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Abstract

The rapid growth of electric vehicles (EVs) is reshaping transport systems and accelerating
the sustainable digital transformation of smart mobility. EV battery-swapping, delivered
through platform-based, data-driven service networks, offers a low-carbon alternative
to conventional refueling and plug-in charging by shortening replenishment time and
enabling centralized battery management. However, the behavioral mechanisms driving
user adoption of this digitally enabled infrastructure remain insufficiently understood.
This study develops a socio-technical system (STS) model in which social and technical
drivers influence users’ intention to adopt EV battery-swapping services via the dual
mediation of perceived trust and perceived risk. Using a three-stage mixed-methods
design that combines a PRISMA-based literature review, expert interviews with user-
journey mapping, and a large-scale user survey, the study identifies six social and technical
antecedents of EV battery-swapping adoption. Based on 565 valid responses from EV users
in the Beijing–Tianjin–Hebei region, partial least squares structural equation modeling
and multi-group analysis are employed to test the proposed framework. The results
show that all six antecedents significantly affect perceived trust and perceived risk, which
in turn mediate their impacts on adoption intention, with notable heterogeneity across
income and usage-frequency groups. The findings provide a mechanism-based extension
of STS theory for digitally mediated battery-swapping infrastructure by showing how
socio-technical conditions shape adoption via trust and risk, and they offer actionable
implications for operators and policymakers to build secure, user-centered swapping
services within intelligent transport systems.

Keywords: sustainable digital transformation; battery-swapping model; electric vehicles;
digital charging infrastructure; perceived trust; perceived risk; socio-technical systems
theory

1. Introduction
Under global carbon-neutrality targets and the broader shift toward sustainable trans-

port, electric vehicles (EVs) are increasingly regarded as a core measure to mitigate envi-
ronmental pollution and reduce dependence on fossil energy because of their zero tailpipe
emissions and relatively high energy efficiency [1]. In China, EVs have already become
a mainstream choice in new-car sales; however, large-scale adoption remains constrained

Sustainability 2026, 18, 2872 https://doi.org/10.3390/su18062872

https://crossmark.crossref.org/dialog?doi=10.3390/su18062872&domain=pdf&date_stamp=2026-03-14
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0009-0005-0679-7975
https://orcid.org/0000-0001-6578-8925
https://doi.org/10.3390/su18062872


Sustainability 2026, 18, 2872 2 of 35

by the limitations of energy-replenishment infrastructure [2]. Traditional plug-in charging
still faces challenges, including range anxiety, long charging times, high battery costs, and
uneven infrastructure distribution—issues that are particularly critical for high-frequency
operators such as taxis and ride-hailing services [3].

Battery-swapping technology (BST) has become a promising alternative. By decou-
pling the vehicle from the battery through automated replacement systems, BST can com-
plete a full battery swap in about three minutes [4], thereby reducing downtime and easing
charging constraints. Batteries can be charged and maintained under controlled conditions
to extend service life and improve resource utilization. As a digitally coordinated solution,
BST enables real-time monitoring and data-driven optimization of battery use, making it
a representative form of sustainable digital infrastructure in intelligent mobility systems.
China has been at the forefront of BST deployment; however, widespread adoption de-
pends not only on operational feasibility but also on users’ perceptions of safety uncertainty,
platform dependence, and social-value cues [5].

Although prior studies have examined these aspects, their scope remains limited.
Technical research mainly focuses on standardization and station scheduling optimiza-
tion [6], often overlooking users’ perceptions and adoption intentions. Social-level research
emphasizes green values [7] and social influence but is frequently modeled in isolation,
making it difficult to capture how social cues shape users’ interpretation of technical
performance. At the psychological level, perceived trust and perceived risk are widely
recognized as proximal determinants of user behavior, yet existing work lacks a coherent
explanation of how socio-technical conditions translate into adoption intention through
these two mechanisms in BST services [8]. In addition, user heterogeneity (e.g., gender, age,
income, and usage frequency) and the linkage between BST adoption and the sustainable
digital transformation of mobility systems remain underexplored.

Battery swapping should therefore be understood as a socio-technical service system
rather than the adoption of a single technology, because it couples platform operations
with physical infrastructure, service processes, and safety governance. To address these
gaps, this study adopts a three-stage mixed-methods design—PRISMA-based systematic
literature review (SLR), semi-structured expert interviews, and user journey mapping—to
identify and refine key adoption drivers and to contextualize critical touchpoints across
the pre-, in-, and post-swapping experience. Building on this evidence chain, the proposed
model is tested using questionnaire data from 565 users in the Beijing–Tianjin–Hebei region,
and structural equation modeling (SEM) and multi-group analysis (MGA) are used to
examine hypothesized relationships and subgroup differences.

Guided by a socio-technical systems (STS) perspective, this study examines how
socio-technical drivers shape users’ adoption intention through two psychological
mechanisms—perceived trust and perceived risk. Specifically, this research addresses
three questions: (1) What socio-technical factors significantly influence users’ intention to
adopt battery-swapping services? (2) How do perceived trust and perceived risk affect
adoption intention? (3) Do structural differences exist across user groups such as gender,
age, income, and usage frequency?

This study makes three main contributions. First, it advances an STS-based explana-
tion of BST adoption in sustainability-oriented digital mobility infrastructure by organizing
common adoption constructs into interacting social (environmental concern, social influ-
ence, platform lock-in) and technical (battery safety, time efficiency, swapping convenience)
subsystems, and by demonstrating that these socio-technical cues operate through a dual
trust–risk gateway to shape adoption intention. Second, it offers a replicable integra-
tive process that leverages a triangulated evidence chain (PRISMA-based SLR, expert
interviews, and user journey mapping) to translate qualitative insights into a testable
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model. Third, the multi-group analysis reveals mechanism heterogeneity across income
and usage-frequency segments, introducing boundary conditions that support segment-
specific explanations and platform strategies. The remainder of this article is organized
as follows: Section 2 reviews the relevant literature and develops the research hypotheses;
Section 3 describes the research methods and data; Section 4 reports the empirical results;
Section 5 discusses theoretical and practical implications; and Section 6 concludes the paper
and outlines future research directions.

2. Literature Review
Socio-Technical Systems (STS) theory highlights how technical systems and social

systems interact to shape the adoption of innovations. It argues that the successful im-
plementation of any technology depends on jointly considering “technical factors” (e.g.,
performance, efficiency) and “social factors” (e.g., norms, values) [9]. In the context of EV
battery-swapping services, adoption-related perceptions and attitudes are jointly shaped
by social-level drivers, such as environmental orientation, social influence, and platform
lock-in, and by technical-level drivers, such as battery safety, time efficiency, and swapping
convenience [10]. Related acceptance research in intelligent mobility has similarly high-
lighted public acceptance as a prerequisite for large-scale diffusion of emerging technologies
such as autonomous vehicles [11].

2.1. Electric Vehicles and Battery-Swapping Technology

Electric vehicles (EVs) are widely regarded as a more sustainable alternative to con-
ventional internal combustion engine vehicles, offering environmental and health benefits
such as zero tailpipe emissions, lower noise, and higher energy efficiency [12].

However, large-scale EV adoption still faces structural barriers, including limited
charging convenience, range anxiety, high battery costs, and long charging times. Battery-
swapping technology (BST) has therefore gained attention as a replenishment solution.
At battery-swapping stations, automated systems enable users to replace depleted battery
packs within minutes [13]. Compared with plug-in charging, BST can substantially reduce
replenishment time and mitigate upfront vehicle costs through a “vehicle–battery separa-
tion” model. Moreover, swapped batteries can be recharged under controlled conditions,
which may extend battery life and improve overall resource utilization [14]. Despite these
advantages, BST deployment still encounters practical constraints such as standardization
issues, uneven station distribution, and high infrastructure costs, and users’ adoption
decisions are shaped by both technical service performance and social-level influences.

2.2. Socio-Technical Systems Theory

Socio-technical systems (STS) theory provides a lens for analyzing how technological
innovations are embedded in and shaped by broader social structures. Originating in
organizational research and later extended in sustainability-transition studies [15], STS
emphasizes that system success depends not only on technical performance but also
on alignment with user needs, institutional arrangements, and prevailing social values.
In sustainable transportation and energy systems, STS has been used to explain how
innovations diffuse and become stabilized within socio-institutional contexts [16].

From an STS viewpoint, battery swapping can be conceptualized as an integrated
service system composed of interacting technical and social subsystems. The technical
subsystem concerns reliability and performance cues such as standardization, automa-
tion, and station deployment [17], whereas the social subsystem concerns legitimacy and
dependency cues such as platform reputation, regulatory expectations, platform depen-
dence, and environmental identity [18]. Figure 1 presents a typical battery-swapping
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scenario, covering key stages such as arriving at the station, equipment identification,
battery replacement, and system confirmation. Overall, STS highlights that users’ adoption
decisions are shaped by the joint influence of these technical and social conditions across
the service process.

Figure 1. Battery swapping process for new energy electric vehicles.

2.3. Perceived Risk (PR) and Perceived Trust (PT)

In the battery-swapping context, perceived risk (PR) and perceived trust (PT) represent
two central psychological mechanisms shaping users’ decisions under uncertainty. Beyond
purely rational evaluation, these perceptions capture users’ sense of psychological security
and confidence in an emerging platform-based service where experience and information
may be limited [19].

Perceived risk refers to users’ subjective expectation that adopting battery swapping
may lead to unfavorable outcomes. In BST services, risk perceptions commonly relate
to battery safety, equipment compatibility, process transparency, potential service fail-
ures, and uncertainty regarding data handling [20]. Such concerns may be amplified in
real use situations by issues such as delayed station response, equipment malfunction,
and insufficient information disclosure, thereby weakening users’ willingness to adopt
the service.

Perceived trust reflects users’ positive expectation that the battery-swapping platform
will deliver reliable services, assure battery quality, and safeguard user interests despite
information asymmetry and limited user control. Trust is typically reinforced by credible
quality assurance—such as robust testing protocols and certified battery sources—together
with adequate station coverage and responsive user support.

Prior studies suggest a reciprocal relationship between PR and PT: higher perceived
risk tends to erode trust and suppress adoption intention, whereas stronger trust can
attenuate risk-related discomfort and increase acceptance of the technology [21].

Therefore, promoting battery swapping requires addressing both risk salience and
trust formation. Platforms should proactively identify and mitigate core perceived risks
while strengthening trust through technical measures, including standardization and diag-
nostics, and through complementary organizational mechanisms, including communica-
tion, information disclosure, and service experience optimization [22].
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3. Research Methodology
3.1. Overview of Research Design

This study employed a three-phase mixed-methods design to develop and test a user
adoption model for NEV battery-swapping services under a socio-technical systems (STS)
lens. The study proceeded sequentially through a systematic literature review to identify
candidate adoption factors, qualitative triangulation (semi-structured interviews and user
journey mapping) to refine constructs and specify the conceptual model, and a survey-
based empirical test to validate the hypothesized relationships (Figure 2). In Phase 1,
evidence was synthesized following a PRISMA-guided review to generate an initial pool
of constructs. In Phase 2, interview insights and journey touchpoints were used to con-
textualize and consolidate constructs into social and technical dimensions. In Phase 3,
a structured questionnaire was administered and the model was statistically evaluated to
verify hypotheses and derive empirical implications.

Figure 2. Overall research design process of this study.

3.2. Phase 1: Literature Review and Variable Exploration

In Phase 1, we conducted a systematic literature review (SLR) to synthesize existing
evidence on battery-swapping technologies and user adoption. Following the PRISMA
protocol, we specified search keywords, retrieved and screened records, and analyzed
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eligible studies to identify high-frequency themes and candidate variables. This process
produced a preliminary framework of influencing factors, including candidate constructs
and associated keywords, which informed subsequent stages of model development.

3.2.1. Systematic Literature Review (SLR)

A systematic literature review (SLR) was conducted to establish the theoretical basis
of the study variables and to synthesize prior evidence on battery-swapping adoption. SLR
is valued for its procedural rigor and replicability, particularly in emerging domains where
conceptual structures remain under development [23]. Following the four-phase PRISMA
process—identification, screening, eligibility assessment, and inclusion—we searched Web
of Science, Scopus, and Google Scholar for English-language studies published between
2015 and 2025.

The search strategy combined terms related to battery swapping with adoption-related
and socio-technical keywords. Battery-swapping terms included “battery swapping”, “bat-
tery swap”, and “battery swap station”, while adoption-related and socio-technical terms
captured both behavioral and psychological themes, such as “adoption”, “acceptance”,
“intention”, “trust”, “risk”, “service efficiency”, “accessibility”, “social influence”, “plat-
form lock-in”, and “environmental orientation”. Studies were retained if they explicitly
addressed battery swapping (or battery-swapping services) and examined user-centered
adoption-related constructs or variables relevant to users’ decision-making.

During the screening stage, duplicate records were removed, and irrelevant or
methodologically insufficient items were excluded, including abstract-only entries, patents,
and studies from unrelated fields. During the eligibility assessment stage, we further
excluded studies that lacked a user-centered perspective, did not clearly specify adoption-
related variables, or were only marginally related to battery swapping. The final literature
corpus comprised core studies meeting all inclusion criteria and was retained for subse-
quent in-depth analysis.

For analysis, we employed content analysis with thematic coding (open coding, axial
coding, and selective coding) to extract recurring adoption dimensions and to identify
high-frequency and representative topics. The SLR output was an initial pool of candidate
constructs and associated conceptual cues, which provided a traceable basis for subsequent
qualitative refinement and instrument development.

3.2.2. Expert Interviews

To complement the systematic literature review (SLR) and improve the contextual
relevance of the candidate variables, semi-structured expert interviews were conducted.
The interviews were used to validate adoption-related factors in real battery-swapping
settings and to refine construct definitions for subsequent questionnaire operationalization.

A total of 11 experts and practitioners from the NEV sector participated in the inter-
views, covering battery-swapping technology, intelligent transportation, platform ecosys-
tems, user behavior, and technology adoption. Participants were selected based on direct
experience with battery-swapping services and professional expertise relevant to EV bat-
tery swapping and platform-based operations. All participants had 5–15 years of relevant
professional experience, and their background information is summarized in Table 1.

The interview protocol (Appendix A) included 12 questions organized into three
modules: (1) Adoption and Selection Factors (Q1–Q4), focusing on adoption drivers, key
concerns and perceived risks, platform compatibility and lock-in, and social influence;
(2) User Experience and Trust Building (Q5–Q9), addressing trust-related cues, service
efficiency and waiting experience, battery safety concerns, and technical failures or equip-
ment malfunctions; and (3) Environmental Value and Future Development (Q10–Q12),
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exploring sustainability values in platform choice and views on technological evolution and
policy support. Open-ended follow-up prompts were used to capture additional contextual
factors and clarifications.

Table 1. Basic information of interviewed experts.

Interviewee Gender Age Affiliation Professional Role

A1 Male 34 Battery-swap platform company Regional Operations Manager
A2 Male 37 Electric vehicle technology company Technical Advisor
A3 Female 32 Electric vehicle R&D department User Experience Researcher

A4 Female 41 University School of Mechanical Engineering
and Vehicle Engineering

A5 Male 45 University Professor of Electrical Engineering
and Automation

A6 Male 29 Electric vehicle swap station Swap Station Service Personnel
A7 Male 40 New energy electric vehicle Sales Representative

A8 Female 35 Intelligent Transportation
Research Institute Energy Systems Researcher

A9 Male 42 Ride-hailing platform High-Frequency Battery Swapping
Driver Representative

A10 Male 35 Battery-swap platform Data Analyst
A11 Male 36 Electric vehicle company Product Manager

Interviews were conducted either face-to-face or via online video conferencing. With
informed consent, all interviews were audio-recorded and transcribed verbatim for subse-
quent coding and analysis. The interview themes were later compared with SLR-derived
themes to support triangulation and variable refinement.

3.2.3. User Journey Mapping

User journey mapping was used to visualize how EV users interact with the battery-
swapping service across the full service process. As an established service-analysis tool,
journey mapping helps structure users’ behaviors, pain points, and expectations across
different stages of the experience [24]. In this study, the journey map was organized into
three stages—before swapping, during swapping, and after swapping—to capture key
service touchpoints and user evaluations.

For this purpose, we recruited 11 end users with battery-swapping usage experience
in the Beijing–Tianjin–Hebei region, primarily primary battery-swapping user drivers,
including operational taxi drivers. The participants in this user-journey exercise are coded
as A1–A11. These users were able to provide detailed feedback based on repeated use
in real-world driving and operating contexts. Their reflections were used to identify key
“pain points” and “pleasure points” during the swapping process (Figure 3).

To quantify participants’ evaluations of each stage of the battery-swapping service jour-
ney, this study adopted a structured rating scale ranging from −2 to +2, where +2 indicates
a very positive experience, +1 a positive experience, 0 a neutral evaluation, −1 a negative
experience, and −2 a very negative experience. This scoring scheme enabled us to vi-
sualize positive touchpoints and pain points across the battery-swapping process and
provided a comparative basis for assessing how battery-swapping services shape user
experience (Figure 3).

This study draws on users’ real battery-swapping experiences in the Beijing–Tianjin–Hebei
region. To enhance contextual grounding, we conducted a brief on-site observation at a NIO
swapping station during a non-peak period (Figure 4). The observation was used solely
to corroborate the plausibility of key touchpoints and service sequence reflected in the
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journey map, and to provide supplementary context for subsequent qualitative analysis
and questionnaire contextualization.

Figure 3. User journey map of the battery swapping process.

Figure 4. Offline experience of the battery replacement process of a NIO car in China.

3.3. Phase 2: Model Construction

Phase 2 integrates the qualitative outputs from Phase 1 to construct the study’s core
variable framework for battery-swapping adoption. Evidence was synthesized from the
systematic literature review, expert interviews, and user journey mapping, and the con-
vergent patterns across these sources were used to retain constructs that are theoretically
grounded and consistent with real-world service experiences. This integrated framework
then provided the basis for the subsequent quantitative model.

3.3.1. Findings from the Systematic Literature Review

Following PRISMA-based screening, 376 records were retained after removing dupli-
cates and excluding patents, conference abstracts without full texts, and studies unrelated

https://doi.org/10.3390/su18062872

https://doi.org/10.3390/su18062872


Sustainability 2026, 18, 2872 9 of 35

to battery swapping or user adoption. Full-text screening further excluded studies that
did not examine adoption/acceptance outcomes, did not operationalize adoption-related
constructs, or were only marginally related to battery-swapping services. In total, 73 core
studies met the inclusion criteria and were used for keyword analysis and variable identifi-
cation [25] (Figure 5).

Figure 5. PRISMA flow diagram for systematic literature review.

The research team reviewed each selected literature in detail, and identified the recur-
ring semantic patterns through open coding and thematic analysis, so as to comprehensively
summarize the key research dimensions. The analysis results show a set of frequently
mentioned keywords: “time efficiency” (23 studies), “battery-swapping convenience”
(35 studies), “battery safety” (29 studies), “platform lock-in” (36 studies), “green environ-
mental concern” (47 studies) and “Social Influence” (58 studies). Although the specific
expressions in each study are slightly different, the conceptual dimensions behind them are
highly consistent. Through semantic integration and structured classification, these themes
are refined into six representative factors: green environmental concern, social influence,
platform lock-in, battery safety, time efficiency and battery-swapping convenience (Table 2).
These six dimensions constitute the theoretical basis for concept development and provide
support for subsequent scale design and empirical model construction.

3.3.2. Expert Interview Insights and Thematic Refinement

All interviews were conducted with participants’ informed consent and were audio-
recorded and transcribed verbatim, yielding approximately 42,000 words of text. The re-
search team segmented the transcripts into 72 meaning units and performed open coding in
NVivo 12, generating 46 initial codes that were subsequently consolidated into six thematic
categories—green environmental concern, platform lock-in, social influence, battery safety,
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time efficiency, and swapping convenience; this thematic structure was consistent with the
variables identified in the literature review (Figure 6).

Table 2. Adoption dimensions for battery swapping identified from the systematic literature review.

Research Dimension Core Keyword Number of
Articles

Green Environmental Concern Environmental concern, Emissions, Carbon, Recycling, circular Green
self-identity 47

Social Influence Social norms, Peer effects, Social proof, community, policy signals 58

Platform Lock-in Switching costs, Network effects, Compatibility, Membership, Data
lock-in 36

Battery Safety Battery Management System, Battery reliability, Fire risk, Safety
inspection, Certification 29

Time Efficiency Waiting time, Queuing, Service time, Turnaround, Schedule reliability 23
Battery-Swapping Convenience Station availability, Coverage, accessibility, Uptime, process ease 35

Figure 6. Coding process of expert interviews for variable extraction.

To ensure analytical rigor and objectivity, a double-coding procedure was applied:
two researchers independently assigned the 72 meaning units to the six pre-defined the-
matic categories, with an observed agreement of 0.875 and an expected agreement of 0.171,
yielding a Cohen’s Kappa of 0.849 (SE = 0.055, 95% CI = [0.741, 0.957]). This indicates
near-perfect inter-coder reliability and supports the stability of the thematic structure [26].
In addition, thematic saturation was assessed during the coding process. As the analysis
progressed, the later interviews did not yield substantively new first-order codes, and the
coding increasingly converged on the existing thematic categories, suggesting that thematic
saturation had been largely achieved. To enhance transparency, Appendix B documents
the systematic progression from raw interview excerpts to the final research dimensions,
providing a traceable chain of evidence linking meaning units, condensed meanings, codes,
and thematic categories; the overall coding process is visually summarized in Figure 6.

Experts identified several critical factors influencing users’ adoption of battery-
swapping services, and these factors are synthesized with the SLR results in Table 3.
A recurring theme was platform lock-in coupled with compatibility constraints: in the
absence of unified technical standards and interoperable data protocols, users may face fric-
tion when switching between platforms, which reinforces path dependency. Safety-related
concerns and service responsiveness were also highlighted as major sources of sensitiv-
ity, particularly under high-temperature conditions, frequent swapping, or long-distance
driving [27]; experts emphasized that transparent safety inspection and timely feedback
mechanisms are important for trust building. In addition, time efficiency and swapping con-
venience were repeatedly described as decisive determinants of continued use, with waiting
time, slow response, and remote station locations acting as key pain points [28]. Finally,
experts noted that social influence and environmental value cues—including recommenda-
tions, online discussions, and green certification—can shape users’ initial trial decisions,
especially among younger users [29].

Collectively, these insights validate the proposed construct dimensions and directly
informed the refinement of construct definitions and questionnaire items (Appendix C).
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Table 3. Development of model constructs through literature review and expert interviews.

SLR-Identified Variables (Phase 1) Validation from Expert Interviews (Phase 2) Final Model Constructs

Green Environmental Concern Keywords:
Environmental concern, Emissions, Carbon

“Users’ environmental values significantly
influence their trust and risk assessment of

the platform.”

Green Environmental
Concern (GEC)

Social Influence Keywords: Social norms,
Peer effects, Community

“Recommendations from peers and friends are
important external cues that influence a user’s

initial trial.”
Social Influence (SI)

Platform Lock-in Keywords: Switching
costs, Network effects, Compatibility

“Inconsistent technical standards among
platforms prevent users from switching freely,

leading to path dependency.”
Platform Lock-in (PL)

Battery Safety Keywords: Battery reliability,
Fire risk, Safety inspection

“Users have significant concerns about battery
stability; the platform’s safety inspection

mechanism is key to trust.”
Battery Safety (BS)

Time Efficiency Keywords: Waiting time,
Queuing, Service time

“Long waiting times and slow responses are
major pain points that cause users to abandon

the battery-swapping service.”
Time Efficiency (TE)

Battery-Swapping Convenience Keywords:
Station availability, Accessibility,

Process ease

“Platforms with quick responses, simple
processes, and strong station accessibility are

more likely to win user preference.”

Battery-Swapping
Convenience (BSC)

3.3.3. User Journey Map Findings

The user journey map (Figure 3) visually presents the evaluation experience of battery-
swapping users (A1–A11) in the three stages of the battery-swapping process—before use,
during use and after use. Generally speaking, user feedback is mainly positive, but key
pain points have been identified at all stages, providing direct and real-experience-based
evidence for the construction of subsequent measurement indicators.

In the Before Use Stage, users generally have a positive attitude towards the reserva-
tion battery swapping and route planning functions, reflecting the trust in the planning and
navigation capabilities of the platform. However, limited battery-swapping convenience
and platform exclusivity are the main concerns, highlighting that the “Swapping Conve-
nience” and “Platform Lock-in” variables began to affect user experience at an early stage.

In the During Use Stage, most users think that the battery-swapping process is smooth
and technical, which constitutes an obvious “Wow Point”. But at the same time, problems
such as waiting in line, lack of manual intervention options, and uncertainty about the
health of the battery are frequently mentioned. These concerns are highly compatible
with the “Time Efficiency” and “Battery Safety” variables, highlighting their impact on
immediate satisfaction and perceived risks.

In the After Use Stage, the automated detection and payment process has been widely
recognized by users, highlighting the advantages of automated services. However, the lack
of transparent disclosure of battery life information and the delay in customer service
response have become prominent pain points. These problems weaken the long-term trust
of users and point to the important role of information transparency and after-sales support
in maintaining continuous adoption intentions.

In summary, the Wow Points and pain points identified in the journey map provide
process-level evidence that complements the SLR and interview findings and supports the
refinement of constructs and measurement items.
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3.4. Phase 3: Quantitative Research Design and Validation
3.4.1. Model Construction and Hypothesis Development
Social Drivers and Hypothesis Justification

Green Environmental Concern reflects the degree to which individuals prioritize
carbon emissions, sustainability and air quality improvement in their travel choices. Under
the framework of socio-technical systems (STS), social values are one of the important
influencing factors of technology adoption [30]. When users think that battery-swapping
technology is more environmentally friendly than traditional refueling methods and helps
to reduce urban pollution, this positive perception will improve their overall trust in the
whole system.

H1a: Green environmental concern has a significant positive effect on perceived trust.

Environmental motivation can also reduce perceived risks. Users who believe that
battery-swapping technology can help improve air quality may ignore technical failures or
service uncertainty to a certain extent. Social psychology research points out that behaviors
consistent with individual values will produce a “value-congruent reasoning”, thus weak-
ening their sensitivity to risk [31]. In this study, users driven by environmental motivation
are more likely to dilute risk perception, thus showing a lower level of perceived risk.

H1b: Green environmental concern has a significant negative effect on perceived risk.

Social Influence refers to the extent to which users’ decision-making is influenced by
peers, colleagues or experts. According to UTAUT and social cognitive theory, trust in
emerging technologies often comes from the behavior of reference groups [32]. For example,
the frequent use of other taxi drivers, or the endorsement of experts on social media, can
improve users’ subjective feelings about the credibility and reliability of the platform.

H2a: Social influence has a significant positive effect on perceived trust.

In addition to trust, social influence also helps to reduce perceived risks. When users
observe widespread adoption among their peers, they may experience greater reassur-
ance through social proof, which reduces concerns about safety or technical failure [33].
As a social signal, recommendations from reliable sources can enhance familiarity and
reduce uncertainty. In the context of platform services, when most users feedback that
“there is no problem”, individuals tend to regard the relevant risks as low or controllable.

H2b: Social influence has a significant negative effect on perceived risk.

Platform lock-in refers to users’ dependence on a specific platform arising from its
technical standards, device compatibility, pricing schemes, or subsidy policies, thereby
generating high switching costs [34]. From a socio-technical systems (STS) perspective,
this institutional path dependence illustrates how platform infrastructure and institutional
arrangements constrain users’ technology choices [35]. As users continue to use the same
battery-swapping platform, increased familiarity with the procedures and greater service
predictability help reduce uncertainty and cognitive burden, thereby strengthening per-
ceptions of platform reliability and fostering trust formation [36], In the battery-swapping
context, once users become accustomed to a platform’s operating system, network coverage,
and subsidy mechanisms, such structural stability reinforces perceived system reliability
and is further translated into perceived trust.
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H3a: Platform lock-in has a significant positive effect on perceived trust.

Although platform locking limits users’ cross-platform choices, it also improves the
level of standardization, centralized maintenance ability and service predictability [37].
For many users, especially high-frequency users, this consistency helps to reduce their un-
certainty about price, equipment compatibility and service reliability. In this sense, platform
locking can alleviate perceived risks by providing a stable and unified user experience.

H3b: Platform lock-in has a significant negative effect on perceived risk.

Technical Drivers and Hypothesis Justification

Battery Safety is one of the key determinants of the success of the battery-swapping
model, because the reliability of the battery will directly affect vehicle performance and
user safety [38]. Under the framework of socio-technical systems (STS), technical reliability
is the foundation of trust formation. When users believe that the platform can provide
strictly tested and durable batteries, they tend to trust its technical capabilities and service
guarantee more [39]. In high-frequency use situations such as taxis, the transparent disclo-
sure of security data further enhances user trust by showing the system’s commitment to
user protection.

H4a: Perceived battery safety has a significant positive effect on perceived trust.

In addition to trust, battery safety will also significantly affect perceived risks. If users
believe that the safety management of the battery is in place and the whole life cycle of
the battery is guaranteed, their risk perception will be substantially reduced [40]. On the
contrary, insufficient safety standards or non-transparent information (such as health status,
remaining life, etc.) will exacerbate users’ vulnerability and increase their psychological
burden and perceived risks.

H4b: Perceived battery safety has a significant negative effect on perceived risk.

Time Efficiency refers to the perceived speed and reliability of the swapping process.
According to innovation diffusion theory, technologies that save time and enhance efficiency
are more readily adopted. In the situation of battery swapping, the fast transaction process
and stable operation performance—especially during peak hours—will enhance users’
trust in the platform’s operational capabilities [41].

H5a: Time efficiency has a significant positive effect on perceived trust.

Time efficiency also helps to reduce perceived risks. If users believe that the platform
can respond quickly to demand and minimize delays—especially during rush hours—they
will not expect service failure or technical failure [42].

H5b: Time efficiency has a significant negative effect on perceived risk.

Battery-Swapping Convenience depicts the ease of users to obtain and complete the
replacement process, including site accessibility, intuitive device design and platform
response speed [43]. When the platform has a wide range of site coverage and provides
a friendly system, users are more likely to trust its technology and service capabilities.

H6a: Perceived Battery-Swapping Convenience has a significant positive effect on perceived trust.
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On the contrary, when power stations are scarce, equipment is difficult to operate or
on-site assistance is limited, users’ risk perception will increase. The inconvenience in the
process of service provision will cause users to worry about technical failure, service delay
or insufficient support [44]. Existing research confirms that users’ acceptance of emerging
technologies is highly related to their perceived convenience and accessibility.

H6b: Perceived Battery-Swapping Convenience has a significant negative effect on perceived risk.

Trust and Risk as Direct Predictors of Adoption Intention

In the battery-swapping context, perceived trust comes from a variety of factors—including
battery safety, time efficiency, convenience, and social endorsement and consistency with
environmental values. When users believe that a platform is technically reliable, easy to
use, socially supported and has environmental value, its level of trust will continue to
increase [45]. Such trust not only alleviates concerns but also increases confidence in the
expected outcome.

H7: Perceived trust has a significant positive effect on adopåtion intention.

In contrast, perceived risks stem from many concerns, such as insufficient safety data,
insufficient coverage density of power stations or slow response speed [18], and insti-
tutional problems such as subsidy “traps”. High risk perception often weakens users’
trust, undermines their positive attitude, and ultimately inhibits the intention to adopt.
In the field of emerging energy, perceived risk is still one of the key obstacles to the wide
application of technology [46].

H8: Perceived risk has a significant negative effect on adoption intention.

This section puts forward the conceptual model and corresponding hypothesis of the
research, as shown in Figure 7.

3.4.2. Questionnaire Design

In order to empirically test the theoretical model constructed in the qualitative stage,
this study designed a structured questionnaire to collect quantitative data of electric vehicle
(EV) users. The questionnaire is compiled based on expert interviews, systematic literature
reviews and research results of user journey maps, so as to ensure that it has a solid
theoretical foundation and good situational adaptability.

The questionnaire is divided into four main parts. The first part introduces the purpose
of the research, emphasizing that participation is completely voluntary, and all answers are
only for academic research and will be strictly confidential. The second section collected
demographic information such as gender, age, income level, and frequency of EV use
to facilitate subsequent group comparisons. The third section included 36 measurement
items corresponding to nine latent constructs: Green Environmental Concern (GEC), Social
Influence (SI), Platform Lock-in (PL), Battery Safety (BS), Time Efficiency (TE), Battery-
Swapping Convenience (BSC), Perceived Trust (PT), Perceived Risk (PR), and Adoption
Intention (AI).

Each concept is measured by 4 questions, which are adapted from highly cited SCI
literature and appropriately revised according to the battery-swapping situation of new
energy vehicles. All items were rated on a 7-point Likert scale (1 = strongly disagree,
7 = strongly agree) to capture user attitudes accurately. To ensure content validity and
linguistic clarity, the questionnaire has undergone expert review and multiple rounds of
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pre-testing before it is officially issued. See Appendix C for the summary of each concept,
question and their source of literature.

 

Figure 7. Proposed conceptual model. Red arrows denote perceived-risk-related paths, and shaded
boxes denote construct groupings.

3.4.3. Data Collection

This study collected data via China’s online survey platform Questionnaire Star
(https://www.wjx.cn/) using non-probability convenience sampling. The survey targeted
EV users with battery-swapping experience in the Beijing–Tianjin–Hebei (BTH) region,
where battery-swapping infrastructure and related services are relatively mature, providing
an appropriate setting for examining adoption mechanisms in a platform-based swapping
service. To ensure that respondents had actual battery-swapping experience, an eligibility
screening question was included at the beginning of the questionnaire, asking whether
participants had previously used EV battery-swapping services. Only respondents re-
porting real usage experience were allowed to complete the survey and were retained for
final analysis.

The research team distributed the questionnaire link and QR code through WeChat,
QQ, and other mainstream social media platforms, and encouraged participants to forward
them within their social networks to broaden the sample reach. To increase response rates,
participants who completed the questionnaire were offered a small incentive (e.g., a RMB
9.9/8.8 WeChat red envelope or a personalized thank-you note). Data collection lasted for
two weeks in July 2025. A total of 578 responses were received; after excluding 13 invalid
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submissions (e.g., incomplete or inconsistent responses), 565 valid questionnaires were
retained for subsequent structural equation modeling (SEM) analysis.

4. Model Validation and Data Analysis
4.1. Demographic Characteristics of the Sample

As shown in Table 4, this study collected a total of 565 valid questionnaires. Table 4
summarizes the demographic profile of respondents across gender, age, education, in-
come, usage purpose, and swapping frequency. Most respondents reported using EVs
for commercial operation or commuting, and the frequency of battery-swapping service
use varied across participants. Overall, respondents were primarily from urban areas,
with representation from first-tier cities to rural locations.

Table 4. The description of characteristics in the sample (n = 565).

Demographic Frequency %

Gender
Male 250 44.25%

Female 315 55.75%

Age (years)
18–24 77 13.63%
25–34 132 23.36%
35–44 217 38.41%
45–54 107 18.94%

55 years and above 32 5.66%

Education level
High school 32 5.66%

Associate degree 175 30.97%
Bachelor’s degree 326 57.7%

Master’s degree or above 32 5.66%

Income level
<3000 100 17.7%

3001–5000 124 21.96%
5001–10,000 239 42.3%

10,001–15,000 102 18.05%

Primary Purpose of Vehicle Usage
Commuting (e.g., daily travel to/from work or school) 151 26.73%

Commercial operation (e.g., taxi, ride-hailing, freight transport) 253 44.78%
Daily life use (e.g., shopping, socializing, family activities) 111 19.65%

Other purposes 50 8.85%

Monthly frequency of battery-swapping service use
≤1 time 140 24.78%

2–3 times 250 44.25%
4 times 131 23.19%
≥5 times 44 7.79%

City tier of current residence
First-tier city 313 55.4%

Second-tier city 110 19.47%
Third-tier or below 103 18.23%

Rural area 39 6.9%
Total participants 565 100%

4.2. Measurement Model Analysis

All variables were collected via the same questionnaire, so common method variance
(CMV) was tested first. Harman’s one-factor test was conducted using IBM SPSS Statistics
27.0 on all items. Nine factors were extracted, with the first factor explaining 24.34% of
variance, well below 50%. Thus, no significant CMV issue exists [47].
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The Variance Inflation Factor (VIF) was examined as a diagnostic to assess potential
common method bias (CMB) and multicollinearity. A VIF value below 3.0 indicates accept-
able levels of multicollinearity. All VIF values ranged from 1.728 to 2.015, well below the
threshold, indicating that multicollinearity is unlikely to bias the estimates [48].

The overall model fit was assessed using the standardized root mean square residual
(SRMR) and the normed fit index (NFI), as presented in Table 5. The SRMR value (0.060) met
the recommended threshold (<0.08), indicating acceptable residual discrepancy and model
fit. The NFI value was 0.848, suggesting a satisfactory comparative fit of the structural
model. Collectively, these indices support an adequate model fit [49].

Table 5. Model fit.

Fit Index Saturated Model Estimated Model

SRMR 0.041 0.060
NFI 0.856 0.848

The Cronbach’s alpha (CA), Composite Reliability (CR) and Average Variance Ex-
tracted (AVE) were used to evaluate the reliability and validity of the questionnaire,
as shown in Table 6. All constructs reported Cronbach’s alpha values above 0.8, demon-
strating high internal reliability. The AVE values were also above 0.50, indicating adequate
convergent validity. Furthermore, all factor loads were greater than 0.7, which further
supports the convergence of the measurement items. These results provide strong evidence
that the scales are reliable and effective, and provide a solid basis for further analysis of
structural models [50].

Table 6. Measures of concept reliability and validity.

Variable Factor Loadings CA CR (rho_a) CR (rho_c) AVE

Green Environmental
Concern (GEC)

(4 items)

GEC1 0.834

0.845 0.850 0.895 0.682
GEC2 0.842
GEC3 0.809
GEC4 0.817

Social Influence
(SI)

(4 items)

SI1 0.848

0.843 0.852 0.894 0.679
SI2 0.785
SI3 0.820
SI4 0.841

Platform Lock-in
(PL)

(4 items)

PL1 0.843

0.850 0.855 0.898 0.689
PL2 0.822
PL3 0.832
PL4 0.823

Battery Safety
(BS)

(4 items)

BS1 0.835

0.846 0.849 0.896 0.684
BS2 0.838
BS3 0.821
BS4 0.812

Time Efficiency
(TE)

(4 items)

TE1 0.824

0.848 0.848 0.897 0.686
TE2 0.830
TE3 0.834
TE4 0.825

Battery-Swapping
Convenience

(BSC)
(4 items)

BSC1 0.803

0.836 0.840 0.890 0.670
BSC2 0.797
BSC3 0.826
BSC4 0.847
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Table 6. Cont.

Variable Factor Loadings CA CR (rho_a) CR (rho_c) AVE

Perceived Trust
(PT)

(4 items)

PT1 0.837

0.853 0.857 0.900 0.693
PT2 0.834
PT3 0.832
PT4 0.827

Perceived Risk
(PR)

(4 items)

PR1 0.823

0.840 0.842 0.893 0.675
PR2 0.807
PR3 0.832
PR4 0.825

Adoption Intention
(AI)

(4 items)

AI1 0.825

0.843 0.848 0.894 0.679
AI2 0.792
AI3 0.832
AI4 0.846

As shown in Table 7, the square roots of AVE for all constructs were greater than their
inter-construct correlations, indicating satisfactory discriminant validity.

Table 7. Distinguishing validity (Fornell–Larcker criterion).

AI BS BSC GEC PL PR PT SI TE

AI 0.824
BS 0.320 0.827

BSC 0.317 0.239 0.819
GEC 0.224 0.216 0.208 0.826
PL 0.235 0.182 0.225 0.218 0.830
PR −0.217 −0.263 −0.236 −0.272 −0.223 0.822
PT 0.240 0.226 0.273 0.252 0.255 −0.186 0.832
SI 0.219 0.227 0.218 0.240 0.197 −0.214 0.214 0.824
TE 0.249 0.286 0.279 0.289 0.177 −0.273 0.292 0.222 0.828

As shown in Table 8, to further validate the discriminant validity of the measurement
model, this study adopted the heterotrait–monotrait ratio (HTMT) as a complementary
assessment. An HTMT value below 0.85 typically indicates adequate discriminant validity
between latent constructs [51].

Table 8. Distinguishing validity (HTMT values).

AI BS BSC GEC PL PR PT SI TE

AI
BS 0.378

BSC 0.373 0.282
GEC 0.269 0.250 0.246
PL 0.280 0.210 0.262 0.254
PR 0.256 0.311 0.282 0.319 0.264
PT 0.280 0.264 0.319 0.291 0.295 0.221
SI 0.258 0.267 0.258 0.285 0.234 0.251 0.249
TE 0.299 0.338 0.331 0.340 0.208 0.321 0.340 0.261 —

As shown in Table 9, The structural model explains 8.8% of the variance in Adoption
Intention (AI), 17.3% in Perceived Risk (PR), and 18.2% in Perceived Trust (PT). Although
these values indicate modest explanatory power, they are consistent with research in
complex socio-technical contexts where behavioral intention is influenced by a diverse
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range of contextual and institutional factors beyond the measured constructs [52]. In such
multi-factor decision environments, these R2 values should be interpreted as reflecting
meaningful incremental explanatory contributions within a complex decision landscape.

Table 9. R2 and Adjusted R2 Values.

R-Square R-Square Adjusted

AI 0.088 0.085
PR 0.173 0.164
PT 0.182 0.173

4.3. Structural Model and Hypothesis Testing

Based on the sample of 565 respondents, path coefficients were estimated and their
significance was assessed via bootstrapping. As shown in Table 10 and Figure 8, all
hypothesized relationships were supported at the 0.05 significance level (p < 0.05).

 

Figure 8. Results of PLS structural model.

Regarding social drivers, Green Environmental Concern (GEC) mitigated risk percep-
tion and fostered trust in the platform, highlighting the role of pro-environmental values in
shaping user attitudes. Platform Lock-in (PL) reinforced trust while reducing perceived
uncertainty, underscoring the influence of habitual usage and institutional dependence.
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Social Influence (SI) exerted a modest but steady effect, suggesting indirect contributions
from social reference groups.

Table 10. Hypotheses test results.

Path β SD T Value p Values Results f2

BS → PR −0.135 0.041 3.295 0.000 Supported 0.019
BS → PT 0.081 0.043 1.907 0.028 Supported 0.007

BSC → PR −0.097 0.043 2.256 0.012 Supported 0.010
BSC → PT 0.138 0.038 3.618 0.000 Supported 0.020
GEC → PR −0.144 0.041 3.472 0.000 Supported 0.021
GEC → PT 0.111 0.040 2.771 0.003 Supported 0.013
PL → PR −0.107 0.042 2.528 0.006 Supported 0.012
PL → PT 0.142 0.040 3.545 0.000 Supported 0.022
PR → AI −0.178 0.040 4.412 0.000 Supported 0.034
PT → AI 0.207 0.040 5.127 0.000 Supported 0.045
SI → PR −0.079 0.042 1.869 0.031 Supported 0.007
SI → PT 0.076 0.041 1.831 0.034 Supported 0.006
TE → PR −0.129 0.043 3.016 0.001 Supported 0.017
TE → PT 0.156 0.041 3.764 0.000 Supported 0.024

In terms of technical drivers, Battery Safety (BS) lowered risk perceptions and strength-
ened confidence in platform reliability, emphasizing the importance of stable battery
performance. Time Efficiency (TE) similarly enhanced positive perceptions, illustrating
the value of fast service in user cognition. Battery-Swapping Convenience (BSC) further
bolstered trust and alleviated uncertainty, confirming the impact of accessible stations and
user-friendly processes.

Although the observed f2 values for the paths range from 0.006 to 0.045, indicating
small effects, this is consistent with findings in behavioral and socio-technical research,
where small but incremental effects are expected in multi-predictor models. As Cohen [53]
suggests, small effect sizes (f2 < 0.02) are common in complex socio-technical systems, where
many predictors contribute to the outcome jointly rather than in isolation. Additionally,
these small effects are meaningful, as they reflect the collective impact of multiple factors,
which together shape users’ trust and adoption intention [54].

4.4. Mediation Analysis

To examine whether perceived trust (PT) and perceived risk (PR) transmit the effects
of the six antecedents on adoption intention (AI), we estimated the specific indirect ef-
fects using bootstrapping with 5000 resamples in SmartPLS. Notably, our hypothesized
framework focuses on the mediated mechanism via PT and PR; therefore, this section
reports the bootstrapped indirect effects (with confidence intervals and significance) as
the primary evidence, rather than classifying mediation as full versus partial based on
direct-effect testing.

As shown in Table 11, all hypothesized indirect paths through PT and PR were
statistically significant, indicating a consistent parallel mediation pattern. Specifically,
both social antecedents (GEC, SI, PL) and technical antecedents (BS, TE, BSC) influenced
AI through a trust-enhancing route through PT and a risk-attenuating route through
PR. Among the indirect effects, time efficiency showed the strongest mediated effect
on AI through PT (β = 0.032, p = 0.001), whereas green environmental concern showed
a comparatively stronger mediated effect through PR (β = 0.026, p = 0.004), suggesting
that different antecedents may exert their influence through distinct cognitive evaluations.
Overall, these results support the STS-based mechanism in which socio-technical conditions
shape adoption intention largely through users’ trust and risk evaluations.
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Table 11. Indirect and mediating effects.

Path β SD T 5.0% 95.0% p Results

SI → PT → AI 0.016 0.008 2.000 0.003 0.029 0.023 Supported
SI → PR → AI 0.014 0.007 2.000 0.002 0.026 0.023 Supported
TE → PT → AI 0.032 0.011 3.052 0.017 0.051 0.001 Supported
TE → PR → AI 0.024 0.010 2.399 0.010 0.041 0.008 Supported
BS → PT → AI 0.017 0.009 1.889 0.002 0.032 0.030 Supported
BS → PR → AI 0.025 0.010 2.441 0.010 0.043 0.007 Supported

BSC → PT → AI 0.029 0.011 2.708 0.013 0.048 0.003 Supported
BSC → PR → AI 0.018 0.009 1.868 0.004 0.035 0.031 Supported
GEC → PT → AI 0.023 0.010 2.334 0.008 0.041 0.010 Supported
GEC → PR → AI 0.026 0.010 2.638 0.012 0.044 0.004 Supported
PL → PT → AI 0.029 0.011 2.724 0.014 0.049 0.003 Supported
PL → PR → AI 0.019 0.009 2.083 0.006 0.036 0.019 Supported

4.5. Multi-Group Analysis (MGA)

To further explore the moderating effects of demographic variables on the behav-
ioral mechanisms underlying the adoption of the EV battery-swapping model, this study
employed the Multi-Group Analysis (MGA) approach. Path coefficient differences were ex-
amined across distinct subgroups based on four demographic dimensions: gender (male vs.
female), age (<34 years vs. ≥34 years), income level (<RMB 5000 vs. ≥RMB 5000), and fre-
quency of use (low-frequency vs. high-frequency users). Using the PLS-SEM structural
framework, path coefficients were estimated separately for each subgroup, as summarized
in Table 12.

Table 12. Assessment of measurement invariance.

Group Subgroup Group Size

Gender Male 250
Female 315

Age Young (age < 34) 209
Old (age ≥ 34) 356

Income Low (monthly income < 5000) 224
High (monthly income ≥ 5000 341

Usage Frequency Low-frequency users 390
High-frequency users 175

Before comparing path coefficients across groups, the measurement invariance of the
constructs was established using the three-step Measurement Invariance of Composite
Models (MICOM) procedure. As shown in Appendix D, all constructs met the requirements
for measurement invariance across the four subgroups, establishing a theoretical basis for
subsequent path difference testing.

As shown in Table 13, in the gender-based analysis (male vs. female), SI → PT showed
a significant difference (∆β = 0.153, p < 0.05), indicating a stronger effect for men; men more
readily internalize social proof/peer influence into competence-based trust in the platform.

In the age-based analysis (<34 years vs. ≥34 years), no path reached the one-tailed
α = 0.05. Some ∆β values showed directionality but did not meet the statistical threshold;
thus, we describe them without inference.

For the frequency-based analysis (low- vs. high-frequency users), BSC → PR showed
a significant between-group difference (∆β = 0.202, p < 0.05; High − Low > 0). Because
this path is theoretically negative, low-frequency users obtain stronger risk reduction from
convenience (more negative coefficient), whereas high-frequency users gain less risk relief
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from convenience alone, implying greater concern for safety and stability. PR → AI was
also significant (∆β = −0.124, p < 0.05), indicating stronger risk sensitivity among high-
frequency users. Accordingly, platforms should tailor retention: improve convenience to
reduce uncertainty for low-frequency users, and strengthen risk control and operational
stability for high-frequency users.

Table 13. Multigroup analysis results.

Male vs. Female Age: <34 vs. ≥34

Path β0 β1 ∆β β0 β1 ∆β

BS → PR −0.086 −0.182 ** 0.096 −0.139 ** −0.144 ** 0.005
BS → PT 0.105 0.074 0.032 0.133 ** 0.008 0.126

BSC → PR −0.108 −0.095 −0.013 −0.107 * −0.082 −0.026
BSC → PT 0.127 * 0.122 ** 0.005 0.128 ** 0.148 * −0.02
GEC → PR −0.178 ** −0.124 * −0.054 −0.116 * −0.195 ** 0.079
GEC → PT 0.076 * 0.131 ** −0.056 0.135 ** 0.054 0.081
PL → PR −0.107 −0.097 * −0.01 −0.115 ** −0.051 −0.064
PL → PT 0.117 * 0.185 *** −0.069 0.124 ** 0.188 ** −0.064
PR → AI −0.16 ** −0.101 * −0.059 −0.116 * −0.142 * 0.026
PT → AI 0.272 *** 0.272 *** 0 0.242 *** 0.315 *** −0.073
SI → PR −0.107 −0.062 −0.045 −0.043 −0.159 * 0.116
SI → PT 0.172 ** 0.019 0.153 * 0.043 0.149 * −0.105
TE → PR −0.139 * −0.128 * −0.010 −0.129 ** −0.15 * 0.022
TE → PT 0.09 0.201 *** −0.111 0.106 * 0.214 ** −0.108

Usage Frequency: High vs. Low Income <5000 vs. ≥5000

Path β0 β1 ∆β β0 β1 ∆β

BS → PR −0.109 −0.153 * 0.044 −0.139 ** −0.144 ** −0.005
BS → PT 0.063 * 0.099 * −0.036 −0.002 0.149 ** 0.151 *

BSC → PR 0.043 −0.159 ** 0.202 * −0.173 ** −0.05 0.123
BSC → PT 0.067 * 0.151 *** −0.085 0.118 * 0.134 ** 0.016
GEC → PR −0.151 * −0.154 *** 0.003 −0.138 * −0.135 * 0.003
GEC → PT 0.096 0.122 ** −0.025 0.101 0.111 * 0.011
PL → PR −0.121 ** −0.085 * −0.036 −0.009 −0.15 ** −0.141 *
PL → PT 0.138 * 0.15 *** −0.012 0.138 * 0.157 0.019
PR → AI −0.216 *** −0.092 * −0.124 * −0.229 *** −0.056 −0.173 *
PT → AI 0.243 *** 0.277 *** −0.035 0.22 *** 0.293 *** −0.073
SI → PR −0.13 −0.069 −0.061 −0.201 ** −0.011 0.19 *
SI → PT 0.12 * 0.07 0.05 0.175 ** 0.037 −0.138
TE → PR −0.234 *** −0.094 * −0.14 −0.158 ** −0.123 * 0.036
TE → PT 0.218 *** 0.128 *** 0.091 0.21 *** 0.102 * −0.108

Notes: * p < 0.05; ** p < 0.01; *** p < 0.001.

In the income-based analysis (<RMB 5000 vs. ≥RMB 5000), BS → PT differed signifi-
cantly (∆β = +0.151, p < 0.05), indicating that battery-safety cues translate more strongly
into platform trust among higher-income users; thus, platforms should emphasize safety
assurance and governance transparency. SI → PR was also significant (∆β = 0.190, p < 0.05),
suggesting that authoritative endorsements and peer word-of-mouth reduce uncertainty
more effectively for this group and can serve as credible social proof. PR → AI showed
a significant difference (∆β = −0.173, p < 0.05), implying greater risk sensitivity among
higher-income users, which underscores the need for clearer service guarantees and risk-
control measures. Finally, PL → PR was significant (∆β = −0.141, p < 0.05), meaning
platform lock-in translates into perceived risk differently across income groups; therefore,
platforms should strengthen interoperability/compatibility communication and manage
expectations about switching costs. Overall, the results show that higher-income users
rely more on the “safety → trust” and “social cues → risk reduction” mechanisms, while
perceived risk exerts a stronger inhibiting effect.
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5. Discussion
5.1. Theoretical Implications

This study advances socio-technical system (STS) scholarship by contextualizing the
framework within a digitally platform-enabled EV battery-swapping service—an emerging
form of real-time coordinated mobility energy infrastructure. In this setting, adoption
reflects users’ engagement with a platform-mediated service system and its governance
arrangements rather than a one-off decision toward a single technological artefact. Through
a mixed-methods design, the study specifies and operationalizes STS at the user level
by identifying six salient antecedents—green environmental concern, social influence,
platform lock-in, battery safety, time efficiency, and battery-swapping convenience. More
importantly, the findings position perceived trust and perceived risk as the central psycho-
cognitive hub that renders STS analytically predictive in adoption research: socio-technical
conditions shape behavioral intention primarily through trust- and risk-based evaluations,
rather than as additive parallel inputs [55].

The results further contribute by empirically validating a dual-mediation mechanism
in which perceived trust and perceived risk jointly transmit the effects of both social and
technical drivers. Social cues (green environmental concern, social influence, and platform
lock-in) and technical cues (battery safety, time efficiency, and battery-swapping conve-
nience) converge on these two proximal evaluations, supporting a risk–trust integration
perspective in technology adoption. Conceptually, trust operates as a heuristic that reduces
uncertainty and facilitates acceptance, whereas salient risk cues elevate negative expecta-
tions and suppress adoption intention. By showing how specific socio-technical stimuli are
translated into trust and risk appraisals, this study deepens understanding of the trust–risk
interplay in platform-based mobility services.

In addition, the multi-group analysis (MGA) reveals meaningful heterogeneity in
users’ responses to socio-technical cues, indicating boundary conditions for the proposed
mechanism. Gender moderates the relationship between social influence and perceived
trust, with a stronger effect among male users [56]. Usage frequency also differentiates
the mechanism: the negative association between swapping convenience and perceived
risk is stronger for low-frequency users, whereas the inhibitory effect of perceived risk on
adoption intention is stronger for high-frequency users. Income-based comparisons suggest
stronger effects among high-income users on key paths such as battery safety → perceived
trust and social influence → perceived risk, implying greater emphasis on safety-related
cues and socially endorsed information when forming evaluations. By contrast, age-group
comparisons did not yield statistically significant differences. Overall, these findings extend
STS adoption research by incorporating user-segmentation insights and demonstrating that
platform-based adoption mechanisms are contingent on users’ social positioning and usage
context rather than operating uniformly across populations.

Although the empirical sample was drawn from the Beijing–Tianjin–Hebei region
where battery swapping is relatively mature, the proposed STS mechanism is conceptually
transferable because it explains how socio-technical cues are translated into adoption in-
tention through trust and risk evaluations. However, the salience of specific antecedents
may vary across regions with different infrastructure density, platform competition, regula-
tory arrangements, and user familiarity. For example, in less mature regions, accessibility
and institutional assurance cues may become more prominent, whereas in more mature
contexts, transparency, service stability, and service recovery may be more decisive for
continued use. This implies that the overarching framework may remain stable, but con-
struct operationalization and pathway strengths may require context-sensitive calibration
in cross-regional applications.
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In conclusion, this study clarifies the social–cognitive foundations of continued adop-
tion in battery-swapping services and offers a more mechanism-based STS explanation
for sustainable digital mobility transitions [57]. By identifying trust and risk as critical
bridging evaluations between socio–technical service conditions and behavioral intention,
the study refines STS-based theorizing in the mobility domain and provides a conceptual
basis for future research on platformized energy and transportation services.

5.2. Practical and Policy Implications

This study offers several implications for platform operators, industry stakeholders,
and policymakers seeking to enhance user adoption of battery-swapping services.

For platform operators, the findings underscore that technical factors—battery safety,
time efficiency, and convenience—serve as foundational drivers of user trust and risk re-
duction. However, the mere presence of these technical attributes is insufficient; operators
must translate them into perceptible evidence that users can verify. This suggests a strategic
shift toward “trust-by-design”: embedding trust-building cues throughout the user journey.
Prior to swapping, applications should provide visualized queue forecasts, transparent
pricing, and station reliability indicators. During the process, real-time progress updates,
anomaly alerts, and one-tap customer support can mitigate uncertainty. Post-swapping, de-
tailed battery health summaries, digital receipts, and traceable service recovery workflows
address users’ concerns about opaque information and delayed responses—key pain points
identified in the user journey mapping. Meanwhile, improving time efficiency through
intelligent scheduling and predictive maintenance can help reduce users’ anxiety and risk
judgments caused by waiting and uncertainty [58].

From an industry collaboration perspective, automakers and battery suppliers should
prioritize life-cycle management systems that publicly disclose verifiable safety data (e.g.,
health status, cycle count, fault records). Such transparency transforms “safety” from an ab-
stract promise into tangible assurance. Furthermore, promoting unified interface and data
standards across platforms can alleviate users’ dependence on single providers and reduce
lock-in concerns, thereby facilitating cross-platform trust and system-wide adoption.

At the operational level, station managers should adopt data-driven approaches to
enhance efficiency and predictability. Optimizing peak-hour resource allocation, strength-
ening equipment maintenance, and establishing clear emergency-response mechanisms
(e.g., fault notifications, alternative station recommendations) can convert operational
stability into directly perceptible trust experiences for users.

For policymakers, the dual mediation of trust and risk suggests that institutional
credibility is as important as technological innovation. Establishing standardized safety and
interoperability frameworks, introducing third-party auditing mechanisms, and mandating
transparent procedures for anomaly reporting can serve as “external trust signals” that
complement platform-level efforts [59]. These institutional constraints should be presented
front-end in user-friendly formats—such as system status dashboards, outage notices,
and compliance badges—to enhance their reassuring function.

Regional maturity also implies practical differentiation of platform strategies. In less
mature regions, improving station availability and accessibility and providing stronger
institutional assurance cues (e.g., transparent safety certification and clear incident-handling
procedures) may be more critical for reducing perceived risk. In more mature contexts,
transparency of battery status, service stability, and effective service recovery may play
a greater role in sustaining continued use.

Finally, the multi-group analysis reveals that these strategies must account for user
heterogeneity. For low-frequency users, lowering entry barriers through onboarding
guidance and simplified operations is paramount. For high-frequency users, stability
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and predictability matter most, as risk perceptions more strongly inhibit their continued
adoption. For high-income users, highlighting third-party certifications and professional
endorsements along relevant touchpoints can further strengthen trust. Tailoring trust-
building mechanisms to these distinct user segments will maximize the effectiveness of
both platform strategies and policy interventions.

6. Conclusions and Future Research
6.1. Conclusions

This study draws on and extends socio-technical systems (STS) theory by developing
and validating a contextualized framework for understanding the adoption of electric vehi-
cle battery-swapping services. The framework identifies the key social and technological
antecedents in a platform-mediated context and clarifies perceived trust and perceived
risk as the core yet distinct psychological channels through which these antecedents shape
adoption. Importantly, the multi-group analysis demonstrates that user characteristics
moderate this process, thereby delineating the boundary conditions and applicability of
STS theory in the domain of battery-swapping service platforms.

The multi-group analysis further indicates substantial heterogeneity across demo-
graphic segments. Differences by gender, usage frequency, and income imply that adoption
is driven by diverse motivations and contextual conditions, challenging one-size-fits-all
promotion strategies. These findings support the need for tailored policies and operational
practices, and they contribute to the policy discourse on smart transportation safety by
providing empirical evidence on how social and technological factors jointly shape trust,
risk perceptions, and adoption outcomes.

6.2. Limitations

Although this study provides valuable insights into the underlying mechanisms of
users’ adoption of the battery-swapping model for new energy vehicles, the generalizability
of the findings may be limited. First, the sample was primarily drawn from the Beijing–
Tianjin–Hebei region, where the battery-swapping model is relatively mature. Regional
differences in battery/interface standardization, interoperability requirements, regulatory
governance, and incident-handling practices may affect the applicability of the model
relationships in other contexts. Secondly, this study adopts cross-sectional data, which
only captures the attitude and intention of users at a single point in time. This design is
difficult to track the dynamic evolution of users’ cognition and behavior at different stages
of adoption, technical maturity levels or policy changes. Third, in order to maintain the
simplicity and explanatory power of the model, the research focuses on the core concept
within the STS framework. However, in real situations, user decision-making may also be
significantly affected by situational variables such as pricing strategies, battery property
rights models and local subsidy policies.

6.3. Future Research Directions

Based on the identified limitations, several avenues for future research are suggested.
First, to address the geographic sampling bias and enhance the generalizability of the find-
ings, future studies should expand the sampling scope beyond the Beijing–Tianjin–Hebei
region. Adopting more representative sampling strategies, such as stratified random
sampling, would allow researchers to test the robustness of the STS-based model across
different city tiers with varying levels of infrastructure maturity and socio-cultural contexts.

Second, longitudinal designs are recommended. Collecting panel or repeated-
measures data over multiple time points would enable researchers to examine how trust,
perceived risk, and adoption intention evolve from initial exposure and trial to sustained
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use, and to capture potential changes in the effects of key determinants over time. Third,
the model could be extended by incorporating additional moderators or mediators to
refine the underlying mechanisms. For instance, pricing schemes and battery-rental op-
tions may moderate users’ perceived platform lock-in, and their direct and indirect effects
could be examined within the trust–risk framework to build a more comprehensive model.
Moreover, future research may draw on technology adoption theories to incorporate
mechanism-oriented individual differences—such as user innovativeness and platform
price sensitivity—to explain why the strengths of the proposed pathways vary across
user groups. Finally, as this study focuses on the Chinese market, future research should
conduct cross-cultural and cross-regulatory comparisons to determine how differences in
battery standardization and interoperability across global markets influence the proposed
adoption mechanisms.
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Appendix A. Interview Questions
Basic Information

1. Name (optional)
2. Position/Role
3. Years of Work Experience

1. Adoption and Selection Factors

Q1: In your opinion, what are the most critical factors influencing users’ decisions to
adopt battery-swapping technology?

Q2: What are your primary concerns or perceived risks when using battery-
swapping services?

Q3: Have you ever been limited by platform compatibility issues? How has platform
lock-in affected your use of battery-swapping services?

Q4: Have your friends, family, or colleagues ever influenced your decision to use (or
not use) battery-swapping technology?

2. User Experience and Trust Building

Q5: What specific factors contribute to your trust in a battery-swapping platform?
Q6: When using battery-swapping services, which aspects of service efficiency matter

most to you?
Q7: Does waiting time during the swapping process influence your intention to

continue using the platform?
Q8: Do you have concerns about the safety of the batteries used in swapping services?
Q9: Have you ever encountered technical failures or equipment issues while using

battery-swapping services?

3. Environmental Value and Future Development

Q10: When choosing a battery-swapping platform, do you consider environmental
sustainability and low-carbon mobility as one of your decision-making factors?

Q11: What do you think should guide the future development of battery-
swapping technology?

Q12: In your opinion, what government policies would most effectively facilitate the
widespread adoption of battery-swapping technology?
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Appendix B. Some Results of the Qualitative Content Analysis

Meaning Units Condensed Meaning Units Keywords in Literature Units Code
Research Dimension

Categories

“I tend to choose a battery
swap platform that provides
environmental certification.”

“Users consider
environmental certification

when selecting a battery
swap platform.”

Environmental concern,
Emissions, Carbon,
Recycling, circular

Green self-identity, Envi-
ronmental awareness

Environmental
awareness

Green Environmental
Concern

“The battery swap station
meets the low-carbon emission

standards, which is an
important criterion in my

platform choice.”

“The battery swap station
meets low carbon emission
standards, which is a key

factor in selecting a platform.”

Low carbon emission
Green Environmental

Concern

“I hope the battery swap
technology can help reduce

carbon emissions and support
sustainable development.”

“Battery swap technology
should support carbon

reduction and
sustainable development.”

Low carbon emission
Green Environmental

Concern

“Choosing an environmentally
certified battery swap

platform is a crucial factor
when selecting a platform.”

“Environmental certification
plays a major role in users’

platform choices.”

Environmental
awareness

Green Environmental
Concern

“The incompatibility between
battery swapping platforms
prevents me from switching

freely between
different platforms.”

Platform incompatibility
affects the freedom

of switching.

Switching costs,
Network effects,
Compatibility,

Membership, Data
lock-in

Platform
Compatibility

Platform Lock-in

“Each platform’s equipment
and system are not compatible,

which forces me to use
a single platform.”

The platform’s equipment and
system incompatibility

restricts user choice.

Platform
Compatibility

Platform Lock-in

“The limited coverage of the
swap stations restricts me to

using specific platforms.”

The limited coverage of swap
stations intensifies platform

lock-in.

Platform Choice
Restriction

Platform Lock-in

“If I switch to another
platform, I may face more

operational issues.”

Users may encounter more
technical problems and
inconveniences when
switching platforms.

Platform Choice
Restriction

Platform Lock-in

“The technical standards of
the platforms vary, making it

difficult to select the most
suitable platform.”

The lack of uniform technical
standards across platforms

makes selection more difficult.

Platform
Compatibility

Platform Lock-in

“All my friends are using this
platform, so I decided to try

it too.”

Social networks influence
users’ platform choices.

Social norms, Peer
effects, Social

proof, community,
policy signals,
Peer influence

Social Interactions Social Influence

“If more people around me use
battery swapping platforms, I

am more willing to try.”

Others’ usage habits influence
the user’s decision.

Social Interactions Social Influence

“There is a lot of discussion on
social media about battery

swapping technology, which
piqued my interest.”

Social media and network
discussions deepen users’
interest in the technology.

Social Media Social Influence

“Some friends recommended
a platform, and I considered
trying it because they said it

was good.”

Users are influenced by
friends’ recommendations
when selecting platforms.

Friend
Recommendation

Social Influence
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Meaning Units Condensed Meaning Units Keywords in Literature Units Code
Research Dimension

Categories

“I am more concerned about
the safety of the battery,
especially when using it

in high-
temperature environments.”

Users worry about battery
safety, especially in

extreme environments.

Battery Management
System, Battery
reliability, Fire

risk, Safety
inspection, Certification

Safety Inspection Battery Safety

“I hope the platform provides
detailed safety inspection
reports for the batteries to

increase trust.”

Users want detailed battery
safety inspection reports to

ensure device safety.
Safety Inspection Battery Safety

“The platform’s safety
management and inspection

measures give me more
confidence in using battery

swapping technology.”

Safety management measures
influence users’ trust and
adoption of the platform.

Battery Management Battery Safety

“The safety and stability of the
battery are my biggest

concerns during the battery
swapping process.”

Battery safety and stability are
key concerns for users in the

swapping process.
Battery Management Battery Safety

“The waiting time at the
swapping station is too long,
so I choose other platforms.”

Long waiting times affect
users’ platform choices.

Waiting time,
Queuing, Service
time, Turnaround,

Schedule reliability,
Service efficiency

Waiting Time Time Efficiency

“I hope the swapping process
is more efficient to reduce

waiting and queuing time.”

Users prefer efficient
swapping services to reduce

unnecessary waiting.

Battery Swapping
Efficiency

Time Efficiency

“The service efficiency of the
swapping platform directly
influences my intention to

use it.”

Service efficiency is closely
related to platform selection.

Service Efficiency Time Efficiency

“The quick response of the
swapping service makes me
more willing to choose this

platform again.”

Fast response increases user
satisfaction and
platform choice.

Service Efficiency Time Efficiency

“The location of the battery
swap station is inconvenient, I
cannot waste time looking for

a battery swap station.”

“The location’s accessibility
directly impacts

users’ decisions.”

Station availability,
Coverage, accessibility,
Uptime, process ease

Battery swap location
Battery Swapping

Convenience

“The battery swap equipment
is well prepared, I can quickly

complete the swap, it’s
very convenient.”

“The equipment’s availability
and convenience increased

users’ satisfaction with
the platform.”

Availability and
convenience

Battery Swapping
Convenience

“The simplicity of the battery
swap service is the key factor

for me in selecting a platform.”

“The simplicity and
convenience of the service
influence users’ choices.”

Service simplicity
Battery Swapping

Convenience

“I hope the battery swap
platform can provide

nationwide services, reducing
waiting time and

operational recovery.”

“Users want more efficient
services with reduced

operation recovery time.”
Service simplicity

Battery Swapping
Convenience
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Appendix C. Construct Measurement Items and Source References

Construct Definition Measurement Items Reference

Green Environmental
Concern (GEC)

The extent to which users
value sustainability and view

battery swapping as an
eco-friendly choice.

I believe adopting the battery-swapping model for new
energy vehicles helps reduce transportation-related

carbon emissions.
[60]

I believe the promotion of battery-swapping technology
contributes to improving urban air quality.

[61]

From an environmental perspective, battery swapping is
more sustainable than traditional fuel-based energy

replenishment methods.

For environmental reasons, I prefer using new energy
vehicles equipped with battery-swapping capabilities.

Social Influence (SI)

The extent to which peers,
experts, and word-of-mouth

shape users’ battery-swapping
adoption decisions.

My colleagues encourage me to use the
battery-swapping model for new energy vehicles.

[62]

My friends generally approve of the battery-swapping
model for new energy vehicles.

Industry experts on social media recommend using the
battery-swapping model for new energy vehicles.

My family supports my decision to use the
battery-swapping model for new energy vehicles.

Platform Lock-in (PL)

Users’ perceived dependence
on a specific swapping

platform and the associated
switching costs.

I believe the battery-swapping technology provided by
my current platform has increased my dependence on

the battery-swapping model.
[63]

I use my current battery-swapping platform because its
service coverage is broader.

[64]

The platform’s guidance mechanisms require me to use
designated battery-swapping equipment.

The subsidy policies offered by the platform make me
more inclined to choose its battery-swapping services.

Battery Safety (BS)

Users’ perceived safety,
reliability, and risk

controllability of swapped
batteries and

related management.

I believe the batteries provided by the platform have
undergone thorough safety inspections.

[65]

I think the battery-swapping platform effectively
manages battery life cycles.

[66]

I believe current battery-swapping technology is reliable
in terms of battery safety.

The battery safety data disclosed by the platform are
transparent and trustworthy.

Time Efficiency (TE)

Users’ perceived efficiency of
swapping in terms of speed,

waiting time, and
process stability.

I believe the battery-swapping model significantly saves
the time required for vehicle energy replenishment.

[67]

During holidays or peak charging hours, battery
swapping does not disrupt my travel plans.

[68]

Compared with traditional charging methods, I find
battery swapping faster and more efficient.

The battery-swapping model is highly time-efficient and
meets my travel needs.
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Construct Definition Measurement Items Reference

Battery Swapping
Convenience (BSC)

Users’ perceived ease of
accessing stations and

completing the
swapping process.

I can easily find battery-swapping stations in different
areas of the city.

[69]

The intelligent design of the battery-swapping
equipment makes the process intuitive and easy

to operate.
[70]

When encountering problems during the swapping
process, I can quickly receive assistance.

I think the current battery-swapping technology is
convenient and efficient, allowing operations to be

completed quickly.

Perceived Trust (PT)

Users’ trust in the
platform/service’s

competence, reliability,
and competence and

service reliability.

I believe the current battery-swapping platform has
reliable technical capabilities to safely complete the

battery replacement.
[71]

I think the decisions made by the battery-swapping
platform in battery management and service processes

are trustworthy.
[72]

I believe the platform can effectively ensure the safety of
my vehicle and travels.

Overall, I feel confident in and trust the
battery-swapping platform I currently use.

Perceived Risk (PR)

Users’ perceived uncertainty
and potential negative
consequences of using

battery swapping.

I am concerned that the battery-swapping model may
have performance instability during use.

[73]

I am worried that the batteries provided by the platform
may have quality issues.

[74]

I am uncertain whether the swapping service can
consistently remain efficient and reliable.

I am concerned that battery-swapping stations may fail
to provide timely service during peak periods.

Adoption Intention (AI)

Users’ intention to adopt
battery-swapping services.

I am willing to try using the battery-swapping method. [75]

I intend to continue using the battery-swapping model
for new energy vehicles in the future.

I am willing to make battery swapping my primary
method of energy replenishment for electric vehicles.

I would recommend the battery-swapping model for
new energy vehicles to my friends.

Appendix D. Assessment of Measurement Invariance

Group Conf. Comp. Inv.
PMI Est.

Equal Mean Equal Var
FMI Est.

Usage
Frequency

Con. Inv. C = 1 CI. Diff. CI. Diff. CI.

AI Yes 0.998 0.994; 1.000 Yes −0.027 −0.175; 0.171 −0.027 −0.184; 0.213 Yes

BS Yes 0.995 0.997; 1.000 Yes 0.029 −0.183; 0.165 0.048 −0.171; 0.202 Yes

BSC Yes 0.993 0.996; 1.000 Yes −0.033 −0.189; 0.176 0.032 −0.181; 0.204 Yes

GEC Yes 0.994 0.997; 1.000 Yes 0.044 −0.18; 0.177 −0.084 −0.178; 0.197 Yes

PL Yes 1 0.997; 1.000 Yes −0.082 −0.179; 0.173 −0.055 −0.194; 0.192 Yes
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Group Conf. Comp. Inv.
PMI Est.

Equal Mean Equal Var
FMI Est.

Usage
Frequency

Con. Inv. C = 1 CI. Diff. CI. Diff. CI.

PR Yes 0.996 0.998; 1.000 Yes −0.015 −0.175; 0.173 0.021 −0.171; 0.195 Yes

PT Yes 0.999 0.999; 1.000 Yes −0.045 −0.173; 0.176 −0.027 −0.168; 0.171 Yes

SI Yes 0.995 0.995; 1.000 Yes 0.089 −0.195; 0.184 0.055 −0.2; 0.205 Yes

TE Yes 0.998 0.998; 1.000 Yes 0.08 −0.183; 0.173 0.104 −0.17; 0.198 Yes

Income

AI Yes 1 0.996; 1.000 Yes 0.008 −0.171; 0.168 −0.024 −0.185; 0.187 Yes

BS Yes 0.996 0.998; 1.000 Yes 0.106 −0.175; 0.175 −0.017 −0.182; 0.177 Yes

BSC Yes 1 0.997; 1.000 Yes −0.05 −0.175; 0.165 0.085 −0.192; 0.187 Yes

GEC Yes 1 0.998; 1.000 Yes −0.098 −0.166; 0.159 0.001 −0.17; 0.169 Yes

PL Yes 0.999 0.997 Yes 0.015 −0.176; 0.174 −0.007 −0.176; 0.18 Yes

PR Yes 0.999
0.999; 1.000;

1.000
Yes 0.008 −0.172; 0.171 −0.007 −0.179; 0.169 Yes

PT Yes 0.999 0.999 Yes −0.105
−0.164;

0.18
0.041 −0.164; 0.172 Yes

SI Yes 0.996 0.995; 1.000 Yes 0.119 −0.172; 0.172 −0.01 −0.177; 0.189 Yes

TE Yes 1 0.998; 1.000 Yes −0.057 −0.165; 0.162 0 −0.174; 0.18 Yes

Gender

AI Yes 0.996 0.996 Yes 0.013 −0.164; 0.155 0.092 −0.188; 0.171 Yes

BS Yes 0.998 0.998 Yes 0.068 −0.165; 0.161 −0.008 −0.184; 0.164 Yes

BSC Yes 0.999 0.997 Yes −0.008 −0.161; 0.159 0.065 −0.178; 0.183 Yes

GEC Yes 0.998 0.998 Yes 0.089 −0.174; 0.151 −0.068 −0.158; 0.18 Yes

PL Yes 0.999 0.997 Yes 0.081 −0.162; 0.172 −0.064 −0.177; 0.169 Yes

PR Yes 0.998 0.999 Yes 0.039 −0.17; 0.16 0.081 −0.171; 0.173 Yes

PT Yes 0.998 0.999 Yes 0.05 −0.167; 0.172 −0.138 −0.176; 0.17 Yes

SI Yes 0.997 0.995 Yes −0.082 −0.155; 0.156 −0.005 −0.194; 0.184 Yes

TE Yes 1 0.998 Yes −0.049 −0.166; 0.163 −0.041 −0.169; 0.164 Yes

Age

AI Yes 1 0.995 −0.044
−0.172;
0.164

0.164 0.011 −0.178; 0.178 Yes

BS Yes 1 0.997 0.055
−0.165;
0.174

0.174 0.045 −0.169; 0.183 Yes

BSC Yes 0.996 0.997 −0.086
−0.17;
0.169

0.169 0.096 −0.19; 0.197 Yes

GEC Yes 0.999 0.998 −0.143
−0.178;
0.176

0.176 −0.077 −0.179; 0.178 Yes

PL Yes 0.999 0.997 0.001
−0.168;

0.18
0.18 −0.013 −0.178; 0.186 Yes

PR Yes 1 0.999 0.067
−0.182;
0.172

0.172 0.104 −0.167; 0.179 Yes

PT Yes 1 0.999 −0.069
−0.166;
0.168

0.168 −0.045 −0.166; 0.165 Yes

SI Yes 0.999 0.996 0.124
−0.17;
0.168

0.168 −0.037 −0.178; 0.203 Yes

TE Yes 0.999 0.998 −0.116
−0.183;
0.168

0.168 −0.086 −0.185; 0.164 Yes
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