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ABSTRACT

This mixed-methods study investigates the adoption of generative Al among orthopaedic sur-
geons, employing a Unified Theory of Acceptance and Use of Technology (UTAUT) based survey
(n=177) and follow-up interviews (n = 7). The research reveals varying levels of Al familiarity and
usage patterns, with higher adoption in research and professional development compared to
direct patient care. A significant generational divide in perceived ease of use highlights the need
for tailored training approaches. Qualitative insights uncover barriers to adoption, including the
need for more evidence-based support, as well as concerns about maintaining critical thinking
skills. The study exposes a complex interplay of individual, technological, and organisational
factors influencing Al adoption in orthopaedic surgery. The findings underscore the need for
a nuanced approach to Al integration that considers the unique aspects of orthopaedic surgery
and the diverse perspectives of surgeons at different career stages. This provides valuable
insights for educational institutions and healthcare organisations in navigating the challenges
and opportunities of Al adoption in specialised medical fields.
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Introduction & Context

The rapid advancement of artificial intelligence (AI)
technologies, particularly large language models
(LLMs) and generative Al is poised to transform
healthcare, including orthopaedic surgery.

Generative Al represents a paradigm shift from pre-
vious Al systems, demonstrating capabilities that include
creating novel content, performing knowledge assessments
at a level comparable to that of medical residents, and
automating clinical workflows [1,2]. These advancements
promise to alleviate administrative burdens on clinicians,
potentially allowing more time for patient care [3].
However, integrating Al into clinical practice presents
complex challenges, including ethical considerations, reg-
ulatory uncertainties, and concerns about patient trust and
care quality [4,5]. Recent studies have highlighted the
potential benefits and barriers to Al adoption in healthcare
settings [6,7]. Additionally, Henning et al. [8] emphasise
the urgent need to include advanced digital skills in med-
ical education, including CME, to address the growing gap
between technological advancements and healthcare pro-
fessionals’ preparedness.

The field of orthopaedic surgery presents a unique
context for studying AI adoption. Faced with

workforce shortages and the imperative for evidence-
based practice, orthopaedic surgeons are navigating the
potential benefits and risks of integrating AI into their
workflows [9,10]. Understanding how these profes-
sionals perceive and adopt Al technologies is crucial
for developing effective strategies to enhance surgical
outcomes, improve efficiency, and maintain high stan-
dards of patient care. Studies by Giorgino et al. [11]
and Cuthbert & Simpson [12] have begun to explore
the implications of generative Al in orthopaedic prac-
tice, highlighting both the transformative potential and
the implementation challenges.

As Al evolves, questions arise about its impact on
medical education and clinical decision-making.
There is a pressing need to explore whether Al
enhances learning and practice or risks undermining
the acquisition of critical thinking skills essential for
high-stakes medical decisions [13,14]. This research
aims to shed light on the current state of AI adop-
tion in orthopaedic surgery, providing insights to
inform better the development of continuing medical
education (CME) and continuing professional devel-
opment (CPD) programmes.
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2 (& M.SCHMIDT ET AL.
This work addressed specifically these questions:

e What is the current level of familiarity with and
usage of different types of AI among orthopaedic
surgeons

e What are the barriers to adopting this technology?

Methods

This study employed a mixed methods approach to
explore the adoption of generative AI among ortho-
paedic surgeons within the AO Foundation Network,
which comprises over 20,000 orthopaedic surgeons
globally. This methodology aligns with recommenda-
tions by Venkatesh et al. [15] for studying complex
phenomena in emerging technological domains.

Participants and Recruitment

Purposive sampling was used to select participants,
ensuring the inclusion of surgeons actively using or
considering generative AI and those in the early stages
of exploration. Recruitment strategies involved distri-
buting flyers at AO Davos courses (n=40), AO sub-
speciality newsletters (n = 52), posts in faculty networks
at the University of Pennsylvania Medical School and
the University of Rochester Medical School, and ortho-
paedic interest groups on LinkedIn, Reddit, and
Facebook (n = 85).

Data Collection

Data was collected from November 2023 to
March 2024 utilising a survey based on the Unified
Theory of Acceptance and Use of Technology
(UTAUT) framework [16]. The survey employed
a 7-point Likert scale (1 =strongly disagree, 7=
strongly agree) to capture nuanced responses.

We collected 177 qualified responses, with 82 parti-
cipants opting in for follow-up interviews. Due to
resource constraints, only seven in-depth interviews
were conducted, following the guidelines of Creswell
and Creswell [17] for qualitative sampling in mixed
methods research.

Data Analysis

Data analysis involved descriptive and exploratory
inferential statistics [18] using Python scripts. The
qualitative phase employed thematic analysis of inter-
view data to provide context and depth to the

quantitative findings [19], mainly focusing on barriers
to adoption and the practical use of generative Al

Ethical Approval

The Study Adhered to IRB Protocol #854794 from the
University of Pennsylvania and was Preregistered on
Aspredicted.Org (Protocol #153425).

Results

The study aimed to assess orthopaedic surgeons’ famil-
iarity with and adoption of AI technologies. Among the
177 orthopaedic surgeons who fully completed the
survey, 87% were male, 12.4% were female, and 0.5%
did not specify it. The sample represented various age
groups (range 18-74) and geographies (Europe 35.6%,
Asia 26.5%, North America 18.5%, South America
11.8%, Africa 4.5%, and Oceania 2.8%) from 56 differ-
ent countries.

Surgeons were primarily familiar with artificial intel-
ligence in general (mean = 3.58, SD = 1.65), followed by
machine learning (mean =3.43, SD =1.65) (Figure 1).
Generative Al and large language models showed lower
familiarity levels (mean =3.14, SD =1.69 and mean =
3.26, SD=1.71, respectively) (Figure 1), suggesting
a potential knowledge gap in these more recent Al
technologies.

To gain further insights into surgeons’ understand-
ing of generative AI, the survey included an open-

Familiarity with Al types

Notfamiliar ~ EXfremely
Standard
1 2 3 4 5 67 Mean Deviation

Artificial intelligence [REJFZA3 ﬁ 19% 21% ? 3.58 1.65
Machine learning [P AV m 18% 18% ? 3.43 1.65
. 12%.
Deep learning PARCREVALY 18% 3.07 1.64
. 11%
Generative Al 23% | 18% 23% 3.14 1.69
Large language

models (GPT-3 etc.) 19% | 20% (8% PRl e L

Figure 1. Familiarity with Al technologies. Self-reported famil-
iarity with different Al technologies (7-point likert scale: 1T — not
familiar at all, 7 — extremely familiar), n=177.



ended question asking respondents to define generative
Al in their own words. A thematic analysis of the
responses revealed that 33.3% provided focused defini-
tions (Figure 2) aligning with generative AI's core
capabilities of creating novel content based on learned
patterns [20], and 13.9% classified it as a subset of AL
Notably, 20.9% offered vague descriptions, and 9.3%
expressed unfamiliarity (Figure 2), indicating
a significant variance in understanding this emerging
technology among orthopaedic professionals.

We then analysed the self-reported usage of genera-
tive Al across clinical workflows (Figure 3). The high-
est usage was reported in clinical research (mean=
3.03, SD =2.00) and professional development (mean
=2.73, SD = 1.83), with 14% and 9% of surgeons using
these applications weekly, respectively. In contrast, sur-
geons showed limited adoption of generative AI in
direct patient care activities, with intra-operative assis-
tance being the lowest (mean=1.88, SD =1.71), with
71% of surgeons never using it in this context. Pre-
consultation and treatment planning showed moderate
adoption (mean = 2.14, SD = 1.78 and mean = 2.16, SD
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=1.76, respectively). The adoption of generative Al was
relatively low among surgeons with significantly higher
use for treatment planning, post-operative care mon-
itoring, and professional development in the younger
age groups.

We additionally analysed effort expectancy, which
refers to the perceived ease of technology use across
age groups using a one-way ANOVA (Figure 4).
Residuals were normally distributed and there were
neither outliers nor variance heterogeneity. We found
a significant main effect (F(4,172) = 4.51, p =0.002, |‘|2
=0.095) and conducted Tukey’s post-hoc tests, correct-
ing for multiple testing, which revealed that the young-
est age group showed significantly higher -effort
expectancy than the two oldest age groups (56-65
and > 65) (Figure 4). All other comparisons were not
significant (all adjusted p>0.05). This indicates that
younger surgeons perceived generative Al as easier to
use than their more senior counterparts, suggesting
a potential generational gap in technology adoption
that might need to be addressed in future training
initiatives.

Conceptual understanding of Generative Al

Major categories Exemplary quotes n %
T 5 \"/ fi
[ Al's ability to generate Generative Al is a type of artificial intelligence that can
Focused GenAl v Gontont: stichias generate new content, including text, images, and code,
definition text, images, videos, or based on learned patterns and data. 43 33.3%
L animations | “Althat can develop text or images according to a model”
“Artificial intelligence is essentially a machine created by
Classification as subset humans to aid the human brain in analyzing several
of :IS' IGO0 88 $COSe information almost at the speed of light” 18 13.9%
| “Altool which helps you to make decisions”
General Al
2 sy Al analyzing data “Taking large data bases and extracting trends from it" 5 3.8%
definition L l 979 g . ?
“The use of data to create models for thinking through the
problems”
Al learning from data 12 9.3%
“Important tool in healthcare allowing to generate
L predictive models of disease and their management”
[ “A technology that can create new, innovative solutions in
healthcare. It holds potential for advancements in medical
Remarks on diagnostics, treatment planning, and personalized patient 12 0.3%
revolutionary aspects care.” e
Potentials, | “Decrease burden on health care system and workers”
Cha"?nges_and | “PC generated answers to questions”
limitations Vague descriptions 27 20.9%
| “Future”
Expressed unfamiliarity | 1 cannot define it 12 0.3%
. . o
_ withgend) | "Noidea”
Total 129 100.0%

Figure 2. Conceptions of generative Al. Thematic analysis of an open-ended question asking respondents to define generative Al in

their own words. N =129.
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Usage of GenAl across clinical workflows

Il Never [l < Once amonth [l Once a month 2-3x per month Weekly Several times per week [l Daily Mean gte?/?:t?c:i
Preconsutaton | S NN A 6 2 204 17
During Consulation o 4 194 158
Diagnosic I S RN 5% S 197 168
Treatment lanning somCSIEENER 216 176
Preoperative Planning | I T 7% 7% 2.22 1.83
Intr-operative Assistance | S I (L 1% 4% 0K 166 177
Postoperative monitoring || G T o 5% 2.02 1.71
Renabilteton | S N - 5 7 198 170
Clinical Research || INNNEEEEEEE I T 1% 14% 2 B3 303 2.00
Professional Development 15% 9% B 273 1.83

Figure 3. Self-reported usage frequency of generative Al. How frequent do you use generative Al tools in the following aspects of

your clinical workflow? N=177.

p = 0.009

p =0.011

g

Effort expentancy score
S

<35 36-45

46-55 56-65 >65

Age Group

Figure 4. Distribution of effort expectancy across age groups. Comparative analysis of the effort expectancy averaging three
statements: “| believe that generative Al is easy to use”, “learning to operate generative Al will be easy for me”, and “interacting
with generative Al will be clear and understandable” (7-point likert scale: 1 — strongly disagree to 7 — strongly agree). N=177.

P-values show the significant pairwise comparisons with tukey-hsd.

The thematic analysis of the interviews provided
insights into applications of generative Al in practice
and highlighted its potential in clinical use cases, edu-
cation enhancement, and improving patient communi-
cation (Figure 5). Surgeons reported using generative
Al to create case studies, personalise learning experi-
ences, and generate more empathetic patient commu-
nications. The thematic analysis strongly emphasised
ATs role in automating administrative tasks and
enhancing educational content, aligning with the

quantitative findings of higher adoption in research
and professional development contexts.

The barriers to the adoption of generative AI were
multifaceted (Figure 6), including systemic and institu-
tional barriers, technological limitations, and concerns
about patient acceptance and trust. Surgeons high-
lighted challenges such as managerial focus on finan-
cial constraints over innovation, regulatory
uncertainties, and the need for reliable information
validation. The qualitative data also revealed concerns



Second order theme

Use Cases

| in Medical
ctice

First order concept
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Exemplary Quotes

Data and case creation

“We're using it. | mean, we're not using in real patient data. We're just creating the cases. We want
to bring it as, as, as fast as possible into the everyday clinical practice because it gives us time back
to spend with, with patients instead of in front of the computer.”

Improvement of patient
communication

“Most of the surgeons who then evaluated both documentéd, noted that the report, like the outputs
from the GPT, were much more emphatic and more human-like than the actual human document.”

Impact demonstration

“I think what would really help is some practical sort of, uh, examples, uh, and, and really showing

how Al has a direct impact on education and or patient care. You know, where is it really? How are
people using it? As. A a integral part of what they're doing to deliver care or de-liver education one
or the other.”.”

Personalization of learning

“Educational courses that custom tailor your learning experience with Al would be beneficial, so
they can identify more what the gaps, opportunities but also struggles are. And they bring out like
more targeted questions or more targeted content for you.”

Automated instructional
design

“We have, tried using it for, generating together a lesson plan for, teaching about tibia fractures and
that turned out well.”

Figure 5. Applications of generative Al in practice. Thematic analysis of interview transcripts. N=7.

Second order theme

ic and
nal barriers

acceptance
trust

First order concept

Exemplary Quotes

Influence of leadership and
financial constraints

“If you have medical center leadership who doesn't appreciate the potential, they're just looking at
the bottom line, they're always looking for the cheapest options. So, we always get the second- or
third-rate version of whatever's out there. | think that could hinder adoption and progress.”

Regulatory and legal
uncertainties

“Regulation is not really clear ... the legal aspect of the medical practice applying all this
technological aspects is kind of murky.”

Digitalization of
administration

“When | was a medical student, we were doing everything with paper, it seemed that doctors were
not spending so much time charting ... Now it's, for every hour that you spend on the patient, you're
spending two hours charting or doing administrative tasks, which is quite the opposite of what
medicine is about. So, it's a bit sad.”

Role of Al in filtering reliable
Information

| “The Al is back checking that information. Actually, that data is rubbish. Ignore it."

Challenges in engaging
surgeons with Al tools

“The chief medical information officer... vets a lot of these projects... but it definitely requires some
copy and pasting like the average orthopedic surgeon is not going to do that.”

Trust development through
quality information and
expectation management

| “Trust is based on... an appreciation of the information that's gone into that decision.”

Validation of output

difference from GPT to stay confident that it's the response.”

Figure 6. Barriers of generative Al adoption. Thematic analysis of interview transcripts. N=7.

about the potential overreliance on Al and the impor-
tance of maintaining critical thinking skills in medical
practice.

These findings paint a complex picture of generative
Al adoption in orthopaedic surgery, revealing potential
benefits and significant challenges.

Discussion [500]

This study assessed the familiarity and adoption of Al
technologies among orthopaedic surgeons. While surgeons
recognise the potential of Al technology, particularly in
research and education, practical implementation in clin-
ical settings still needs to be improved. The analysis of effort
expectancy revealed a generational gap, with younger sur-
geons perceiving generative Al as easier to use than their

more senior counterparts. Barriers to adoption were multi-
faceted, including systemic, technological, and patient
acceptance challenges. Concerns about overreliance on Al
and maintaining critical thinking skills were also men-
tioned. These results underscore the need for targeted
CME/CPD educational initiatives and institutional support
to bridge the knowledge gap and facilitate more widespread
adoption of generative Al in orthopaedic practice.

The observed variance in perceptions of ease of use
between older and younger surgeons is particularly note-
worthy, as it highlights a generational divide in technology
acceptance that could significantly impact the integration
of Al tools in clinical practice. Younger surgeons show
a greater willingness to use Al in treatment planning, post-
operative care monitoring, and professional development,
reflecting their adaptability and openness to leveraging
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new technologies. This presents challenges and opportu-
nities and suggests that traditional approaches to technol-
ogy training in medical education may need to be re-
evaluated. The concept of reverse mentoring, where
youngersurgeons with greater technological affinity guide
their more senior colleagues in navigating new technolo-
gies, could be a valuable strategy to address the immediate
need for technology adoption and to foster intergenera-
tional learning and collaboration, potentially enhancing
overall surgical practice [21].

The qualitative insights around barriers to adoption and
actual use cases provide crucial context for understanding
the slow pace of integration of generative Al in direct
patient care. The emphasis on evidence-based practice in
surgery creates a high bar for implementing new technol-
ogies. As noted by Greenhalgh et al. [22], adopting innova-
tions in healthcare organisations is a complex process
influenced by multiple factors, including the perceived
benefits and risks of the innovation. In the case of gen-
erative Al the lack of robust clinical evidence supporting
its efficacy in improving patient outcomes may be
a significant barrier to adoption, particularly among
more senior surgeons.

The concept of “human-in-the-
loop”, i.e. the integration of human oversight in AI gen-
erative processes, emerges as a critical factor in the poten-
tial adoption of Al technologies in the operating room.
This aligns with the work of Hemmer et al. [13], who
emphasised the importance of maintaining human over-
sight and decision-making in Al-assisted healthcare. The
integration of Al should aim to augment rather than
replace human expertise, particularly in tasks requiring
complex judgement and psychomotor skills that are cur-
rently beyond the capabilities of AI systems.

The differential appetites for generative AI usage
among surgeons at various career stages present intri-
guing implications for professional development and
workflow optimisation. Younger surgeons show an
inclination to apply Al for research and professional
development, which aligns with the findings of Cheng
et al. [6], who noted the potential of Al in enhancing
medical education and research. Conversely, the inter-
est of older surgeons in workflow automation suggests
a pathway for Al integration that focuses on reducing
administrative burdens, potentially allowing more time
for patient care. The findings that older surgeons use
AT less frequently for treatment planning and post-
operative monitoring suggest that tailored support
and training could enhance their engagement with
these technologies for more steps in the clinical
workflow.

However, the challenges in leveraging Al for CPD
among highly experienced surgeons represent

a significant limitation of current AI applications.
This echoes the findings of Esmaeilzadeh [4], who
highlighted the importance of tailoring AI solutions
to healthcare professionals’ specific needs and expertise
levels. Future research should explore how AI can be
leveraged to enhance the learning and development of
surgeons across all experience levels, perhaps by focus-
ing on rare case presentations or emerging surgical
techniques.

This study’s findings underscore the need for
a nuanced, multifaceted approach to integrating gen-
erative Al in orthopaedic surgery. While the technol-
ogy shows promise in research and administrative task
automation, its adoption in direct patient care still
needs to be improved. This suggests that future devel-
opment and implementation strategies should focus on
creating Al tools that demonstrably enhance surgical
outcomes and integrate seamlessly into existing work-
flows while recognizing the imperative of human
expertise and judgementin surgical effective practice.

Limitations

Although substantial for a specialised field like
orthopaedic surgery, the sample size may limit gen-
eralisability. In addition, in this study there is the
possibility of selection bias, as participants were
drawn mainly from internet-based special interest
groups. This may have resulted in a sample skewed
towards individuals who are more technologically
inclined, and therefore not fully representative of
the broader surgical community. Therefore, it is
important to acknowledge that the results may reflect
the perspectives of a subgroup of surgeons with a
higher technological affinity. The rapid evolution of
Al technologies during data collection could affect
the currency of some findings. Additionally, the self-
reported nature of usage data and potential self-
selection bias in participant recruitment may influ-
ence results [23,24].

Conclusion

The findings from this study offer valuable insights
that could inform development of CME and CPD
programmes in orthopaedic surgery. While the
small sample may represent the perspectives of
a subgroup of surgeons with a higher technological
affinity, the identified generational gap in AI adop-
tion highlights the need for targeted educational
initiatives that address both the enthusiasm of
younger surgeons and the apprehensions of their
more experienced counterparts. Continued research



is necessary to address the challenges of Al integra-
tion and leverage its potential to enhance orthopae-
dic surgical practice and education.
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