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Abstract. This paper investigates healthcare policymakers' and professionals'
perceptions of Artificial Intelligence (AI) Machine Learning (ML) Decision Tree
Models and their potential effects on clinical work processes. Semi-structured
interviews with Dutch participants revealed nine key themes and 16 subthemes.
Findings indicate that Al models are seen as supportive tools that can enhance care
quality by automating repetitive tasks, freeing up time for patient-centred care.
However, there is scepticism about significant time savings and increased patient
turnover. Both groups emphasise the need for seamless integration with existing
systems and comprehensive training to mitigate risks and improve adoption.
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1. Introduction

Rapid developments in Artificial Intelligence (AI) have prompted the European Union
(EU) to regulate its use. The European Parliament deems Al in healthcare as high risk,
allowing its implementation under EU product safety legislation. There has been growing
recognition that advanced Al-based health technology could be highly valuable for
healthcare [1-5]. Expectations are particularly high for their potential to reduce
administrative burdens and increase diagnostical accuracy for healthcare professionals
[6,7]. However, it remains unclear how healthcare professionals perceive the optimal role
of Al in clinical care, specifically decision tree based Machine Learning (ML) models
(e.g. XGBoost for diagnostic support, regression trees for readmission risk prediction)
and their potential benefits, risks, and implications for workflow and acceptance [8].
Addressing a potential gap between policymakers expectations versus perceived
potential impact on work processes from health professionals’ perspective may aid in
aligning successful governance structures for implementation practices to increasing
trust, essential for successful system adoption [9]. This paper therefore investigates the
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perspectives of healthcare policymakers' expectations of Al-based health technology,
scoped to ai/base health technology based on decision trees and ML models, compared
to healthcare professionals’ perception on potential effects of these ai-based technologies
(e.g. time saved, higher workload, lowered caution, reduced skill) and expectations on

impact on their clinical work processes.

2. Methods

Using individual qualitative semi-structured interviews to explore
healthcare professionals’ and policymakers’ perspectives on
factors influencing adoption, challenges, and potential benefits. A
rapid review in April 2025 of studies from the last 10 years in
PubMed, Google Scholar, ResearchGate, and IEEE Xplore was
used to inform the interview guide, focusing the expected role and
effects of Al ML Decision Tree Models on clinical practice.
Studies were excluded if they did not concern ML or Al, focused
solely on patient expectations, or involved cost-benefit analysis.
A table of the included studies can be found via:
https://doi.org/10.6084/m9.figshare.30489710.v1

The interview guide was structured according to the Unified

Participant
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Familiarity
with ML AT

Perceived
Usefullness (PU)

Perceived
Ease of use (PEU)

influence on own
perceptions

Perceived social }

Theory of Acceptance and Use of Technology (UTAUT), with {
sections covering participant background, familiarity with AI/MI,
Perceived Usefulness (PU), Perceived Ease of Use (PEU), and
perceived Social Influence, followed by a closing reflection of
the participant (figure 1) [10, 11]. Participants were sampled to
represent diverse expertise and specializations, excluding
extramural healthcare providers and policymakers not involved in healthcare
innovations; participants had varied experience with Decision Trees depending on
employer and specialization. Policymakers were identified via articles, blogs,
professional affiliations, colleague recommendations. Healthcare professionals were
identified via hospital websites, articles, familiarity. Snowball sampling was used to
identify additional interviewees [12]. Participants were contacted via personalized emails
and recruitment continued until data saturation. Ethics approval was obtained from
Amsterdam UMC. Interviews were conducted face-to-face or via video call, audio-
recorded with consent, and encrypted. Interviews lasted on average 25 minutes (range
13-45 minutes). Transcription were produced manually and with the Amberscript,
checked for accuracy, and pseudonymized. Data was analysed using a thematic analysis
following the Braun & Clarke’s six-step approach [13].

Closing
reflections

Fig 1. Interview method

3. Results

Rapid review

The rapid review of studies concerning the expected role and effects of Al ML in clinical
practice revealed 594 studies, with 35 included in the final review based on the eligibility
criteria. The literature highlighted several key themes. Concerns about the security of
patient data and privacy were prevalent, emphasizing the need for proper regulation and
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validation of Al systems in healthcare. There were fears that Al systems might provide
advice without proper user understanding, potentially lowering medical expertise, a
phenomenon otherwise known as deskilling. Healthcare professionals argued that Al
systems could not replace human connections and that empathy was essential in-patient
care. Al is expected to aid in increasing diagnosis accuracy and speed, remaining
consistent and unburdened by fatigue or personal factors. Additionally, Al could
Sfacilitate personalized patient care paths, improving outcomes and saving costs.
Expectations for Al to reduce workload are mixed, depending on the healthcare
professional's discipline. Al systems are seen as essential for addressing the needs of an
aging population, limited resources, and healthcare personnel shortages. There is an
emphasis on the need for interdisciplinary collaboration to ensure Al products meet
end-user needs.

Interviews

For the interviews data saturation was reached with 23 Dutch respondents interviewed;
with 15 healthcare professionals and 8 policymakers, resulting in 1977 codes categorized
into 47 components and 16 sub-themes, of which nine health professional related themes
and seven policy maker themes (see bold text in paragrap below).

Dutch healthcare professionals expressed skepticism about time allocation, with
Al saving significant time, noting any time saved would likely be measured in seconds
rather than minutes. They preferred using saved time for more patient interaction on
complex cases. Professionals in fields like pathology and radiology anticipated Al-driven
efficiencies reducing menial tasks, enhancing case complexity and alleviating frustration.
Conversely, those in consultation-oriented fields were unconvinced about time-saving
potential, suggesting new AI systems might require additional effort. In general, Dutch
healthcare professionals preferred Al systems integrated within existing systems rather
than standalone applications. They envisioned Al to be most usefull in a supportive role
in decision-making, aiding in knowledge gaps and enhancing patient care. Their concerns
included the User eXperience in understanding Al systems’ workings, implementation
challenges relating to potential biases in training data and data quality, and the need for
validation. A healthcare professional from a regional hospital noted that their current
system is unable to accommodate the full digital storage of medical images. Thus,
training these models on local data would be difficult or impossible. They mentioned
social infuence and the need for peer encouragement. Some advocate for Al systems to
explain their reasoning due to a lack of transparency on what data the system uses, while
others found this feature redundant. Concerns about reduced medical capability due to
over-reliance on Al were noted (deskilling), reiterating the need for proper training.
Older professionals stressed comprehensive training for effective use of Al systems.

Policymakers embraced a more positive view expecting Al technologies to
improve patient care, by enhancing diagnostic accuracy and decision-making. However,
they were divided on whether Al efficiencies should improve care quality or patient
turnover, relating to resources’, ‘return on investment” and improving care capacity.
Policymakers highlighted the potential of Al to reduce workload related to
administrative burdens, allowing more focus on patient care. They emphasized rigorous
validation for reliable and accurate Al-based technology working and foundational 47
education to improve adoption with specific focus on integrating Al early into medical
training to improve Al literacy and awareness. Policymakers discussed the changing
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position of the atonomy of the healthcare professional due to the advices or risk
predictions given by the Al-based-health technology.

When analyzing both views, healthcare professionals saw Al-based health technology to
improve current healthcare system without drastic changes to workflows or saving
significant time. They preferred using Al to enhance patient care quality rather than
quantity. Both groups had a similar view on the need for seamless integration of Al
models into existing electronic health systems and intuitive Human Centered Design
(HCD) for effective implementation. Concerns about over-reliance on Al systems
highlight the necessity for proper training and education. Policymakers emphasized
rigorous validation and foundational Al education, while healthcare professionals
stressed the importance of training to wisely interpret Al-generated advice.

4. Discussion & Conclusion

This study assessed the perceptions of healthcare professionals and policymakers on Al
ML Decision Tree Based health technology. A novel insight from the interviews, is that
policymakers are generally more optimistic about the potential implementation of Al
than the more reserved healthcare professionals. This divergence in view emphasizes the
need for policymakers to more actively involve healthcare professionals in the design,
selection, and implementation of Al-based health technologies. Though both
Policymakers and healthcare professionals viewed similar benefits of Al in reducing
cognitive burden and improving clinical practice, they both stress the necessity and
complexity of integrating Al tools within current electronic health systems and the
importance of training healthcare professionals early, to maximize advantages. Concerns
addressed over-reliance, reliability and accuracy of the underlying Al models, specificly
how the vast amounts of data within current electronic health records are unfit for use in
Al ML [14]. This is relevant for clinics without systems suited to the region's patient
demographic that increase the risk of bias [15]. These issues underscores the need for a
robust standardized digital foundation and infrastructure before Al systems can be
effectively implemented [16]. It is argued that a partial solution to the threat of bias and
errors from Al is the use of explainable Al which can provide healthcare professionals
better insight into the reasoning behind Al's advice and thereby increasing trust in these
systems [17, 18]. However, this sentiment is contradictory to statements from some
healthcare professionals; explainable Al does not guarantee optimal User eXperience.
Healthcare professionals stress the need for interdisciplinary collaboration and Human
Centered Design practices, which is further supported by other studies [19]. Bottom-up
Al initiatives can be organized and properly developed in alignment with the macro
policymaker layer and the micro healthcare professional layer, thereby reducing
implementation challenges. Integrating Al skills early on in medical curricula is also
mentioned as essential to prepare future healthcare professionals to effectively leverage
Al-based support in diagnostics, treatment planning, and patient care. Medical schools
should develop and integrating early modules on Al skills into their curricula. A highly
relevant but not mentioned perspective was that of Al-based health technology’
significant environmental footprint, with particul focus on the large energy and water
consumption associated with training and operating Al-based health technology. This is
relevant for both policymakers and healthcare professionals as this is a crucial isssue in
a growing global sustainability challenge, which could be the subject of future research.
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