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A B S T R A C T

Artificial Intelligence (AI) is a transformative technology capable of driving the United Nations Sustainable 
Development Goals (SDGs) implementation across various industries. It can play a crucial role in the healthcare 
sector, especially in highly specialized fields such as trauma and emergency surgery, where its potential to assist 
in clinical decision-making is gaining widespread recognition. When appropriately designed and governed, AI 
applications in surgery can contribute to SDG 3 by improving health outcomes and promoting well-being. 
Moreover, clearly defined accountability and responsibility frameworks for AI in healthcare support SDG 16 
by enabling auditability, clarifying responsibility allocation, and fostering institutional trust through transparent 
governance mechanisms. Despite these opportunities, ethical and governance-related concerns remain central to 
AI adoption and significantly shape the attitudes of medical professionals, patients, technology providers, de
velopers, and policymakers. This exploratory study investigates surgeons' perceptions regarding AI adoption 
through a framework informed by the Unified Theory of Acceptance and Use of Technology (UTAUT). While 
grounded in UTAUT, the study incorporates context-specific constructs that capture the unique challenges of 
surgical practice: performance expectancy, perceived diagnostic complexity, patient-centered communication 
orientation, responsible AI governance climate, and shared accountability perceptions. By examining how re
sponsibility interacts with traditional UTAUT constructs, performance expectancy, effort expectancy, social in
fluence, and facilitating conditions, this research offers a more context-sensitive understanding of AI adoption in 
high-stakes medical environments. Through a comprehensive survey endorsed by the World Society of Emer
gency Surgery (WSES), involving 624 physicians from 72 countries, we aim to highlight these concerns and 
propose a conceptual model that reconciles AI's technological advances with the ethical obligations to protect 
patients and ensure sustainable healthcare outcomes.

1. Introduction

Artificial Intelligence (AI) is a disruptive technology that can support 
the implementation of the United Nations Sustainable Development 
Goals (SDGs) (United Nations, 2015) in multiple industries (Appio et al., 

2023; Makridakis, 2017; Oppioli et al., 2023; Rajpurkar et al., 2022). 
Integrating AI and sustainable development can enable industries to 
shape a more sustainable world, meeting today's demands without 
compromising the well-being of future generations in the face of climate 
change and other critical challenges (Khakurel et al., 2018; Nishant 
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et al., 2020). Within the Sustainable Development Goals framework, 
healthcare represents a foundational pillar (Dal Mas, 2024), with SDG 3 
explicitly focused on ensuring healthy lives and promoting well-being 
across all age groups. The integration of AI1 in healthcare also contrib
utes to SDG Goal #16, as it promotes transparency, accountability, and 
institutional trust through responsible AI governance frameworks. Spe
cifically, well-designed AI governance frameworks establish account
ability regimes that clarify responsibility distribution among 
stakeholders, enable auditability of AI-assisted clinical decisions 
through transparent algorithms and documentation, support due pro
cess in clinical decision support by ensuring patients understand how 
their care is influenced by AI, and build institutional trust through clear 
lines of responsibility when adverse events occur.

AI-empowered applications are becoming increasingly popular in the 
healthcare and medicine domains (Basile et al., 2023; Dal Mas et al., 
2023; Dicuonzo et al., 2022). AI represents a challenging yet valuable 
research topic in biomedical studies. In recent years, the quantity of 
AI-related studies has increased exponentially, with over 38,500 publi
cations ranked on Pubmed in 2024 alone. While in 2014, only one 
AI-based application had the approval of the U.S. Food and Drug 
Administration for clinical use, namely, the AliveCor algorithm for the 
early detection of atrial fibrillation, in 2020, just before the COVID-19 
pandemic, the number of approved AI-based algorithms in Europe was 
240 (Conformite Europeene– CE-marked), while 222 were present in the 
United States (Muehlematter et al., 2021).

The majority of the literature agrees on how AI can contribute to 
better health outcomes by supporting clinicians in augmenting clinical 
decision-making processes (Basile et al., 2023; Loftus et al., 2020) with 
more precise diagnoses, predictions (Secinaro et al., 2021), and clinical 
risk management (Bertsimas et al., 2018). While several medical spe
cialties are involved, significant applications include the detection of 
intracranial hemorrhages or vessel occlusions, stroke, traumatic brain 
injuries, acute findings in the abdomen, cancer diagnosis using 
computed tomography and magnetic resonance imaging scan, X-ray 
wrist fracture, the prediction of surgical risks and infections (Bertsimas 
et al., 2018; Cobianchi et al., 2022; Mascagni et al., 2021). Some of such 
applications can be extremely valuable in surgery, especially in chal
lenging fields like trauma and emergency, where several factors (e.g. the 
patient's existing conditions or ongoing treatments, care preferences, 
and causes of trauma) can be unknown, and dynamics within the 
multidisciplinary clinical team members are of utmost importance to 
ensure effective patient care (Cobianchi et al., 2021; De Simone et al., 
2021).

The opportunities brought by such a technology, and thus the po
tential contribution to SDG#3, seem underused. AI can process large 
volumes of patient data, facilitating quicker and more accurate di
agnoses (Sulaieva et al., 2024). AI-supported decision-making in medi
cine can enhance the healthcare system's overall efficiency, thereby 
enabling improved quality, accessibility, and equity to medical services. 
The potential of AI is increasing the generation of healthcare data to 
improve patient care and reduce costs and clinical risks (Dal Mas et al., 
2023; Dicuonzo et al., 2022). In decision-making, AI-driven diagnostics 
and treatment recommendations support clinicians, enabling more 
appropriate decisions and allowing healthcare workers to focus more on 
patient care while helping healthcare systems mitigate workforce 
shortages (Balch et al., 2021). This is crucial in achieving an adequate 
and well-distributed healthcare workforce globally, particularly in 
resource-limited settings (Boniol et al., 2022). By improving diagnostic 
accuracy, optimizing resource allocation, enabling proactive public 

health measures, and reducing health disparities, AI supports creating a 
more efficient, accessible, and equitable global healthcare system. AI in 
healthcare can help achieve the goal of all patients receiving fair and 
equitable care, regardless of their background, race, gender, socioeco
nomic status, or geographical origins. The application of AI enables in
novations that help bridge gaps in care, accelerate progress in disease 
prevention and treatment, and advance the broader objective of 
ensuring healthy lives and well-being for all. This leads to better health 
outcomes and speeds up progress toward achieving sustainable, uni
versal healthcare, which aligns with the objectives of the SDGs, partic
ularly in promoting universal health coverage and equitable access to 
quality care (Dal Mas, 2024).

Despite the clear advantages of AI in supporting physicians’ work, 
numerous studies across different medical fields have highlighted 
ethical constraints that may affect its acceptance and adoption 
(Cobianchi et al., 2022; Gundersen and Bærøe, 2022; Gupta et al., 2021; 
Russell et al., 2015; Vinuesa et al., 2020). As AI is not a neutral tech
nology, recent studies show that AI can have a negative impact on 
people and the planet and, potentially undermining progress toward the 
SDGs (Gupta et al., 2021; Mancuso et al., 2025; Vinuesa et al., 2020; van 
Wynsberghe, 2021). Especially in the healthcare system, ethical issues 
may compromise the optimal use of AI-based applications, making it a 
liability rather than an asset. However, ethics in AI is a broad topic that 
goes far beyond the discipline of medicine (Figueroa-Armijos et al., 
2022). Ensuring that AI is utilized in an ethical, fair, transparent, and 
responsible manner aligns with the goals of SDG #16, which emphasizes 
the promotion of peace, justice, and strong institutions. In the surgical 
context, unresolved ethical concerns, such as algorithmic bias, lack of 
transparency, and unclear liability, may hinder the trust and acceptance 
required for the effective integration of AI.

AI in medicine and surgery has been defined as the next frontier, and 
a valuable support tool for physicians in employing their job and guar
anteeing effective care to patients (Cobianchi, Dal Mas and Ansaloni, 
2022). While the number of AI-empowered medical tools is rising, 
exploring the knowledge and perceptions of its “dark side” by physicians 
still represents a research and practice gap that is worth investigating 
(Johnson-Mann et al., 2021; Loftus et al., 2023). Starting from these 
premises, this exploratory study aims to examine how surgeons' per
ceptions of AI influence their adoption intentions. Drawing on the 
principles of the Unified Theory of Acceptance and Use of Technology 
(UTAUT), we develop context-specific constructs that capture the 
unique aspects of AI adoption in surgical settings. Critically, we intro
duce shared accountability perceptions as a novel construct reflecting 
surgeons' beliefs about how responsibility should be distributed among 
surgeons, AI manufacturers, and data managers when AI tools 
contribute to clinical decisions.

Unlike perceived risk (which concerns expectations of negative 
outcomes), trust (which concerns belief in system reliability), perceived 
accountability (which focuses on personal attribution), or liability 
anxiety (which relates to fear of legal consequences), shared account
ability perceptions capture normative beliefs about appropriate re
sponsibility distribution. We argue that this construct shapes how 
surgeons evaluate other adoption factors and directly influences their 
willingness to adopt AI tools.

The research was conducted by enquiring a large international group 
of trauma and emergency surgeons to develop a conceptual model and 
propose practical solutions to overcome identified barriers. The field 
investigation was conducted with the endorsement of the leading in
ternational scientific society in trauma and emergency surgery, ensuring 
the study's relevance and credibility within the professional community.

The article is developed as follows. After a review of the current 
literature about technology acceptance dynamics in the adoption of AI- 
based tools, which enabled the design of the research hypothesis, a 
detailed methodological section reports how data was collected and 
analyzed. Results describe the outcomes of the field investigation, fol
lowed by a debate on the main findings and the possible contribution to 

1 It is important to clarify terminology. Machine learning (ML) is a subset of 
AI that enables systems to learn from data. This study addresses AI broadly 
while acknowledging that many surgical applications rely on ML techniques. 
Throughout this paper, 'AI' is used to encompass these technologies unless 
specific distinctions are warranted.
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theory, practice, and policies. A conclusion paragraph highlighting the 
main limitations and recommendations ends the paper.

2. Literature review

2.1. AI in medicine and surgery

According to Secinaro et al. (2021), AI in healthcare can serve four 
main areas. The first is about offering potential support for compre
hensive health services management. The second is for disease and 
outcome prediction, diagnosis treatment, and prognosis evaluation. The 
third is to support medical doctors and researchers in clinical 
decision-making by evaluating alternatives and their potential pros and 
cons. Last but not least, AI-based tools can help physicians deal with the 
vast amount of patient data to support diagnosis and treatments.

Surgeons face challenging clinical decisions while conducting an 
operation, mapping and forecasting risk factors, managing complica
tions, and optimizing resource utilization (Loftus et al., 2020). Diag
nostic and judgment errors represent the second leading cause of 
unnecessary surgical patient injury (Weprin et al., 2021). Therefore, 
surgical decision-making processes are dominated by hypothetical 
deductive reasoning and subjective judgment, both highly variable, 
potentially leading to errors that are hard to correct (Shanafelt et al., 
2010). According to Loftus and colleagues (2020), surgical 
decision-making is subjected to four main challenges: the complexity of 
assessing all the potential diagnoses and their testing and eventual 
response to empirical treatments, the values and emotions and thus the 
possibility of engaging the patient in shared decision-making processes 
(Cobianchi et al., 2023), the time constraints and uncertainty, especially 
in trauma and emergency contexts, and the heuristics and bias, often 
leading to cognitive errors (O'sullivan and Schofield, 2018). In such a 
challenging context, AI can augment decision-making and help physi
cians reduce their biases, providing them with relevant information 
(Loftus et al., 2020). While the technical added value of some AI-based 
applications in surgery was proved (Loftus et al., 2022), a recent study 
has shown how the surgical community seems divided into two groups: 
those who are enthusiastic about AI application in their practice and 
those who have several concerns, preferring more traditional tools 
(Cobianchi et al., 2023). Differences in the enquired groups do not seem 
related to age (meaning, younger medical doctors belonging to Millen
nial and Generation Z versus senior colleagues), rather the role in the 
institution and the country of residence, highlighting a cultural aspect in 
the expectations and technology acceptance dynamics (Biancone et al., 
2021; Venkatesh et al., 2016).

2.2. Technology adoption in high-stakes clinical work

Over the years, numerous theories and models have been developed 
to explain and predict technology acceptance and usage, reflecting the 
dynamic nature of technological advancements (Davis and Davis, 1989; 
Venkatesh et al., 2016; Venkatesh and Davis, 2000; Williams et al., 
2015). Among these, the Technology Acceptance Model (TAM) (Davis 
and Davis, 1989), the Theory of Planned Behavior (TPB) (Ajzen, 1991), 
and the Innovation Diffusion Theory (IDT) (Nooteboom, 1994) have 
emerged as prominent frameworks. Building on these foundational ap
proaches, the Unified Theory of Acceptance and Use of Technology 
(UTAUT), proposed by Venkatesh et al. (2003), has emerged as one of 
the most comprehensive and widely adopted models for analyzing 
technology adoption across diverse domains, including healthcare.

UTAUT encompasses four primary constructs, Performance Expec
tancy (PE), Effort Expectancy (EE), Social Influence (SI), and Facilitating 
Conditions (FC), which collectively influence Behavioral Intention (BI) 
to use a given technology. Performance Expectancy relates to users’ 
beliefs about the benefits they will gain from using technology, while 
Effort Expectancy addresses the perceived ease of using it. Social In
fluence reflects the perceptions of important individuals in users' lives 

regarding the adoption of technology, and Facilitating Conditions 
pertain to the support and resources available to users for effective 
technology utilization (Venkatesh et al., 2003).

While UTAUT provides valuable theoretical grounding, Venkatesh 
et al. (2003), emphasized the need to adapt the framework for AI 
technologies, particularly given challenges related to autonomy and 
accountability. The surgical context presents additional complexities: 
decisions carry life-or-death consequences, multiple stakeholders 
contribute to outcomes, and legal-professional responsibilities are 
traditionally well-defined. Standard UTAUT operationalizations may 
not fully capture these domain-specific concerns. Accordingly, this study 
employs constructs informed by UTAUT principles but adapted to the 
surgical AI context. We retain performance expectancy as it aligns well 
with surgeons' outcome-oriented evaluations. However, we reframe the 
remaining constructs to reflect what our context-specific measures 
capture: perceived diagnostic complexity (rather than generic ease of 
use), patient-centered communication orientation (rather than peer/
institutional pressure), and responsible AI governance climate (rather 
than IT infrastructure and training). This approach allows honest 
reporting while maintaining theoretical grounding in technology 
acceptance research. Recent studies have applied adapted versions of 
the UTAUT to examine AI adoption in various fields, such as finance and 
accounting (Norzelan et al., 2024) and technology adoption among li
brarians (Akwang, 2021), demonstrating its versatility in analyzing 
technology acceptance across different domains, but also its versatility 
in terms of concept adaptation.

Following this premise we first tested the following variables and 
hypotheses.

Performance Expectancy (PE) - refers to the degree to which an in
dividual believes that using a particular technology will enhance their 
job performance (Venkatesh et al., 2003). In the context of AI adoption 
among surgeons, studies have shown that the perception of AI as a tool 
that can improve patient outcomes and streamline workflows signifi
cantly influences their intention to adopt the technology (Loftus et al., 
2021). Research has consistently identified performance expectancy as a 
critical determinant in technology adoption across various fields. For 
instance, Chua et al. (2018) and Gursoy et al. (2019) emphasize that 
when healthcare professionals perceive AI technologies as beneficial for 
improving service quality, their intention to adopt these technologies 
increases. Hazen B et al. (2014) further noted that high levels of AI 
competency and the perceived advantages associated with AI signifi
cantly enhance users' willingness to accept these tools. Moreover, Chen 
et al. (2019) highlighted that the relative advantages and compatibility 
of AI innovations play a vital role in determining their acceptance. In the 
meta-analysis of UTAUT constructs by Dwivedi et al. (2019), perfor
mance expectancy was identified as the most significant variable 
contributing to positive attitudes toward technology adoption. This 
underscores the necessity for healthcare practitioners, including sur
geons, to perceive AI as an enabler of enhanced performance. Thus, we 
propose the following hypothesis. 

H1. Performance expectancy positively influences the intention of 
surgeons to adopt AI technologies.

Perceived diagnostic complexity (PDC) captures the cognitive difficulty 
surgeons experience in clinical reasoning under uncertainty. Surgeons 
facing greater diagnostic complexity may be more receptive to AI de
cision support that helps manage this cognitive load. The construct was 
inspired by the UTAUT definition of perceived ease of use associated 
with technology (Venkatesh et al., 2003). The user-friendliness and 
intuitiveness of AI tools significantly impact surgeons' willingness to 
integrate these technologies into their practices. Research indicates a 
strong correlation between effort expectancy and technology adoption, 
affirming that user-friendly interfaces foster higher adoption rates (Pillai 
et al., 2024). The complexity of AI systems can present barriers to 
adoption; thus, if using AI requires significant effort, it may deter sur
geons from embracing technology. Prior studies suggest that ease of use 
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is a crucial determinant influencing users' acceptance of AI technologies 
(Gursoy et al., 2019). Furthermore, Oliveira et al. (2014) note that the 
easier technology is to integrate into existing workflows, the more likely 
it is to be accepted. However, challenges such as the immaturity of AI 
technologies and the lack of technical expertise can complicate the 
adoption process. Therefore, we propose the following hypothesis. 

H2. Perceived diagnostic complexity positively impacts the behavioral 
intention of surgeons to adopt AI technologies.

Patient-centered communication orientation (PCO) reflects surgeons' 
commitment to involving patients in decision-making. Surgeons with 
strong patient communication orientations may value AI tools that 
enhance their ability to inform and engage patients, or might want to 
adopt tools that the pet. Derived from Social Influence (SI), this concept 
captures the extent to which individuals perceive that people important 
to them believe they should use a new technology (Venkatesh et al., 
2003). In the surgical field, peers and leaders significantly impact 
technology adoption decisions. Surgeons are often influenced by the 
experiences and recommendations of their colleagues, with positive 
feedback enhancing the likelihood of adopting AI technologies 
(Melián-González et al., 2021). Research indicates that social norms and 
behaviors within professional communities play a critical role in shaping 
behavioral intentions. Gursoy et al. (2019) argue that societal pressures, 
particularly from younger professionals eager to adopt new technolo
gies, can drive acceptance. According to social identity theory, the 
perceived support from one's social group regarding AI can enhance an 
individual's attitude toward its use (Gursoy et al., 2019). Moreover, 
studies have shown that social influence significantly contributes to 
positive behavioral intentions towards technology adoption (Baabdullah 
et al., 2022). Thus, understanding the dynamics of social influence is 
essential in the context of AI adoption among surgeons. Therefore, we 
propose the following hypothesis. 

H3. Patient-centered communication orientation positively affects the 
behavioral intention of surgeons to adopt AI technologies.

AI governance climate captures surgeons' expectations regarding the 
ethical and regulatory infrastructure surrounding AI deployment, 
including data protection, transparency, and privacy. This variable acts 
as a facilitating Conditions (FC) for performing a particular action as 
perceived by the user (Venkatesh et al., 2003). Ineed, for surgeons, the 
availability of organizational support, training, and technical infra
structure is crucial for the successful adoption of AI technologies. 
Research has shown that effective management support and adequate 
resources significantly influence the implementation of advanced tech
nologies (Chong et al., 2009; Müller and Jugdev, 2012; Teo, 2006). 
Elbanna (2013) emphasizes that continuous managerial support is 
essential for project success, and a lack of such support can lead to 
project failure. Organizations that provide robust support systems can 
overcome barriers to technology adoption, thereby enhancing the 
perceived usefulness of AI (Loftus et al., 2021). Thus, facilitating con
ditions play a pivotal role in shaping surgeons' perceptions of AI tech
nologies and their willingness to adopt them. Consequently, it is 
essential to recognize that better-facilitating conditions correlate with 
higher adoption rates of AI technologies. Therefore, we propose the 
following hypothesis. 

H4. AI governance (AIG) positively influence the behavioral intention 
of surgeons to adopt AI technologies.

2.3. Responsibility and technology adoption in high-stakes clinical work

Responsibility is a well-known problem among technology adoption 
studies, and it directly addresses one of Venkatesh's key concerns: who is 
accountable when AI systems fail or behave unexpectedly? However, 
responsibility is a multifaceted construct and requires distinguishing it 
from adjacent constructs.

In this study, responsibility refers to surgeons' perceptions that 
accountability for AI-supported decisions is appropriately distributed, 
transparent, and institutionally actionable (e.g., who is answerable for 
adverse outcomes; what oversight is expected; and how accountability is 
operationalized across clinical, organizational, and technology stake
holders). This differs from trust, which concerns confidence in the AI 
system's competence and reliability; from perceived risk, which con
cerns expected probability/severity of harm; and from liability anxiety, 
which captures personal fear of legal consequences. Responsibility is 
also distinct from generic medico-legal risk aversion, which reflects 
broader professional caution independent of a specific technology. Re
sponsibility works as a governance and role-clarity perception that 
shapes whether AI can be incorporated into clinical work without 
creating unacceptable accountability ambiguity. It operates as an ante
cedent rather than a moderator because it represents a foundational 
belief that develops prior to and shapes evaluations of specific tech
nology attributes. When surgeons believe accountability should be 
appropriately shared among stakeholders, this baseline orientation in
fluences their subsequent perceptions of performance benefits, 
communication requirements, and governance adequacy.

Moving from this premise, surgeons are more likely to adopt AI tools 
when they perceive that ethical, professional, and legal responsibility is 
well-distributed, transparent, and manageable (Holzinger et al., 2020; 
Jiang et al., 2017). If AI is perceived to shift the burden of responsibility 
in ambiguous or uncontrolled ways, e.g., in fully autonomous systems 
lacking human override options, behavioral intention to adopt such 
technologies tends to diminish (van Wynsberghe, 2015). As Venkatesh 
(2022) also noted, perceived loss of agency and accountability ambi
guity can serve as a significant barrier to AI adoption, reinforcing the 
need for contextual extensions of the UTAUT model. Accordingly, we 
formulate the following hypothesis. 

H5. Responsibility positively influences surgeons' behavioral intention 
to use AI tools.

Responsibility serves not only as a direct antecedent to behavioral 
intention but also as a construct that influences how core UTAUT di
mensions, performance expectancy, effort expectancy, social influence, 
and facilitating conditions, translate into intention and actual use.

The literature consistently highlights that when surgeons retain 
control over AI systems, able to validate, override, or adjust AI recom
mendations, they perceive these technologies as more useful (Jiang 
et al., 2017). For instance, AI tools that propose surgical strategies 
requiring surgeon validation promote a collaborative environment 
where technology enhances human skills (Stanfill and Marc, 2019; 
Topol, 2019). Depending on the circumstances and the requirements, 
surgeons may capitalize on technology and integrate their skills with it. 
Recent AI-empowered surgical robots may exhibit a certain degree of 
autonomy (Panesar et al., 2019; De Simone et al., 2022). Indeed, they 
can propose strategies to be validated, carry out the decision-making 
process, achieve autonomy for specified tasks, or even be fully autono
mous. The more autonomy is reached, the more ethical concerns may 
arise. In the future, surgical robots remotely controlled and empowered 
by AI could be used to perform operations in hostile environments, such 
as battlefields for wounded soldiers, lengthy flights, or onboard inter
national space stations (Cobianchi et al., 2022). Dealing with 
AI-empowered surgical robots requires developing a different set of 
abilities, including non-technical skills, which should probably be 
different from those present in traditional surgical environments 
(Pradarelli et al., 2020). Nevertheless, technology lacks the soft-skill 
capabilities that distinguish surgical leaders (Calinon et al., 2014; 
Caputo et al., 2019). An effective human-machine collaboration ensures 
that the surgeon's autonomy and decision-making remain central, 
fostering trust in AI applications. Therefore, when responsibility is 
clearly shared, and human oversight is preserved, AI systems are more 
likely to be seen as useful and reliable. Responsibility enhances perfor
mance expectancy by clarifying oversight structures and preserving 
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surgeon autonomy. Clear lines of accountability reduce uncertainty and 
enhance trust, thus increasing perceived usefulness, which is the core of 
performance expectancy in the UTAUT model. Therefore, we propose 
the following sub-hypotheses. 

H6a. Responsibility positively influences performance expectancy.

H6b. Responsibility facilitates behavioral intention to use AI tools 
through the mediating effect of performance expectancy.

Moreover, AI systems designed with interfaces that allow for surgeon 
interaction and feedback further enhance perceived usefulness 
(Holzinger et al., 2020). Such systems enable surgeons to input their 
expertise, adjust AI parameters, and engage in a dynamic 
decision-making process, reinforcing the notion that AI is an extension 
of their capabilities. Conversely, fully autonomous AI systems that limit 
human intervention raise ethical concerns and can diminish perceived 
usefulness due to fears of loss of control and accountability (van 
Wynsberghe, 2015). Physicians may be hesitant to rely on AI that 
operates without the possibility of oversight, especially in high-stakes 
environments like emergency and trauma surgery. Systems that allow 
for human override and provide clear responsibility cues reduce 
perceived complexity and cognitive friction (Topol, 2019).

Systems that clearly communicate responsibility boundaries reduce 
cognitive load and ethical ambiguity. Intuitive interfaces and override 
capabilities reinforce surgeon control and lessen the perceived effort 
required to integrate AI into workflows (Holzinger et al., 2020). Thus, 
responsibility contributes to lowering friction in AI use. Therefore, we 
derive the following sub-hypotheses. 

H7a. Responsibility positively influences the effort expectancy.

H7b. Responsibility facilitates behavioral intention to use AI tools 
through the mediating effect of effort expectancy.

Shared responsibility enhances human control by establishing a 
collaborative framework where both AI systems and surgeons contribute 
to decision-making. Clear guidelines on the extent of AI's autonomy and 
the surgeon's oversight responsibilities ensure that surgeons remain 
central to the process (Loftus et al., 2020; Yu et al., 2018). This collab
oration promotes confidence in using AI, as surgeons understand how 
and when to rely on AI outputs. Furthermore, technical robustness 
supports shared responsibility by providing reliable AI outputs that 
surgeons can confidently incorporate into their practice (Rieke et al., 
2020). The combination of robust technology and a shared re
sponsibility model empowers surgeons to exercise control over AI sys
tems effectively. Ethical norms and expectations around responsibility 
shape peer attitudes and institutional policies, influencing the social 
acceptability of AI (Yu et al., 2018). Thus, when shared responsibility is 
evident and ethically justified, peer support and organizational 
endorsement become more likely, strengthening social influence 
mechanisms. Therefore, we propose the following sub-hypotheses. 

H8a. Responsibility positively influences social influence.

H8b. Responsibility facilitates behavioral intention to use AI tools 
through the mediating effect of social influence.

Institutional infrastructures that clearly define legal, ethical, and 
operational responsibilities play a critical role in facilitating the adop
tion of AI in surgical settings (Venkatesh, 2022). Given the complexity 
and high hazards of surgical procedures, AI systems must demonstrate 
technical robustness to ensure safety and build clinician trust. When AI 
performs reliably, surgeons are more likely to feel confident in main
taining control over its application (Esteva et al., 2019). In a continual 
learning framework, AI algorithms become more accurate and precise 
over time, but only if they are trained on high-quality, representative, and 
appropriately annotated data. Early versions of these systems, which may 
rely on incomplete or poorly curated datasets, risk offering suboptimal 
decision support to both surgeons and patients (Cobianchi et al., 2022). 

For example, using low-quality surgical videos, whether due to lack of 
expertise from the operating surgeon or inadequate annotation, can 
compromise model reliability and lead to adverse clinical outcomes 
(Madani et al., 2020; Mascagni et al., 2021). AI systems must be 
designed with transparency and explainability at their core to mitigate 
these risks and foster trust among clinicians, patients, and regulators. 
Explainable AI (XAI) approaches help clarify how AI systems reach their 
conclusions, making them more interpretable and accountable (Saeed 
and Omlin, 2023). Furthermore, the integration of cybersecurity tech
nologies is essential to ensure data protection and system integrity, 
particularly when sensitive patient information is involved 
(Garcia-Perez et al., 2023). Equally important is the establishment of 
robust data governance frameworks. These ensure the quality, security, 
and ethical management of the data used to train and operate AI systems 
(Rieke et al., 2020). By defining stakeholder responsibilities in data 
handling, data governance directly contributes to the broader notion of 
shared responsibility (Floridi et al., 2018). Well-articulated policies 
around data stewardship, privacy compliance (e.g., GDPR), system 
transparency, cybersecurity, and institutional liability provide the 
necessary scaffolding for responsible AI deployment in clinical 
environments.

Taken together, these infrastructural components such as technical 
robustness, data governance, explainability, and cybersecurity form the 
backbone of enabling conditions that support the ethical and effective 
integration of AI in surgery. In this context, the construct of responsibility 
not only reinforces accountability but also enhances the facilitating 
conditions for AI adoption.

Therefore, we propose the following sub-hypotheses. 

H9a. Responsibility positively influences the facilitating conditions.

H9b. Responsibility facilitates behavioral intention to use AI tools 
through the mediating effect of facilitating conditions.

The following Fig. 1 shows the hypothesis conceptual model.

3. Methodology

3.1. Design and setting

Data was collected using a population-based online questionnaire to 
gather demographic, knowledge, and practice-based information 
regarding the adoption of new technological tools, especially those AI- 
based, to support clinical decision-making. The initiative was 
endorsed and publicized by the World Society of Emergency Surgery 
(WSES) (World Society of Emergency Surgery, 2022), one of the major 

Fig. 1. Conceptual model.
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scientific societies in the field. Given this dual recruitment approach, we 
cannot calculate a precise response rate, and therefore refrain from 
reporting one.

An initial research protocol was conceived and shared by the prin
cipal investigators, starting with a review of the literature. The complete 
protocol was peer-reviewed and published (Cobianchi et al., 2023). The 
leading references to create the protocol and the survey structure were 
gathered from Dal Mas et al. (2020), Loftus et al. (2020a, 2020b, 2020c), 
Cobianchi et al. (2022, 2022), Venkatesh et al. (2003, 2012, 2000), and 
Bashshur et al. (2011). A dedicated steering committee was formed 
within the WSES, comprising academics and practitioners in trauma and 
emergency medicine, healthcare management and policies, organization 
science, innovation, business and clinical ethics, information technol
ogy, and law. The WSES steering committee reviewed the online survey, 
which was filled in by a sample of physicians before its official launch. 
The full version of the questionnaire and preliminary results were 
published in the society's official journal after peer review (Cobianchi 
et al., 2023).

The online questionnaire was delivered through Google Forms, ac
cording to the Checklist for Reporting Results of Internet E-Surveys 
(CHERRIES) (Eysenbach, 2004). The initiative remained open between 
November 2021 and August 2022. The 917 WSES members received an 
e-mail invitation to participate in the survey. The invitation message 
included comprehensive details on the initiative's aims, underlying 
rationale, and the estimated duration (about 10 min). Moreover, the 
project was also shared on the society's website and Twitter/X account. 
Four e-mail reminders were sent. WSES membership was not requested. 
However, only medical doctors could participate. 650 physicians from 
72 countries filled in the questionnaire. Given the advertising campaigns 
promoted by the WSES, it may be assumed that most participants belong 
to the 917 active members.

3.2. Survey

A preliminary set of questions aimed to gather general information 
on respondents (Table 1), such as personal and demographic data, and to 
measure the control variables. The questions’ list was derived from 
previous WSES investigations (Cobianchi et al., 2021; Cobianchi et al., 
2022), and they included gender, years of experience in surgery, type of 
institution (a university or research hospital or not), country of resi
dence, role, eventual participation within a trauma team, the clinical 
specialty of the trauma leader, the attended educational training, and 
the eventual presence of diverse peers in the surgical equipe. From the 
initial 650 questionnaires, 26 were not taken into account due to the low 
number of responses from the continent. Therefore, only responses from 
Asia, Europe, South America, and North America were considered, 
totaling 624 questionnaires. Descriptive statistics related to these are 

reported in Table 1.

3.3. Measures

This study draws on the Unified Theory of Acceptance and Use of 
Technology (UTAUT) as its theoretical foundation while employing 
context-specific constructs adapted to the unique demands of surgical AI 
adoption. This approach aligns with established methodological guid
ance on theory application in specialized domains. For example, Ven
katesh and colleagues, in their original UTAUT formulation, explicitly 
acknowledged that the model's constructs may require adaptation when 
applied to new technological and organizational contexts (Venkatesh 
et al., 2003). This flexibility is not a methodological weakness but rather 
a design feature of the framework, enabling researchers to capture 
domain-specific dynamics that generic operationalizations might miss. 
As Venkatesh (2022) later emphasized, the emergence of AI technolo
gies introduces novel challenges, particularly regarding autonomy, 
opacity, and accountability, that call for theoretical extensions beyond 
traditional technology acceptance factors.

The methodological literature on scale development and adaptation 
supports context-sensitive measurement approaches. According to 
MacKenzie et al. (2011), construct validity depends not merely on 
replicating prior operationalizations but on ensuring that measures 
accurately capture the theoretical domain as it manifests in a given 
context. When the phenomenon of interest differs meaningfully across 
settings, as clinical AI adoption differs from, say, consumer technology 
adoption, faithful representation of the construct may require tailored 
items rather than direct replication.

In high-stakes clinical environments, technology adoption involves 
considerations that extend beyond generic usability and social pressure. 
Surgeons operate under conditions of diagnostic uncertainty, profes
sional liability, patient communication obligations, and governance 
expectations that shape their technology perceptions in distinctive ways. 
Standard UTAUT items, developed primarily in organizational IT 
adoption contexts, may not adequately capture these domain-specific 
concerns.

3.4. Measure scale development and contextual adaptation procedure

Following established best practices for adapting existing theoretical 
frameworks to specialized domains, this study developed measurement 
items through a multi-stage, theory-informed, and practitioner- 
validated process. The objective was to preserve the conceptual integ
rity of UTAUT while ensuring that the operationalization accurately 
reflected the realities of AI-supported decision-making in surgical 
practice.

First, an initial pool of items was derived from prior validated scales 
in the technology acceptance and information systems literature. 
Wherever possible, established UTAUT measures were adapted through 
contextual rewording rather than replaced, in line with recommenda
tions for theory-consistent scale adaptation. For constructs that are not 
explicitly captured in the original UTAUT framework, such as re
sponsibility conditions and AI governance-related perceptions, items 
were developed deductively based on prior conceptual and empirical 
work on accountability, governance, and ethical responsibility in clin
ical AI.

Second, to ensure domain relevance and content validity, the pre
liminary set of items was reviewed in collaboration with experienced 
surgeons affiliated with the surgical scientific society that sponsored the 
questionnaire. These experts provided feedback on item clarity, clinical 
realism, and relevance to everyday surgical decision-making. This step 
ensured that the measures reflected not only theoretical expectations but 
also the target population's professional language and concerns.

Third, the revised questionnaire was administered to a small pilot 
sample of clinicians prior to the main data collection. The pilot study 
served to assess item comprehension, wording clarity, and response 

Table 1 
Descriptive statistics of respondents.

Variable Respondents

Type of Institution
Belonging to an Academic Institution 476
Belonging to non Academic Institution 148
Gender
Male 506
Female 117
Prefer not to answer 1
Experience
Less than 15 years (excluded) 379
15 years and more 245
Continents
Asia 90
Europe 474
North America 31
South America 29
Total 624
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variability. Based on pilot feedback, minor refinements were made to 
improve readability and reduce ambiguity, while preserving the un
derlying theoretical meaning of each construct.

This multi-stage process is consistent with methodological guidance 
emphasizing that construct validity in applied research depends on both 
theoretical grounding and contextual appropriateness. By combining 
theory-driven item development with expert validation and pilot 
testing, the study ensures that the adapted measures faithfully represent 
the constructs of interest as they manifest in high-stakes surgical AI 
adoption contexts.

3.5. Likert scale questions

This study employed reflective, multi-item indicators and five-point 
Likert-type response formats for all multivariate constructs. Whenever 
feasible, validated items from previous studies were incorporated. For 
constructs lacking established measures, new items were developed in 
alignment with theoretical foundations and methodological guidance 
from existing literature. Items for each variable are reported in Table 2.

All the scales and items used in this study have been adapted from 
previous research (Davis and Davis, 1989; Dwivedi et al., 2021; 

Venkatesh et al., 2003, 2012; Venkatesh and Davis, 2000).
Performance Expectancy (PE) reflects the degree to which users 

believe that machine learning (ML) and artificial intelligence (AI)-based 
applications improve their clinical decision-making performance. This 
construct was measured using four items adapted from Venkatesh et al. 
(2012), each capturing a specific perceived benefit of AI in the clinical 
context: supporting the review of relevant publications, aiding in com
plex clinical decision-making, and assisting in the evaluation or vali
dation of clinical decisions, thereby enhancing users’ confidence and 
accuracy in their decision-making (Davis and Davis, 1989; Venkatesh 
et al., 2003; Venkatesh and Davis, 2000).

Perceived Diagnostic Complexity (PDC) was measured as the 
perceived ease or difficulty clinicians experience when using available 
tools and information for clinical decision-making. It was assessed 
through three items capturing key diagnostic challenges: the complexity 
of forming a comprehensive list of potential diagnoses when initial tests 
are inconclusive; the difficulty in evaluating the strengths and limita
tions of diagnostic tests; and the challenge of making decisions with 
incomplete data, reflecting the cognitive effort required in real-world 
clinical settings (Davis and Davis, 1989; Venkatesh et al., 2003, 2012; 
Venkatesh and Davis, 2000).

Patient-Centered Communication Orientation (PCO) construct was 
operationalized using three items focused on patient-centered commu
nication and shared decision-making in the context of AI-based health
care technologies. These items measured the impact of patient values 
and expectations on clinicians' decision-making, highlighted the 
importance of involving patients in decisions, and assessed the expec
tation for effective and inclusive communication, all of which can affect 
the adoption and use of technology. The items were adopted from pre
vious studies (e.g Venkatesh et al., 2003; Venkatesh, 2000).

AI Governance Climate (AIG) was operationalized by assessing in
dividuals’ perceptions of the availability and adequacy of technical and 
organizational infrastructure needed to support the effective use of 
machine learning and AI-based tools. İt was measured through 4 items 
that reflect the extent to which users believe that necessary resources, 
support systems, and compatibility are in place to enable smooth tech
nology adoption and use (Venkatesh et al., 2003, 2012).

Following the working definition adopted in this study, Re
sponsibility Conditions (RC) were assessed through items designed to 
capture perceptions of how accountability is shared among stakeholders 
involved in the use of AI in surgical settings (Byerly et al., 2021; 
Cobianchi et al., 2022; Venkatesh, 2022). Specifically, participants rated 
their agreement with statements regarding whether surgical re
sponsibilities should be shared with the manufacturers of AI tools, the 
data managers overseeing these technologies, and those responsible for 
their maintenance.

Behavioral Intentions (BI) were operationalized by measuring the 
strength of individuals' intentions and willingness to use AI-based tools 
in clinical decision-making. Grounded in established theories of 
behavior, such as those by Ajzen and Fishbein, (1977), Davis and Davis 
(1989), and Venkatesh et al. (2003), BI was assessed through items that 
capture both the current and future relevance of these technologies. 
These items collectively reflect the respondents’ commitment and 
readiness to adopt AI-driven tools in healthcare.

Each item likely used a Likert-type scale (e.g., from "strongly 
disagree" to "strongly agree") to gauge respondents’ perceptions of the 
performance benefits provided by these technologies.

Countries. These are control variables in the model. We created a set 
of dummy variables, one for each continent. The selected countries were 
located in Asia, Europe, South America, and North America.

3.6. Data analysis

Partial Least Squares Structural Equation Modeling (PLS-SEM) was 
utilized in this study given its effectiveness in handling complex models 
and data that deviate from normality. As a variance-based SEM 

Table 2 
Constructs and indicators of the study.

Construct Indicators

PE PE1: Machine learning and Artificial intelligence-based applications 
help in scouting and reviewing publications supporting clinical decision- 
making 
PE2: Machine learning and Artificial intelligence-based applications 
reduce the span of options and support clinical decision-making 
PE 3: Machine learning and Artificial intelligence-based applications 
support taking complex clinical decisions 
PE 4: Machine learning and Artificial intelligence-based applications 
help in evaluating/validating decisions I would take

PDC PDC1: It is often too complicated to form a complete list of all likely 
diagnoses, all life-threatening diagnoses, and all unlikely diagnoses that 
may be considered if the initial workup excludes other causes 
PDC2: It is often too complicated to recognize the strengths and 
limitations of available tests 
PDC3: How would you rate the following statement: Data are often 
incomplete when I have to make decisions

PCO PCO1: How would you rate the following statement: Understanding the 
patients preferences 
PCO2: How would you rate the following statement: Explaining to the 
patient that his/her opinion is important in making the decision 
PCO3: How would you rate the following statement: Giving information 
in more ways than only verbally (e.g., leaflet, website).

AIG AIG1: Data should be managed carefully when used in Machine learning 
and Artificial intelligence-based tools 
AIG2: Patients should know how the decision was made when Machine 
learning and Artificial intelligence-based tools are used 
AIG3: Non-technical skills should be adapted and changed if new 
technologies like AI are involved 
AIG4: Preserving patients privacy is fundamental when Machine 
learning and Artificial intelligence-based tools are used

RC RC1: How would you rate the following statement: Surgical 
responsibilities should be shared with the manufacturer of the 
technologies used in Machine learning and Artificial intelligence-based 
tools 
RC2: How would you rate the following statement: Surgical 
responsibilities should be shared with the data manager of Machine 
learning and Artificial intelligence-based tools 
RC3: How would you rate the following statement: Surgical 
responsibilities should be shared with those in charge of the 
maintenance of Machine learning and Artificial intelligence-based tools

BI BI1: Machine learning and Artificial intelligence-based tools will be 
critical for clinical decision making in a five-year horizon 
BI2: Machine learning and Artificial intelligence-based tools are relevant 
for today clinical decision making 
BI3: Digital technologies (e.g. artificial intelligence) support how I take 
clinical decisions 
BI4: Machine learning and Artificial intelligence facilitate clinical 
decision making
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technique, PLS-SEM is widely adopted for estimating path models, 
particularly in exploratory research settings. It operates as a regression- 
based method aimed at minimizing the residual variance in endogenous 
variables (Hair et al., 2011). The approach follows an iterative algorithm 
that seeks to maximize the explained variance within the model con
structs (Merli et al., 2019). Given that the dataset exhibited non-normal 
distribution, PLS-SEM was deemed appropriate, as it does not require 
normality assumptions (Hair et al., 2011). To assess the structural model 
and test the hypotheses, SmartPLS version 4.0 was employed. A boot
strapping procedure with 5000 resamples was conducted to estimate 
path coefficients and corresponding t-values, covering both direct and 
mediating effects.

4. Results

4.1. Evaluation of the outer measurement model

To establish the robustness of the measurement model, a thorough 
evaluation of its reliability and validity was conducted, following the 
guidelines proposed by Hair et al. (2011). Internal consistency was 
assessed using Cronbach's alpha and composite reliability, with both 
metrics exceeding the accepted threshold of 0.70, indicating satisfactory 
reliability across all constructs (see Table 3).

Convergent validity was evaluated through the Average Variance 
Extracted (AVE), with each construct demonstrating an AVE value above 
the recommended cutoff of 0.50, thereby confirming adequate conver
gence (Table 3). Discriminant validity was assessed using the Fornell- 
Larcker criterion (Table 4). As detailed in Table 4, the square root of 
each construct's AVE was greater than its correlations with other con
structs, supporting discriminant validity. Also Table 5 shows the 
Heterotrait-monotrait ratio (HTMT) – Matrix.

Given the reliance on self-reported data, additional steps were taken 
to mitigate the risk of common method bias. Harman's single-factor test 
was performed, and the results showed that the first factor accounted for 
less than 50% of the total variance, suggesting that common method 
variance is not a major concern. Further, inspection of the correlation 
matrix revealed no coefficients exceeding 0.900, offering additional 
assurance.

Model fit was assessed using the Standardized Root Mean Square 
Residual (SRMR), which yielded a value of 0.071—below the threshold 
of 0.080—indicating an acceptable fit for the measurement model. 
Additional model fit indicators are provided in Table 6. Moreover, all 
Variance Inflation Factor (VIF) (Table 7) values were within acceptable 
limits, alleviating concerns about multicollinearity. Finally, Table 8
shows the outer loading and Table 9 the.

These results collectively affirm the measurement model's reliability 
and validity, providing a solid foundation for subsequent hypothesis 
testing.

4.2. Assessment of the structural inner model

As previously mentioned, the structural model was assessed using 
PLS-SEM to test the hypothesized relationships. Results confirm the 
model's robustness and underscore the critical importance of ethical and 
professional accountability in influencing BI to adopt AI tools among surgeons.

Direct effects were examined first. The results of the analysis aimed 
to explore the direct effects of PE, PDC, SI, PCO and RC on BI are re
ported in Table 10, showing results for the direct hypothesis from H1 to 
H5, and H6a, H7a, H8a, and H9a. The first column outlines the tested 
relationships, while the second column identifies the associated hy
potheses. The third column indicates the support status for each hy
pothesis. The remaining columns report the original sample values, 
sample means, standard deviations, T-statistics, and p-values, providing 
the basis for assessing statistical significance, as reported in the 
following Table.

Results show that PE emerged as the strongest predictor of BI 

Table 3 
Construct reliability and validity.

Variable Cronbach's 
alpha

Composite reliability 
(rho_c)

Average variance 
extracted (AVE)

BI 0.759 0.847 0.581
EE 0.759 0.861 0.678
FC 0.731 0.820 0.532
PE 0.831 0.888 0.667
RC 0.934 0.958 0.884
SI 0.732 0.803 0.585

Table 4 
Fornell-Larcker criterion.

BI PDC AIG PE RC PCO

BI 0.762 ​ ​ ​ ​ ​
PDC 0.220 0.823 ​ ​ ​ ​
AIG 0.401 0.078 0.730 ​ ​ ​
PE 0.692 0.220 0.480 0.817 ​ ​
RC 0.289 0.273 0.233 0.276 0.940 ​
PCO 0.264 0.079 0.323 0.239 0.158 0.765

Table 5 
Heterotrait-monotrait ratio (HTMT) - Matrix.

BI PDC AIG PE RC PCO

BI ​ ​ ​ ​ ​ ​
PDC 0.293 ​ ​ ​ ​ ​
AIG 0.472 0.145 ​ ​ ​ ​
PE 0.862 0.284 0.578 ​ ​ ​
RC 0.342 0.311 0.258 0.314 ​ ​
PCO 0.274 0.139 0.489 0.277 0.112 ​

Table 6 
Model fits.

Model fit measures Value

SRMR 0.071
d_ULS 1.657
d_G 0.465
Chi-square 1876.400
NFI 0.762

Table 7 
VIF.

VIF

AIG1 1.745
AIG2 1.538
AIG3 1.114
AIG4 1.682
PCO1 1.513
PCO2 1.744
PCO3 1.339
RC1 3.554
RC2 4.545
RC3 4.059
PE1 1.566
PE2 1.957
PE3 2.812
PE4 2.960
BI1 1.569
BI2 1.741
BI3 1.394
BI4 1.473
PCD1 2.072
PDC2 2.130
PDC3 1.250
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(β = 0.607, p < 0.001), corroborating prior literature, which posits that 
clinicians are more inclined to adopt AI systems when they believe such 
tools will enhance their performance and clinical outcomes. RC also 
showed a robust and statistically significant direct effect on BI 
(β = 0.287, p < 0.001), validating its conceptual relevance in the 

surgical context. This finding highlights that ethical clarity and 
perceived accountability are not peripheral considerations, but central 
determinants of AI acceptance. The strength of this relationship suggests 
that when surgeons feel that responsibility is appropriately distributed 
and transparent, their intention to adopt AI increases considerably.

PCO significantly influenced BI (β = 0.082, p = 0.007), albeit with a 
smaller effect size. This suggests that peer and institutional endorsement 
plays a meaningful, though secondary, role in technology acceptance. In 
contrast, PDC and AIG demonstrated weaker and only marginally sig
nificant effects on BI (β = 0.054, p = 0.080 and β = 0.057, p = 0.128, 
respectively). These results suggest that while usability and infrastruc
ture support are necessary, they are not sufficient drivers of intention 
among surgical professionals unless accompanied by perceived re
sponsibility and performance outcomes.

RC positively influenced PE (β = 0.276, p < 0.001), PDC (β = 0.273, 
p < 0.001), PCO (β = 0.158, p < 0.001), and AIG (β = 0.233, p < 0.001). 
These results reinforce the theoretical proposition that perceptions of 
responsibility not only shape behavioral intention directly but also 
condition the extent to which other facilitators are perceived as credible 
and effective.

The mediating effects of PE, PDC, PCO and AIG on the relationship 
between RC and BI are reported in Table 11.

Interestingly, the mediation analysis provided additional insights 
into the mechanism through which responsibility influences intention. 
Specifically, PE mediated the relationship between RC and BI signifi
cantly (β = 0.168, p < 0.001), suggesting that when ethical and pro
fessional responsibility is clear, surgeons are more likely to view AI as a 
performance-enhancing tool, thereby reinforcing their intention to 
adopt it. SI also mediated the RC–BI path (β = 0.013, p = 0.025), though 
the effect was modest.

By contrast, PDC and AIG served as weaker mediators. The indirect 
effects via PDC (β = 0.015, p = 0.099) and FC (β = 0.013, p = 0.139) did 
not reach conventional levels of significance, indicating that while re
sponsibility improves perceptions of usability and infrastructural sup
port, these pathways contribute less to explaining variance in behavioral 
intention. This result may reflect the high cognitive and ethical stakes of 
surgical environments, where affective and normative concerns 
outweigh concerns about ease-of-use or logistical enablers.

5. Discussion

This study set out to explore how trauma and emergency surgeons 
perceive the adoption of AI-based decision-support tools in high-stakes 
clinical environments. Moving beyond a strict hypothesis-by- 
hypothesis interpretation, the discussion is organized thematically to 
highlight the study's central insights and their theoretical, managerial, 
and societal implications.

5.1. Ethical drivers of AI adoption: the central role of shared 
accountability

The most salient finding of this study concerns the role of shared 
accountability perceptions in shaping surgeons' intentions to adopt AI 
tools. Shared accountability emerged not only as a significant direct 
predictor of behavioral intention but also as a foundational belief that 
shapes how surgeons evaluate AI's performance potential.

This result substantiates the argument that AI adoption in surgery 
cannot be fully explained by instrumental considerations alone 
(Venkatesh, 2022). In high-stakes clinical work, where errors can have 
irreversible consequences, surgeons’ willingness to engage with AI is 
contingent on whether responsibility for AI-assisted decisions is 
perceived as appropriately distributed among clinicians, technology 
providers, and data managers. This extends existing technology adop
tion research by demonstrating that normative governance beliefs, 
rather than individual attitudes or perceived risks alone, play a decisive 
role in adoption decisions (Holzinger et al., 2020; van Wynsberghe, 

Table 8 
Outer loading.

Original 
sample (O)

Sample 
mean (M)

Standard 
deviation 
(STDEV)

T statistics (| 
O/STDEV|)

P 
values

FC1 <- 
FC

0.714 0.710 0.042 17.011 0.000

PCO1 <- 
PCO

0.601 0.590 0.086 7.021 0.000

FC2 <- 
FC

0.732 0.730 0.034 21.747 0.000

PCO2 <- 
PCO

0.704 0.694 0.070 10.080 0.000

PCO3 <- 
PCO

0.948 0.945 0.027 34.661 0.000

RC1 <- 
RC

0.927 0.926 0.009 103.954 0.000

RC2 <- 
RC

0.955 0.955 0.005 196.725 0.000

RC3 <- 
RC

0.939 0.939 0.009 102.049 0.000

AIG3 <- 
AIG

0.744 0.745 0.035 21.142 0.000

PE1 <- 
PE

0.701 0.701 0.027 25.622 0.000

PE2 <- 
PE

0.828 0.828 0.016 51.615 0.000

PE3 <- 
PE

0.855 0.855 0.012 71.793 0.000

PE4 <- 
PE

0.871 0.871 0.012 75.702 0.000

BI1 <- BI 0.762 0.762 0.021 36.512 0.000
BI2 <- BI 0.797 0.796 0.019 42.914 0.000
BI3 <- BI 0.712 0.711 0.027 26.201 0.000
BI4 <- BI 0.775 0.775 0.020 38.994 0.000
FC4<−

FC
0.728 0.725 0.036 19.974 0.000

PDC1 <- 
EE

0.889 0.887 0.016 55.392 0.000

PDC2 <- 
EE

0.904 0.903 0.015 59.951 0.000

PDC3 <- 
EE

0.653 0.650 0.048 13.581 0.000

Table 9 
Cross loading.

BI PDC AIG PE RC PCO

AIG1 0.163 0.061 0.714 0.279 0.139 0.185
AIG2 0.239 0.000 0.732 0.304 0.170 0.276
AIG3 0.417 0.123 0.744 0.435 0.219 0.201
AIG4 0.242 0.001 0.728 0.312 0.111 0.299
PCO1 0.102 0.023 0.303 0.131 0.011 0.601
PCO2 0.103 − 0.001 0.278 0.151 0.006 0.704
PCO3 0.287 0.096 0.264 0.235 0.200 0.948
RC1 0.244 0.226 0.208 0.245 0.927 0.137
RC2 0.311 0.266 0.247 0.292 0.955 0.174
RC3 0.254 0.276 0.198 0.236 0.939 0.131
PE1 0.447 0.183 0.372 0.701 0.226 0.222
PE2 0.559 0.260 0.351 0.828 0.287 0.195
PE3 0.632 0.160 0.405 0.855 0.208 0.169
PE4 0.604 0.121 0.441 0.871 0.186 0.206
BI1 0.762 0.033 0.390 0.583 0.148 0.152
BI2 0.797 0.103 0.266 0.499 0.210 0.145
BI3 0.712 0.327 0.188 0.477 0.273 0.162
BI4 0.775 0.219 0.359 0.540 0.255 0.333
PDC1 0.198 0.889 0.065 0.201 0.244 0.050
PDC2 0.195 0.904 0.012 0.177 0.272 0.042
PDC3 0.147 0.653 0.161 0.173 0.133 0.135
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2015).
Importantly, shared accountability perceptions differ conceptually 

from perceived risk, trust, or liability anxiety. While those constructs 
focus on outcome uncertainty or emotional responses to potential harm 
(Gupta et al., 2021; Russell et al., 2015) shared accountability captures 
surgeons’ beliefs about how responsibility should be allocated in 
socio-technical systems (Floridi et al., 2018). This normative orientation 
helps explain why surgeons may reject technically sophisticated AI tools 
if accountability arrangements remain ambiguous, even when perfor
mance benefits are evident.

Positioning shared accountability as an antecedent rather than a 
moderator is consistent with the view that accountability beliefs are pre- 
evaluative orientations that shape subsequent assessments of AI attri
butes (Venkatesh, 2022). Surgeons who endorse shared accountability 
are more likely to perceive AI as a governable extension of clinical 
practice rather than as an uncontrollable source of medico-legal expo
sure (Topol, 2019).

5.2. Technical performance as the primary instrumental driver

Consistent with prior technology adoption literature, performance 
expectancy emerged as the strongest predictor of behavioral intention. 
This finding reinforces the pragmatic orientation of surgeons, for whom 
AI adoption is ultimately justified by its capacity to improve diagnostic 
accuracy, clinical decision-making, and patient outcomes (Dwivedi 
et al., 2021; Loftus et al., 2021; Venkatesh et al., 2003).

However, the present study adds nuance by showing that perfor
mance evaluations are not independent of governance considerations. 
Shared accountability perceptions significantly influenced performance 
expectancy, suggesting that surgeons are more likely to recognize AI's 
clinical value when responsibility for AI-assisted decisions is clearly 
distributed. This aligns with prior work emphasizing that AI systems 
designed to preserve human oversight and allow validation or override 
are perceived as more useful and trustworthy (Jiang et al., 2017; Stanfill 
and Marc, 2019; Topol, 2019).

By contrast, perceived diagnostic complexity did not directly predict 
adoption intention. While AI has been widely proposed as a tool to 
manage diagnostic uncertainty and cognitive load (Loftus et al., 2020; 
O'sullivan and Schofield, 2018), the non-significant effect suggests that 
complexity is a structural feature of surgical work that surgeons already 
accept as inherent. In such contexts, AI is evaluated less as a response to 
complexity itself and more in terms of its ability to deliver reliable 
performance improvements within acceptable accountability 
frameworks.

5.3. Governance climate and social dynamics: necessary but not sufficient

The responsible AI governance climate did not exert a significant 
direct effect on behavioral intention. This result should not be inter
preted as evidence that governance is unimportant. Rather, it suggests 
that ethical and regulatory expectations function as background 
enabling conditions rather than primary motivators of adoption.

Prior research emphasizes that data governance, transparency, 
explainability, and cybersecurity are critical for safe AI deployment in 
healthcare (Esteva et al., 2019; Garcia-Perez et al., 2023; Rieke et al., 
2020). However, in high-stakes clinical environments, surgeons may 
assume that such safeguards should already be in place as prerequisites 
for deployment, rather than viewing them as drivers of individual 
adoption decisions. This interpretation is consistent with findings that 
performance considerations tend to dominate adoption judgments under 
time pressure and clinical risk (Loftus et al., 2021; Venkatesh, 2022).

Similarly, patient-centered communication orientation exhibited 
only a modest relationship with adoption intention. While patient 
engagement and shared decision-making are well-established profes
sional values in surgery (Cobianchi et al., 2023; Yu et al., 2018), they 
appear secondary to concerns about performance and accountability 
when surgeons evaluate AI tools. In emergency and trauma settings, 
where decisions are often made under severe time constraints, 
communicative considerations may be subordinated to medico-legal 
responsibility and outcome reliability (Loftus et al., 2020; De Simone 
et al., 2021).

5.4. Implications for sustainable healthcare and institutional integrity

The findings have direct implications for sustainable healthcare 
systems. By reducing accountability ambiguity, shared accountability 
frameworks may lower barriers to AI adoption, indirectly supporting 
SDG 3 by enabling safer and more effective clinical decision-making (Dal 
Mas et al., 2023; Sulaieva et al., 2024).

More importantly, this study offers a concrete contribution to SDG 16 
by identifying accountability clarity as a micro-foundation of institu
tional integrity in AI-enabled healthcare. Clear accountability regimes 
enable auditability of AI-assisted decisions, support due process by 
clarifying how decisions are made and contested, and foster institutional 
trust among clinicians, patients, and regulators (Floridi et al., 2018; van 
Wynsberghe, 2021).

In this sense, shared accountability perceptions translate abstract 
governance principles into operational conditions shaping AI adoption 
at the clinical level, reinforcing the role of strong institutions in 

Table 10 
Total effects.

Relationship Hypothesis Original sample (O) Sample mean (M) Standard deviation (STDEV) T statistics (|O/STDEV|) P values

PE - > BI H1 0.607 0.607 0.032 18.981 0.000
PDC - > BI H2 0.054 0.056 0.031 1.751 0.080
PCO- > BI H3 0.082 0.083 0.030 2.701 0.007
AIG - > BI H4 0.057 0.058 0.037 1.521 0.128
RC - > BI H5 0.287 0.288 0.039 7.345 0.000
RC - > PE H6a 0.276 0.277 0.040 6.897 0.000
RC - > PDC H7a 0.273 0.275 0.038 7.124 0.000
RC - > PCO H8a 0.158 0.161 0.039 4.011 0.000
RC - > AIG H9a 0.233 0.235 0.037 6.223 0.000

Table 11 
Specific indirect effects.

Hypothesis Original sample (O) Sample mean (M) Standard deviation (STDEV) T statistics (|O/STDEV|) P values

RC - > PE - > BI H6b 0.168 0.168 0.026 6.436 0.000
RC - > PDC - > BI H7b 0.015 0.015 0.009 1.652 0.099
RC - > PCO - > BI H8b 0.013 0.013 0.006 2.246 0.025
RC - > AIG - > BI H9b 0.013 0.014 0.009 1.480 0.139
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managing emerging technologies within healthcare systems.

5.5. Managerial implications

Beyond its theoretical contributions, this study yields practical im
plications for healthcare leaders, policymakers, and technology de
velopers. First, AI implementation strategies should be designed with 
explicit ethical governance mechanisms that delineate responsibilities 
across clinical, technical, and institutional domains. Second, in
vestments in training and infrastructure must be accompanied by 
communication strategies that reinforce shared responsibility, thereby 
fostering trust and reducing ambiguity.

For developers, this means designing systems that allow for human 
oversight, transparency in decision-making logic, and user input. For 
institutions, it entails establishing policies for explainability, data pro
tection, and liability management that are aligned with the expectations 
and ethical frameworks of clinical practice. Finally, for policymakers 
and regulators, our findings suggest the importance of legislative clarity 
on AI accountability, particularly in fields like surgery, where autonomy 
and risk converge.

6. Conclusions

AI has the potential to revolutionize decision-making in the health
care system, especially in trauma and emergency surgery, by offering 
significant benefits such as improved diagnostics, enhanced clinical 
outcomes, and greater operational efficiency (Loftus et al., 2020; Raj
purkar et al., 2022; Secinaro et al., 2021). This study contributes to the 
growing literature on AI adoption in healthcare by offering an empiri
cally grounded, context-sensitive analysis of surgeons’ adoption in
tentions in trauma and emergency settings. Rather than testing the 
UTAUT model per se, the study advances an exploratory framework 
informed by UTAUT principles but adapted to the ethical and organi
zational realities of high-stakes clinical work.

The findings demonstrate that shared accountability perceptions and 
performance expectancy are the primary drivers of AI adoption in
tentions among surgeons. Accountability emerges not merely as a legal 
or ethical afterthought but as a central governance condition that shapes 
how technological benefits are perceived and evaluated. By contrast, 
diagnostic complexity and governance climate, while important 
contextual factors, do not directly motivate adoption decisions.

From a theoretical perspective, this study extends technology 
adoption research by foregrounding normative governance beliefs as 
antecedents of technology evaluation in socio-technical systems char
acterized by distributed agency. It underscores the need to move beyond 
individual-level acceptance models when studying AI adoption in pro
fessional domains where responsibility cannot be singularly assigned.

From a managerial and policy perspective, the results suggest that 
accelerating responsible AI adoption in surgery requires more than 
technical validation. Clinical leaders and policymakers should prioritize 
the design of explicit accountability protocols that delineate the roles of 
surgeons, institutions, technology developers, and data managers. 
Aligning such protocols with regulatory frameworks, such as GDPR 
transparency obligations, emerging AI governance regimes, and medical 
device regulations, can enhance institutional trust and adoption 
readiness.

This study has limitations. The cross-sectional design restricts causal 
inference, the sample is geographically skewed toward European and 
American contexts, and the accountability construct captures normative 
preferences rather than perceived accountability clarity or liability 
anxiety. Future research should develop richer, multidimensional 
accountability measures and examine how legal and cultural contexts 
moderate AI adoption dynamics.

In conclusion, AI adoption in surgery is not solely a question of 
technological capability. It is fundamentally a question of governance. 
Clarifying who is accountable when humans and algorithms jointly 

shape clinical decisions may be the decisive factor in realizing AI's po
tential for sustainable, trustworthy healthcare systems.
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