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Abstract

Generative artificial intelligence (GenAI) is widely considered to hold transformative po-
tential for public administration, but its adoption in local governments remains uneven,
weakly institutionalized, and shaped by informal employee experimentation. This study
advances the literature by examining GenAI adoption during a rare moment of institutional
restructuring in Vietnam, where the 2025 administrative reform abolished the district tier
and shifted responsibilities to ward- and commune-level government. To address the
unique dynamic of GenAI adoption, this research extended the Unified Theory of Accep-
tance and Use of Technology (UTAUT) by integrating trust in technology, perceived risk,
technological awareness, and perceived organizational support. Survey data were collected
from 302 civil servants across eight post-merger ward- and commune-level administrative
units in a transitioning Vietnamese province. The study employs a dual-methodological
approach, integrating Partial Least Squares Structural Equation Modeling (PLS-SEM) with
fuzzy-set Qualitative Comparative Analysis (fsQCA) to evaluate both net effects of indi-
vidual variables and the underlying causal complexity. The PLS-SEM results show that
performance expectancy, social influence, technological awareness, and perceived risk are
positively associated with GenAI adoption intention, while effort expectancy and trust in
technology operate indirectly through performance expectancy rather than exerting a direct
effect. This suggests that, in the context of local government reform, trust matters primarily
when it strengthens employees’ belief that GenAI can improve work performance. Per-
ceived organizational support attenuates the positive relationship between perceived risk
and adoption intention, suggesting a buffering role in reducing risk-driven experimentation
under institutional uncertainty toward more structured use. The fsQCA findings reveal
causal asymmetry and equifinality: adoption intention emerges through multiple pathways
anchored in perceived usefulness, social influence, and facilitating conditions, whereas
non-adoption is associated with low awareness and weak organizational support. The
study contributes to public administration, digital governance and technology acceptance
research by showing how GenAI adoption is shaped not only by individual perceptions,
but also by institutional change.
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1. Introduction
Digital advancements form the core of contemporary public sector modernization,

profoundly altering how governments organize internal operations, execute public services,
and interact with the public (T. T. Nguyen et al., 2020). Among these technologies, gener-
ative artificial intelligence (GenAI) has recently attracted considerable attention because
of its capacity to produce text, summarize information, support decision-making, assist
service design, and automate routine administrative tasks (Bright et al., 2024; Chun &
Noveck, 2025; Ababneh et al., 2020; Carrasco et al., 2023; Budai et al., 2023).

Unlike conventional public-sector information systems, which are usually designed
around predefined procedures and stable organizational workflows, GenAI is conversa-
tional, probabilistic, and highly adaptable. These characteristics make it potentially useful
for public organizations facing heavy workloads and increasing pressure to improve admin-
istrative responsiveness. At the same time, they introduce new concerns related to accuracy,
accountability, data security, professional judgment, and the reliability of AI-generated
outputs (Mergel et al., 2023; van Noordt & Misuraca, 2022).

The problem is particularly acute at the local-government level. Local governments
are often the closest administrative interface between the state and citizens, and they are
responsible for translating national digital-transformation agendas into everyday service de-
livery. However, they frequently operate with limited financial resources, uneven technical
infrastructure, fragmented datasets, and insufficient specialized training. These constraints
are especially visible in emerging economies, where digital-government ambitions often
advance faster than local administrative capacity (Prachumrasee et al., 2025; Setthasuravich
et al., 2024). As a result, GenAI adoption in local government may not occur through formal,
organization-wide implementation. Instead, it may emerge through informal, uneven, and
individually initiated experimentation by public employees (Nguyen Duy et al., 2026). This
creates a governance dilemma: GenAI may help local civil servants cope with growing ad-
ministrative demands, but its use may also remain weakly institutionalized, inconsistently
governed, and insufficiently aligned with public-sector accountability requirements.

Beyond resource and infrastructure limitations, GenAI adoption in local government
is also sharpened by organizational inertia and the culture of resistance to change. Public-
sector organizations are often embedded in hierarchical authority structures, bureaucratic
cultures, and rule-bound procedures that can inhibit the adoption of new knowledge
practices and generate inertia (Ashok et al., 2021). In the case of GenAI, this inertia
may be intensified because the technology challenges established administrative routines,
professional judgment, and accountability arrangements. As Madan and Ashok (2023)
suggest, AI adoption in public administration requires attention not only to technological
capabilities but also to the organizational and contextual conditions through which AI
is implemented and diffused. Therefore, informal and uneven GenAI experimentation
among local civil servants should be understood not merely as a capacity gap, but as a
manifestation of broader organizational change dynamics in the public sector.

This problem is particularly salient in Global South contexts, where transformative
technologies are often promoted as instruments for accelerating public-sector modern-
ization, improving service delivery and closing administrative capacity gaps. However,
the adoption of such technologies does not occur on a level institutional playing field.
Calzada and Eizaguirre (2025) argue that technological capabilities alone cannot bridge
socio-political gaps and that innovation should be mission-oriented, context-aware, and
equity-driven. In Global South settings, AI may support digital justice, service provision,
and employment, but it may also reinforce dependency and inequality where infras-
tructures and governance remain weak. This perspective is especially relevant to local
government, where national digital transformation ambitions are translated into frontline
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administrative practices under conditions of limited resources, uneven technical capacity
and changing institutional mandates.

Against this broader Global South backdrop, Vietnam provides a highly relevant
empirical setting for examining this problem. In 2025, the country implemented one of
the most significant reforms of its sub-national administrative system in recent decades.
Following Resolution No. 60-NQ/TW, Decision No. 759/QÐ-TTg, and Resolution No.
202/2025/QH15, Vietnam moved from a three-tier administrative structure, consisting
of province, district, and commune, to a two-tier model, consisting of province and com-
mune, with effect from 1 July 2025 (Communist Party of Vietnam, 2025; Prime Minister
of Vietnam, 2025; National Assembly of Vietnam, 2025). This reform reduced the num-
ber of provincial-level units from 63 to 34, abolished the district tier, and consolidated
approximately 10,000 commune-level units into 3193 wards, communes, and special zones.
The former Binh Duong Province, which provides the empirical setting of this study, was
merged into Ho Chi Minh City as part of this restructuring.

This institutional restructuring has directly altered the responsibilities of commune-
level public employees. A substantial share of administrative functions previously handled
by district authorities has been redistributed, with many responsibilities moving downward
to ward and commune-level units. These local offices now manage a broader portfolio
of services, including education, primary healthcare, land administration, construction
permitting, environmental management, and agricultural support. At the same time, they
must adjust to new institutional routines, reorganized personnel structures, and expanded
administrative workloads. Between July and November 2025, the newly restructured local-
ities processed 21.8 million administrative records, of which 13.4 million were submitted
online at the commune level (Communist Party of Vietnam, 2025; Government of Vietnam,
2025). This sharp increase in digital and administrative workload creates strong incentives
for local civil servants to seek tools that can improve efficiency and reduce task burdens.

This reform agenda also intersects with Vietnam’s wider digital-transformation and
AI strategies. The National Digital Transformation Program, the National Strategy on
Artificial Intelligence Development to 2030 (Prime Minister of Vietnam, 2020; Government
of Vietnam, 2021), and Resolution No. 57-NQ/TW on science, technology, innovation, and
digital transformation all emphasize the modernization of public administration through
digital technologies (Communist Party of Vietnam, 2024). However, dedicated guidance
for GenAI use at the commune level remains limited. Training opportunities are unevenly
distributed, institutional rules remain underdeveloped, and the technical infrastructure
available to local offices varies across regions United Nations Development Programme
(UNDP, 2025). In this context, civil servants may encounter and use widely available
GenAI tools, such as ChatGPT, Claude, Microsoft Copilot, or Gemini, without formal
organizational support or clear accountability frameworks. GenAI adoption thus becomes
not only a matter of technological acceptance, but also a question of local administrative
capacity, institutional readiness, and public-sector risk governance.

The central problem addressed in this study is therefore the structural mismatch faced
by local civil servants in post-reform Vietnam. On one side, they experience expanded
workloads, stronger pressure to digitize public services, and rising expectations for ad-
ministrative efficiency. On the other side, they face limited formal infrastructure, scarce
role-specific training, ambiguous rules for AI-generated outputs, and unresolved concerns
about privacy, hallucination, bias, and professional displacement. This creates a dual-risk
situation: using GenAI may expose employees to operational, ethical, and accountability
risks, but non-use may also appear risky when employees perceive it as a threat to their
professional competence, legitimacy or future relevance. We refer to this latter concern
as relevance anxiety. In this study, relevance anxiety denotes employees’ concern that
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failing to engage with GenAI may reduce their professional value in a rapidly digitizing
administrative environment. Under these conditions, GenAI adoption may be driven not
only by perceived usefulness and peer encouragement, but also by anxiety about remaining
professionally relevant in a rapidly changing administrative environment (Nguyen Duy
et al., 2026). Such adoption may occur even when employees are aware of risks, precisely
because non-use may appear more professionally risky than experimenting with it.

Although research on AI in government has grown rapidly, much of the literature
remains focused on macro-level issues, such as ethical principles, regulatory frameworks,
data governance, and national AI strategies. Less is known about how individual public
employees, especially those working in local-government units in emerging economies,
form intentions to adopt or resist GenAI (Sun & Medaglia, 2019). Existing technology-
adoption studies have often relied on variance-based models such as the Unified Theory
of Acceptance and Use of Technology (UTAUT) (Venkatesh et al., 2003). While UTAUT
is useful for explaining the adoption of stable and organization-sanctioned technologies,
GenAI presents a more complex case. Its low entry barriers allow employees to adopt
it outside formal organizational channels. Its probabilistic outputs generate uncertainty
about trust and accountability. Its association with automation and job displacement may
transform perceived risk from a deterrent into a motivational pressure. These features
suggest that GenAI adoption in local government may not follow a simple linear logic.

Building on these premises, this study contends that fully understanding GenAI
adoption necessitates both net-effect and configurational analytical approaches. Specifically,
Partial Least Squares Structural Equation Modeling (PLS-SEM) isolates the individual,
technological, and organizational variables driving adoption intention, whereas fuzzy-
set Qualitative Comparative Analysis (fsQCA) uncovers the complex configurations of
conditions driving both adoption and non-adoption. This dual approach is appropriate
because adoption and resistance may be asymmetric: the conditions that encourage GenAI
adoption may not simply be the opposite of those that produce non-adoption.

Given this context, the current research seeks to answer two primary questions:

RQ1. Which individual, technological, and organizational factors influence local government
employees’ intention to adopt GenAI?

RQ2. What combinations of individual, technological, and organizational conditions lead to GenAI
adoption intention and non-adoption intention?

By answering these questions, the study contributes to the literature on AI adoption,
local digital governance, and public-sector technology acceptance. It clarifies how GenAI
adoption emerges under conditions of institutional restructuring, administrative workload
pressure, uneven organizational support, and relevance anxiety. The study also advances
adoption theory by showing why established constructs such as perceived risk, trust,
facilitating conditions, and organizational support may operate differently when public
employees encounter autonomous and informally accessible AI tools. In particular, it intro-
duces relevance anxiety as a theoretical lens for explaining why perceived risk may coexist
with stronger adoption intention when employees view non-use as a threat to professional
relevance. Finally, by situating the analysis in Vietnam’s 2025 local-government restruc-
turing, the study offers empirical insight into how local public organizations in emerging
economies respond to simultaneous technological and institutional transformations.

The remainder of the study is organized as follows. Section 2 presents the theoretical
background and develops the hypotheses. Section 3 describes the research methodol-
ogy. Section 4 presents the analysis and results. Section 5 discusses the main findings,
contributions, and limitations. Section 6 concludes the study.
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2. Theoretical Background and Hypothesis Development
2.1. UTAUT and GenAI Adoption in the Public Sector

The Unified Theory of Acceptance and Use of Technology (UTAUT) provides a suit-
able baseline framework for this research because it offers a theoretically established and
empirically robust explanation of behavioral intention and actual technology utilization
(Venkatesh et al., 2003). Compared with earlier models such as TAM and TRA, UTAUT of-
fers higher explanatory capacity, explaining as much as 69% of variance in usage intention,
whereas earlier frameworks account for roughly 40% (Kijsanayotin et al., 2009; Venkatesh
et al., 2003, 2012), making UTAUT particularly valuable for investigating GenAI adoption,
in which employees’ use is likely shaped by performance expectations, social influence,
and organizational support within a socio-technical environment (Gao et al., 2026). Because
of its flexibility, scholars frequently extend this model within public-sector environments to
investigate employee acceptance of various information systems and digital platforms (Al
Sayegh et al., 2023). This study follows that logic by using UTAUT as a foundational model
rather than as a complete explanation model for examining how technology acceptance
mechanisms shift when the focal technology is autonomous, generative, probabilistic, in-
formally accessible, and requires users to rely on algorithmic reasoning processes that are
only partially transparent.

This distinction is important because GenAI differs from the stable and organization-
sanctioned systems for which UTAUT has often been used. The accessibility of commercial
GenAI like ChatGPT and Microsoft Copilot enables public employees to adopt these
technologies independently of formal organizational approval or infrastructure (van Noordt
& Tangi, 2023; Tangi et al., 2025; Bick et al., 2024; Desouza, 2021). These features directly
challenge several key assumptions embedded in UTAUT, particularly those related to
facilitating conditions, managerial control, and stable system artifacts. Thus, this study
used UTAUT as a baseline framework, showing how established acceptance mechanisms
shift when AI adoption is autonomous, informal, and shaped by trust, risk, awareness, and
organizational support.

2.2. Extending UTAUT: Trust, Perceived Risk, Organizational Support, and Awareness

To account for these dynamics, this study extends the UTAUT framework by integrat-
ing perceived organizational support theory (Eisenberger et al., 1986), trust in technology
(Lankton et al., 2015), perceived risk (Featherman & Pavlou, 2003), and technological aware-
ness (Parasuraman & Colby, 2015). These constructs capture the institutional safety net
provided by organizations, employees’ confidence in the reliability and integrity of GenAI
systems, the uncertainty associated with autonomous GenAI outputs, and the cognitive
readiness that shapes technology engagement, respectively. Together, they reflect the dis-
tinctive institutional context of public-sector organizations in emerging economies, in which
formal infrastructure is often limited, accountability pressures are high, and individual
cognitive and motivational factors play a central role in shaping technology behavior.

Recent scholarship on automation anxiety and AI-related professional displacement
further suggests that perceived risk should not be assumed to operate uniformly as an
inhibitor in the GenAI context (Brougham & Haar, 2018; Frey & Osborne, 2017; Vrontis et al.,
2022). As Ashok (2024) notes, automation can generate efficiencies by reducing repetitive
tasks and cost drivers, while also creating tensions around job security, skill development,
and protecting citizens from algorithmic harm. In this study, these tensions are understood
as concrete sources of perceived risk: employees may view GenAI not only as a tool that
improves efficiency, but also as a technology that could alter role expectations, require
new competencies, and expose organizations and citizens to unintended algorithmic con-
sequences. When employees perceive that their professional standing or future relevance
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depends on engagement with new technologies, risk perceptions may motivate rather than
deter adoption, a phenomenon that we hereafter refer to as relevance anxiety. The present
study draws on this emerging literature to formulate competing predictions about the role
of perceived risk and treats the resulting coefficient as a theoretically meaningful empirical
question rather than a settled one.

2.3. Hypothesis Development
2.3.1. Performance Expectancy

Performance expectancy denotes the degree to which individuals believe that uti-
lizing technology (here, GenAI) will improve their job outcomes (Venkatesh et al., 2003).
In public-sector contexts, government employees are often burdened with high volumes
of routine administrative, drafting, and analytical tasks. Prior research identifies perfor-
mance expectancy as a primary driver of adoption for AI tools (Jain et al., 2022), e-tax
filing systems (Alibraheem et al., 2019), and public-sector AI (Alkaabi et al., 2026; Mercuri
et al., 2026). When employees perceive GenAI as improving efficiency, analytical quality,
or service delivery, their intention to use the technology increases (Brynjolfsson et al.,
2023). Mercuri et al. (2026) conducted a study of 1060 public-sector employees from Italy
and Spain to identify their intention to use GenAI. The study finds that perceived useful-
ness/performance expectancy consistently emerges as a stronger predictor of adoption
intention than ease of use, aligning with previous research using TAM and UTAUT models.
More recently, the findings of Salah et al. (2026) provide empirical support for the role of
performance expectancy in GenAI adoption intention, showing that perceived usefulness
and observable performance benefits significantly enhance users’ continued intention to
use GenAI. Therefore:

H1. Performance expectancy positively affects intention to adopt GenAI.

2.3.2. Effort Expectancy

Effort expectancy concerns perceived ease of use (Venkatesh et al., 2003). The exist-
ing literature yields contradictory results regarding the influence of effort expectancy on
public-sector AI adoption. Some studies highlight ease of use as a primary driver, while
others report non-significant effects in bureaucratic and resource-constrained contexts (Ali-
braheem et al., 2019). For government employees facing high bureaucratic workloads, the
intuitive nature of GenAI, and in particular, its natural-language interaction, may reduce
technical barriers to entry, and foster a greater willingness to engage with the technology
(Alkaabi et al., 2026). Supporting this argument, Mercuri et al. (2026) found that perceived
ease of use significantly and positively influences public employees’ intention to adopt
GenAI in Italy and Spain, indicating that public employees are more likely to embrace
GenAI when they perceive it as easy to learn, understand, and use. Therefore:

H2. Effort expectancy positively affects government employees’ intention to adopt GenAI.

In addition to its direct effects, effort expectancy is theorized to influence performance
expectancy. When a technology is perceived as easy to use, users expend less cognitive
effort on system interaction and can focus more effectively on task execution, thereby
increasing perceived usefulness (Davis, 1989; Venkatesh et al., 2003). Recent studies in the
GenAI context provide strong support for this relationship. Hernández-Tamurejo et al.
(2026) found that perceived ease of use significantly increases the perceived usefulness of
GenAI, while Smutny and Sudzina (2026) report a strong positive effect of effort expectancy
on performance expectancy in the use of ChatGPT. In addition, Alkaabi et al. (2026) showed
that perceived ease of use enhances perceived usefulness among public-sector employees
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adopting AI technologies, suggesting that employees are more likely to recognize the
performance benefits of AI when it is easy to learn and operate. As a result, they are more
likely to perceive the tool as a practical enhancer of job performance. Therefore:

H3. Effort expectancy positively affects government employees’ performance expectancy in the
adoption of GenAI.

2.3.3. Social Influence

Social influence captures the employee’s perception that key individuals, including
colleagues and management, explicitly endorse the utilization of targeted technological
tools (Venkatesh et al., 2003). In hierarchical bureaucracies, leadership signals and peer be-
haviors strongly shape employees’ adoption decisions. Empirical evidence from emerging
economies supports this view: Jain et al. (2022) found social influence to be the strongest
predictor of AI adoption in Indian social-development organizations. Social influence
also plays a critical role in shaping employees’ attitudes toward AI use (Distor et al.,
2021). Similarly, Rodriguez Müller et al. (2025) reported that institutional pressure and
managerial perceptions play an important role in AI adoption within local government,
highlighting the influence of organizational and social environments on technology ac-
ceptance. More recently, Blaique et al. (2026) presented that social influence significantly
enhances government employees’ optimism and innovativeness toward ChatGPT adoption,
highlighting the importance of managerial support and peer encouragement in fostering
positive perceptions of GenAI. Therefore:

H4. Social influence positively affects government employees’ intention to adopt GenAI.

Beyond its direct impact, social influence may also shape performance expectancy.
Exposure to positive experiences and endorsements from peers or supervisors can lead
employees to internalize beliefs about the usefulness of GenAI systems (Venkatesh & Davis,
2000; Wu et al., 2025). Supporting this view, Blaique et al. (2026) found that social influence
enhanced government employees’ optimism toward ChatGPT adoption. Therefore, if
department heads or colleagues demonstrate how GenAI improves their work processes,
employees are more likely to perceive performance benefits. Therefore:

H5. Social influence positively affects government employees’ performance expectancy in the
adoption of GenAI.

2.3.4. Facilitating Conditions

Facilitating conditions reflect the perceived readiness of organizational and technical
support structures to enable successful technology integration (Venkatesh et al., 2003).
Evidence from public sectors in emerging economies remains inconclusive. While some
studies report significant effects (Rana et al., 2024; Alibraheem et al., 2019), others find
non-significant effects in resource-constrained settings such as cloud-computing adoption
in Indonesian local governments (Salam & Ali, 2020). Given that GenAI deployment
requires secure networks, data-governance frameworks, and targeted training, facilitating
conditions are highly instrumental in driving technological adoption intention. Consistent
with this view, Nguyen Duy et al. (2026) found that the absence of implementation plans,
financial resources, system integration, and structured training prevented GenAI from
progressing beyond informal and voluntary use in Vietnamese local government. The
authors further argued that these institutional capacity constraints limited the formal
institutionalization of GenAI and placed the burden of adoption on individual employees.
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Thus, it is suggested that employees are more likely to embrace emerging technologies
when adequate resources, assistance, and infrastructure are available. Therefore:

H6. Facilitating conditions positively affect government employees’ intention to adopt GenAI.

2.3.5. Technological Awareness

Technological awareness encompasses understanding of a technology’s capabilities,
functions, and benefits, and is closely related to the cognitive dimension of technology
readiness (Parasuraman & Colby, 2015). The recent empirical literature highlights aware-
ness as a consistent predictor of technology adoption intention across domains (Masa’deh
et al., 2023; Shahzad et al., 2024). In the complex context of GenAI, higher levels of aware-
ness reduce uncertainty and cognitive ambiguity in risk-averse public-sector environments.
Employees who are more knowledgeable about GenAI applications are better positioned
to integrate these tools into daily administrative workflows. Supporting this view, Tangi
et al. (2025) found that public managers with higher levels of GenAI awareness were more
likely to use the technology, while insufficient knowledge and awareness were among the
most significant barriers to adoption. Therefore:

H7. Technological awareness positively affects government employees’ intention to adopt GenAI.

2.3.6. Perceived Risk

Perceived risk encompasses concerns about privacy, performance errors, job displace-
ment, and algorithmic opacity. These concerns are amplified in public administration
due to accountability demands (Khaksar et al., 2021) and to GenAI-specific risks such as
data-security vulnerabilities (Mahusin et al., 2024; Yigitcanlar et al., 2024), algorithmic
bias, and the inherent lack of transparency or “hallucinations” in outputs (Sobrino-García,
2021; Mercuri et al., 2026). Recent evidence from the public sector suggests that concerns
regarding output reliability, transparency, fairness and accountability reduce employee con-
fidence in GenAI and can create hesitation toward its implementation (Mercuri et al., 2026).
When government employees perceive that using GenAI could threaten their professional
standing or lead to severe policy errors, their willingness to integrate the technology may
diminish, consistent with prior technology-adoption studies (Majrashi, 2024).

However, a competing perspective grounded in the automation-anxiety and relevance-
anxiety literatures suggests that risk perceptions related to professional displacement may
instead motivate engagement with GenAI, as employees seek to maintain their professional
relevance in an environment of rapid technological change (Brougham & Haar, 2018; Frey
& Osborne, 2017; Vrontis et al., 2022). The present study follows the dominant deterrence-
based framing in formulating its hypothesis and treats any opposite-signed result as an
empirically meaningful basis for theoretical refinement. Therefore:

H8. Perceived risk negatively affects government employees’ intention to adopt GenAI.

2.3.7. Perceived Organizational Support

Perceived organizational support represents the employee’s belief that organizational
leadership provides the requisite structural resources, training, and encouragement for
technology adoption (Eisenberger et al., 1986; M. Nguyen et al., 2023). Within the pub-
lic sector, strong organizational support from top management is essential to overcome
bureaucratic inertia. Leadership’s ability to allocate resources, provide targeted GenAI
training, and foster a positive environment for learning and experimentation significantly
drives innovation adoption (Jeyaraj et al., 2023; Neumann et al., 2024; Maragno et al.,
2023). Moreover, Cho et al. (2025) discovered that organizational support significantly
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increased AI chatbot adoption among Korean government employees and strengthened
the translation of trust into actual use. Similarly, Omonov and Ahn (2025) demonstrated
that organizational readiness, encompassing institutional resources, digital capabilities,
and support mechanisms, positively influenced public employees’ intention to adopt AI
chatbots in public administration. When public agencies proactively build technological
readiness and demonstrate a clear, top-down commitment to integrating GenAI, employees
feel empowered and motivated to engage with the technology. Therefore:

H9. Perceived organizational support positively affects government employees’ intention to
adopt GenAI.

Beyond its direct impact, organizational support is expected to act as a psychological
buffer against workplace stressors and uncertainties (Eisenberger et al., 1986). Previous
studies indicate that robust institutional backing effectively mitigates the adverse impact
of risk perception on technological integration (Featherman & Pavlou, 2003). This role is
particularly important in public sector GenAI adoption, where concerns regarding data
security, regulatory ambiguity, and accountability often discourage use. Nguyen Duy et al.
(2026) presented that the absence of organizational guidance, training, and accountability
mechanisms heightened employees’ perception of risk, whereas organizational support
facilitated GenAI adoption. When public-sector leaders offer clear operational guidelines,
comprehensive training, and a non-punitive environment for early experimentation, em-
ployee anxiety is substantially reduced (Chen & Zhou, 2022). Consistent with this view, a
supportive organizational environment has been found to enhance employees’ willingness
to adopt and use AI technology (Cho et al., 2025). Therefore:

H10. Perceived organizational support moderates the relationship between perceived risk and the
intention to adopt GenAI, such that the negative effect of perceived risk on intention is weaker when
perceived organizational support is high.

2.3.8. Trust in Technology

Trust in technology refers to the user’s belief in the reliability, accuracy, and security
of a system (Lankton et al., 2015). Prior studies show that trust facilitates the acceptance
of conversational and autonomous AI systems (Gillath et al., 2021; Calhoun et al., 2019).
In workplace contexts, trust has been identified as a critical determinant of AI adoption.
For example, Cho et al. (2025) found that government employees who exhibited higher
levels of trust in AI chatbot responses were significantly more likely to adopt and use AI
chatbots in their work, highlighting trust as a key driver of AI technology adoption in
the public sector. In government organizations, where data sensitivity and accountability
are paramount, employees must trust that GenAI handles information responsibly and
produces reliable outputs (Salam & Ali, 2020). Therefore:

H11. Trust in technology positively affects government employees’ intention to adopt GenAI.

In addition, trust is theorized to influence performance expectancy. When employees
trust GenAI outputs, they are more likely to integrate the technology into work processes
without extensive verification, thereby enhancing perceived usefulness (Lankton et al.,
2015; Choung et al., 2023; Hmoud & Várallyai, 2020). Wang et al. (2025) argue that trust is a
fundamental driver of AI acceptance because it reduces uncertainty and increases users’
confidence in the reliability, transparency, and credibility of AI systems, suggesting that
it is perceived as a collaborator that complements employees’ expertise, enhances task
efficacy and supports the achievement of professional goals. Consistent with this view,
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Marimon et al. (2025) found that trust in GenAI enhances work engagement and ultimately
improves workplace performance. Their findings suggest that trusted GenAI systems
are more likely to be perceived as valuable tools for accomplishing work and improving
productivity. Therefore:

H12. Trust in technology positively affects government employees’ performance expectancy
regarding GenAI.

Figure 1 presents the conceptual model of the study. The model depicts the hypothe-
sized structural relationships among UTAUT constructs, including performance expectancy,
effort expectancy, social influence and facilitating conditions, and the extended constructs
comprising trust in technology, perceived risk, technological awareness and perceived
organizational support, as well as the focal outcome representing intention to adopt GenAI.
Direct effects are illustrated using solid arrows, while dashed arrows signify indirect effects
mediated by performance expectancy. The moderation effect of perceived organizational
support on the perceived-risk-to-intention relationship is represented by an arrow pointing
to the path between perceived risk and intention.

Figure 1. Conceptual model.

3. Research Methodology
This study implements a quantitative design centered on a dual-analytical methodol-

ogy, combining Partial Least Squares Structural Equation Modeling (PLS-SEM) and fuzzy-
set Qualitative Comparative Analysis (fsQCA), as shown in Figure 2. By synthesizing these
methodologies, the research captures both individual net effects, which present the average
linear impact of each antecedent on intention, and the configurational causal complexity,
which illustrates how combinations of conditions jointly produce adoption or non-adoption.
While PLS-SEM identifies the relative strength and significance of explanatory factors under
the assumption of symmetric, linear relationships, fsQCA complements this analysis by
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revealing multiple equifinal pathways leading to adoption and non-adoption outcomes
(Pappas & Woodside, 2021; Hair et al., 2022; Liu et al., 2017).

 

Figure 2. Methodological framework.

3.1. Measurement Instrument

A structured, closed-ended questionnaire was designed to collect primary quantitative
data from local government employees. The instrument consists of two sections: the
first captures demographic information, while the second measures the constructs in the
proposed conceptual framework. All measurement items were assessed using a six-point
Likert scale, ranging from “1 = strongly disagree” to “6 = strongly agree”. The use of a
six-point scale minimizes central-tendency bias and improves response discrimination.

The measurement instruments utilized in this study were drawn from previously vali-
dated scales published in established reputable academic journals and were contextualized
to reflect GenAI adoption and the public-sector setting. The items were translated into Viet-
namese and back-translated by two bilingual researchers to ensure semantic equivalence.
The core UTAUT constructs of intention to adopt GenAI (INT), performance expectancy
(PE), effort expectancy (EE), social influence (SI), and facilitating conditions (FC) were mea-
sured following Venkatesh et al. (2003). In particular, perceived organizational support (PO)
for GenAI adoption was measured using two items adapted from Kim and Kankanhalli
(2009), capturing organizational support for employee learning and work-process changes
during technology adoption; trust in technology (TR) items were adapted from Kaplan
and Haenlein (2019); the awareness (AW) scale was adapted from Parasuraman and Colby
(2015). Finally, perceived risk (PR) was measured using the scale developed by Gerlich
(2023), and was modeled as a unidimensional construct reflecting overall concerns re-
garding GenAI, including privacy, job displacement, and general uncertainty. Table 1
summarizes the measurement items.
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Table 1. Measurement items.

Construct Code Measurement Item Source

Performance Expectancy PE1 Generative AI will help me be more
productive. Venkatesh et al. (2003)

PE2
The adoption of generative AI will help

public organizations deliver services in a
better way.

PE3
The application of generative AI will
improve the quality and efficiency of

services in public organizations.

Effort Expectancy EE1 I am confident that I can use generative AI
applications proficiently. Venkatesh et al. (2003)

EE2 I feel that systems or services with
generative AI integration are easy to use.

EE3 I find it quite simple to learn how to use
generative AI.

Social Influence SI1 The leader of my unit encourages me to
use generative AI at work. Venkatesh et al. (2003)

SI2 My colleagues encourage me to use
generative AI at work.

SI3
Overall, my department has a positive
view of using generative AI to improve

public services.

Facilitating Conditions FC1 I believe I will have all the resources I
need to use generative AI at work. Venkatesh et al. (2003)

FC2
I am provided with the necessary

knowledge, guidance, and training to use
generative AI.

FC3
I will get support from colleagues or

experts for the use of generative AI at
work.

Trust in Technology TR1 I think generative AI is easy to
understand and provides logical output.

Kaplan and Haenlein
(2019)

TR2 I believe that the results from generative
AI are objective and unbiased.

TR3 I think the results from generative AI are
unlikely to be mistaken.

Awareness AW1 I am familiar with the functions and
applications of generative AI in my field.

Parasuraman and Colby
(2015)

AW2
I have knowledge and understanding of

how generative AI works, its applications,
and its benefits.

AW3
I can quickly recall information about
generative AI that I have received or

heard.
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Table 1. Cont.

Construct Code Measurement Item Source

Perceived Risk PR1
The use of generative AI may affect

privacy, as information I provide may
be used without my knowledge.

Gerlich (2023)

PR2
The development of generative AI may

lead to some job positions being
replaced.

PR3 Overall, I believe that the use of
generative AI still entails hidden risks.

Perceived Organizational
Support PO1 My agency helps me learn how to

apply generative AI to my work.
Kim and Kankanhalli

(2009)

PO2
My agency provides the necessary

support so that I can change the way I
work when adopting generative AI.

Intention to Adopt GenAI INT1 I support the application of generative
AI in public organizations. Venkatesh et al. (2003)

INT2 I will regularly use generative AI in
my work in the future.

INT3 I will enthusiastically encourage others
to use generative AI at work.

To secure content validity and contextual relevance, the measurement scales were
evaluated by one public-administration scholar and one experienced public officer. A pilot
study was then conducted with 40 respondents. The results of the pilot confirmed that the
reliability of all constructs was satisfactory for subsequent quantitative analysis.

3.2. Sampling and Empirical Setting

A multi-stage sampling strategy was employed to ensure coverage of diverse local-
government contexts within a single transitioning Vietnamese province (i.e., the former Binh
Duong Province, which has since been administratively merged into Ho Chi Minh City).
In the first stage, survey sites were selected using stratified purposive sampling based on
the province’s three “dynamic spatial zones”: (1) urban reconstruction and transit-oriented
development zones, (2) innovation-driven and smart-city zones, and (3) ecological urban–
industrial–service zones. Eight ward- and commune-level local government units were
selected, all of which were post-merger administrative units. This sampling design enables
an examination of GenAI adoption within reorganized bureaucratic settings, where new
institutional routines and personnel arrangements are still being established (Patton, 2015).

In the second stage, respondents were selected using convenience sampling within
each site, due to access constraints. Eligible respondents were civil servants currently
working in the selected People’s Committees who handled administrative work involving
information technology. Although the second-stage sampling is non-probabilistic, the
multi-stage geographic stratification in the first stage helps to enhance contextual diversity
across spatial zones. Generalization claims, however, are deliberately confined to the
surveyed transitional province; broader national inference would require complementary
samples from other regions.

Sample-size adequacy was assessed against established standards for structural equa-
tion modeling. Following Bentler and Chou (1987), who recommend a minimum of five
observations per estimated parameter, and the Yamane (1967) sampling formula, the mini-
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mum required sample was estimated at 286 respondents. This threshold also exceeds the
commonly recommended minimum of 200 cases for SEM analysis (Hoyle & Gottfredson,
2015; Kline, 2011). The achieved sample of 302 respondents therefore satisfies the relevant
power requirements.

3.3. Data Collection and Ethical Considerations

Ethical approval for the study was obtained from the Khon Kaen University Ethics
Committee for Human Research (Approval No. HE683189). Approval was sought from
Khon Kaen University because the lead researchers are affiliated with that institution; in
addition, local research permissions were obtained from the relevant Vietnamese ward
and commune-level People’s Committees, and from the corresponding provincial-level
administrative authorities, prior to data collection. Before the survey, all respondents were
briefed on the study’s purpose, the voluntary nature of participation, and the preservation
of confidentiality, after which they provided explicit informed consent. The study design
deliberately excluded personally identifiable information, ensuring that all participant
responses were fully anonymized before any data analysis occurred.

Data collection was conducted in July 2025, following a period of administrative
restructuring. Survey questionnaires were distributed in paper form directly to local-
government offices. A total of 400 questionnaires were distributed, and 302 valid responses
were secured after filtering out incomplete or inconsistent entries, resulting in a 75.5%
effective response rate. The distribution by site is reported in Table 2. Response rates
ranged from 62% to 96% across sites. While we cannot fully rule out non-response bias,
the relatively high overall response rate and the diversity of zones covered mitigate this
concern. Demographic profiles by site did not reveal systematic differences in age, gender,
or education that would suggest substantial self-selection.

Table 2. Survey distribution across sampled units.

No. Unit Zone Surveys Sent Valid
Responses

Response
Rate

1 Unit A 3 50 36 72%
2 Unit B 2 50 36 72%
3 Unit C 3 50 35 70%
4 Unit D 2 50 42 84%
5 Unit E 2 50 48 96%
6 Unit F 2 50 42 84%
7 Unit G 1 50 31 62%
8 Unit H 1 50 32 64%

Total 400 302 75.5%

The demographic profile in Table 3 reflects the workforce composition of local gov-
ernment units in the surveyed province. The majority of respondents are between 25 and
44 years old, with a slight overrepresentation of male respondents (52.3% vs. 44.0% female).
The vast majority hold a bachelor’s degree (85.8%), with 11.9% holding a master’s degree.
The sample is heavily skewed toward staff-level positions (97.4%), with only 2.6% (n = 8)
in leadership roles. Inferences regarding leadership perceptions are therefore not feasible
from this sample, and the practical implications focus on staff-level adoption dynamics.
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Table 3. Sample demographics.

Demographic Category n %

Gender Female 133 44.0
Male 158 52.3

Prefer not to say 11 3.6

Age 20–24 11 3.6
25–29 52 17.2
30–34 52 17.2
35–39 97 32.1
40–44 61 20.2
45–49 15 5.0
50–54 10 3.3
≥55 4 1.3

Position Leader 8 2.6
Staff 294 97.4

Education College 6 2.0
Bachelor’s 259 85.8
Master’s 36 11.9
Doctorate 1 0.3

3.4. Analytical Approach

This study adopted a dual-analytical framework combining Partial Least Squares
Structural Equation Modeling (PLS-SEM) and fuzzy-set Qualitative Comparative Anal-
ysis (fsQCA) to capture both the net effects and configurational complexity of GenAI
adoption among local government employees. PLS-SEM estimates the direct, indirect,
and moderating relationships among latent constructs, while fsQCA identifies alternative
combinations of technological, individual, and organizational conditions that are sufficient
for adoption and non-adoption. This complementary design is consistent with recent
AI public-administration research that uses mixed analytical approaches to explain both
statistical relationships and contextual mechanisms of AI use (Madan & Ashok, 2025).

PLS-SEM was selected because the study extends an established technology acceptance
framework and tests a complex model involving multiple reflective constructs, mediation
through performance expectancy, and moderation by perceived organizational support.
The method is appropriate for prediction-oriented research and for assessing measurement
quality and structural relationships in theory-extending models (Hair et al., 2022). The
analysis was performed in SmartPLS 4 using a bootstrap procedure with 5000 resamples for
inference. Although the data has a nested structure (i.e., 302 employees within eight units),
the present analysis estimates the model under the standard assumption of independent
observations. We acknowledge this limitation in Section 5.4, where we discuss multilevel
structure and the implications for standard-error estimates.

Complementing the PLS-SEM analysis, this study implements fsQCA by capturing
the asymmetric combinations of conditions that drive or inhibit GenAI adoption. This is
important because the conditions associated with adoption are not necessarily the inverse
of those associated with non-adoption. Therefore, this approach is particularly appropriate
for identifying equifinal pathways and conjunctural effects in local-government settings
(Fiss, 2011; Pappas & Woodside, 2021; Ragin, 2008; Rasoolimanesh et al., 2021).

For the fsQCA analysis, construct scores were calculated as the average of their respec-
tive measurement items and were then calibrated into fuzzy-set membership scores using
theoretically grounded anchors. Using the calibrate function in fsQCA 4.1, three qualitative
anchors were defined: full membership (0.95) at 5.5 (i.e., respondents who consistently
selected the highest options); the crossover point (0.5) at 3.5 (i.e., the mathematical mid-
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point between “slightly disagree” and “slightly agree”); and full non-membership (0.05)
at 1.5 (i.e., respondents who consistently selected the lowest options). These anchors are
theory-driven and anchored to the Likert metric, which is consistent with set-theoretic
methodological principles (Ragin, 2008).

Following Pappas and Woodside (2021) and Greckhamer et al. (2018), the fsQCA
procedure proceeded in three steps: (1) construction of the truth table; (2) necessity analysis
using a consistency threshold of 0.90; and (3) sufficiency analysis using a consistency
threshold of 0.80 and a frequency threshold consistent with sample size. The intermediate
solution is reported in this paper, with assumptions about peripheral conditions guided by
the directional expectations in the conceptual model.

4. Analysis and Results
The following section reports the empirical evidence obtained through the sequential

application of PLS-SEM and fsQCA analyses. Prior to hypothesis testing, the measure-
ment model and potential common method bias considerations are reported, followed by
structural model results, mediation and moderation analyses, and the fsQCA findings.

4.1. Measurement Model

The reflective measurement model was verified through the assessment of indicator
reliability, internal consistency reliability, convergent validity, and discriminant validity
(Hair et al., 2022). Table 4 presents strong internal consistency for all constructs, with
Cronbach’s alpha and composite reliability (CR) exceeding the minimum required value
of 0.70 (Hair et al., 2022; Bryman & Bell, 2015). Convergent validity was confirmed, as all
indicator loadings exceeded 0.70 and were statistically significant at p < 0.01. However,
because some items’ loadings were close to 0.95, additional checks were conducted to assess
potential indicator redundancy and multicollinearity, as suggested by Hair et al. (2022). The
outer VIF values ranged from 1.414 to 4.730, which are below the recommended threshold
of 5.00. Therefore, indicator-level multicollinearity was not considered problematic.

Table 4. Summary of the reflective measurement model.

Construct Item Loading AVE CR Cronbach α Outer VIF

Intention to Adopt INT1 0.938 0.880 0.956 0.932 3.961
INT2 0.928 3.408
INT3 0.948 4.404

Performance
Expectancy PE1 0.901 0.858 0.948 0.917 2.549

PE2 0.940 4.187
PE3 0.938 4.222

Facilitating Conditions FC1 0.914 0.852 0.945 0.913 2.823
FC2 0.920 3.218
FC3 0.935 3.559

Awareness AW1 0.921 0.872 0.953 0.927 3.345
AW2 0.944 3.956
AW3 0.937 3.633

Effort Expectancy EE1 0.925 0.879 0.956 0.931 3.330
EE2 0.949 4.447
EE3 0.939 4.018
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Table 4. Cont.

Construct Item Loading AVE CR Cronbach α Outer VIF

Perceived
Organizational

Support
PO1 0.936 0.884 0.938 0.869 2.437

PO2 0.944 2.437

Perceived Risk PR1 0.852 0.671 0.859 0.761 1.772
PR2 0.882 1.601
PR3 0.714 1.414

Social Influence SI1 0.923 0.874 0.954 0.928 3.406
SI2 0.953 4.730
SI3 0.929 3.543

Trust in Technology TR1 0.903 0.745 0.897 0.832 2.198
TR2 0.919 2.508
TR3 0.759 1.629

In addition, the average variance extracted (AVE) values for all constructs were above
the minimum criterion of 0.50, indicating that each construct explains more than half of the
variance of its indicators. Discriminant validity was assessed using both the Fornell–Larcker
criterion (Fornell & Larcker, 1981) and the Heterotrait–Monotrait (HTMT) ratio, with all
HTMT values below the conservative threshold of 0.85 (Henseler et al., 2016). Although
some CR values slightly exceeded the 0.95 threshold, the AVE and HTMT results confirmed
acceptable convergent and discriminant validity (Table 5).

Table 5. Combined Fornell–Larcker and HTMT Criterion Matrix.

AW EE FC INT PO PR PE SI TR

AW 0.934 0.731 0.735 0.614 0.744 0.393 0.471 0.605 0.667
EE 0.678 0.938 0.732 0.620 0.611 0.437 0.670 0.676 0.652
FC 0.677 0.675 0.923 0.635 0.688 0.329 0.566 0.748 0.704

INT 0.572 0.578 0.586 0.938 0.587 0.523 0.634 0.636 0.586
PO 0.666 0.549 0.613 0.529 0.940 0.360 0.403 0.682 0.607
PR 0.332 0.378 0.299 0.462 0.290 0.819 0.357 0.375 0.527
PE 0.436 0.620 0.519 0.586 0.361 0.328 0.926 0.502 0.523
SI 0.562 0.629 0.690 0.592 0.612 0.329 0.464 0.935 0.642
TR 0.583 0.577 0.619 0.538 0.517 0.445 0.474 0.582 0.863

Note: Diagonals (bold) represent the square root of the AVE; lower triangle values represent latent variable
correlations; upper triangle values represent HTMT ratios.

We note that the perceived risk (PR) construct displays the lowest reflective indicator
loading (PR3 = 0.714), the lowest AVE (0.671), and the lowest Cronbach’s alpha (0.761) of
all constructs. These values nonetheless exceed accepted thresholds. Because the three
PR items span theoretically distinct facets (i.e., privacy [PR1], professional displacement
[PR2], and general residual risk [PR3]), the interpretation of any PR-related coefficient is
qualified accordingly in Section 5. The perceived organizational support (PO) construct
is operationalized with two items, which is below the conventional three-item minimum
for reflective constructs. We retain this construct because its composite reliability and AVE
meet thresholds, and we explicitly acknowledge this constraint in the Section 5.4.

4.2. Common Method Bias Considerations

Because the data are cross-sectional and self-reported through a single instrument
and respondent group, common method bias (CMB) could in principle inflate observed
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associations. During the questionnaire design phase, we implemented multiple procedural
controls specifically engineered to mitigate CMB: participants received explicit assur-
ance regarding data anonymity, and strict confidentiality was guaranteed to all respon-
dents; item ordering was randomized so that dependent and independent constructs were
not contiguous; and clear, plain-language item wording was used to reduce ambiguity
(Podsakoff et al., 2003). Statistically, all inner Variance Inflation Factor (VIF) values were
below 5, with no value exceeding 3.3, which is the more conservative threshold recom-
mended by Kock (2015) for full-collinearity assessment of method effects. The pattern of
null direct effects observed for several constructs (e.g., facilitating conditions, perceived
organizational support, and trust) is also inconsistent with severe method-effect inflation,
which would tend to produce a uniform pattern of inflated correlations.

4.3. Structural Model and Hypothesis Testing

The structural model was assessed using collinearity diagnostics, explanatory power,
predictive relevance, and supplementary fit indicators. All inner-model VIF values were
below 5, indicating no collinearity concerns. The model exhibited moderate explanatory
power, explaining 55.0% of the variance in the intention to adopt GenAI (R2 = 0.550)
and 40.1% of the variance in performance expectancy (R2 = 0.401). Predictive relevance
was confirmed through the Stone–Geisser Q2 statistic, with values of 0.479 and 0.337,
respectively, indicating strong predictive capability (Hair et al., 2022).

Although PLS-SEM prioritizes predictive accuracy over global model fit, the Standard-
ized Root Mean Square Residual (SRMR) was examined as a supplementary fit indicator.
The model achieved an SRMR value of 0.047, meeting the recommended 0.08 benchmark
for adequate model fit. Conversely, the Normed Fit Index (NFI) was 0.840, falling short of
the conventional 0.90 threshold (Bentler & Bonett, 1980). We interpret this value cautiously:
NFI is known to be sensitive to model complexity in PLS-SEM contexts, and is generally
considered a less reliable fit index for PLS than for covariance-based SEM. Overall, the
results provide a robust basis for hypothesis testing.

To evaluate the structural model, path coefficients, t-values, and p-values were derived
employing a 5000-resample bootstrapping procedure. Table 6 reports the standardized
path estimates and hypothesis testing outcomes for the main direct effects.

Table 6. Results of structural model and hypothesis testing.

H Relationship Sign β t p Outcome

H1 PE → INT (+) 0.269 3.963 <0.001 ** Supported
H2 EE → INT (+) −0.027 0.289 0.772 Rejected
H3 EE → PE (+) 0.491 6.390 <0.001 ** Supported
H4 SI → INT (+) 0.186 2.613 0.009 ** Supported
H5 SI → PE (+) 0.067 0.923 0.356 Rejected
H6 FC → INT (+) 0.079 1.067 0.286 Rejected
H7 AW → INT (+) 0.155 2.133 0.033 * Supported

H8 PR → INT (−) 0.158 3.065 0.002 **

Rejected
(significant
in opposite
direction)

H9 PO → INT (+) 0.104 1.599 0.110 Rejected
H11 TR → INT (+) 0.033 0.490 0.624 Rejected
H12 TR → PE (+) 0.151 2.065 0.039 * Supported

Note. * p < 0.05; ** p < 0.01. Path coefficients are standardized estimates from a PLS-SEM bootstrap with 5000
resamples. H8 was formulated as a directional negative hypothesis; the observed coefficient is significant in the
opposite direction (i.e., positive), and H8 is therefore rejected on directional grounds. H10 (i.e., the moderation
hypothesis) is reported separately in Section 4.5.
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Main Effects

Performance expectancy (PE) serves as a potent positive predictor of local-government
employees’ intention to adopt GenAI (β = 0.269, t = 3.963, p < 0.001), supporting H1. This
confirms that perceived improvements in work efficiency and effectiveness are the most
influential motivational driver of GenAI adoption.

In contrast, effort expectancy (EE) is not a significant direct effect predictor of adoption
intention (β = −0.027, t = 0.289, p = 0.772), which consequently leaves H2 unsupported.
This suggests that effort expectancy alone does not directly motivate public employees
to engage with GenAI. However, effort expectancy positively and significantly influences
performance expectancy (β = 0.491, t = 6.390, p < 0.001), supporting H3. This result implies
that ease of interaction with GenAI enhances employees’ perception of its usefulness,
thereby indirectly shaping adoption intention.

Social influence (SI) is significantly and positively associated with employees’ adoption
intention (β = 0.186, t = 2.613, p = 0.009), confirming the relationship hypothesized in
H4. This highlights the legitimizing role of supervisors, peers, and departmental norms
in shaping employees’ willingness to use GenAI. However, social influence does not
significantly affect performance expectancy (β = 0.067, t = 0.923, p = 0.356), causing the
rejection of H5. This suggests that while social cues encourage use, they do not necessarily
enhance perceptions of GenAI’s instrumental value.

Facilitating conditions (FC) exhibit a positive but statistically non-significant relation-
ship with the intention to use GenAI (β = 0.079, t = 1.067, p = 0.286), resulting in the rejection
of H6. Likewise, perceived organizational support (PO) fails to demonstrate a significant di-
rect effect on intention (β = 0.104, t = 1.599, p = 0.110); hence, H9 is also unsupported. These
findings indicate that institutional resources and support, while important, do not directly
motivate adoption when examined through a linear, net-effect lens. The configurational
analysis below provides a more nuanced view of their role.

Technological awareness (AW) positively and significantly affects adoption intention
(β = 0.155, t = 2.133, p = 0.033), supporting H7. These results suggest that greater familiarity
with GenAI applications and functions enhances employees’ readiness to engage with
the technology.

Contrary to conventional technology-acceptance assumptions, perceived risk (PR)
shows a positive and statistically significant association with adoption intention (β = 0.158,
t = 3.065, p = 0.002). Because H8 was formulated as a directional negative hypothesis, the
observed coefficient is significant in the opposite direction. H8 is therefore rejected on
directional grounds, and the unexpected positive association is treated as a substantively
important empirical finding that requires careful theoretical interpretation. We return to this
finding in Section 5.1.4, where we consider three competing interpretations (i.e., risk-driven
motivation or “relevance anxiety”, reverse causality, and cognitive-consistency effects).

Finally, the statistical analysis reveals that trust in GenAI (TR) fails to significantly
influence behavioral intention (β = 0.033, t = 0.490, p = 0.624), resulting in the rejection of
H11. However, trust significantly and positively affects performance expectancy (β = 0.151,
t = 2.065, p = 0.039), supporting H12. This pattern suggests that trust in GenAI shapes
perceptions of utility rather than directly triggering adoption intention.

Overall, the PLS-SEM results indicate that performance expectancy, social influence,
technological awareness, and (unexpectedly) perceived risk have direct effects on the
adoption intention of local-government employees in the surveyed province, while effort
expectancy and trust influence intention indirectly through performance expectancy.
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4.4. Mediation Analysis

To further confirm the indirect pathways through performance expectancy, mediation
analyses were executed utilizing a 5000-resample bootstrapping procedure (Table 7). The re-
sults demonstrate that performance expectancy exerts a significant mediating role between
effort expectancy and adoption intention (β = 0.132, t = 2.960, p = 0.003), indicating an
indirect-only mediation pattern, given that the direct EE-INT path is non-significant. In con-
trast, performance expectancy does not mediate the relationship between social influence
and intention (β = 0.018, t = 0.856, p = 0.392), nor between trust and intention (β = 0.041, t =
1.817, p = 0.069). These results suggest that social influence operates directly on intention,
while trust primarily shapes perceptions of utility rather than behavioral commitment.

Table 7. Mediation analysis results.

Indirect Path β t p Decision

EE → PE → INT 0.132 2.960 0.003 Mediated (indirect-only)
SI → PE → INT 0.018 0.856 0.392 Not mediated
TR → PE → INT 0.041 1.817 0.069 Not mediated

4.5. Moderation Analysis

To examine whether the organizational context shapes the effect of risk perceptions
on adoption intention, a moderation analysis was conducted. As shown in Table 8, the
interaction term between perceived organizational support and perceived risk is statistically
significant (β = −0.082, t = 2.243, p = 0.025), supporting H10. The negative sign indicates
that the positive PR-INT slope is attenuated at higher levels of perceived organizational
support. In effect, when employees feel institutionally supported, the motivational pressure
associated with perceived risk is buffered, suggesting that organizational support alters
how employees interpret and respond to GenAI-related uncertainties. The simple-slopes
pattern is illustrated in Figure 3. We note that the effect size of the interaction is modest in
practical terms; we therefore present this as a directional and theoretically interpretable
buffering effect rather than a large practical effect.

Table 8. Moderation effect testing result.

Interaction β p Result

PO × PR → INT −0.082 0.025 H10 supported

4.6. fsQCA Results
4.6.1. Necessity Analysis

Prior to conducting the standard truth-table analysis for sufficiency, we conducted
an analysis of necessary conditions to determine whether any individual antecedent is
a prerequisite for the outcome. Adhering to established fsQCA protocols (Schneider &
Wagemann, 2012), a stringent consistency threshold of 0.90 was adopted to safeguard
against the inclusion of trivial necessary conditions. The analysis was conducted for both
the presence of intention (INT) and the negation of intention (∼INT). The results are
summarized in Table 9.

Based on the necessity analysis, performance expectancy (PE) and social influence
(SI) approach the standard benchmark for necessity regarding intention presence, with
consistency scores of 0.936 and 0.912, respectively. This implies that without perceiving
the technology as useful, and without social endorsement, the formation of adoption
intention is unlikely. The analysis of non-intention reveals that the absence of awareness
(∼AW) and the absence of perceived organizational support (∼PO) meet the necessity
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threshold for resistance, with consistency scores of 0.946 and 0.936, respectively. We
interpret this asymmetry cautiously: both consistencies sit only modestly above 0.90, and
the corresponding coverage values are around 0.50. Following Schneider and Wagemann
(2012), we therefore avoid strong claims of “trivial necessity” and treat these as suggestive
evidence of an enabling-baseline role for awareness and organizational support, rather
than as deterministic prerequisites of resistance.

Figure 3. Interaction of perceived organizational support on the relationship between perceived risk
and adoption intention. Note. The simple-slopes plot is drawn at ±1 standard deviation from the
mean of perceived organizational support. The positive slope from perceived risk to intention is
steeper at low levels of organizational support and is attenuated at high levels.

Table 9. Analysis of necessary conditions.

Condition INT—
Consistency

INT—
Coverage

∼INT—
Consistency

∼INT—
Coverage

PE 0.936 0.939 0.862 0.204
∼PE 0.206 0.864 0.741 0.732
EE 0.876 0.961 0.816 0.211
∼EE 0.280 0.866 0.847 0.618

SI 0.912 0.951 0.827 0.203
∼SI 0.235 0.852 0.799 0.682
FC 0.869 0.965 0.786 0.206
∼FC 0.285 0.849 0.865 0.609
TR 0.829 0.961 0.819 0.224
∼TR 0.331 0.886 0.856 0.541
PR 0.898 0.939 0.854 0.211
∼PR 0.246 0.877 0.754 0.635
AW 0.801 0.984 0.757 0.220
∼AW 0.365 0.864 0.946 0.529

PO 0.836 0.982 0.761 0.211
∼PO 0.329 0.854 0.936 0.574

Note. “∼” denotes the logical negation NOT (i.e., the absence of a condition). Coverage values around 0.50 should
be interpreted cautiously, particularly for the necessity claims involving negated conditions.

https://doi.org/10.3390/admsci16080365

https://doi.org/10.3390/admsci16080365


Adm. Sci. 2026, 16, 365 22 of 34

Importantly, the necessity pattern highlights causal asymmetry: the conditions that
approach necessity for adoption are not the simple inverse of those approaching necessity
for non-adoption. This is an empirically meaningful indication that linear, symmetric
models can mask important configurational structure.

4.6.2. Sufficiency Analysis

A truth-table analysis was conducted to identify configurations of conditions sufficient
to produce both adoption intention (INT) and non-adoption (∼INT). The intermediate
solution is reported, as it balances theoretical parsimony with empirical relevance. Table 10
summarizes the resulting configurations, distinguishing core and peripheral conditions
using the Fiss (2011) convention.

Table 10. Configurations for the intention (and non-intention) to adopt GenAI.

Condition
Configurations for INT Configurations for ∼INT

1 2 3 4 5 6

PE ● ● ● ● ⊗

FC ● ● ● ● ⊗ ⊗

SI ● ● ● ● ⊗ ⊗

EE • • • ⊗ ⊗

TR • • • ⊗ ⊗

PR • • • •
AW • • • ⊗ ⊗

PO • • • ⊗ ⊗

Raw coverage 0.698 0.647 0.651 0.635 0.617 0.605
Unique coverage 0.070 0.020 0.024 0.008 0.062 0.050

Consistency 0.989 0.992 0.995 0.995 0.917 0.845
Solution coverage 0.742 0.667

Solution consistency 0.987 0.857
Note. Symbols follow Fiss (2011): large filled circles (●) denote the presence of a core condition; small filled circles
(•) denote the presence of a peripheral condition; large crossed circles (⊗) denote the absence of a core condition;
small crossed circles (⊗) denote the absence of a peripheral condition; blank cells indicate “do not care”.

To examine whether the fsQCA findings were sensitive to calibration choice, calibration
robustness checks were conducted after the main sufficiency analysis (Table 11). The
baseline calibration used anchors of 5.5, 3.5, and 1.5. Two alternative calibrations were
then applied by slightly shifting the full-membership and full non-membership anchors.
Specifically, the alternative calibrations used anchors of 5.25/3.5/1.75 and 5.75/3.5/1.25.
Calibration-threshold robustness testing evaluates whether QCA solutions change when
calibration thresholds are perturbed.

Table 11. Results of the calibration robustness tests.

Model for INT Calibration
Anchors

Solution
Coverage

Solution
Consistency Assessment

Baseline 5.5/3.5/1.5 0.742 0.987 Main solution
Robustness 1 5.25/3.5/1.75 0.743 0.986 Stable
Robustness 2 5.75/3.5/1.25 0.769 0.980 Stable

The sufficiency analysis was rerun using the same set of eight conditions and the same
frequency cutoff of 5. Across the three calibration models, the main causal configurations
for INT remained substantially stable. Solution consistency remained high, ranging from
0.980 to 0.987, while solution coverage ranged from 0.742 to 0.769. The results indicate that
the fsQCA findings are not driven by a single calibration specification.
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As supplementary evidence, the analysis was also repeated for the absence of behav-
ioral intention. The main configuration involving the joint absence of PE, EE, SI, FC, TR,
AW, and PO appeared consistently across calibration models, supporting the asymmetric
interpretation of the findings.

4.6.3. Configurations Leading to Intention

The fsQCA results identify four distinct configurations (Configurations 1–4) that
are sufficient for adoption intention. The overall solution demonstrates high consistency
(0.987) and substantial coverage (0.742). Across all four configurations, it is shown that
performance expectancy, social influence, and facilitating conditions are core conditions,
underscoring their central role in enabling GenAI adoption. The peripheral conditions vary
across configurations, revealing multiple equifinal pathways to the same outcome. For
interpretive clarity, we label the four configurations as follows.

Configuration 1 (the “Pragmatist” pathway) shows that the joint presence of perfor-
mance expectancy, effort expectancy, social influence, facilitating conditions, trust, and
perceived risk constitutes a sufficient causal recipe for adoption intention, regardless of
awareness and organizational support. This pathway reflects a pragmatically driven adop-
tion logic, in which perceived utility and social cues outweigh institutional considerations.

Configuration 2 (the “Institutionally Supported” pathway) demonstrates that when
technological awareness and perceived organizational support are both present, adoption
intention can occur regardless of perceived risk, provided that trust in GenAI is high.

Configuration 3 (the “Risk-Engaged” pathway) shows that with strong awareness and
organizational support, perceived risk can substitute for trust as a motivating condition.
This is consistent with the interpretation that risk perceptions can motivate engagement
when employees feel institutionally supported.

Configuration 4 (the “Fully Embedded” pathway) indicates that adoption intention
can emerge from a comprehensive combination of institutional, cognitive, and motivational
conditions, regardless of effort expectancy, which suggests that the ease of use of GenAI is
no longer essential once other enablers are firmly in place.

4.6.4. Configurations Leading to Non-Intention

The fsQCA results identify two configurations (Configurations 5 and 6) sufficient for
non-adoption intention. The solution exhibits an overall consistency of 0.857 and coverage
of 0.667, indicating a reasonable explanation of resistance behavior. Both configurations are
characterized by the core absence of effort expectancy, social influence, facilitating condi-
tions, trust, awareness, and organizational support. Configuration 5 additionally includes
the peripheral condition absence of performance expectancy, whereas Configuration 6
indicates that resistance can occur even when perceived risk is present, with performance
expectancy being irrelevant (a “do-not-care” condition). The lower consistency of Configu-
ration 6 (0.845) suggests that it should be interpreted with appropriate caution. Figure 4
summarizes the dual logics of GenAI adoption identified in the study.
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Figure 4. Dual-logic model of GenAI adoption in local government.
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5. Discussion
5.1. Main Findings

By deploying a complementary PLS-SEM and fsQCA framework, this research investi-
gates the determinants of GenAI adoption among local government employees, focusing on
the unique context of a transitioning province in Vietnam. The findings reveal that GenAI
adoption in public bureaucracy does not follow a single linear logic. Instead, it emerges
from a combination of motivational drivers, institutional conditions, and configurational
dynamics, reflecting both formal and informal pathways of technology use.

5.1.1. Performance Expectancy as the Primary Motivational Driver

Across both the PLS-SEM and fsQCA approaches, performance expectancy emerges
as the most robust and consistent driver of GenAI adoption. In the PLS-SEM analysis,
performance expectancy exhibits the strongest net effect on intention (β = 0.269, p < 0.001),
and in the fsQCA results it plays the role of a core condition in four adoption-producing
configurations (i.e., Configurations 1–4). This aligns with established meta-analyses of
UTAUT and the broader technology-acceptance literature that identifies perceived utility
as the primary driver of adoption (Ahn & Chen, 2022; Chatterjee et al., 2023; Dwivedi et al.,
2019; Venkatesh et al., 2003). This convergence underscores that government employees
are primarily motivated to engage with GenAI when they clearly perceive its capacity to
improve efficiency, task quality, and administrative effectiveness.

The configurational analysis also reveals an important nuance: performance ex-
pectancy alone is not sufficient to produce adoption. High perceived usefulness must
coexist with social endorsement and basic facilitating conditions. This finding reflects the
unique constraints of public bureaucracy, where technological value must be both useful
and legitimate to influence behavior.

5.1.2. The Enduring Institutional Role of Social Influence

Social influence plays a critical legitimizing role in GenAI adoption. The PLS-SEM
results confirm a positive and significant relationship between social influence and intention
(β = 0.186, p = 0.009), and the fsQCA identifies social influence as a core condition across all
high-adoption configurations. In hierarchical administrative contexts, social cues reduce
normative uncertainty and signal the acceptability of experimenting with a technology that
remains institutionally ambiguous. Consequently, the decision to adopt GenAI transcends
individual agency, operating instead as a socially embedded process governed by collective
institutional expectation and informal authorization.

5.1.3. Effort Expectancy and Trust as Indirect Enablers

Contrary to traditional UTAUT assumptions, the study finds that effort expectancy
does not directly influence the intention to adopt GenAI (β = −0.027, p = 0.772). Instead,
effort expectancy positively affects performance expectancy (β = 0.491, p < 0.001), which in
turn influences adoption intention through a significant indirect path (β = 0.132, p = 0.003).
This indicates that ease of use contributes to adoption indirectly by enhancing perceptions
of usefulness, rather than acting as an independent motivator.

A similar pattern is observed for trust in GenAI. The PLS-SEM results show that trust
does not exert a significant direct effect on intention but positively influences performance
expectancy (β = 0.151, p = 0.039). The fsQCA results show that trust functions as a peripheral
condition that varies across configurations (e.g., present in Configurations 1, 2, and 4;
absent or “do not care” in Configuration 3). Trust therefore appears to enhance employees’
confidence in GenAI outputs and thereby strengthens perceived performance benefits, but
it does not by itself trigger adoption intention.
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5.1.4. Perceived Risk and the Moderating Role of Organizational Support

The most theoretically intriguing finding concerns perceived risk. While H8 hypothe-
sized a negative effect, the PLS-SEM results reveal a positive and significant relationship
between perceived risk and adoption intention (β = 0.158, p = 0.002). This is consistent
with the emerging literature suggesting that risk perceptions related to professional dis-
placement and AI-related obsolescence can motivate (rather than deter) engagement with
new technologies (Brougham & Haar, 2018; Frey & Osborne, 2017; Vrontis et al., 2022). We
refer to this mechanism as relevance anxiety, defined as the perception that engagement
with GenAI is necessary to maintain professional legitimacy and future employability. The
fsQCA results provide complementary configurational evidence, as perceived risk appears
as a peripheral condition in three of four adoption configurations (i.e., Configurations 1, 3,
and 4).

We treat the relevance-anxiety framing as one plausible interpretation of this finding
and explicitly consider two competing accounts that the cross-sectional design cannot
adjudicate. First, the positive PR-INT association may reflect reverse causality: employees
who are already actively using GenAI may develop sharper, more articulated perceptions of
its risks, so that the observed correlation reflects a downstream sense-making process rather
than an upstream motivational mechanism. Second, the positive coefficient may reflect a
cognitive-consistency effect, in which respondents who have committed to using GenAI
rationalize their commitment by acknowledging its risks. The current perceived-risk scale
also combines privacy, professional-displacement, and general-risk items, which limits our
ability to attribute the positive coefficient specifically to the relevance-anxiety mechanism.
Disentangling these three accounts will require longitudinal or panel data, item-level
decomposition of perceived risk, and ideally, a measured-marker variable approach to
common method bias. We take these alternative interpretations seriously and treat the
relevance-anxiety framing as a theoretically promising hypothesis that warrants further
testing, rather than as a definitive causal claim.

The moderation analysis adds further nuance. Perceived organizational support
significantly attenuates the positive PR-INT slope (β = −0.082, p = 0.025). Substantively, this
finding suggests that organizational support acts as an insulation mechanism, absorbing the
motivational pressure of perceived risk and steering engagement toward more structured,
less risk-driven use, suggesting that organizational support functions as a psychological
buffer in the sense of Eisenberger et al. (1986). The effect size is modest in practical terms,
and we therefore frame the result as a directionally meaningful buffering relationship rather
than a large practical effect.

5.1.5. Facilitating Conditions and Organizational Support as Enabling Baseline Conditions

Facilitating conditions and perceived organizational support do not demonstrate
statistically significant direct effects on adoption intention in the PLS-SEM model. However,
the fsQCA results reveal that the absence of these conditions is a defining feature of
non-adoption configurations, and the absence of organizational support approaches the
necessity threshold for resistance. We interpret this finding using the language of necessary-
but-not-sufficient conditions: facilitating conditions and organizational support function as
enabling baseline conditions, the presence of which does not actively motivate adoption,
but the absence of which substantially raises the probability of resistance.

In earlier framings of similar findings in the public-administration and IS literature,
scholars have invoked an analogy to Herzberg’s motivator–hygiene framework (Herzberg
et al., 1959). We use this analogy cautiously here. The original Herzbergian distinction was
developed in the context of job satisfaction, not technology adoption, and the conceptual
mechanisms differ in important ways. We therefore frame the finding primarily in set-
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theoretic terms (i.e., necessary-but-not-sufficient conditions) and treat the hygiene-factor
analogy as a heuristic device for communicating the asymmetric role of these conditions,
rather than as a direct theoretical transposition.

5.1.6. Informal and Individualized Adoption Pathways

The fsQCA analysis also reveals that GenAI adoption often occurs under conditions
in which employees rely on individual resources, peer support, and personal initiative,
particularly in contexts where formal institutional arrangements remain limited. These
patterns reflect the informal and evolving nature of GenAI use in local government, where
adoption often precedes formal institutionalization. Such findings challenge traditional top-
down models of public-sector digital transformation, and align with emerging scholarship
on shadow AI use that emphasizes bottom-up capability development and employee-led
experimentation (Nguyen Duy et al., 2026; Tangi et al., 2025; van Noordt & Tangi, 2023).

5.1.7. Awareness and Adoption Readiness

Awareness of GenAI technology has a significant and positive effect on intention to
adopt in the PLS-SEM analysis (β = 0.155, p = 0.033), and the fsQCA shows that its absence
approaches necessity for non-adoption. This asymmetry indicates that awareness facilitates
readiness to adopt but is not required in every adoption pathway. Awareness shapes how
GenAI is adopted, rather than simply whether it is adopted.

In Configuration 1 (i.e., the “Pragmatist” pathway), awareness is irrelevant (“do not
care”). Employees in this pathway adopt GenAI primarily because they follow the institu-
tional push and recognize the tool’s utility, even without deep cognitive familiarity with
the technology. In contrast, Configurations 2, 3, and 4 (i.e., the “Institutionally Supported”,
“Risk-Engaged”, and “Fully Embedded” pathways) all feature awareness as a peripheral
condition combined with perceived organizational support. In these pathways, awareness
functions as a cognitive enabler that allows employees to navigate the policy vacuum and
to make informed use of GenAI tools. This pattern suggests that awareness distinguishes
compliance-oriented adoption from more exploratory and self-directed engagement.

5.2. Theoretical Implications

This study advances public-sector technology-adoption research by offering a dual-
logic explanation of GenAI adoption that integrates variance-based and configurational
perspectives. By combining PLS-SEM with fsQCA, it moves beyond linear assumptions
and shows that adoption is shaped by motivational drivers and conditional mechanisms
operating simultaneously. The contribution unfolds along four lines.

First, the dual-logic model itself demonstrates that net effects and configurational
pathways capture distinct but complementary dimensions of behavior. While PLS-SEM
identifies performance expectancy and social influence as dominant predictors, fsQCA
reveals multiple equifinal configurations leading to the same outcome, challenging the
UTAUT assumption of a single dominant pathway and extending prior combined-method
work (Liu et al., 2017; Pappas & Woodside, 2021) to the autonomous-AI context.

Second, the study refines acceptance theory by showing that perceived usefulness is
necessary but not sufficient: performance expectancy produces adoption only when paired
with social endorsement and minimal facilitating infrastructure, reflecting the constrained
discretion and high accountability of public bureaucracy.

Third, it reconceptualizes trust and risk. Trust operates as an antecedent of perfor-
mance expectancy rather than a direct driver of intention, while perceived risk shows a
positive association with intention, contrary to the deterrence view. This introduces rele-
vance anxiety (i.e., the pressure to engage with GenAI to preserve professional standing) as
a theoretically meaningful mechanism. We emphasize, however, that the cross-sectional
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design cannot confirm causality, and that reverse-causality and cognitive-consistency inter-
pretations remain consistent with the data.

Fourth, the study reframes facilitating conditions and organizational support as en-
abling baseline conditions: non-significant as direct effects, but necessary-but-not-sufficient
conditions for preventing resistance, thereby reconciling weak regression coefficients with
strong configurational necessity. Relatedly, it positions informal “shadow” adoption as
an intrinsic feature of bureaucratic digital transformation rather than deviant behavior,
aligning with calls to theorize AI capability development as an employee-driven process.

5.3. Practical Implications

PLS-SEM identifies performance expectancy as the strongest net-effect determinant of
the intention to adopt GenAI, while fsQCA additionally identifies facilitating conditions as
a core condition in every adoption configuration. Public-sector managers should therefore
prioritize the selection of GenAI tools that solve specific, painful problems for employees
(e.g., summarizing long reports, drafting routine emails, generating templated adminis-
trative documents) over generic deployments that lack tangible benefits. Concurrently,
managers should ensure that facilitating conditions are in place: stable internet, compatible
hardware, and licensed access to mainstream GenAI tools, so that employees do not face
technical friction as a barrier to use.

A second implication concerns the role of organizational support in moderating the
effects of perceived risk. The configurations show that high perceived risk does not nec-
essarily inhibit adoption, but only when perceived organizational support is also present
(i.e., Configurations 3 and 4). Conversely, the absence of perceived organizational support
consistently emerges as a precursor of resistance. Public agencies should therefore provide
an explicit psychological safety net for experimentation, including clear written guidance
that the organization sanctions and supports the use of GenAI for permitted task categories,
a dedicated technical helpdesk to respond to operational queries, and risk-sharing pro-
tocols in which the organization assumes responsibility for sanctioned use. This allows
cautious employees to engage with the technology without fear of punitive consequences
for inadvertent errors.

Third, management should actively cultivate social influence to normalize the use
of GenAI within the public sector. Because social influence emerged as a core condition
in the dominant adoption configurations, the visibility of GenAI usage is critical. This
can be achieved by identifying early adopters who match the profile of the “Pragmatist”
configuration (i.e., Configuration 1: high-efficiency focus and high trust) and empowering
them as internal champions to share success stories. Leadership endorsement must move
beyond verbal encouragement to visible use; when department heads and managers
actively use GenAI in meetings and decision support, it signals to the wider workforce that
the technology is a legitimate and valued tool for public service.

Fourth, training strategies must be differentiated to address the distinct user profiles
identified in the configurational analysis. A one-size-fits-all approach is inappropriate,
given that the fsQCA results reveal qualitatively different recipes for adoption. For the
“Pragmatist” group (i.e., Configuration 1), training should focus on efficiency and practical
“how-to” techniques to maximize effort expectancy and rapid time-to-value. Practical
workshops could demonstrate how GenAI can summarize lengthy policy documents, draft
routine correspondence, generate meeting minutes, and automate repetitive administrative
tasks, thereby maximizing perceived usefulness and reducing effort. For the “Institutionally
Supported” and “Risk-Engaged” groups (i.e., Configurations 2 and 3), training should
prioritize awareness and trust building, focusing on data privacy, ethics, and the underlying
mechanisms of GenAI. Example activities may include case-based exercises on handling
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sensitive data, guidance on privacy and confidentiality requirements, demonstrations of
human verification procedures, and discussion of ethical risks such as bias and hallucina-
tion. For the “Fully Embedded” group (i.e., Configuration 4), training can move beyond
basic competence to advanced use cases and prompt-engineering workshops, collaborative
problem-solving sessions, and project-based learning that explores more sophisticated
applications such as policy analysis support, scenario generation, and knowledge manage-
ment. Tailoring educational programs in this way addresses the specific psychological and
functional needs of diverse employee groups.

Finally, the analysis of non-intention indicates that resistance is often driven by a
generalized deficit of environmental factors, specifically the absence of organizational
support and awareness, which together approach the necessity threshold for resistance.
Before pushing for adoption, public agencies should therefore ensure that these enabling
baselines are in place. Pushing a complex technology on a workforce that feels unsupported
and uneducated about the risks is likely to trigger the resistance configurations identified
in this study. By proactively filling the knowledge void and demonstrating institutional
backing, organizations can dismantle the structural barriers that lead to GenAI rejection,
ensuring that even risk-averse employees are receptive to the technology.

5.4. Limitations and Future Research

This study has several limitations that frame the interpretation of the findings and
define avenues for future research.

The first concerns empirical scope. The data were collected from a single transitioning
Vietnamese province (i.e., the former Binh Duong Province, now part of Ho Chi Minh City),
so although the multi-stage stratification across three “dynamic spatial zones” enhances
within-province diversity, the findings cannot be generalized to Vietnam as a whole or to
other emerging economies. Future studies should test the model in other provinces and
institutional settings, including healthcare, education, and central government.

A second set of limitations relates to the study’s cross-sectional, single-source design,
restricting causal inference and leaving open the possibility of common method bias. While
procedural remedies and a full-collinearity check (Kock, 2015) were applied, no marker-
variable or Harman’s single-factor diagnostic was implemented, and longitudinal or multi-
source data would strengthen causal claims, particularly for the counter-hypothesized
positive perceived-risk-to-intention relationship.

Third, measurement constraints qualify two focal constructs: the perceived-risk scale
blends privacy, displacement, and general-risk facets, which limits attribution of the posi-
tive association to the relevance-anxiety mechanism, and the organizational-support scale
comprises only two items. Future work should decompose perceived risk into facet-specific
subscales and adopt the fuller Eisenberger et al. (1986) measure.

Fourth, the nested structure of 302 employees within eight units was modeled under
independence; with non-trivial intraclass correlation, standard errors may be downward-
biased, and future analyses should report intraclass correlations, design effects, and cluster-
robust estimates, possibly within a three-level structure.

Finally, the sample skews toward staff-level (97.4%) and bachelor’s-degree holders
(85.8%), and the scope is confined to informal GenAI support tools, leaving leadership
perceptions, other AI technologies, and citizen-facing applications for future research.

6. Conclusions
This study integrated PLS-SEM and fsQCA to examine the adoption of generative AI

by local government employees in a transitioning Vietnamese province. The integration of
these methods reveals a complex phenomenon: GenAI adoption in local government does
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not follow traditional top-down institutionalization. Instead, it often takes an informal
form, in which motivated employees compensate for weak institutional infrastructure
through individual initiative and peer learning. While PLS-SEM assesses the average
net effects of independent variables on the intention to adopt GenAI, fsQCA provides a
configurational perspective by identifying core and peripheral conditions across multiple
equifinal pathways. The comparison highlights both convergent findings (e.g., the critical
role of performance expectancy and social influence) and complementary insights, particu-
larly regarding facilitating conditions and organizational support, where fsQCA revealed
configurational roles that were not captured by the linear analysis. The most theoretically
novel finding is the positive association between perceived risk and adoption intention.
However, given the cross-sectional design, this association should not be interpreted as
evidence that risk perceptions cause adoption intention. Three explanations remain equally
plausible: relevance anxiety, whereby employees may engage with GenAI to maintain
professional relevance; reverse causality, whereby employees who are already more in-
clined to use GenAI become more aware of its risks; and cognitive consistency, whereby
employees who support adoption also acknowledge risk as part of a complex but coherent
evaluation of the technology. Taken together, these findings advance technology-acceptance
theorizing for autonomous GenAI in public bureaucracies and offer concrete implications
for digital-government practice in emerging-economy settings.
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