onceptual understanding of the methodology to avoid misleading

results (Kline and St, 2022).
Moreover, SEM is primarily suited for explanatory modeling based

on theoretical constructs and focuses on achieving a good model fit
ather than predictive accuracy. Different theoretical models may fit
he data equally well yet lead to different conclusions about underlying
elationships (Breiman, 2001b). Such situations may result in potential

ambiguity or conflicting interpretations of constructs like PR and Trust,
as discussed in Section 2.3.5.
4

These considerations highlight the challenges associated with apply-
ing and interpreting SEM in acceptance research. While SEM remains a
valuable tool for exploring theoretical relationships, its limitations sug-
gest the need for complementary approaches that can handle non-linear
relationships and provide robust predictive capabilities.

2.4.2. Machine learning modeling
Machine Learning (ML) offers a data-driven alternative to tradi-

tional statistical methods like SEM, particularly in handling complex,
non-linear relationships without relying on strict assumptions. ML algo-
rithms can be classified as supervised, unsupervised, and reinforcement
learning based on the nature of the learning process, and the type of
data and feedback used to train the algorithms. Particularly relevant to
understanding public perceptions of SAVs, supervised ML methods are
favored because they focus on predicting observable response variables,
such as user acceptance, which are often identified from collected
survey results. Common supervised learning techniques include Mul-
tiple Linear Regression, Logistic Regression, Tree methods, K-nearest
neighbors, Support Vector Machines, and Neural Networks.

ML modeling differs distinctly from the regression-based approach
of SEM. Unlike SEM, which relies on theoretical regression coefficients
to explain relationships between variables, ML prioritizes predictive
accuracy and gauges the effectiveness of its models by how well pre-
dictions correspond to unseen, real-world data. ML algorithms are
particularly adept at identifying intricate patterns and interactions
within data sets, without the necessity for pre-established theoretical
models of variable relationships (Breiman, 2001b). This data-centric
approach enables ML models to identify and adapt to complex data
relationships that may not be clearly defined or fully captured by
existing theoretical models. ML modeling offers a more flexible and
potentially more effective option to SEM, particularly in situations
marked by complex interactions that cannot be explained by simple
theory, or where the patterns that emerge are beyond the scope of
current theories (Alwabel and Zeng, 2021).

While the integration of ML methods into SAV acceptance research
is still in its early stages, existing applications in similar domains
demonstrate significant promise. For instance, Ahmed et al. (2022)
showcased the effectiveness of ML in predicting user acceptance of
connected and autonomous vehicles (CAVs). Their research utilized a
range of ML techniques, including Neural Networks, Random Forests,
Naive Bayes, and Fuzzy Logic Models, and achieved high predictive
accuracy across these methods. Similarly, Alwabel and Zeng (2021)
developed a data-driven approach using ML and predictive analytics
to predict end-users’ acceptance of consumer-use technology in a non-
organizational setting. Their findings highlight the ability of ML to
construct sophisticated models that can advance traditional technology
acceptance theories.

However, the application of ML models specifically in the context of
SAVs remains underexplored, particularly regarding understanding the
key drivers of acceptance and providing actionable insights at both the
factor and item levels. Our research aims to bridge this gap by applying
ML methodologies to delve deeper into the multifaceted nature of SAV
doption and acceptance.

While offering notable advantages, ML models are not without
hallenges. The ‘black box’ nature of some ML algorithms can obscure
he interpretability of results, posing a significant challenge (Rudin,

2019). To mitigate this limitation, this work introduces the use of
chord diagrams to enhance the interpretability and transparency of ML
model results, providing a single-figure overview of acceptance and the
ierarchies of constructs affecting it.

2.5. Data visualization

Previous research in the field of SAVs has primarily utilized theo-
retical models, such as SEM, to examine the effects of selected factors
on target variables like users’ behavioral intention to use AVs (see
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Fig. 1. Comparison of Factor Relationship Visualization: Figs. 1(a) and 1(b) depict previous models by Lee et al. (2019) and Dichabeng et al. (2021), respectively. Fig. 1(c)
showcases the Chord Diagram derived from the current case study, emphasizing the methodological advancements and findings by applying the proposed framework in this study,
as detailed in Sections 3 and 4.
Figs. 1(a) and 1(b)). These models offer valuable insights into the
overall significance of broader constructs. However, challenges arise
when attempting to analyze the contributions of numerous factor items
or when dealing with complex, non-linear relationships. For example,
while SEM can quantify the contributions of item – such as ‘trust
towards government’ within the broader ‘trust’ category – if they are
explicitly included in the model, incorporating a large number of item
can make the model overly complex. This complexity can obscure
the interpretability of the results and make it difficult to discern the
relative importance of individual item. Moreover, SEM relies on several
assumptions, including linearity, normality, and sufficient sample size,
5

as discussed in Section 2.4.1. When data exhibit non-linear relation-
ships or when dealing with bimodal distributions – common in studies
contrasting adopters and non-adopters of new technology – SEM may
not be the most suitable analytical tool.

To address these limitations, we employ algorithmic models such
as the Random Forest, which prioritizes predictive accuracy and can
efficiently handle large numbers of predictors and complex, non-linear
relationships without relying on strict assumptions. However, as model
complexity increases to achieve higher accuracy – such as with Random
Forest, which builds an ensemble of decision trees by introducing ran-
domness in their construction (Breiman, 2001b) – interpretability can
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Fig. 2. Proposed Framework for Analyzing and Visualizing Technology Acceptance3. This figure outlines a framework for predicting and visualizing the acceptance of new
technologies. It encompasses the stages of data collection, Machine Learning analysis, and visualization through chord diagrams, offering a novel approach for acceptance studies
across various technological domains.
decrease, making it challenging to visualize the intricate relationships
between variables.

To enhance interpretability, we utilize chord diagrams, which have
demonstrated innovative and powerful capabilities in various fields –
from illustrating dynamics in contraceptive use (Finnegan et al., 2019)
to mapping global bilateral migration flows (Abel and Sander, 2014)
and health monitoring applications (Zhao et al., 2016). Their versa-
tility and effectiveness make them an excellent choice for visualizing
complex systems with numerous interconnected factors.

In the context of SAV acceptance, chord diagrams offer a unique
advantage. They can vividly illustrate how different factors, such as
Trust, PR, PEOU, and PU, interact and collectively impact the accep-
tance of SAVs in a single, intuitive figure. This visualization approach
allows for a more nuanced understanding of the interplay among these
factors, surpassing the capabilities of traditional theoretical models in
capturing the subtleties of user behavior and preferences in the realm
of SAVs.

Fig. 1(c) presents the chord diagram obtained from our case study,
in comparison with previous models based on SEM visualizations. The
chord diagram compactly illustrates the importance of various factors
and their items in predicting SAV acceptance, where the width of
the chords indicates the relative importance of each predictor item.
Detailed descriptions of how to interpret this diagram are provided
in Section 4.3.3. By combining algorithmic models with chord dia-
grams, we aim to effectively predict and visualize technology accep-
tance, addressing both predictive accuracy and interpretability without
proposing a new theoretical adoption model.

3. Proposed framework

This research introduces a general framework designed to assist
researchers across various fields in studying technology acceptance.
This adaptable framework is graphically represented in Fig. 2.

The framework encompasses three primary stages:

1. Data Collection:

• Factor Identification: Researchers begin by identifying
factors relevant to their study. This step may incorporate
traditional methodologies to explore the factors that are
critical in understanding technology acceptance.

1 The first two icons are from Icons8 (https://icons8.com).
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• Instrument Development: Subsequently, researchers de-
velop appropriate survey items corresponding to these se-
lected factors. The data is then gathered through well-
designed user studies.

2. Machine Learning Analysis:

• Model Selection and Training: Researchers employ suit-
able predictive models (e.g., Decision Trees, Support Vec-
tor Machines) to analyze the collected data. Each model is
trained to predict outcomes based on the responses related
to the identified factors.

• Model Validation and Feature Importance: The perfor-
mance of these models is rigorously validated. Feature
importance measures, such as Gini impurity in Decision
Trees or factor weights in Support Vector Machines, are
utilized to gauge the importance of each predictor.

3. Visualize Factor Relationships Using Chord Diagrams:

• Chord Diagram Generation: In the final stage, chord
diagrams are created to visualize the relationships among
and within individual factors. Researchers define the nodes
(representing factors and items) and chords (representing
feature importance and relationships) in these diagrams to
analyze the interplay between different factors and items.

• Extended Analysis: This framework can also facilitate
additional analysis, such as contrasting the perspectives of
adopters and non-adopters of the technology under study.

While this framework is designed for broad applicability in accep-
tance studies, we contextualize its utility by demonstrating its effective-
ness in forecasting the acceptance of SAVs. This case study illustrates
the framework’s capability to analyze and visualize complex acceptance
dynamics in a specific technology domain.

4. A case study of SAVs

To demonstrate the practical application of the proposed framework
introduced above, this section delves into a case study focusing on
Single-request Car-Sharing systems and SAE Level 5 SAVs, which rep-
resent the forefront of autonomy in shared mobility. The methodology
adopted and application of the proposed framework in this case study,
visually summarized in Fig. 3, involves several key steps:

https://icons8.com
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Fig. 3. Implementation of the Proposed Framework in the SAV Acceptance Case Study. This figure illustrates the practical application of the framework in analyzing and visualizing
data specific to the acceptance of SAVs. It highlights the key steps undertaken in the case study, from questionnaire design to advanced data analysis and visualization techniques,
to derive insights into SAV acceptance.
1. Literature Review and Questionnaire Design: Drawing from
the in-depth literature review in Section 2, we developed a
detailed questionnaire aimed at assessing the impact of selected
psychological factors on the public acceptance of SAVs.

2. Machine Learning Analysis: The data collected was then an-
alyzed using the Random Forest algorithm, a robust ML tech-
nique. This analysis predicted public acceptance of SAVs and
computed the feature importance of each factor and its individ-
ual components (items) in the trained models.

3. Visualization Through Chord Diagrams: The relationships
among various factors, as well as their relative importance
in influencing SAV acceptance, were visualized using chord
diagrams. These diagrams offer an intuitive and clear represen-
tation of the interconnections and the relative importance of
different predictors in the context of SAV acceptance. We also
segmented the respondents into two groups—SAV adopters and
non-adopters based on their overall acceptance (indicated by
questionnaire item BI4, see Appendix A). This categorization
helped in understanding the distinct needs and perspectives of
potential user groups.

The detailed procedure is presented below.

4.1. Questionnaire design

4.1.1. Survey structure
To explore the relationships between the investigated factors and

their importance in predicting SAV acceptance, a comprehensive, self-
administered online questionnaire was developed using the Qualtrics
Insight Platform. The survey (see Appendix A), comprising 59 ques-
tions, was structured into four main parts to capture a broad spectrum
of data:

• Part I: Travel Modes - Focusing on respondents’ existing knowl-
edge about AVs, their current travel behaviors, car ownership,
and satisfaction with shared mobility services (e.g., taxis, Uber,
and Didi).
7

• Part II: Be Driven Into The Future - This section investigated
the impact of the selected psychological factors on participants’
intention to use SAVs. It commenced with a definition of fully
autonomous vehicles (SAE Level 5 AVs) and employs stories (in
both text and audio) to illustrate on-demand and reservation-
based SAV services. Respondents then addressed questions (see
Table 3, Appendix A) on PR (8 items including one overall
item), trust (7), PU (7), PEOU (4), Attitude towards use (7), and
behavioral intention to use SAVs (4). The questionnaire incor-
porated two distinct types of questions: specific questionnaire
items (e.g., PR1, PR2) designed to explore various dimensions
of each factor (e.g., PR), and overall items (e.g., PR8) aimed
at gauging participants’ general perceptions of each investigated
factor (e.g., PR).

• Part III: Demographics - Gathering socio-demographic data, this
part inquired about gender, age, education, residence, disability
status, and income. Positioned later in the survey, it aimed to
reduce the fatigue of answering the main part of the survey (Part
II).

• Part IV: Open-Ended Questions and User Experience - Com-
prising 4 open-ended and 1 multiple-choice questions, this section
provided an opportunity for respondents to freely express their
opinions, motivations, and satisfaction with this survey study. All
open-ended questions were optional, respecting the respondents’
preferences and time constraints.

4.1.2. Addressing bias in survey design
Recognizing the potential for bias in survey research, our study

carefully considered past challenges faced by scholars in assessing
public acceptance of AVs. Previous research typically employed five-
point Likert scales (e.g., from ‘‘strongly disagree (=1)’’ to ‘‘strongly
agree (=5)’’) in their questionnaires (Zhang et al., 2019; Lee et al.,
2019; Dai et al., 2021; Ye et al., 2022). However, such scales can lead to
interpretative discrepancies among different respondents, impairing the
comparability and accuracy of responses (Iarossi, 2006). To enhance
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the precision of our data, we employed a nine-point Likert scale, rang-
ng from −100 to 100 with intervals of 25, in our survey. This scale was
esigned to mitigate the issues of weight perception variability among
espondents. Only the scale’s extremes and midpoint were labeled,
ssigning an estimated magnitude to each response point. Additionally,

a ‘N/A’ option was included to distinguish between neutral and ‘no
opinion’ responses, addressing a common limitation in prior surveys
where the absence of such options conflated indifference with a lack of
opinion (Iarossi, 2006).

To avoid leading questions and suggestive information, neutral
hrasing was used to capture respondents’ genuine opinions without
iasing them towards particular responses. This approach was particu-
arly important for avoiding systematic errors such as leading questions,

missing questions, and the presentation of partial information, issues
identified by Janatabadi and Ermagun (2022) in their synthesis of
91 peer-reviewed survey studies on AV acceptance. Our survey in-
cluded questions about respondents’ prior knowledge of AVs, their
current travel behaviors, and car ownership to ensure a thorough
nderstanding of the respondent’s background and perspectives.

Lastly, to avoid confusion and suggestion bias, respondents were
rovided with clear definitions of fully autonomous vehicles (SAE Level
) and car-sharing SAVs, as the case study focused solely on the public
cceptance of fully autonomous car-sharing vehicles.

4.1.3. Examining the psychological ownership triggering mechanism
Previous studies, such as Lee et al. (2019) and Dai et al. (2021),

have examined psychological ownership by directly asking participants
o rate statements like ‘‘I would feel a very high degree of personal
wnership for the autonomous vehicle’’. In our study, we employed a
ifferent approach by administering two distinct narratives (presented

in Appendix B) to participants after introducing the definition of SAVs.
hese narratives were designed to examine the influence of psycholog-

cal ownership on participants’ perceptions of SAVs. Participants were
randomly assigned to one of two groups, each with a 50% chance
of receiving either Version 1 or Version 2 of the story. Version 1
served as the control condition, while Version 2 incorporated elements
intended to trigger psychological ownership based on the three routes
to psychological ownership (i.e., control, self-investment, and intimate
knowledge (Pierce and Peck, 2018)). Therefore, participants who re-
eived Version 1 formed the Control Group, and those who received
ersion 2 formed the Psychological Ownership Group.

4.2. Data collection

The data collection for this research project was conducted from
February 21 to June 26, 2023. In preparation, we secured the nec-
essary ethical approval from the Monash University Human Research
Ethics Committee (MUHREC),1 ensuring that all procedures adhered to
stablished ethical guidelines.

With a primary targeted group an Australian university community,
o gather a diverse range of responses, we utilized a mixed approach
n our data collection strategy. This included convenience sampling –
eaching out to participants within immediate networks such as family,
riends, and the university community (students and staff) – and ran-
om sampling methods. The latter involved disseminating the survey
hrough various online channels. We leveraged social media platforms
ike Facebook Groups, specifically targeting student groups with active
ngagement such as ‘International Students of Melbourne and Victoria’
nd ‘Monash StalkerSpace’. LinkedIn also served as a valuable tool
n attracting a wider audience. Additionally, we physically distributed
urvey flyers across multiple campuses in a large Australian university,
hich helped increase the survey’s visibility and participation.

1 Project ID: 36433.
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We received a total of 507 questionnaire responses. Of these, 288
were fully completed, a completion rate of 56.8%. Screening was ap-
plied to ensure data quality, with responses with more than 20% ‘N/A’
answers excluded as this is indicative of patterned responding. This
resulted in 284 valid samples for analysis. This sample was composed
of 137 responses from the Control Group (which were given Version 1
of the story; see Appendix B) and 147 from the Psychological Owner-
hip Group (which were given Version 2 of the story), with effective
esponse rate of 56%. An interesting aspect of our data collection
as the engagement with the optional open-ended questions. Despite

heir optional nature, a significant 35.2% of our valid respondents
ook the initiative to provide their inputs on these questions. These
ich qualitative responses offer additional insights and are discussed in
urther detail in Section 5.

4.3. Data analysis

4.3.1. Descriptive analysis and examination of psychological ownership
In our study, the initial step in data analysis involved presenting

descriptive summaries of participants’ prior knowledge about AVs, their
ravel habits, and demographic characteristics (Parts I and III of the
urvey). We utilized histograms for this purpose, as they offer a visual

representation of data distribution, making it easier to identify patterns
and outliers in the responses.

To evaluate the effectiveness of the storytelling method in trig-
ering psychological ownership, we used the Mann–Whitney U test.
his non-parametric test is well suited to our ordinal, non-normally
istributed data (Fig. 7) and compared the responses of the Control
nd Psychological Ownership groups. The null hypothesis (H0) posits
hat there is no significant difference between the two groups, while the
lternative hypothesis (H1) suggests that the groups differ significantly.
he statistical significance threshold was set at a 95% confidence level

for this non-parametric test. Accordingly, if the 𝑝-value is less than 0.05,
there is sufficient evidence to reject the null hypothesis. This suggests
a significant difference between the groups and affirms the impact of
psychological ownership.

4.3.2. Machine learning analysis with random forest
Several ML methods have been validated to be effective approaches

n predicting user acceptance of CAVs in previous research (Ahmed
et al., 2022), including Random Forests. The Random Forest, proposed
y Breiman (2001a), combines bootstrapping and random feature se-
ection to predict outputs based on multiple decision trees (Ahmed

et al., 2022). Recognized for its adaptability in both classification
and regression tasks, Random Forest is particularly noted for its ease
of implementation, capability to handle large datasets and numerous
input variables without overfitting, and its proficiency in modeling
omplex, non-linear relationships (Breiman, 2001a; Biau, 2012). This

study utilizes Random Forest regression trees to examine numerical
perception scales which range from −100 to 100 and were employed
n the survey.

To ensure data reliability, responses containing ‘N/A’ were ex-
cluded, resulting in a final sample size of 233. The Random For-
st model was trained on 80% of this dataset (186 responses), with
he remaining 20% (47 responses) utilized for validation. R program-

ming language was used for analysis, with the ‘randomForest’ pack-
age (Breiman et al., 2022) used to fit the Random Forest models and
‘caret’ package (Kuhn et al., 2023) for model training and validation
procedures. All predictors identified from the literature – Perceived
Risk (PR), Trust, Perceived Usefulness (PU), Perceived Ease of Use
(PEOU), Attitude, and Psychological Ownership – were included to
redict the intention to use SAVs, and the interactions among the
redictors were observed as well. To enhance the model’s reliability
nd generalizability, 10-fold cross-validation was performed during
odel training. This approach involves partitioning the training data
nto ten subsets, training the model on nine subsets, and validating it
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on the remaining subset, repeating this process ten times (Kuhn et al.,
2023).

The performance of the fitted models was evaluated using the Root
ean Square Error (RMSE) and the Normalized Root Mean Square

rror (NRMSE), as defined in Eqs. (1) and (2), respectively. In these
equations, 𝑦𝑖 represents the actual value of the 𝑖th observation (i.e., the
target variable); 𝑦̂𝑖 denotes the predicted value for the 𝑖th observation
obtained from our model; 𝑛 is the total number of observations, and
𝑦max and 𝑦min are the maximum and minimum values of the actual
target variable, respectively. The RMSE measures the average magni-
tude of the prediction errors, providing insight into the model’s overall
performance. The NRMSE offers a normalized measure of error relative
to the range of the observed data, allowing for comparisons between
models or datasets with different scales.

RMSE =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2 (1)

NRMSE =

√

1
𝑁

∑𝑁
𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2

max(𝑦) − min(𝑦)
(2)

Furthermore, a classification approach was applied to compute the
rediction accuracy of the validation sample across various threshold
alues ranging from 0 to 200. To determine the accuracy, the constructs
easured using nine scales ranging from −100 to 100 were considered

orrectly predicted if the predicted value fell within the range of
actual value - threshold, actual value + threshold]. Notably, when
he threshold value is 200, the accuracy is always 1 regardless of
he prediction value. To ascertain the significance of the trees, these
ccuracy measures were compared against those obtained from a set of
andom sample data. 47 uniformly random data points were generated
sing ‘runif(47, min = −100, max = 100)’ command in R, and the
ccuracy of these randomly guessed data was calculated. To maintain
bjectivity, this process was repeated with 100 random samples, and
heir mean accuracy was used for comparison against the Random
orest predictions.

Based on the best Random Forest regression tree obtained from
0-fold cross-validation, we extracted the predictor importance when
redicting the target variables and overall intention to use SAVs, using
he ‘vip()’ function (Greenwell and Boehmke, 2023). To enhance inter-

pretability, we further transformed the importance values into relative
importance by computing the importance weight of each question,
ensuring that the combined weight equaled 100%. This normalization
allows for an intuitive comparison of the predictors’ contributions to
the model.

4.3.3. Chord diagram visualization
A key contribution of this work is the application of chord dia-

grams as a visualization tool to represent the complex interrelationships
and relative importance of factors influencing technology acceptance.
Chord diagrams are circular visualizations that display interrelated
data, where different variables are arranged along the circumference of
 circle, and relationships between variables are depicted as connecting
hords (Finnegan et al., 2019). This design is highly effective in illus-

trating the dependencies and interactions among multiple variables in
a single comprehensive and intuitive layout.

In this case study, chord diagrams were constructed to visually rep-
resent the complex interrelationships and relative importance of factors
influencing SAV acceptance as identified by the Random Forest models.

tilizing the ‘migest’ package in R (Abel, 2022), these diagrams were
onstructed to effectively demonstrate the strength and directionality of

connections between various predictors and SAV acceptance intentions.
In the chord diagrams, key components include nodes (start nodes

nd end nodes, representing factors or survey items) and chords (de-
picting the relationships between nodes). Nodes are positioned along
the circumference of the circle and are color-coded to differentiate
between variables. The predictors (factors or individual items) are
9

represented as start nodes, while the target variables (factors or over-
ll items, such as the overall behavioral intention to use SAVs) are
epresented as end nodes. Chords connect the start nodes to the end
odes, illustrating the relationships between predictors and the target
ariable. The thickness of each chord reflects the relative importance
f the predictor in predicting the target variable, as determined by the
andom Forest model. A thicker chord indicates a greater contribution
f that predictor to the model’s prediction. Some variables, such as
sychological ownership, are represented by a single node due to
aving only one survey item, while others encompass multiple nodes
orresponding to different survey items within that factor. Items from
he same variable family (e.g., ‘PR1: Accident risk’ from PR variable)
re grouped together along with the overall item (e.g., ‘PR8: Overall
erceived risk’), which serves as the target variable, and share the same
olor for visual consistency.

The relative importance of each factor item in predicting the target
variables (as demonstrated in Section 4.3.2) was then transformed into
the chord diagram, showcasing the predictors, the target variables, and
each item’s relative importance. An example of this process, detailed in
Fig. 4, demonstrates how the relative importance values are converted
into a chord diagram format when predicting the overall behavioral
intention to use SAVs (BI4).

The process involves the following steps:

1. Computing Predictor Importance: Using the ‘vip’ package,
we extracted the importance of each predictor item from the
best-trained Random Forest regression model (Fig. 4(a)).

2. Calculating Relative Importance: The importance values were
normalized to obtain the relative importance of each predictor
item, ensuring that the sum of all predictor items’ importance
equals 100% for a target variable (e.g., ‘BI4: Overall behavioral
intention to use’) (Fig. 4(b)).

3. Creating the Chord Diagram: The relative importance values
were used to construct the chord diagram, where the predictors
(start nodes) are connected to the target variable (end node)
with chords representing their relative importance (Fig. 4(c)).
This step produces Fig. 11(a), which shows the relative impor-
tance of predicting the target variable (i.e., Overall items) at the
item level.

4. Aggregating Factor Contributions: The sum of the relative
importance values of the items within each factor provides
the overall contribution of that factor to the prediction of the
target variable (Fig. 4(d)). This step produces Fig. 11(b), which
shows the relative importance of predicting the target variable
(i.e., factors) at the factor level.

This method was applied to all target variables, resulting in compre-
ensive chord diagrams that visualize the contributions of individual
redictor items and factors.

The chord diagrams reveal the contributions of each variable at both
factor and item levels in predicting SAV acceptance. By visualizing the
elative importance of individual survey items and their relationships

with the target variable, the diagrams provide a holistic view of how
different factors and their specific components influence behavioral
intention. In contrast to the use of individual ‘vip’ importance plots for
each predictor or target variable, the chord diagram offers a compact
representation that consolidates all this information into a single, com-
prehensive visualization. This allows for the summarization of variable
importance and the interplay between predictors and target variables in
one unified figure, eliminating the need to examine numerous separate
plots.

Moreover, the chord diagrams can distinguish between adopters and
on-adopters by generating separate diagrams for each group, high-

lighting differences in the factors influencing their acceptance of SAVs.
This visualization enhances the understanding of each variable’s impact
and elucidates the complex interplay among various psychological
factors affecting SAV acceptance.



Technological Forecasting & Social Change 212 (2025) 123960L. Guo et al.
Fig. 4. Example of Computing Relative Importance of the Questions and Factors When Predicting BI4. (a) The predictor importance was first computed using the ‘vip’ function
from the best-trained Random Forest regression trees. (b) Then, the relative importance for each predictor item was calculated by computing the weight of each item, ensuring the
sum of all predictor items’ relative importance is 100%. (c) Next, the relative importance was transformed into the chord diagram, which shows the predictors (start nodes), the
target variable (end nodes), and the relative importance of each item (chords). (d) The sum of all items’ relative importance was computed to demonstrate the overall contribution
of the predictor.
By complementing the detailed numerical importance values ob-
tained from the Random Forest analysis, the chord diagrams offer an
intuitive and integrated representation of the data, facilitating better
communication of findings to stakeholders and informing targeted
strategies to enhance public acceptance.

5. Results and discussion

5.1. Descriptive summary

5.1.1. Demographics
The demographic profile of the respondents (Fig. 5(a)) reveals a

balanced gender distribution, predominantly younger participants, and
a significant number residing in metropolitan areas. Most respondents
reported moderate annual household incomes. Notably, a subset in-
dicated responsibilities for transporting individuals with special care
needs or faced personal driving limitations.

Our focus on an Australian university community naturally resulted
in a participant pool that is younger and more educated than the
10
general population. While factors such as age, education, and income
are known to significantly influence technology acceptance (Sener
et al., 2019; Cunningham et al., 2019a; Becker and Axhausen, 2017; Liu
et al., 2019a), studying this demographic provides valuable insights.
This group may represent potential early adopters of technologies
like SAVs due to their openness to innovation and higher levels of
education. Although this demographic skew may limit the generaliz-
ability of our findings to the broader population, it highlights important
trends within a segment likely to influence initial market acceptance.
Importantly, even within this relatively homogeneous and potentially
highly accepting group, participants can still be classified as SAV
adopters and non-adopters based on their survey responses, as detailed
in Section 5.6.7. This intra-group variability emphasizes the need to
understand acceptance dynamics even among potential early adopters.

5.1.2. Awareness and exposure to autonomous vehicle technology
The majority of the participants (97.54%) reported having heard of

AVs, indicating a high level of general awareness about these vehicles
in the surveyed population. The main source of this knowledge was
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the news media (83.10%), emphasizing the significance of mainstream
media in introducing AVs to the public. The other sources of informa-
ion were movies (56.69%), science fiction (47.89%), advertisements

(33.80%) and other 24.30%. While most respondents reported having
only a little (55.60%) or a moderate amount (31.77%) of knowledge
about AVs, a smaller fraction believed they knew a lot or a great deal
were relatively fewer, constituting 6.86% and 1.81% of the sample,
respectively. Only a small segment (3.97%) admitted to having no
knowledge of AVs. Regarding practical exposure to automated driving
technologies, 44.72% had not used any driver assistance systems, while
adaptive cruise control (41.90%) and lane-keeping assistance (32.75%)
were the most commonly experienced features. A smaller segment
experienced automated parking and Autopilot systems, constituting
17.96% and 14.08% respectively. This data reflects a general awareness
of AVs among participants, coupled with varied levels of knowledge
and practical exposure to related technologies.

5.1.3. Current travel modes and mobility patterns
Our survey also provides an insightful overview of the current travel

modes and mobility preferences among the participants, as detailed in
Fig. 5(b) – a crucial step in understanding the potential acceptance
f SAVs. To capture the complexity of modern travel behaviors, we
sked participants to estimate the percentage of their total travel time
pent using each transportation mode. This method accounts for multi-
odal travel patterns and the varying reliance on different modes

hroughout daily activities. The full survey questionnaire can be found
Appendix A.
11
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The data reveal that the majority of participants rely on private
cars (41.78%) and public transport (33.54%), reflecting the principal
ransportation modes within the university community. These percent-
ges represent the average proportion of travel time allocated to each

mode across all respondents. For example, a participant might report
spending 70% of their travel time using a private car, 20% using
ublic transport, and 10% using active transport modes like walking
r cycling.

Further analysis of the travel modes reveals relationships between
the usage of different modes, as illustrated in Fig. 6. The correlation ma-
rix shows strong negative correlations between private car usage and
ther modes, particularly public transport (−0.74) and active transport
−0.56). This suggests that participants who spend a higher proportion
f their travel time using private cars tend to use public transport

and active transport modes less frequently. In contrast, the correlations
between shared mobility, public transport, and active transport are
close to zero, indicating minimal linear relationships between these
modes. This suggests that participants who use shared mobility services
do not significantly differ in their use of public transport or active
transport compared to others. Understanding these relationships is
essential for designing effective strategies to encourage the adoption of
SAVs, as it highlights potential challenges in shifting users away from
private car usage towards alternative modes of transportation.

A significant majority (89.79%) of respondents have experienced
shared mobility services, with 5.39% regularly using these services.
Among those who have used shared mobility options, 38.82% rated
their experience as 75 out of 100, indicating a generally positive
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perception of these services. The near-even division in car owner-
hip among participants highlights diverse mobility needs, particularly
mong students who may have varying access to private vehicles.

Additionally, the varied daily transportation times – most commonly
around one hour – underscore the necessity for efficient and flexible
mobility solutions. These insights are crucial in shaping strategies for
AV implementation, aligning with public needs and preferences to
oster their acceptance.

5.1.4. Distribution of psychological factors data
The data analysis on psychological factors indicated a notable de-

viation from the normal distribution for most of the Part II survey
uestions for both the Control Group and the Psychological Ownership
roup. This trend is evident in Fig. 7, which provides an overview of

the response distributions for the overall items of Part II of the survey.
The data indicates that respondents tend to categorize themselves
as either adopters or non-adopters of SAVs, resulting in a bimodal
distribution. This raises a significant methodological issue as traditional
analysis methods such as SEM often rely on assumptions of normality
nd may not perform optimally with non-normal or bimodal data

distributions. Recognizing this pattern is crucial for interpreting the
results and underscores the need for adaptable analytical approaches
to accurately capture the nuances of public perception towards SAVs,
particularly in the presence of complex, non-linear relationships.

5.2. Effects of psychological ownership

The Mann–Whitney U test analysis revealed significant differences
only in specific aspects of perceived risk (PR): PR2, which relates
to the perceived risk of SAVs interacting with other road users, and
PR3, concerning the perceived risk of SAVs disclosing users’ personal
12
information, as detailed in Table 1. These limited significant differences
suggest that the emotional narratives employed may not have effec-
ively triggered psychological ownership as intended, or that psycho-
ogical ownership may not have a substantial influence on intentions
o adopt SAVs among the targeted Australian university community.
his underscores the need for further research to explore alternative
ethods for triggering psychological ownership and to examine its
otential influence on the acceptance of SAVs.

5.3. Non-linear relationships between psychological factors

To further explore the relationships among key psychological fac-
tors, we plot pairwise relationships of the overall scores for perceived
risk (PR8), trust (T7), perceived ease of use (PEOU4), perceived useful-
ness (PU7), attitude (A7), and behavioral intention (BI4) to use SAVs for
both adopters (in orange) and non-adopters (in blue) (see Fig. 8). The
plot has four main components: (1) pairwise contour plots (upper right)
which show the density and distribution of data points between each
pair of variables; (2) pairwise scatter plots (lower left): which display
ndividual data points, highlighting patterns and potential relationships
etween variables; (3) distribution plots (diagonal) which illustrate
he distribution of each variable individually; and (4) boxplots of

each factor (far right side) which summarize the central tendency and
variability of each factor, comparing adopters and non-adopters.

The plots reveal that many relationships between these variables are
on-linear. For instance, the relationship between perceived risk (PR8)

and behavioral intention to use (BI4) shows variations that cannot be
adequately captured with linear models. Similarly, a complex, curved
pattern is observed between overall trust (T7) and perceived usefulness
(PU7). This indicates that changes in trust do not directly correlate
with proportional changes in perceived usefulness. In addition, the
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Fig. 7. Comparative Response Distribution to the Overall Items for Psychological Factors—This figure presents a side-by-side comparison of response distributions for key
psychological factors from the Control Group (top, in blue) and the Psychological Ownership Group (bottom, in pink). (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
Table 1
Mann–Whitney U test results. The threshold for statistical significance was set at a 95% confidence level.

Questionnaire items 𝑝-value Result

PR2: Do you think SAVs interacting with other road users would be safe or dangerous? 0.0184 Passed
PR3: How concerned are you about the SAV disclosing my personal information? 0.0125 Passed
Others – Failed
scatterplots between perceived ease of use (PEOU4) and other variables
such as attitude (A7) exhibit clusters and non-uniform distributions.
This suggests that participants’ attitudes towards SAVs do not increase
uniformly with perceived ease of use, further indicating non-linear
ynamics.

These observations indicate that the relationships among these psy-
chological factors are complex and cannot be adequately modeled using
linear approaches. The presence of non-linear patterns, clusters, and
varying rates of change supports our use of the Random Forest model,

hich is capable of capturing non-linear interactions and complex
elationships among variables. By employing a model that accommo-
ates non-linearity, we can better understand and predict the factors
nfluencing users’ acceptance of SAVs.

5.4. Model performance

Model accuracy was gauged using RMSE and NRMSE (Table 2).
The NRMSE values ranged from 0.1 to 0.2, indicating good to medium
performance levels (Aghelpour et al., 2021). This suggests that the
predictors used in the Random Forest regression trees are informative
and effective in predicting the target variables.

In the analysis, the ‘External’ class refers to using all items except
verall items to predict the target variable, while the ‘Internal’ class
13
refers to using all items of a factor to predict its overall item. The
‘mtry’ parameter controls the amount of randomness added to the
decision tree creation process, specifically how many of the input
features a decision tree has available to consider at any given point in
time (Ellis, 2022). The ‘mtry’ parameter was computed from the best
model selected by minimizing RMSE after the 10-fold cross-validation.

To further assess model performance, we evaluated the accuracy
of predictions relative to varying threshold values and compared the
results against random predictions (see Fig. 9). For example, at a
threshold value of 25, a prediction is considered accurate if it falls
within ±25 units of the actual value on the scale from −100 to 100,
corresponding to one bin to the left or right of the selection on the
questionnaire. The accuracy at this threshold is summarized in Table 2.
All trained Random Forest regression models outperformed random
predictions, indicating that the models are informative and provide
meaningful predictions. Notably, the model trained to predict Trust
using PU, PEOU, Attitude, and PR exhibited relatively lower accuracy
compared to the other models. At a threshold value of 25, the accuracy
was 0.49. This suggests that the relationship between Trust and these
predictors may be more complex or weaker than anticipated, and
Trust may be influenced by additional factors not captured in the
model. These findings highlight the importance of selecting appropriate
predictors and suggest that further research may be needed to explore
other variables that influence Trust in the context of SAV acceptance.
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Fig. 8. Pairwise Relationship Plot of Psychological Factors by Adoption Group. The variables along the axes are the overall items of each factor. Adopters are presented in orange,
and non-adopters are presented in blue. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Table 2
Root Mean Squared Error (RMSE), Normalized Root Mean Squared Error (NRMSE), and Accuracy Results from Random Forest Regression. The
accuracy was calculated at a threshold value of 25. The ‘External’ class refers to using all items except overall items to predict the target
variable, while the ‘Internal’ class refers to using all items to predict the overall item. The ‘mtry’ parameter was computed from the best model
selected by minimizing RMSE after the 10-fold cross-validation.

Target Variable Predictors mtry sample RMSE NRMSE Accuracy

Behavioral Intention to Use (BI) External 15 train 33.60 0.17 0.63
test 35.08 0.18 0.66

Internal 2 train 31.75 0.16 0.56
test 28.60 0.14 0.64

Attitude (A) External 23 train 32.42 0.16 0.63
test 25.17 0.13 0.70

Internal 2 train 25.78 0.13 0.67
test 31.99 0.16 0.79

Perceived Risk (PR) External 2 train 34.47 0.17 0.46
test 36.07 0.18 0.53

Internal 2 train 32.59 0.16 0.52
test 32.84 0.16 0.49

Perceived Usefulness (PU) External 12 train 26.37 0.13 0.7
test 23.74 0.12 0.77

Internal 2 train 32.46 0.16 0.66
test 28.27 0.14 0.66

Perceived Ease of Use (PEOU) External 2 train 29.14 0.14 0.69
test 24.82 0.12 0.74

Internal 2 train 25.84 0.13 0.70
test 22.88 0.11 0.70

Trust (T) External 12 train 32.42 0.16 0.60
test 40.11 0.20 0.49

Internal 2 train 32.56 0.16 0.59
test 30.58 0.15 0.64
14
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Fig. 9. Random Forest Regression Prediction Using Validation Sample (n = 47): Accuracy vs. Threshold. The colored lines indicate the performance of trained models in predicting
target variables. The black dashed line represents the average accuracy of 100 randomly guessed predictions in predicting the target variables. The shadowed intervals indicate
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5.5. Chord diagram

The visualization of factor importance flows enables us to quantify
the relationships between different factors and identify their individual
contributions to the acceptance of SAVs. After extracting the impor-
ance results from all the Random Forest models, we summarized
he data in a table with three columns – predictors, target variables,
nd relative importance – comprising 146 rows (Table 5). Presenting
his extensive table or generating numerous separate figures (such as

six predictor importance plots using the ‘vip’ package in Fig. 10 and
9 predictor contribution plots in Figs. 15–19) would be impractical

and overwhelming for readers. To address this, the chord diagram
(Fig. 11(a)) is employed as a concise and intuitive summary of this
complexity, following the approach introduced in Fig. 4.

This visual representation allows us to see at a glance which specific
tems have the most significant impact on the target variable. For exam-
le, a thick chord connecting the predictor item A3 (‘‘SAVs would be a
ood addition to towns and cities’’) to the target variable BI4 (‘‘Overall
ehavioral intention to use SAVs’’) indicates that A3 is a highly influ-

ential factor in predicting BI4. By examining the chord diagram, we
can discern the contributions from both the target variable perspective
(shown in Fig. 10) and the predictor perspective (detailed in Figs. 15–
19). This dual perspective provides a comprehensive understanding
of the factors influencing SAV acceptance without overwhelming the
reader with excessive data or figures.
15

t

To better visualize the overall relationship between the factors, we
computed the sum of the relative importance of each construct for
every predictor and depicted it using a chord diagram, as shown in
Fig. 11(b). Additionally, we calculated the importance of each item
in predicting the overall measurement of each factor, enabling us to
visualize the contribution of different aspects of each factor. The results
are summarized in Fig. 11(c).

We categorized the respondents into SAV adopters and non-adopters
ased on their overall intention to use SAVs, as measured by their
esponses to item BI4 in Table 3. Participants indicated their intention

on a scale from −100 to 100, where:

• Negative values indicated a negative intention to use SAVs (‘‘No’’),
• 0 indicated a neutral stance (‘‘Neutral’’),
• Positive values indicated a positive intention to use SAVs (‘‘Yes’’).

For the purpose of our analysis, we classified respondents as follows:

• Non-adopters: Participants who selected a value between −100
and 0, inclusive of 0.

• Adopters: Participants who selected a value between 1 and 100.

By including those who selected 0 (neutral stance) in the non-adopter
group, we acknowledge that individuals without a positive intention
to use SAVs may currently share similar characteristics or concerns as
hose who are negatively inclined. This grouping allows us to analyze
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factors that might influence these individuals to move towards adoption
n the future. To visualize the relative importance of predictors for each
roup, we computed chord diagrams, as shown in Fig. 12. These dia-

grams illustrate the connections between key factors and the intention
o adopt SAVs for both adopters and non-adopters, providing insights
nto how different variables influence each group.

5.6. Analysis of factor importance through chord diagrams

This section delves into the influence of each factor in the context of
SAV acceptance at both factor (e.g., Attitude) and item (e.g., A1) levels,
as determined through the analysis of chord diagrams (Fig. 11).

5.6.1. Psychological ownership impact
Our analysis revealed nuanced findings regarding psychological

ownership’s role in public acceptance of SAVs. While previous stud-
ies (Lee et al., 2019; Dai et al., 2021; Orsot-Dessi et al., 2023) identified
a positive influence of psychological ownership on the intention to use

Vs, our study presents a contrast. We implemented the three routes
f psychological ownership as defined by Pierce and Peck (2018), in-
egrating them into emotional stories to facilitate a sense of ownership
mong respondents. Despite this, our findings suggest that psychologi-
al ownership did not substantially sway PU, aligning with Narayanan
t al. (2020), who observed reluctance among users to incur additional
osts for personalized services in ride-sharing or car-sharing scenarios.

More notably, our study did not find evidence to support the trigger-
ing of psychological ownership in influencing the intention to use SAVs
through emotional stories. This observation highlights the challenge of
triggering psychological ownership among users in the context of SAVs.
Intriguingly, we did observe an impact of psychological ownership on
specific aspects of perceived risk. When considering SAVs’ interactions
16

r

with other road users and the potential disclosure of personal informa-
ion, psychological ownership showed contrasting effects – a positive
nfluence on the former (Control Group mean = 4.93, Psychological
wnership Group mean = 18.15) and a negative impact on the latter

Control Group mean = 8.39, Psychological Ownership Group mean =
8.56).

Given the overall minimal triggering of psychological ownership
n our study, this factor has been excluded from further discussions.
owever, the observed influences on specific risk perceptions point

owards the nuanced and complex role psychological ownership may
lay in the broader context of SAV acceptance.

5.6.2. Attitude (A)
Attitude as a Predictor

Contrary to suggestions by Davis and Venkatesh (1996) and Zhang
et al. (2021) to eliminate Attitude from the TAM due to its limited
mediating effect of PU on BI, our study underscores the pivotal role of
Attitude in determining users’ intentions to use SAVs. We discovered
that Attitude significantly contributes 61.94% to the relative impor-
tance of predicting SAV usage intention. This dominant role of Attitude
is further reinforced by its substantial contributions in shaping trust
(57.45%), PU (43.81%), PR (34.59%), and PEOU (30.08%). This might
suggest that, particularly before users gain actual experience with
higher-level SAVs, their attitude towards this technology is a decisive
factor.

Notably, respondents predominantly viewed SAVs as valuable addi-
ions to urban landscapes (item A3, with an overall relative importance
f 62.82%), emphasizing the societal impact of SAVs. This finding sug-
ests a potential paradigm shift, where SAVs are seen as complements

ather than replacements to existing travel options. Integrating SAVs
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with public transport systems might pave the way for sustainable urban
mobility, echoing insights from Narayanan et al. (2020).

Attitude as a Target Variable - A7: Overall Attitude
In examining Attitude as a target variable, all predictors, except

sychological ownership, demonstrated informative effects. Trust, es-
pecially in the reliability of SAVs (item T6, 17.14%), emerged as
17
the most influential, indicating that reliability is more significant in
shaping attitudes than factors like trust in IT companies (T4, 4.65%)
r government regulations (T1, 3.92%). Interestingly, despite its lower
verall importance, the convenience aspect of SAVs (PEOU3, 14.43%)
as a key factor in shaping positive attitudes. This suggests a nuanced
interplay between ease of use and user’s attitude towards using SAVs,
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Fig. 12. Chord Diagram Showing Relative Importance of Predicting Overall Questions for SAV Adopters and Non-adopters.
highlighting the importance of user-centric designs in SAV develop-
ment. Additionally, PR factors like safety in interaction with other
road users (PR2, 7.78%) and accident risk (PR1, 5.72%) also notably
influenced attitudes, reflecting public safety concerns.

5.6.3. Perceived risk (PR)
Perceived Risk as a Predictor

Our findings align with prior studies (Lee et al., 2019; Zhang et al.,
2021; Kenesei et al., 2022), identifying PR as a key predictor in shaping
users’ intentions to adopt SAVs. Ranking as the second most influential
factor, PR accounted for 11.85% of the relative importance in deter-
mining SAV acceptance. Furthermore, it significantly influenced PEOU
(24.51%), Trust (22.61%), Attitude (20.74%), and PU (11.44%). No-
tably, concerns regarding the safety of SAVs interacting with other road
users (PR2) and risks associated with accidents (PR1) were paramount,
underscoring the public’s emphasis on safety. In contrast, data privacy
risks (PR3) also surfaced as a notable concern, differing from findings of
a 2017 Australian survey by Cunningham et al. (2019a). This suggests
that younger and more educated populations may place a higher pri-
ority on privacy compared to the general population. Other perceived
risks like SAV equipment failures (PR4) and system malfunctions (PR6,
PR7) had lesser but still relevant impacts, with legal liability (PR5)
emerging as the least influential factor.

Perceived Risk as a Target Variable - PR8: Overall Perceived Risk
The analysis revealed that all predictors, barring psychological own-

ership, had substantial impacts on PR. Attitude stood out as the most
influential factor (with an overall relative importance of 34.59%),
closely followed by Trust (32.87%), PU (19.27%), and PEOU (12.30%).
The minimal impact of psychological ownership (0.96%) suggests its
limited role in influencing PR. Intriguingly, respondents’ trust in SAV
reliability (T6) emerged as a primary factor in shaping PR. Addi-
tionally, perceptions of SAVs enhancing urban environments (A3),
reducing stress levels (A2), and offering benefits (A5) also influenced
PR concerns.

5.6.4. Perceived usefulness (PU)
PU as a Predictor

While Ye et al. (2022) highlighted PU as a key determinant in
the public acceptance of SAVs, our study presents a nuanced view.
18
While PU emerged as an informative predictor of SAV acceptance
intention, it played a less dominant role compared to Attitude and PR,
contributing 9.54% to the relative importance. PU notably influenced
other variables, ranking second in predicting Attitude (25.94%) and
third in predicting PEOU (22.98%), PR (19.27%), and Trust (9.60%).
Our findings challenge previous studies, showing that PU is not just
influenced by PEOU but also acts as a determinant itself. A detailed
analysis of individual questionnaire items showed a fairly even dis-
tribution of importance across various aspects of PU, with the most
significant being the alignment of SAVs with users’ transport needs
(PU1, with an overall relative importance of 21.47%), underscoring its
critical role in shaping overall Attitude towards SAVs.

PU as a Target Variable - PU7: Overall Perceived Usefulness
Contrasting with the TAM, our study found that Attitude was the

most influential factor in shaping PU, accounting for 43.81% of its over-
all importance. This was followed by PEOU (31.24%). This variation
may be attributed to the broader scope of Attitude, encompassing six
items, compared to the three items of PEOU. Trust and PR also played
significant roles as predictors, with the relative importance of 12.92%
and 11.44% respectively. Notably, psychological ownership showed
minimal influence on PU (0.59%). Among the individual predictors,
the convenience of SAVs compared to traditional travel modes (PEOU3)
emerged as a key factor, significantly influencing the overall PU. Within
the Attitude dimension, several items stood out, including the belief
that SAVs would enhance urban environments (A3), their perceived
benefits (A5), and the enjoyment of using SAVs (A4). Interestingly,
trust in IT companies developing SAV applications (T4) was identified
as a relatively more influential aspect, suggesting that confidence in
the technological interface plays a crucial role in shaping the PU of
SAVs.

5.6.5. Trust (T)
Trust as a Predictor

In our study, the role of Trust in determining behavioral intention
to use SAVs was relatively modest, contributing only 8.60% to the
overall prediction. However, its significant influence on PR (32.87%)
aligns with prior research suggesting risk as a mediator between Trust
and SAV acceptance (Zhang et al., 2021; Kenesei et al., 2022; Choi
and Ji, 2015; Liu et al., 2019b). Trust also notably impacted Attitude
towards SAVs (34.96%) and, to a lesser degree, PEOU (21.42%) and PU
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(12.92%). This aligns with Zhang et al. (2019)’s findings on the primacy
f initial trust in shaping attitudes towards AVs. A detailed examination
f Trust dimensions revealed that reliability (T6) was paramount, fol-
owed by trust in IT companies developing SAV apps (T4), traditional
utomakers (T2), SAVs maintaining user interests (T5), and government
egulation (T1). The emphasis on reliability underscores the criticality
f performance trust over institutional trust in SAV acceptance among
he younger and more educated populations.

Trust as a Target Variable - T7: Overall Trust
When evaluating the overall Trust towards using SAVs, Attitude

emerged as the most influential factor, with a relative importance of
57.45%. This suggests that the public’s overall sentiment towards SAVs
significantly shapes their trust. Key aspects underpinning this Trust
nclude perceived relaxation and stress levels while using SAVs (A2),

societal benefits of SAVs (A3), and the perceived personal benefits of
SAVs (A5). PR (22.61%), particularly concerning safety in interactions
with other road users (PR2) and accident risks (PR1), also significantly
nfluenced Trust in SAVs, highlighting the importance of addressing

safety concerns. Less impactful but still informative were PU and
EOU, reflecting a nuanced interplay of various factors in shaping Trust
owards SAV usage. However, the lower predictive accuracy of the
andom Forest model for trust, compared to other predictors, suggests

he presence of other influencing factors or the possibility that trust
unctions independently in this context. This calls for further explo-
ation to unravel the nuanced dynamics between various predictors and
rust in the SAV context.

5.6.6. Perceived ease of use (PEOU)
PEOU as a Predictor

Contrary to some earlier studies which downplayed the significance
of PEOU in the context of SAVs (Lee et al., 2019), our research identifies
PEOU as a noteworthy, albeit the least dominant, predictor for the
intention to use SAVs, holding an overall relative importance of 7.75%.
Interestingly, PEOU was found to be most influential in predicting PU,
indicating a significant interrelation between ease of use and perceived
benefits of SAVs. In descending order, PEOU also impacts Attitude,
trust, and PR. The item analysis revealed that the convenience of
SAVs, especially compared to traditional travel modes (PEOU3, with an
overall relative importance of 51.11%), was deemed more crucial than
factors like the learning time required (PEOU2) and the operational
ease of SAVs (PEOU1). This indicates a shift in user focus towards the
practical benefits of SAVs over their operational complexity.

PEOU as a Target Variable—PEOU4: Overall Perceived Ease of Use
When examining PEOU as a target variable, Attitude emerges as

the predominant influence, reflecting the significance of user sentiment
n shaping PEOU. Specifically, relaxation and stress levels when using
AVs (A2, 7.52%), the enjoyment associated with SAV use (A4, 5.99%),

and the perceived societal benefits of SAVs (A3, 5.84%) were the most
mpactful Attitude items. PR and PU followed as significant predictors,
lthough none of their respective items exceeded a 5% relative impor-

tance. Trust, particularly in the reliability of SAVs (T6, 5.63%), also
contributed notably, reinforcing the link between Trust and PEOU. The
elative importance of psychological ownership was minimal (1.01%),
et its impact was slightly more pronounced in the context of PEOU
ompared to other variables, suggesting nuanced influences in user
erceptions.

5.6.7. SAV adopters vs non-adopters: Contrasting perspectives
In this analysis, respondents were categorized into SAV adopters and

on-adopters based on their expressed willingness to use SAVs. This
categorization, visualized through chord diagrams (Fig. 12), revealed
istinct patterns in the factors influencing these two groups.
19
SAV Adopters
For those inclined to use SAVs, the critical items shaping their

ntention were A5 (perception of SAVs being beneficial), A4 (enjoyable
experience), and A1 (attractiveness of SAVs). This suggests that for
adopters, the perceived direct benefits and enjoyment are primary
motivators. Additionally, in predicting PU, the convenience of using
SAVs (PEOU3) emerged as the most significant factor, indicating that
practicality is a key consideration for this group. Additionally, the trust
in the reliability of SAVs (T6) was crucial for shaping perceptions of risk
and attitudes towards SAV usage, indicating a reliance on the reliability
of this technology.

SAV Non-Adopters
In contrast, the non-adopters prioritized different factors. The top

predictors for their intention to use SAVs shifted to A3 (SAVs as a
ood addition to towns and cities), T1 (trust in government regulation),
nd A5 (benefits of SAVs). This shift highlights that non-adopters place
reater emphasis on the societal impact and regulatory trust concerning
AVs. Similarly, when considering PU, the overall attractiveness of
sing SAVs (A1) was more influential for non-adopters, suggesting a
ocus on broader societal benefits. Additionally, PR for non-adopters
as significantly influenced by A1 instead of Trust items, highlighting

different risk perceptions compared to adopters.
However, it is important to note that our comparative analysis

s based on an unequal distribution of participants between the two
roups, with a larger number of adopters than non-adopters. This
mbalance may affect the robustness of our comparative analyses and
ould obscure nuanced differences in attitudes between these groups.
evertheless, the significant contrasts observed provide valuable in-

ights into the factors influencing SAV acceptance and highlight the
eed for different strategies for promoting SAV adoption among differ-
nt segments of the population.

5.7. Open-ended question responses: Insights into SAV acceptance factors

Our survey included four optional open-ended questions, offering
participants the opportunity to express their personal views on various
aspects related to SAVs. These questions delved into factors influ-
encing their intent to use SAVs, expectations from AV technology,
envisioned features of an ideal AV/SAV, and any additional comments
on the survey topic. These qualitative insights complement our quan-
titative findings and provide a richer understanding of public attitudes
towards SAVs. They underline the importance of addressing safety,
inclusivity, cost-effectiveness, and environmental considerations in the
development and implementation of SAVs, while also acknowledging
the diverse expectations and concerns of potential users.

Influential Factors for SAV Acceptance (94 responses):
The majority of participants highlighted safety and cost as the

primary influential factors impacting their intention to use SAVs. The
concerns about safety were diverse and included general safety, reliabil-
ity, data handling, interaction with other road users, and performance
in unusual scenarios. This aligns with our quantitative findings where
PR emerged as a significant determinant of SAV usage intention. No-
tably, a respondent highlighted the importance of testing safety features
across diverse demographics, reflecting varied safety perceptions. On
the other hand, while the cost factor showed less prominence in the
chord diagram analysis, it was frequently mentioned in comparison to
public transport in the open-ended responses, indicating its potential
as a critical research area for future studies. The government’s role in
integrating SAVs into public transport systems and communicating cost
benefits also emerged as vital. Additionally, factors such as waiting time
and punctuality were noted as essential considerations for users.

Expectations from AV Technology (86 responses):
Respondents expect AVs to independently handle driving and park-

ing tasks under all conditions, enabling users to engage in personal
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activities while in transit. Noteworthy is the expectation of AVs cater-
ing to people with disabilities, underscoring the need for inclusive
design considerations. One respondent’s vision of envisioned AVs as
extensions of personal living or working spaces, illustrating the desire
for multifunctional, connected vehicle environments. However, some
oncerns were expressed about potential negative impacts, such as
ncreased greenhouse gas emissions and socioeconomic disparities in
ervice access. This indicates a complex perspective on AV technol-
gy, including skepticism regarding safety, evidenced by references
o incidents involving automated driving systems such as Tesla Au-
opilot. These insights highlight the importance of addressing environ-

mental sustainability and equitable access in the development of AV
technologies.

Ideal AV/SAV Conceptualization (74 responses):
Participants envisioned AVs and SAVs prioritizing clean energy,

safety, efficiency, affordability, ease of use, and unique design. Several
responses integrated SAVs within public transport systems. A few par-
ticipants even foresaw applications in air travel, indicating interest in
broader autonomous transportation modes. A personal perspective from
a diabetic respondent with diabetes underscored the life-enhancing
potential of SAVs for individuals with specific health conditions, high-
lighting the broader societal impact of this technology. This emphasizes
the importance of considering the needs of various user groups in the
design and implementation of SAVs.

6. Concluding remarks and future work

6.1. Applications to broader research

This study introduces an innovative framework that combines Ma-
chine Learning techniques with chord diagram visualizations to an-
lyze factor importance in technology acceptance research. Rather
han proposing a new theoretical model and causal relationships, this
ramework complements existing theories by examining the relative
mportance of various factors in predicting SAV acceptance through
 predictive modeling perspective. It effectively bridges the gap be-
ween the complex data analysis capabilities of predictive modeling and
he user-friendly, insightful visual representations provided by chord
iagrams.

As a case study of the proposed framework, Random Forest was
selected to predict the behavioral intention to use SAVs using relevant
psychological factors. Random Forest excels in processing medium-
sized datasets and identifying complex, non-linear relationships, mak-
ing it ideal for both regression and classification problems. Its robust-
ness as a predictive model is enhanced by its ability to easily compute
prediction accuracy and determine predictor importance effectively.

When integrated with chord diagrams, this approach allows for
he simultaneous visualization of multiple model outputs, providing
n intuitive representation of both inter-factor relationships and the
mportance of individual predictors. By combining the predictive power
f Random Forest with the clarity of chord diagrams, our framework
nables a thorough examination of the impact of each predictor and
acilitates comparisons between different user groups, specifically SAV
dopters and non-adopters in our study. This integration simplifies data
nalysis and enhances the presentation of complex insights, making
hem more accessible to a diverse audience, including those without
xtensive statistical knowledge.

Beyond the context of SAV acceptance, the framework has broader
applicability to other fields that deal with complex datasets and mul-
tifaceted variables. In marketing, for instance, it could provide deeper
insights into consumer behavior through a more intuitive understand-
ing of factor importance. Education researchers could leverage this
approach for a comprehensive visualization of factors affecting student
erformance. Similarly, consulting firms could adopt this user-friendly
20
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method to present complex data analyses to stakeholders in a more
digestible format.

6.2. Application to SAV acceptance problem

In the case study, the proposed methodological approach has sig-
nificantly enhanced our understanding of the factors influencing SAV
acceptance. The integration of Random Forest and chord diagrams
facilitated a detailed analysis of psychological factors, highlighting
their complex interplay and influence on the behavioral intention to
use SAVs. This analysis has provided in-depth insights into the drivers
and barriers to SAV acceptance, which are essential for the further
development of this emerging technology.

The ability of the Random Forest model to rank predictor variables
and the chord diagrams’ capacity to visually present these rankings
have revealed the complex dynamics of SAV acceptance. The Random
Forest model’s effective predictive accuracy, demonstrated by RMSE
and NRMSE values, along with validation at various thresholds, un-
derscores the importance of Attitude, Trust, PR, PU and PEOU in
determining SAV acceptance.

While there has been debate in the literature regarding the role
f Attitude in technology acceptance models – some studies have

suggested eliminating attitude due to its limited mediating effect (Davis
and Venkatesh, 1996; Venkatesh and Davis, 1996; Zhang et al., 2021;
Choi and Ji, 2015), our findings suggest that Attitude plays an impor-
ant role in predicting behavioral intention. Attitude, specifically the
ublic’s perception of SAVs as valuable additions to urban settings and
heir potential individual benefits, are the key predictors in predicting
U, PEOU, Trust, PR, and BI to use SAVs. This underscores the need
or strategies that highlight both the shared and individual benefits of
sing SAVs, which could potentially influence perceptions across mul-
iple psychological factors. Additionally, attitudes towards the stress
evel and enjoyment associated with using SAVs proved important in
redicting PEOU, Trust, and PR. This suggests that SAV developers and
anufacturers should consider user experience elements that promote

elaxation and enjoyment, potentially improving overall acceptance.
Our findings support the inclusion of attitude as a key factor in

tudying technology acceptance from a predictive modeling perspec-
ive, highlighting its critical role in predicting behavioral intention.
his contrasts with prior studies that suggested eliminating attitude
rom models like TAM due to its limited mediating effect (Davis and

Venkatesh, 1996; Venkatesh and Davis, 1996; Zhang et al., 2021; Choi
nd Ji, 2015).

Our study also demonstrates that PU has both direct and indirect
ffects on behavioral intention to use SAVs, with attitude playing
 crucial role in this relationship. At the item level, meeting users’

transportation needs emerged as a significant predictor in shaping
attitudes towards using SAVs. This finding emphasizes the importance
f ensuring that SAVs effectively address the practical requirements
f users. Furthermore, the perceived usefulness of SAVs in assisting
ndividuals when they are impaired and in improving productivity
ere the most influential PU items in predicting BI. These insights

uggest that highlighting these specific benefits could enhance users’
erceived usefulness of SAVs and their willingness to adopt them.
imilar to previous studies that adopted theoretical models to study
V acceptance, PEOU showed a strong influence on Attitude and PU,
articularly through the item concerning the additional convenience
hat SAVs could offer compared to traditional travel modes. Interest-
ngly, our results also indicate that users’ perceptions of the ease of
perating SAVs significantly impact PR. This suggests a potential need
or user-friendly interfaces and intuitive designs, which could influence
erceived risks associated with operating SAVs.

Furthermore, our analysis reveals the complex interplay between
Trust and PR in SAV acceptance. While Attitude items had the greatest
verall effect on both PR and Trust, the influence between PR and Trust
hemselves was significant. At the item level, users’ perceived risk of
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SAVs interacting with other road users and being involved in accidents
were important predictors of Trust. Conversely, users’ trust in the
reliability of SAVs was the most influential predictor in predicting PR.

hese findings highlight the importance of addressing specific safety
oncerns and enhancing the reliability of SAVs to build trust and reduce
erceived risks.

In addition, the distinct contrasts between SAV adopters and non-
adopters highlight critical differences essential for crafting effective
promotion strategies. This emphasizes the importance of delving into
the nuances of each factor at the item level when examining public
cceptance of SAVs, rather than considering these factors collectively.

6.3. Practical implications for stakeholders

The findings of this study have direct implications for SAV de-
velopers, policymakers, and marketers, particularly in regard to the
younger and more educated population. Understanding that certain
psychological factors and specific item-level perceptions are crucial
in predicting public acceptance can guide the development of more
user-centric SAV designs and informed policy-making.

For instance, emphasizing the shared benefits (e.g., improving ur-
ban environments) and individual benefits (e.g., enhancing personal
ransportation needs) that SAVs can offer could be an effective strategy
o increase public acceptance. Marketing campaigns and informational
aterials should highlight how SAVs can contribute positively to urban

ettings and meet individual user needs.
Prioritizing enhancements in the convenience of using SAVs, such as

demonstrating how SAVs offer greater convenience compared to tradi-
tional travel modes, can influence both PU and PEOU. SAV developers
should focus on designing user interfaces and systems that are intuitive
and easy to operate, thereby reducing perceived complexity and risks.

Building trust in the reliability of SAVs is paramount. Efforts to
mprove and communicate the reliability and safety features of SAV
echnology, such as advanced collision avoidance systems and rig-

orous testing protocols, can address users’ concerns about accidents
and interactions with other road users. Transparent communication
about these features can enhance trust and reduce perceived risks. In
addition, the role of mobile applications is noteworthy; fostering trust
in IT companies developing SAV apps can influence users’ attitudes
and the perceived usefulness of SAVs. Ensuring that these applications
re secure, user-friendly, and reliable can contribute to a positive user

experience.
Additionally, the differential analysis between SAV adopters and

on-adopters underscores the need for tailored strategies:

• For Adopters: Emphasize the direct benefits and positive at-
tributes of SAVs, such as enjoyment, stress reduction, and per-
sonal productivity enhancements. Marketing efforts could show-
case testimonials and scenarios where users benefit directly from
using SAVs.

• For Non-Adopters: Focus on illustrating how SAVs can contribute
positively to urban landscapes and building trust in government
regulations could be effective.

This nuanced understanding is crucial for devising targeted market-
ng and educational initiatives aimed at increasing the overall accep-
ance of SAVs.

6.4. Future research directions

While our study contributes new insights and methodological ap-
roaches that could be valuable in exploring technology acceptance
n various research disciplines, it is important to acknowledge its
imitations and outline avenues for future research.

In the context of SAV acceptance, our case study’s focus on an Aus-
ralian university community provided valuable insights from younger
21
and more educated participants compared to the general population.
owever, we acknowledge that this demographic bias may limit the
eneralizability of our findings, as different socio-demographic groups

may have different perceptions of SAVs. Therefore, the practical impli-
ations discussed are most relevant to this specific group. Nevertheless,
ur proposed framework is applicable to any population group. Future
tudies could apply this framework to datasets with a wider and more
iverse demographic cross-section to enhance the generalizability of

the findings. Additionally, ensuring a more equitable distribution be-
tween SAV adopters and non-adopters would strengthen the robustness
of comparative analyses, allowing researchers to uncover more nuanced
differences in attitudes and acceptance levels and to develop more
targeted strategies.

To further investigate the significance and triggering mechanisms
f psychological ownership in the context of SAVs, future studies could
ugment survey-based methodologies with experiential approaches that
rovide participants with tangible interactions with SAV technology.
his could potentially elicit a stronger sense of psychological ownership
nd offer deeper insights into its effects on SAV acceptance.

It should be noted that the current framework is not designed to
propose new theoretical frameworks or investigate causal relationships
among factors. Future work could enhance the framework by inte-
grating methods that indicate the directionality (positive or negative
ffects) of the relationships between predictors and outcome variables.
echniques such as examining decision trees generated during Random
orest construction or conducting partial dependence analysis – which
llustrates the marginal effects of variables – would provide a deeper

understanding of how each predictor influences the outcomes. Sample
decision trees (Fig. 13) and partial dependence plots (Fig. 14) based on
our case study are presented in Appendix C.

Lastly, there is an opportunity for subsequent research to broaden
the scope by incorporating additional psychological and situational
actors such as driving pleasure, parking options, pricing strategies,
aiting times, and trip lengths. Including these variables may offer a
ore comprehensive view of the multifaceted nature of SAV acceptance

nd capture factors relevant to a broader audience.
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Appendix A. Survey items

A.1. Part I: Travel modes

1. Have you heard of Autonomous Vehicles/Automated Vehicles/Self-driving Cars before?

○ Yes
○ No

2. Where did you hear about Autonomous Vehicles/Automated Vehicles/Self-driving Cars? (You can choose multiple answers.)

□ Movies
□ News
□ Science fiction
□ Advertisement
□ Other

3. How much do you know about Autonomous Vehicles?

○ Nothing
○ A little
○ A moderate amount
○ A lot
○ A great deal

4. Which of the following automated driver assistance systems have you used? (You can choose multiple answers.)

□ Adaptive cruise control (automatically adjusts the vehicle speed to maintain a safe distance between vehicles)
□ Lane keeping assistance
□ Automated parking system
□ Autopilot
□ None

5. How do you currently travel? As a percentage, please give an estimated fraction of travel time spent using each option. (For example, 30%
private car, 60% train, 10% walking, 0% shared mobility, 0% others. The total should sum to 100%.)

Mode of Travel Percentage (%)
%, Private car 0
%, Shared mobility (e.g., taxi, Uber, Didi) 0
%, Public transport (i.e., bus, tram, train) 0
%, Active transport (i.e., bicycle, scooter, walk) 0
%, Other 0
Total 0

6. Do you own a car?

○ No
○ Yes

7. How frequently do you drive a vehicle?

○ Never
○ Less than four days per month
○ One day a week
○ 2–3 days a week
○ 4–6 days a week
○ Daily

8. Have you used shared mobility services before? (i.e., taxi, Uber, Didi)

○ No
○ Yes

9. How do you rate your experience with these shared mobility services? (i.e., taxi, Uber, Didi)

-100 0 100

Dissatisfied Neutral Satisfied

10. How many hours do you approximately spend on transportation every day? (Any transport mode)
22
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Table 3
Questionnaire Items and Sources.

Questionnaire items Modified from

PR1: Do you think using SAVs would decrease or increase your risk of being involved in an accident? Kenesei et al. (2022)
PR2: Do you think SAVs interacting with other road users would be safe or dangerous? Dai et al. (2021)
PR3: How concerned are you about the SAV disclosing my personal information? Kenesei et al. (2022)
PR4: How concerned are you about the SAV equipment and system failures? Ye et al. (2022)
PR5: How concerned are you about the legal liability of users or owners of SAVs? Liu et al. (2019b)
PR6: How worried are you about SAVs may not function properly? Lee et al. (2019)
PR7: How worried are you about failures or malfunctions in SAVs causing harmful accidents? Kenesei et al. (2022)
PR8: Overall, do you think using SAVs would be safe or risky? Liu et al. (2019b)
T1: How much do you trust government authorities to regulate and supervise SAVs? Kenesei et al. (2022)
T2: How much do you trust SAVs manufactured by traditional automakers? Kenesei et al. (2022)
T3: How much do you trust SAVs manufactured by Information Technology companies? Liu et al. (2019b)
T4: How much do you trust Information Technology companies that produce SAV apps? Liu et al. (2019b)
T5: How much do you trust SAVs to keep your best interests in mind? Kenesei et al. (2022)
T6: Do you think SAVs would be reliable or not reliable? Zhang et al. (2021)
T7: Overall, do you trust or distrust SAVs? Zhang et al. (2021)
PU1: How useful do you think using SAVs would be in meeting your transport needs? Zhang et al. (2019)
PU2: How useful do you think using SAVs would be in undertaking your daily routine? Dai et al. (2021)
PU3: How useful do you think using SAVs would be when you’re impaired? Zhang et al. (2019)
PU4: How useful do you think using SAVs would be in improving your productivity? Lee et al. (2019)
PU5: How useful do you think using SAVs would be in improving your work-life balance? Zhang et al. (2021)
PU6: Do you think using SAVs could reduce or increase your travel cost? Kenesei et al. (2022)
PU7: Overall, do you think SAVs would be useful or not useful? Lee et al. (2019)
PEOU1: Do you think SAVs would be easy or difficult to operate? Lee et al. (2019)
PEOU2: How long do you think it would take you to learn how to use a SAV? Lee et al. (2019)
PEOU3: Compared to traditional travel modes, do you think using SAVs would be more convenient? Kenesei et al. (2022)
PEOU4: Overall, do you think using SAVs would be easy or difficult? Lee et al. (2019)
A1: Do you think using SAVs would be attractive or unattractive? Gkartzonikas (2020)
A2: Do you think using SAVs would be relaxing or stressful? Dai et al. (2021)
A3: How much do you agree with, I think SAVs would be a good addition to towns and cities? Zhang et al. (2019)
A4: How much do you agree with, I think using SAVs would be enjoyable? Gkartzonikas (2020)
A5: How much do you agree with, I think using SAVs would be beneficial to me? Zhang et al. (2019)
A6: How much do you agree with, I think the availability of SAVs could change my travel behavior? Kenesei et al. (2022)
A7: Overall, are you holding a positive or negative attitude towards using a SAV? Zhang et al. (2019)
BI1: Do you agree or disagree with, I would likely consider SAVs as my choice of mobility in the future? Lee et al. (2019)
BI2: Do you agree or disagree with, I would likely recommend my friends and colleagues to use SAVs? Dai et al. (2021)
BI3: Do you agree or disagree with, I would likely use SAVs repeatedly in the future? Dai et al. (2021)
BI4: Overall, would you use an SAV if given the chance? Lee et al. (2019)

*Note: PR = perceived risk; T = trust; PU = perceived usefulness; PEOU = perceived ease of use; A = attitude; BI = behavioral intention to use.

A.2. Part II: Be driven into the future

Table 3 provides a comprehensive summary of the questionnaire items and their respective sources, which were employed to examine the
selected factors in our study. These factors include Perceived Risk (PR), Trust (T), Perceived Usefulness (PU), Perceived Ease of Use (PEOU), Attitude
owards using (A), and Behavioral Intention to Use (BI). Each factor offers insight into the specific items and considerations that underpinned our
nvestigation.

A.3. Part III: Demographics

1. What is your gender?

○ Male
○ Female
○ Non-binary
○ Prefer not to say
○ Prefer to self-describe:

2. What is your age?

○ 18–34
○ 35–44
○ 45–54
○ 55–64
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○ ≥ 65
○ Prefer not to say

3. What type of area do you live in?

○ Inner metropolitan
○ Outer metropolitan
○ Regional
○ Country/rural
○ Prefer not to say

4. What is your annual gross household income?

○ Less than $30,000
○ $30,000–$74,999
○ $75,000–$149,999
○ $150,000 or more
○ Prefer not to say

5. Are you responsible for transporting anyone with special care needs (e.g., elderly or disabled)?

○ No
○ Yes
○ Prefer not to say

6. Do you have any permanent injuries or illnesses that affect your driving?

○ No
○ Yes
○ Prefer not to say

7. What is your highest education level (completed)?

○ None (no studies)
○ Primary studies
○ Secondary studies/high school
○ TAFE
○ University studies
○ Prefer not to say

Appendix B. Survey story design

The two distinct narratives crafted to illustrate the potential applications of Shared Autonomous Vehicles (SAVs) are provided below. Version
1 serves as the standard narrative, while Version 2 integrates specific applications of three ‘routes’ of psychological ownership, control, self-
investment, and intimate knowledge. This integration aimed to trigger a sense of psychological ownership in participants as they engaged with
the stories. In these narratives, the ‘routes’ to psychological ownership are highlighted in red, with the corresponding applications emphasized in
italics.

Version 1 (standard):
‘‘Oliver wants to visit his friend living 15 km away from his home. He requests a ride using an app on his smartphone. An autonomous
vehicle arrives at his door within minutes. Oliver enters his friend’s address using the Car Infotainment System (i.e., the car user interface
screen), and the vehicle transports him directly to his destination. During the trip, Oliver continues watching the movie he had started
viewing at home. Upon arrival, he does not need to park the vehicle, which continues on to a nearby location to pick up another rider’’.
‘‘Amelia has pre-set a pick-up time at 8:30 am in front of her house, and another at 17:10 pm out the front of her company, for every
workday. It is now 8 am in the morning, and Amelia has just woken up. She finishes her breakfast and walks out of her house. An
autonomous vehicle is waiting at her door. During the trip to work, she checks her emails and plans her day. Upon arrival, Amelia walks
to her office, and the autonomous vehicle drives away. At 17:10 pm, when she finishes work, an autonomous vehicle is waiting on the
roadside to drive her home’’.
24
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Version 2 (with psychological ownership):
‘‘Oliver wants to visit his friend living 15 km away from his home. He requests a ride using an app on his smartphone. An autonomous
vehicle arrives at his door within minutes. Oliver puts his bag inside the car boot and gets into the car (Control: spatial control). He adjusts
the seat to a comfortable position and puts the window down like he did when he used traditional cars with human drivers (Control: configuration
control). He enters his friend’s address using the Car Infotainment System (i.e., the car user interface screen), and the vehicle transports
him directly to his destination. During the trip, Oliver continues watching the movie he had started viewing at home. Upon arrival, he
takes his empty drink bottles with him to keep the vehicle clean (Remove the evidence of other users to build possession) and does not need to
worry about parking the vehicle. His ‘‘SAV app’’ pops up a notification to say this is his 400th trip using SAVs, with a total traveled distance
of 5679 kilometers so far (Intimate knowledge). He wins an award ‘‘Level 2 SAV Silver User’’ (Self-investment: emblems signal information
about the user’s identity) and he decides to share it to his social media (Social Media)’’.
‘‘Amelia is a big fan of shared autonomous vehicle services. In her ‘‘SAV app’’ on her phone, she creates her own virtual persona (i.e., a cat
named ‘Mickey’) (Self-investment: creation) which will also be displayed as a virtual assistant on the Car Infotainment System (i.e., the car
user interface screen) when she rides in an SAV. She additionally pre-sets a pick-up time of 8:30 am in front of her house, and another at
17:10 pm out the front of her company, for every workday. When she first used the shared autonomous vehicle service some months ago,
she had adjusted the seat, light, and temperature settings to her favorite positions using her phone and saved the settings in her ‘‘SAV app’’ (Control:
configuration control; Self-investment). It is now 8 am in the morning, and Amelia has just woken up. Amelia finishes her breakfast and
walks out of her house. An autonomous vehicle is waiting at her door. When she gets into the vehicle, the seat, light, and temperature have
already been adjusted to her favorite position and levels. ‘Mickey’ appears on the car’s dashboard screen and says: ‘‘Good morning, Amelia.
Do you want to go to work now following your usual route?’’ (Intimate knowledge: enabling) Amelia says ‘‘Yes’’ and the vehicle drives her to
work. During the trip, Amelia checks her emails and plans her day. Upon arrival, ‘Mickey’ says, ‘‘Have a nice day Amelia. I will pick you
up at 5:10 pm. See you soon!’’ Amelia walks to her office and the autonomous vehicle drives away. At 17:10 pm, when she finishes work,
an autonomous vehicle is waiting on the roadside with ‘Mickey’ on the car’s dashboard screen to drive her home’’.

Appendix C. Sample tree and partial dependence analysis

In our case study, we used the Random Forest method to train predictive models and compute the importance of each predictor variable,
summarized in Fig. 11(a). While variable importance scores indicate how much each predictor contributes to the model’s predictions, they do not
eveal the direction of the effect—whether it is positive or negative. To gain deeper insights into the relationships between predictors and the target

variable, we can examine individual decision trees generated during the Random Forest construction and perform partial dependence analysis.

C.1. Sample decision tree

Fig. 13 displays a sample decision tree extracted from the Random Forest model used to predict Behavioral Intention (BI) to use SAVs.

• Nodes: Represent predictor variables (e.g., A3, PR7, T5). Each node includes a splitting rule based on the value of the predictor.
• Branches: Illustrate the decision paths based on these splitting rules, leading to different outcomes.
• Leaves: The terminal nodes (highlighted in green) show the predicted BI outcome at the end of each decision path.

To interpret this plot:

1. First Split: The tree starts with A3 (‘‘SAVs would be a good addition to towns and cities’’). If A3 ≤ −12.5, we follow the left branch.
2. Second Split: Next, PR7 (‘‘Malfunctions causing harm’’) is considered. If PR7 ≤ −87.5, we continue left.
3. Third Split: Then, T5 (‘‘SAVs keeping user interests in mind’’) is evaluated. If T5 ≤ -25, we reach a leaf node.
4. Outcome: At this leaf, the predicted BI is -75, indicating a strong negative behavioral intention to use SAVs.

This example illustrates that A3 is a critical decision point, appearing at the top of the tree and influencing subsequent splits. While Random
Forest aggregates many such trees to enhance predictive accuracy, examining a single tree provides an interpretable example of key decision points
nd how specific predictors interact to influence the outcome.

C.2. Partial dependence analysis

We can also perform a partial dependence analysis to examine the marginal effect of a predictor variable on the outcome variable, averaging
ut the effects of other predictors. The ‘partialPlot’ function from the ‘randomForest’ package (Breiman et al., 2022) can be used to compute the

partial dependence plots. The function being plotted is defined as Eq. (3), where 𝑥 is the predictor for which partial dependence is sought (i.e., A3),
and 𝑥𝑖𝐶 is the other predictors in the data (e.g., A1, A2, PR1, PR2, etc.).

̃(𝑥) = 1
𝑛

𝑛
∑

𝑖=1
𝑓 (𝑥, 𝑥𝑖𝐶 ) (3)

The same example of A3 is used for demonstration. We generate a plot (Fig. 14) that shows the relationship between A3 and the predicted BI.
he plot displays how changes in A3 (from its minimum to maximum observed values) affect the predicted BI, holding all other variables constant.
 positive slope in the plot indicates that higher values of A3 are associated with higher predicted BI, suggesting a positive relationship. This
nalysis helps us understand whether a predictor has a positive or negative influence on the outcome and the nature of that relationship (linear,

non-linear).
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Fig. 13. A decision tree from the trained Random Forest model in predicting BI.

Fig. 14. Partial Dependence Plot of Behavioral Intention (BI4) on A3: The graph shows the marginal effect of the perception of A3 (a good addition to towns and cities) on
he overall behavioral intention to use (BI4).

Appendix D. Relative importance

This section presents the relative importance results from all the Random Forest models, providing both an overall view and detailed insights.
Table 4 summarizes the overall relative importance of each factor (construct) in predicting the target variables. This table highlights which

onstructs, such as Attitude (A), Perceived Risk (PR), or Trust (T), are most influential in predicting outcomes like Behavioral Intention (BI).
Table 5 provides a detailed breakdown of the relative importance of each individual factor item (specific survey questions) in predicting the

arget variables.
To further illustrate the contributions of each predictor, Fig. 10 displays the predictor importance plots, showing the relative importance of

ll predictors in predicting each target variable. This helps identify the most significant predictors for a specific outcome Figs. 15–19 present the
elative importance contributions of individual predictors in predicting all target variables. Each figure focuses on one key predictor (e.g., A1) and

shows its relative importance across all target variables (e.g., BI4, PR8, T7, PU7, PEOU7). This allows us to see how a single predictor influences
ultiple outcomes.
26
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Table 4
Overall Relative Importance of Each Factor in Predicting the Target Variables.

Predictor Target Variable Relative Importance

Attitude Behavioral Intention to Use 61.94
Attitude Perceived Usefulness 43.81
Attitude Perceived Ease of Use 30.08
Attitude Perceived Risk 34.59
Attitude Trust 57.45
Perceived Ease of Use Behavioral Intention to Use 7.75
Perceived Ease of Use Attitude 18.05
Perceived Ease of Use Perceived Usefulness 31.24
Perceived Ease of Use Perceived Risk 12.30
Perceived Ease of Use Trust 9.75
Psychological Ownership Behavioral Intention to Use 0.32
Psychological Ownership Attitude 0.31
Psychological Ownership Perceived Usefulness 0.59
Psychological Ownership Perceived Ease of Use 1.01
Psychological Ownership Perceived Risk 0.96
Psychological Ownership Trust 0.59
Perceived Risk Behavioral Intention to Use 11.85
Perceived Risk Attitude 20.74
Perceived Risk Perceived Usefulness 11.44
Perceived Risk Perceived Ease of Use 24.51
Perceived Risk Trust 22.61
Perceived Usefulness Behavioral Intention to Use 9.54
Perceived Usefulness Attitude 25.94
Perceived Usefulness Perceived Ease of Use 22.98
Perceived Usefulness Perceived Risk 19.27
Perceived Usefulness Trust 9.60
Trust Behavioral Intention to Use 8.60
Trust Attitude 34.96
Trust Perceived Usefulness 12.92
Trust Perceived Ease of Use 21.42
Trust Perceived Risk 32.87

Fig. 15. The relative importance contribution of Attitude items in predicting target variables, highlighting key predictors in behavioral intention, perceived usefulness, and other
psychological factors.

Fig. 16. The relative importance contribution of Perceived Ease of Use (PEOU) items in predicting target variables, including behavioral intention and related psychological
onstructs.
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Table 5
Overall Relative Importance of Each Factor-items In Predicting the Target Variables.

Predictor Target Variable Relative Importance

A1: Attractiveness BI4: Overall behavioral intention to use 6.89
A1: Attractiveness PR8: Overall perceived risk 5.33
A1: Attractiveness T7: Overall trust 4.09
A1: Attractiveness PU7: Overall perceived usefulness 3.68
A1: Attractiveness PEOU4: Overall perceived ease of use 3.23
A2: Stress level T7: Overall trust 19.04
A2: Stress level PR8: Overall perceived risk 7.86
A2: Stress level PEOU4: Overall perceived ease of use 7.52
A2: Stress level BI4: Overall behavioral intention to use 2.28
A2: Stress level PU7: Overall perceived usefulness 1.75
A3: Good addition to towns and cities BI4: Overall behavioral intention to use 27.44
A3: Good addition to towns and cities T7: Overall trust 15.22
A3: Good addition to towns and cities PU7: Overall perceived usefulness 12.84
A3: Good addition to towns and cities PR8: Overall perceived risk 8.35
A3: Good addition to towns and cities PEOU4: Overall perceived ease of use 5.84
A4: Enjoyment PU7: Overall perceived usefulness 9.71
A4: Enjoyment BI4: Overall behavioral intention to use 6.07
A4: Enjoyment PEOU4: Overall perceived ease of use 5.99
A4: Enjoyment T7: Overall trust 4.98
A4: Enjoyment PR8: Overall perceived risk 4.55
A5: Benefit BI4: Overall behavioral intention to use 15.41
A5: Benefit T7: Overall trust 12.33
A5: Benefit PU7: Overall perceived usefulness 11.09
A5: Benefit PR8: Overall perceived risk 5.62
A5: Benefit PEOU4: Overall perceived ease of use 3.88
A6: Changed travel behaviors PU7: Overall perceived usefulness 4.74
A6: Changed travel behaviors BI4: Overall behavioral intention to use 3.84
A6: Changed travel behaviors PEOU4: Overall perceived ease of use 3.61
A6: Changed travel behaviors PR8: Overall perceived risk 2.90
A6: Changed travel behaviors T7: Overall trust 1.78
PEOU1: Operation PR8: Overall perceived risk 5.50
PEOU1: Operation T7: Overall trust 2.93
PEOU1: Operation PU7: Overall perceived usefulness 2.85
PEOU1: Operation A7: Overall attitude 2.08
PEOU1: Operation BI4: Overall behavioral intention to use 1.55
PEOU2: Learning time PR8: Overall perceived risk 3.50
PEOU2: Learning time T7: Overall trust 3.08
PEOU2: Learning time BI4: Overall behavioral intention to use 2.95
PEOU2: Learning time PU7: Overall perceived usefulness 2.01
PEOU2: Learning time A7: Overall attitude 1.53
PEOU3: Convenience PU7: Overall perceived usefulness 26.38
PEOU3: Convenience A7: Overall attitude 14.43
PEOU3: Convenience T7: Overall trust 3.74
PEOU3: Convenience PR8: Overall perceived risk 3.30
PEOU3: Convenience BI4: Overall behavioral intention to use 3.25
PO: Psychological ownership PEOU4: Overall perceived ease of use 1.01
PO: Psychological ownership PR8: Overall perceived risk 0.96
PO: Psychological ownership T7: Overall trust 0.59
PO: Psychological ownership PU7: Overall perceived usefulness 0.59
PO: Psychological ownership BI4: Overall behavioral intention to use 0.32
PO: Psychological ownership A7: Overall attitude 0.31
PR1: Accident risk A7: Overall attitude 5.72
PR1: Accident risk T7: Overall trust 4.83
PR1: Accident risk PEOU4: Overall perceived ease of use 4.38
PR1: Accident risk BI4: Overall behavioral intention to use 3.12
PR1: Accident risk PU7: Overall perceived usefulness 1.97
PR2: Interactions with other road users A7: Overall attitude 7.78
PR2: Interactions with other road users T7: Overall trust 6.49
PR2: Interactions with other road users PEOU4: Overall perceived ease of use 4.23
PR2: Interactions with other road users BI4: Overall behavioral intention to use 2.03
PR2: Interactions with other road users PU7: Overall perceived usefulness 1.59
PR3: Disclosure of personal information PEOU4: Overall perceived ease of use 3.05
PR3: Disclosure of personal information T7: Overall trust 3.05
PR3: Disclosure of personal information PU7: Overall perceived usefulness 1.95
PR3: Disclosure of personal information A7: Overall attitude 1.82
PR3: Disclosure of personal information BI4: Overall behavioral intention to use 1.40
PR4: SAV equipment and system failures PEOU4: Overall perceived ease of use 3.55
PR4: SAV equipment and system failures PU7: Overall perceived usefulness 2.14
PR4: SAV equipment and system failures T7: Overall trust 1.64
PR4: SAV equipment and system failures BI4: Overall behavioral intention to use 1.48
PR4: SAV equipment and system failures A7: Overall attitude 1.35
PR5: Legal liability PEOU4: Overall perceived ease of use 3.20
PR5: Legal liability T7: Overall trust 1.67
PR5: Legal liability A7: Overall attitude 1.50
PR5: Legal liability BI4: Overall behavioral intention to use 1.06

(continued on next page)
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Table 5 (continued).
Predictor Target Variable Relative Importance

PR5: Legal liability PU7: Overall perceived usefulness 1.05
PR6: Improper SAV functioning PEOU4: Overall perceived ease of use 2.96
PR6: Improper SAV functioning T7: Overall trust 2.72
PR6: Improper SAV functioning PU7: Overall perceived usefulness 1.49
PR6: Improper SAV functioning BI4: Overall behavioral intention to use 1.48
PR6: Improper SAV functioning A7: Overall attitude 1.37
PR7: Malfunctions causing harm PEOU4: Overall perceived ease of use 3.15
PR7: Malfunctions causing harm T7: Overall trust 2.22
PR7: Malfunctions causing harm BI4: Overall behavioral intention to use 1.27
PR7: Malfunctions causing harm PU7: Overall perceived usefulness 1.24
PR7: Malfunctions causing harm A7: Overall attitude 1.21
PU1: Transport needs A7: Overall attitude 9.54
PU1: Transport needs PEOU4: Overall perceived ease of use 4.46
PU1: Transport needs PR8: Overall perceived risk 4.01
PU1: Transport needs T7: Overall trust 2.26
PU1: Transport needs BI4: Overall behavioral intention to use 1.20
PU2: Daily routine A7: Overall attitude 3.94
PU2: Daily routine PEOU4: Overall perceived ease of use 3.62
PU2: Daily routine PR8: Overall perceived risk 3.61
PU2: Daily routine T7: Overall trust 1.85
PU2: Daily routine BI4: Overall behavioral intention to use 1.39
PU3: Impairment PEOU4: Overall perceived ease of use 4.27
PU3: Impairment PR8: Overall perceived risk 2.58
PU3: Impairment BI4: Overall behavioral intention to use 2.03
PU3: Impairment A7: Overall attitude 1.31
PU3: Impairment T7: Overall trust 1.02
PU4: Productivity PEOU4: Overall perceived ease of use 4.00
PU4: Productivity PR8: Overall perceived risk 3.00
PU4: Productivity A7: Overall attitude 2.88
PU4: Productivity BI4: Overall behavioral intention to use 1.96
PU4: Productivity T7: Overall trust 1.34
PU5: Work-life balance A7: Overall attitude 4.27
PU5: Work-life balance PEOU4: Overall perceived ease of use 3.06
PU5: Work-life balance PR8: Overall perceived risk 2.90
PU5: Work-life balance BI4: Overall behavioral intention to use 1.46
PU5: Work-life balance T7: Overall trust 1.27
PU6: Travel cost A7: Overall attitude 4.00
PU6: Travel cost PEOU4: Overall perceived ease of use 3.57
PU6: Travel cost PR8: Overall perceived risk 3.18
PU6: Travel cost T7: Overall trust 1.87
PU6: Travel cost BI4: Overall behavioral intention to use 1.49
T1: Government regulation A7: Overall attitude 3.92
T1: Government regulation PR8: Overall perceived risk 3.26
T1: Government regulation PEOU4: Overall perceived ease of use 3.24
T1: Government regulation PU7: Overall perceived usefulness 1.32
T1: Government regulation BI4: Overall behavioral intention to use 1.12
T2: Traditional automakers manufacturing SAVs PR8: Overall perceived risk 5.34
T2: Traditional automakers manufacturing SAVs PEOU4: Overall perceived ease of use 2.90
T2: Traditional automakers manufacturing SAVs A7: Overall attitude 2.83
T2: Traditional automakers manufacturing SAVs PU7: Overall perceived usefulness 1.55
T2: Traditional automakers manufacturing SAVs BI4: Overall behavioral intention to use 1.53
T3: IT companies manufacturing SAVs PR8: Overall perceived risk 5.02
T3: IT companies manufacturing SAVs PEOU4: Overall perceived ease of use 3.27
T3: IT companies manufacturing SAVs A7: Overall attitude 2.77
T3: IT companies manufacturing SAVs PU7: Overall perceived usefulness 1.48
T3: IT companies manufacturing SAVs BI4: Overall behavioral intention to use 1.10
T4: IT companies developing SAV apps PU7: Overall perceived usefulness 5.07
T4: IT companies developing SAV apps A7: Overall attitude 4.65
T4: IT companies developing SAV apps PR8: Overall perceived risk 4.21
T4: IT companies developing SAV apps PEOU4: Overall perceived ease of use 2.76
T4: IT companies developing SAV apps BI4: Overall behavioral intention to use 1.25
T5: SAVs keeping user interests in mind PR8: Overall perceived risk 4.67
T5: SAVs keeping user interests in mind A7: Overall attitude 3.66
T5: SAVs keeping user interests in mind PEOU4: Overall perceived ease of use 3.61
T5: SAVs keeping user interests in mind PU7: Overall perceived usefulness 1.22
T5: SAVs keeping user interests in mind BI4: Overall behavioral intention to use 1.22
T6: Reliability A7: Overall attitude 17.14
T6: Reliability PR8: Overall perceived risk 10.37
T6: Reliability PEOU4: Overall perceived ease of use 5.63
T6: Reliability BI4: Overall behavioral intention to use 2.39
T6: Reliability PU7: Overall perceived usefulness 2.28
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Fig. 17. The relative importance contribution of Perceived Risk (PR) and Psychological Ownership (PO) items in predicting target variables, including behavioral intention and
related constructs.

Fig. 18. The relative importance contribution of Perceived Usefulness (PU) items in predicting target variables across key psychological factors such as attitude, behavioral intention,
and trust.

Fig. 19. The relative importance contribution of Trust items in predicting target variables, focusing on behavioral intention, perceived risk, and related constructs.
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Data availability

The data that has been used is confidential.
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