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Abstract. The High-Level Expert Group on Al has defined seven re-
quirements on trustworthy AI. Methods to fulfil the requirements may
introduce positive or negative relations between them, and the impact
may be context-dependent. Using qualitative research methods and a
use case (AI chatbot in healthcare) to contextualise the requirements,
we explore end users’ perceptions and priorities regarding the require-
ments, and we synthesise a set of relevant relations. Our results can aid
in finding suitable trade-off solutions that consider the end-user when
designing trustworthy AI healthcare applications.

1 Introduction

Applications of artificial intelligence (AI) are expected to revolutionise health-
care by increasing efficiency, quality, and personalisation of care. However, ethical
concerns exist, e.g. related to data privacy and security, bias in Al, transparency,
and accountability, and are known barriers to Al implementation [14, 16]. In the
European Union (EU), the EU AT Act addresses some of these ethical concerns
through legislation [10], drawing on Ethics Guidelines for Trustworthy AI by
the High-Level Expert Group on AI (HLEG) setup by the EU Commission [8].
These HLEG Ethics Guidelines define seven key requirements for the develop-
ment of trustworthy AI systems, including human agency and oversight, techni-
cal robustness and safety, privacy and data governance, transparency, diversity,
non-discrimination, and fairness, societal and environmental well-being, and ac-
countability. While some of these trustworthy Al requirements (e.g. transparency
and human oversight) can positively support each other, it is also acknowledged
that in implementing methods to achieve trustworthy Al tensions may arise
between the requirements. For example, achieving privacy by minimising the
amount of data collected could come at the cost of the accuracy of an AT model’s
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predictions, if it depends on the quantity and quality of its input data. What
these relations, tensions and trade-offs may be is a current topic of research,
discussed by works such as [13,9]. Beyond frameworks and technical develop-
ments for addressing trade-offs, users’ requirements for addressing them remain
to be explored. A holistic understanding of clinician’s perceptions and priorities
of HLEG’s trustworthy Al requirements can help to elicit end user requirements
and guide user-centric research and development of medical Al applications.

This paper presents an interview-based qualitative study that aims first of
all to investigate clinicians’ perceptions of the trustworthy AI requirements in
the Swedish context for a use case involving a clinician- and patient-facing clin-
ical AI chatbot for remote monitoring of Parkinson’s Disease patients, which is
currently explored in the EU Horizon Europe project TRUMAN (TRUstworthy
and huMAN-cenrtic AI). We focus on interviewing clinicians in Sweden, because
Sweden is a digitally advanced country [11,29] and has a public health sector that
actively invests in medical AT tools [1]. Furthermore, Sweden was the first nation
with a national data protection law, has a constitutional principle of public ac-
cess to information [23], has been considered the most gender-balanced country
in the world [15], and social well-being is commonly seen as an important value
in Sweden. Hence, the trustworthy Al requirements align with common values in
Swedish society and should be considered important by the study participants.

Insights on clinician’s perceptions will allow us to derive end user require-
ments for implementing trustworthy Al principles in our future work. From the
insights gained, we aim to infer which relations and trade-offs between HLEG’s
trustworthy Al requirements may be relevant to clinicians for this use case. To
this end, our study also aims to explore clinicians’ priorities for the HLEG re-
quirements. We expect that our results on clinicians’ priorities will aid resolving
conflicts by finding suitable trade-off solutions when designing trustworthy Al
healthcare applications. Thus, this study addresses the following Research Ques-
tions (RQs). RQ1: What are Swedish clinicians’ perceptions of trustworthy Al
requirements as they relate to the use of Al chatbots in healthcare? RQ2: What
relations, potential tensions and trade-offs between requirements are relevant
to clinicians?” RQ3: How do the clinicians prioritise among the trustworthy Al
requirements, and what influences their priorities?

The remainder of this paper is structured as follows: It first provides back-
ground regarding the use case and the HLEG requirements in Section 2, and
then presents our methodology (Section 3), the study results (Section 4), dis-
cussion of related work, limitations and future work in Section 5, and ends with
conclusions (Section 6).

2 Background

2.1 Use case: AI Chatbot for Remote Patient Monitoring

Participants of our study were presented with a use case to consider when answer-
ing interview questions, to contextualise the trustworthy Al requirements. The
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use case involves a care environment comprising a Parkinson’s Disease patient, a
caregiver providing daily support, and a clinician responsible for treatment and
medical support. The patient is remotely monitored by the clinician through a
digital platform. The platform includes movement-monitoring devices attached
to the patient’s body and a phone app for the patient (assisted by the caregiver)
to report nutrition, experienced symptoms, and medication intake. The clinician
can view this input data through a phone app and on a website dashboard. An
AT chatbot is available on both the patient’s and the clinician’s side of the appli-
cation. The patient can use it to get help with reporting on activities and to get
non-medical self-care advice. On the clinician’s side, the AI chatbot sends sum-
maries of patients’ current states, and can be prompted for further information
or consultation in clinical decision-making. See Appendix for visual description
of the use case.

2.2 HLEG’s seven requirements for trustworthy Al

The High-Level Expert Group on Al was appointed by the European Commis-
sion. In 2019, they presented their Ethics Guidelines for Trustworthy Artificial
Intelligence [8]. These guidelines consist of a framework for trustworthy AI, which
defines four ethical principles (respect for human autonomy, prevention of harm,
fairness, and explicability) rooted in fundamental rights that all AT practition-
ers should strive to adhere to. To guide the realisation of trustworthy AI, HLEG
translated the ethical principles into seven concrete requirements on trustworthy
AT, which are in brief summarised as follows:

1. Human agency and oversight: Humans should be involved during de-
velopment, training, deployment and monitoring of the Al system. Human
users should make informed decisions about the system, and the system
should ultimately empower its users.

2. Technical Robustness and safety: The Al system should be accurate,
reliable, reproducible and secure.

3. Privacy and data governance: Full respect for privacy and data protec-
tion. The AI system should have sufficient data governance mechanisms in
place, and should ensure legitimate access to data.

4. Transparency: The Al system should be transparent, including on capa-
bilities, limitations, and data access. System decisions should be explained.
Humans must be made aware that they are interacting with Al

5. Diversity, non-discrimination and fairness: Al systems should be acces-
sible to all users and should not promote unfair biases. Relevant stakeholders
should be involved in the Al system development (and its full life cycle).

6. Societal and environmental well-being: The Al system should be envi-
ronmentally friendly, and its societal impact should be considered to ensure
that it benefits all human beings.

7. Accountability: There must be mechanisms to ensure responsibility and
accountability for Al system outcomes.



4 H. Schaff et al.

The EU General Data Protection Regulation (GDPR) incorporates not only
principles for enforcing "privacy and data governance" (including data protec-
tion) as defined by the HLEG, but also accuracy, security, transparency and
fairness and accountability as fundamental principles for data processing, which
are listed in its Art 5, and also requirements for human oversight in its Art
22. For the scope of this paper, we will use the narrower meaning when refer-
ring privacy and data protection as defined by HLEG, and refer to other data
protection-related HLEG principles, including accuracy, security, transparency
and fairness, accountability, human oversight, under their specific names.

3 Methods

3.1 Study Design

The study follows a qualitative research approach. Data were collected through
semi-structured interviews with 11 volunteering participants, followed by the-
matic analysis to derive results. A semi-structured interview format was selected
since it is suitable for exploring stakeholders’ understanding and preferences, and
allows for following up on a participant’s ideas [18].

The study was guided by an interpretivist paradigm, recognising that the user
experience is inherently subjective and that understanding users’ perspectives
entails exploring how they interpret the systems they are presented with.

The study was reviewed and approved (HNT 2025/860) by an ethics advisor
and the data protection officer at Karlstad University.

Protocol The participants were presented with the use case as context for the
study.

We divided and thereby extended the original seven HLEG requirements (see
Section 2.2) to nine. The requirement Transparency was divided into Trans-
parency of the Al system and Ezxplainability of Al suggestions, and Technical ro-
bustness and safety was divided into Reliability of the Al system and Accuracy
of AI suggestions. We determined that the original two requirements encom-
passed different technical aspects that were likely to vary in importance given
the healthcare context, and decided to make the distinction to better understand
the stakeholders’ priorities.

To guide the semi-structured interviews, the interviewer had a set of 18 ques-
tions that were asked to every participant, and 15 follow-up and complementing
questions were used to prompt participants dependent on previous answers and
available time. The questions did not centre on trustworthy Al requirements in
isolation; the aim was to prompt a rich, contextual discussion relating to the re-
quirements. This approach came at the cost of not all requirements being equally
represented in the resulting data. The requirements Societal and environmen-
tal well-being and Accountability were not explicitly represented in the guiding
questions or in common answers to questions. Open-ended questions exploring



Priorities of trustworthy AI requirements in healthcare 5

perceived challenges attempted to capture thoughts on these two requirements.
All other requirements were discussed throughout the interviews.

The final question tasked participants with rating each of our nine trustwor-
thy AI requirements in terms of its importance to them as clinicians. The rating
was done per requirement on a Likert scale from one (not important) to nine
(most important). Presenting nine options per requirement allowed (but did not
require) the participants to rate requirements distinct values. Each requirement
was briefly explained in text when they answered this question, and participants
could ask interviewers for further clarification.

Data Collection The interviews were conducted between January 23rd and
April 16th 2026. The first author conducted every interview. The same co-author
conducted most interviews as second interviewer, and two other co-authors con-
ducted one interview each as second interviewer. Interviews were conducted ei-
ther via Zoom (a video conferencing program) or in person. Each interview
lasted between 30 and 90 minutes. The sessions were voice-recorded, and the
recordings were transcribed. One interview was conducted in Swedish, and the
rest were conducted in English. The Swedish transcription was translated into
English to enable analysis by non-Swedish-speaking researchers. A pilot inter-
view (data excluded from these results) was held before the data collection pe-
riod and prompted edits and refinement of the protocol. All transcriptions were
pseudonymised prior to long-term storage.

3.2 Recruitment and Sampling

Participants were recruited through convenience sampling, using personal and
professional networks, as well as public channels such as notice boards at a
local hospital, and online contact information for Swedish clinicians or hospital
departments.

As the study takes an interpretivist stance and uses Clarke and Braun’s the-
matic analysis, measuring data saturation does not align with our approach [6].
We note that the broad sample, encompassing multiple disciplines, has led to
diverse perspectives represented in the data. Across the data, we can identify
meaningful alignment among several participants, and we determine that the
sample size of 11 participants is sufficient to address our research questions.

Participant demographics is summarised in Table 1. P7 had graduated from
medical school (including clinical internships) but was not working clinically.
The remaining participants worked clinically in the Swedish healthcare system
at the time of the interviews.

Participants’ experiences with AI chatbots varied. Five participants (P1, P3,
P7, P9, P11) mentioned using AI chatbots for summarising texts and as an
alternative to search engines. Six participants (P2, P4, P5, P6, P8, P10) state
that they have tried AI chatbots but do not use them regularly (except for
Google’s AT Overview!).

! https://search.google/ways-to-search /ai-overviews /
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ID |Profession/experience Gender |Age
P1 |Nurse in oncology, PhD Woman |50-65
P2 |Radiologist Woman |50-65
P3 |Cardiothoracic surgeon, CEO of a medtech company Man 50-65
P4 |Speciality trainee (ST-ldkare) in obstetrics and gynaecology [Woman |18-35
P5 [Surgeon Man 50-65
P6 |Licensed doctor in emergency medicine Man 18-35
P7 |Medical graduate, PhD student in pre-clinical research Woman |18-35
P8 |Speciality trainee (ST-ldkare) in anesthesiology and intensive| Man 18-35
care medicine
P9 |General practitioner and researcher Woman |50-65
P10 |Physician assistant (Underlikare) Man 18-35
P11 |General practitioner Man 50-65

Table 1. Summary of participant demographics

3.3 Data Analysis

We utilised a thematic analysis method [4,5]. To capture and consider all rele-
vant ideas, aspects and concepts that participants may describe, initial coding
was broad and exploratory. The first author was responsible for conducting the
coding and deriving a code book. The code book and coding was then discussed
with the co-authors and refined. Themes were derived in joint discussions by the
first author and one of the co-authors.

4 Results

4.1 Summary of themes

The following sections present the results of our interviews under three main
themes and sub-themes that we derived, which are listed in Table 2.

4.2 Clinicians demand accurate, verifiable, and clinically grounded
AT suggestions

Participants stress the need for accurate and reliable Al suggestions. Hallucina-
tions are determined to be a system fault impacting accuracy of Al suggestions
and reliability of the Al system. Explainability of Al suggestions is perceived as a
mechanism to counteract the effects of hallucinations, allowing human expertise
to revise Al reasoning. To further ensure robust human decision-making, trans-
parency of the Al system in terms of system capabilities and limitations must be
promoted. High-quality data is seen as a key component of an accurate system,
where subjective patient-reported data is less reliable than objective test results.
The use of relevant input data sources and diverse training data is also identified
as promoting diversity, non-discrimination and fairness in the Al system.
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Main theme

Sub-theme(s)

Clinicians demand accu-
rate, verifiable, and clini-

tions

cally grounded AI sugges- i

i
ii

Accurate and transparent suggestions are trustworthy
Hallucinations threaten utility

System capabilities and limitations: a communication
need

Subjective data is less reliable for clinical assessment
Awareness of challenges for fairness impacting accuracy

Privacy entails confiden-
tiality and more, but ad-
vanced privacy risks are

not always well under- i

Confidentiality and control: main privacy concern

Data minimisation and unlinkability: secondary privacy
concern

Data security invokes concern and expectations

stood Trust in experts and certifications as privacy assurance

Low awareness of inference capabilities

is i
but

involvement
essential,
comes with challenges

Human
seen as

Need for human verification of patient-reported data
AT system’s effects on human decision-making
Clinicians remain accountable, for now

Considering Al and human abilities

Oversight is insufficient as human presence

Table 2. Mapping of themes and sub-themes

Accurate and transparent suggestions are trustworthy Participants ex-
pect the AI chatbot to use high-quality, trusted data sources. Examples include
local medical guidelines (P6, P7, P8), peer-reviewed scientific sources (P1, P8,
P10) and patients’ medical data (P7, P11), since these are believed to result
in more accurate Al suggestions. Based on prior experience with commercial
AT chatbots, participants (P2, P5, P6, P8, P10, P11) express a desire to verify
the AI suggestions. The methods of verification vary between participants. Five
participants (P1, P2, P6, P9, P11) describe trustworthy AI suggestions as easy
to verify as correct using their own knowledge and expertise, without consulting
secondary sources. In the context of a healthcare AI chatbot, six participants
(P1, P2, P6, P7, P10, P11) stated that they wanted to know what data the AI
chatbot bases each suggestion on, to use for verification of the suggestions.

Hallucinations threaten utility When asked about previous experiences with
non-trustworthy Al suggestions, seven participants (P1, P4, P7, P8, P9, P10,
P11) described hallucinations. It is clear that experiencing hallucinations signifi-
cantly damages trust. "Well, I think the first time it gave me made-up references
for papers, then I was actually really shocked and I didn’t know that was an
issue.” -P7 Two participants (P7, P9) expressed adopting more cautious be-
haviours after experiencing hallucinations. Five participants (P1, P7, P8, P9,
P11) described having experienced hallucinations and checked the information
against other sources.

We infer that hallucinations threaten utility by misinforming users and by
adding verification of Al output to clinicians’ workload. To mitigate the risk
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of misinforming users, two participants (P9, P10) propose that an AI chatbot
should provide a disclaimer when it does not have a reliable answer.

System capabilities and limitations: a communication need Al is per-
ceived as difficult to understand, but its capabilities and limitations are impor-
tant to be aware of and to account for when making a clinical decision. P3, P9,
and P11 described Al as difficult to understand, a "black box” that is impossible
to look into. However, P2 recalled a conference presentation of artificial neural
networks which fostered confidence in the capabilities of an Al-based diagnostic
tool. P5 and P6 similarly requested transparency to understand the capabilities
and limitations (including biases) of the software. "I don’t need to know exactly
how the Al itself works, but I need to be very aware of the limitations and the
strengths of it.” -P5

Subjective data is less reliable for clinical assessment One concern for
the use of a clinician- and patient-facing Al chatbot is the reliance on subjective
input data, where a common perception is that subjective patient-reported data
is difficult to assess.

Four participants (P1, P3, P6, P8) described accuracy of Al suggestions as
dependent on quality and quantity of training or input data. P2 reported that
commercial Al summaries provided insights from online forums rather than sci-
entific sources, which was perceived as less trustworthy. Five participants (P1,
P3, P7, P8, P10) noted a risk that patients could input unreliable data. Patients
may struggle to articulate symptoms, leading to misinterpretations; low techni-
cal literacy may prevent them from using the input interface effectively, or they
may maliciously report incorrect data to impact their treatment plan. Two par-
ticipants (P3, P6) expressed a preference for relying on objective measurements,
such as test results or movement-monitoring data.

We interpret two underlying ideas behind these perceptions. The first aligns
AT and human capabilities, determining that data that is difficult for a human
to assess (e.g. poorly articulated symptoms) is likely difficult for AT to assess.
The second assumes that Al is less capable than humans in identifying and as-
sessing subjective parameters. This aligns with the result that some participants
(P5, P7, P10) have higher confidence in Al for providing factual information
than reasoning. This is supported by P3 and P4 who expressed concern that Al
would likely miss cues and non-verbal communication that a human clinician
can capture.

Awareness of challenges for fairness impacting accuracy Participants
showed strong awareness of potential hindrances to fair assessments for all pa-
tients. Given that equality of access and equal treatment for equal needs has
for many years been a goal for the Swedish healthcare system [12], the insights
appear to originate in experiences of providing equal care in ordinary clinical
practice. Challenges are projected onto the Al-based use-case workflow, indicat-
ing that Al is not perceived as an automatic aid in providing equal treatment.
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P5 and P7 mentioned the potential for bias in the AI chatbot’s suggestions
due to input or training data. They both identified that an over-representation of
research in a certain group of Parkinson’s Disease patients could result in Al pre-
dictions that are biased towards that group, providing more accurate responses
for them than for other groups. P6 and P8 provided examples of culturally biased
input data impacting accuracy, which are likely to appear, as many commonly
used Al models are trained with data from the USA or from outside the EU.
They describe having been provided Al suggestions based on American or British
guidelines, which are not always applicable in the Swedish context due to the
availability of and local recommendations for treatment options.

Four participants (P6, P7, P10, P11) expect that a more complex disease
profile (e.g. a combination of multiple chronic diseases) would be more difficult
for an Al system to assess. P7 reasoned about other aspects of a patient’s life
that complicate a clinician’s ability to provide care: "There are aspects of their
other part of their lives, like financial aspects or social that play a big role in
their health and in their lives.” Both examples illustrate the perceived alignment
between human and Al (in)abilities to provide equal care.

Challenges related to user interaction with the system were also mentioned.
Three participants (P1, P2, P7) highlighted challenges related to patients’ low-
AT or low-tech literacy and low physical or cognitive capacity to use the system
independently as risks for a system that relies on high-quality data.

4.3 Privacy entails confidentiality and more, but advanced privacy
risks are not always well understood

Perceptions of privacy and data governance risks centre on protecting patient
data from unauthorised access. This is perceived to be achieved through proper
system design that aligns with patient confidentiality rules and provides suffi-
cient data security measures (encompassed by reliability of the AI system). Most
participants did not make a clear distinction between deterministic software and
AT regarding their potential impact on privacy. This indicates that advanced
privacy risks that are unique to Al solutions may not be well understood.

Confidentiality and control: main privacy concern Participants expect
confidentiality for patients’ personal data through access control and local stor-
age solutions. Five participants (P6, P7, P8, P9, P10) stated that clinicians who
are directly involved in a patient’s care should have access to their data. P6, P7,
and P9 mentioned that approved researchers may also access to the data.

Participants’ trust in the Al system provider and its infrastructure varied.
P7, P10 considered that the provider could have access to the data to improve
the system; however, P10 was adamant that such data should be unlinkable to
patients. P7 and P10 expressed concern about third parties accessing data for
marketing purposes. P3 and P11 recognised the risk of unauthorised access to
data in foreign nations. "Because if it isn’t [stored on Swedish servers], then we
can’t control how it’s used. And our regulations doesn’t apply.” -P11.
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Data minimisation and unlinkability: secondary privacy concern En-
suring that personal data is not linkable to patients and minimising input data
(excluding personal identifiers) are perceived as methods to protect patients’
identities.

Four participants (P1, P2, P6, P11) mentioned protection of the patient’s
identity in the AI chatbot use case. P1 described unlinkability as a method,
whereas P6 assumed that the clinician should never input any personal iden-
tifiers into the chatbot system (data minimisation). P8 and P9 mentioned a
similar practice regarding commercial Al tools, explaining that sensitive per-
sonal data should not be input into such systems. P3 noted that sensitive data
could be stored, given the correct protection: “The more personal it gets and the
more specific it gets on the specific patient, you really have to protect the data.”
These disparate expectations indicate a need to clearly instruct end users on the
methods used for privacy enhancement and data protection, to establish which
behaviours are necessary to adopt.

Data security invokes concern and expectations "Who can reach the data?
What does the chatbot do with all the information that we give it?” -P6

Data processing and protection relate to both privacy and data governance,
and to computer security mechanisms used to restrict illegitimate data access.
P2 elaborated on these concerns, stating that patient data, including clinician
information about the patient, must be protected in transit. They raised the
question of how to securely de-anonymising it towards people who should have
access. P11 called for encryption of data when sending it. P9 concluded that
the system should have the same data security mechanisms that the electronic
medical records have, and referred to electrocardiogram (ECG) equipment, which
use secure data transfer to digital medical systems.

Trust in experts and certifications as privacy assurance Participants
were asked what assurances for data protection they would like to have. P2 men-
tioned Swedac (Sweden’s national accreditation body), which accredits medical
laboratory equipment, as a source of trust. P9 mentioned SKR (The Swedish
Association of Local Authorities and Regions) and TLV (The Dental and Phar-
maceutical Benefits Agency), which support and coordinate the implementation
of medical technologies across Sweden’s independent Regions.

Generally, participants were aware that there are requirements for medical
equipment used within the public healthcare system. When a tool is made avail-
able to them, it has been approved by relevant authorities and assessed for utility,
security, privacy, and more. Further, P1, P6, and P7 mentioned the data protec-
tion law as an overarching guarantee (implying trust in providers and hospitals
to ensure legal compliance). "I'm quite comfortable with the laws that we have
which regulate who can reach what kind of data and who cannot.” -P6

Five participants (P4, P6, P8, P9, P11) stated that they rely on local hospital
engineers, procurement engineers, or tool integrators to verify that there are
sufficient security mechanisms and legal compliance. P2 and P10 considered
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implementation of a system in other departments, hospitals, or clinics to be a
trustworthiness indicator.

Low awareness of inference capabilities To gauge the perceived complexity
of patient data in the use case Al system, we asked the participants what type
of data about the patients they assumed was processed by the system, how they
think the data was processed, and for what purposes.

Participants mainly mentioned the categories presented in the use case de-
scription: movement monitor data (P3, P4, P6, P7, P9, P10, P11), symptoms
(P1, P3, P6, P7, P9, P10, P11), and medication intake (P5, P9, P10, P11). P2,
P5, P6, and P8 mentioned information on living and social situations, such as
address, family status, social interactions and habits. P2, P4, P5, P8, and P9
mentioned various other data, similar to what is stored in a medical record: social
security number, name, age, height and weight, medical history, family medical
history, and medical test results. Conversational history between the patient and
the AI chatbot was identified as personal data by P6, P7, and P11.

Only two participants (P2, P6) explicitly mentioned tracking or inference to
deduce mental or emotional state. Another participant (P8) describes how the
AT chatbot "gets to know” the patient and their habits.

Overall, we observed limited knowledge of tracking and profiling risks, which
allow AI to deduce the mental or emotional state of a person, or to conduct
psychological or behavioural profiling. This indicates a lack of awareness of the
potential of Al-enabled breaches of privacy in complex Al systems, with possible
inference of sensitive data, as e.g. discussed in [31].

4.4 Human involvement is seen as essential, but comes with
challenges

Human agency and oversight through 1) human verification of input data and 2)
maintaining human decision-making ensures that clinical decisions remain robust
despite faulty input data. The participants reflected on an Al system’s impact
on their decision-making and accountability. Societal well-being is ensured by
carefully considering where the Al system can be beneficial.

Need for human verification of patient-reported data Due to risks of
patients reporting incorrect data (see Section 4.2), human verification of Al
output is required before use in clinical decision-making. ”If you were to manip-
ulate the data into making the system believe that your disease is more severe
or less severe than it is, it could lead to different treatment options opening up
that you shouldn’t really have access to.” -P8 P1 noted that this risk exists in
a human-only care environment as well; however, P8 elaborated on the belief
that a person would experience lying to another human as more difficult than
lying to an Al system. Further, P8 and P3 speculated on the possibility of future
clinical workflows relying more heavily on Al system assessments of the patients,
highlighting the risk of incorrect outcomes due to fabrication of patients’ health
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conditions. P1 stressed the role of human intervention as a way to combat these
risks: “If the patient suddenly reported very strange symptoms, I wanted to check
it with the patients. Is it right? Have you put in the right [thing] or is it some
misunderstanding from your side in your report of the symptoms?” Similar ideas
permeate our results on explainability and transparency. Participants express a
desire for access to input data to verify the Al system’s output.

Al system’s effects on human decision-making There is wide agreement
among participants that humans must be the final decision-makers, as explicitly
stated by P2, P3, P4, and P9. Some participants express how human decision-
making might be affected by the AI system. P2 and P9 feared that they will
"become uncritical” and “that people stop thinking [for| themselves”. P2 spec-
ulated about the uncertainty of how a clinician would act in the event of dis-
agreement with an AI chatbot, whether they would engage in discussion and
allow it to potentially influence their opinion, or if they would disregard it. P2
also uniquely identified the possibility of bias arising from information provided
by the AI system, which could influence the clinician’s perception of the patient
during in-person meetings (thus indirectly influencing clinical decision-making).

Clinicians remain accountable, for now Several participants (P1, P2, P4,
P5) emphasised that they would use an Al-driven tool as they would any other
tool; it would be used as a complement to their own expertise, without infringing
on their role as clinical decision-maker. Additionally, four participants (P2, P4,
P5, P9) said they would not feel obligated to (unprompted) describe how they
consult with an Al to their patients, since the clinicians are relying on their own
expertise and remain the final decision-makers. This implies that accountability
remains with the clinician. P1, P6, and P8 explicitly discussed the current state
of accountability when using an AI chatbot in healthcare. P6 expressed concern
about who is responsible if a clinical decision is made based on an incorrect Al
summary. P8 suggested that at the moment, clinicians are accountable for deci-
sions they make based on information from AI chatbots, but that may be up for
change in a future where Al could have a more extensive role in healthcare, and
where consulting with an Al chatbot might be mandated. P1 reasoned similarly,
speculating that patients may feel a greater sense of safety knowing that an Al
chatbot is being consulted, since it holds more extensive knowledge than any
single clinician.

Considering AI and human abilities Participants perceive benefits with
employing Al in healthcare; however, they also question the extent of an Al
chatbot’s abilities. We infer that it should be carefully considered for which
tasks Al automation is suitable. Eight participants mentioned areas where Al
automation can outperform humans or significantly save time, including efficient
collection, processing, and presentation of information (P1, P3, P5, P8, P10, P11)
and the ability to capture tendencies over long time periods (P2, P6).
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However, there are abilities and attributes that are inherently human and
that Al is not believed to possess. Participants notably discussed the potential
of Al to be flexible and suitable for different types of assessments. P2 questioned
whether an Al system could make a necessary, individually adapted decision for
a patient even if it diverges from routines or guidelines. Similarly, P4 expressed
concern that the AI chatbot could be overly sensitive, unnecessarily recommend-
ing patients to seek emergency care. P11 had concerns regarding Al assessments
of functional symptoms (symptoms for which an physical cause or underlying
disease has been ruled out), believing that the AI might focus on identifying a
disease rather than treating the symptoms, which should be the primary focus.

Oversight is insufficient as human presence A recurring concern regarding
the use case Al chatbot is the risk of depriving patients and clinicians of human
interaction in the healthcare environment. Even when human oversight is en-
sured, there might be human, intimate aspects to in-person communication that
are lost. A sense that the Al chatbot system would feel impersonal to clinicians
and patients is shared by P1 and P9. P3 and P7 believe that the system would
not fulfil the patients’ needs. P3 referred to patients’ desire for easier access to
clinicians in Swedish healthcare. P7 stated that a meeting between a clinician
and patients is sometimes about providing human interaction and support rather
than treatment.

4.5 Priorities among the requirements

Table 3 summarises the participants’ ratings of each trustworthy Al requirement.
All requirements were rated as important, with average scores above six on a
scale from one to nine. Mean and median values indicate that reliability of the
Al system, accuracy of Al suggestions and human agency and oversight are the
three most important trustworthy Al requirements to clinicians in the context
of using an Al chatbot in healthcare.

Trustworthy AI requirement Mean |Median
Reliability of the Al system 7.3 8
Accuracy of Al suggestions 8.4 9
Privacy and data governance 6.9 7
Diversity, non-discrimination and fairness [6.4 7
Explainability of Al suggestions 7 7
Transparency of the Al system 6.6 7
Accountability 6.7 7
Societal and environmental well-being 6.2 7
Human agency and oversight 8.1 9

Table 3. Participants’ ratings of the trustworthy Al requirements



14 H. Schaff et al.

P8 reasoned about reliability and accuracy as a prerequisite to adopting a
system: "If [AI systems] aren’t reliable and aren’t accurate, I wouldn’t really want
to use them. [...] So all the other questions wouldn’t be important if the first ones
aren’t fulfilled.” This aligns with findings from Section 4.2 regarding the impact
of hallucinations on user trust and the need for objective (perceived as reliable)
input data. The demand for human oversight permeates Section 4.4. Participants
explained the high priority in similar terms. P2 stated that clinicians need to be
able to take control, and P4 emphasised the importance of the clinicians’ role as
the final decision-maker. P9 summarised the idea: "Wow well, obviously I think
this last one is the most important. I think we always have to stay human... [...]
We have to keep control—we humans—and Al is there to support us, but we
cannot blindly follow it.”

4.6 Relevant relations and tensions between trustworthy Al
requirements

Based on the themes, we identify four relations between trustworthy Al require-
ments that are relevant to the end-users (especially clinicians) in the use case
scenario.

Coupling between fairness and accuracy The participants were aware of
challenges for fairness, including the risk that biased input or training data could
be reflected in Al output (see Section 4.2). P5 and P7 mentioned biases existing
in clinical research, along with the expectation that AI will reflect them. This
aligns with previous research on Al biases. For example, [3| shows improved
accuracy for Al in gender classification when given stereotyped context. If an
AT should reflect current knowledge on a subject (e.g. healthcare), it will reflect
the biases inherent to the subject, unless methods are employed to counteract
it. The relation between accuracy and fairness is context-dependent, as in the
example of bias towards American and British medical guidelines (provided by
P6 and P8). In this case, accounting for cultural bias (to increase fairness) would
also improve the accuracy of Al suggestions in the Swedish context.

Tension between accuracy and privacy Participants identify high-quality
patient data as a prerequisite for high-quality AI suggestions (see Section 4.2).
However, participants stressed the gravity of processing personal information
and call for data protection measures (see Section 4.3). As both of these aspects
were highlighted as important by the participants, we infer that the tension
between accuracy and privacy is of interest to clinicians. Additionally, we find
that there was some awareness of this tension among participants (P2, P6).
When asked about data protection, P2 noted the difficulty of providing patient-
specific output in a system relying on unlinkable data: "That’s a bit tricky. How
should the system work with the individual when it cannot know the individual?”
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Future impact of efficiency and accuracy on human oversight and ac-
countability We elaborate on P8’s speculation about the potential, future ex-
tension of responsibilities for AI chatbots in healthcare. Assuming AI chatbot
systems for patient monitoring would grow more accurate and able to conduct
complex reasoning, it seems a possible development to transfer tasks from the
clinician to the chatbot. However, as P8 reasoned, such a development might
place the clinician secondary to the AI chatbot, diminishing human oversight
and shifting accountability from the person to the system. Since professional
displacement is a relevant topic in any domain that adopts AI, and concern
for which was voiced by participants such as P2, this is a relevant relation to
consider.

Tension between transparency towards clinician and patient privacy
From transparency needs expressed by participants, we infer that there is tension
between clinicians’ transparency needs and patients’ privacy. An Al system could
be capable of profiling or inferring information about a user (e.g. emotional
or mental state determined by a patient’s tone of writing). Further, a chatbot
could be perceived as a safe space for intimate or personal conversations. Several
clinicians expressed wanting access to the input data used by the Al system (see
Section 4.2. This conflicts with maintaining patient privacy, if clinicians were to
have access to patients’ chat histories, or if they would be able to prompt the
AT chatbot for intimate details or conversation topics beyond what is relevant
to treat the patient.

5 Discussion

5.1 Related work

User-centric Al research within the healthcare domain commonly explores stake-
holders’ expectations and attitudes regarding the implementation of Al in health-
care workflows [28, 33], perceived barriers and facilitators to AT adoption [14, 16],
factors affecting users’ trust in these applications [2,27,30].

As a by-product, these studies identify a number of ethical considerations per-
ceived as relevant to stakeholders. Other works explore stakeholders’ perceptions
of ethical aspects arising from the implementation of Al in healthcare explorato-
rily [21, 24, 32], or focusing on specific issues such as data security or privacy [17,
20, 22|, accountability, transparency, bias [25,7], or fairness and diversity [19,
26]. These studies investigate awareness of ethical issues among stakeholders, or
explore perceptions of specific ethical aspects. As far as we can tell, no qualita-
tive studies address stakeholders’ perceptions and priorities of a structured set
of ethical aspects in healthcare Al
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5.2 Limitations

The small sample size limits generalisability of the results and we maintain that
the results indicate perceptions and priorities among clinicians, but cannot be
used to draw statistical conclusions.

Perceptions regarding some requirements were prompted more directly than
others during the interviews. Specifically, societal and environmental well-being,
reliability of the AI system, accountability and transparency were less promi-
nent. This has resulted in fewer reflections on those topics, although all except
the first were reflected upon by some subset of participants. When rating the
trustworthy Al requirements, participants were presented with labels explaining
the requirements. We noted a few possible misinterpretations of requirements
in participants’ reasoning, which could affect the legitimacy of those specific
ratings.

5.3 Future work

We started to conduct a comparative study investigating potential cultural dif-
ferences in the perceptions and priorities of the trustworthy Al requirements with
clinicians in Germany. In this paper, findings such as high awareness of fairness
issues could be attributed to equality being a core societal value in Sweden.
Further, Swedish society is largely digitised, which might increase awareness
of underlying mechanisms (training, input data, hallucinations) regarding Al
among lay persons. First interviews with five clinicians from Germany already
gave indications of regional differences, which we will explore further.

6 Conclusion

Participants demonstrate awareness of ethical issues pertaining to Al, especially
in terms of how biased or inaccurate input data affects accuracy, and current lim-
itations in AI chatbots such as hallucinations. Explainability and transparency
is seen as a way to support human oversight and agency, especially in case of
unreliable input data causing unreliable results. As of now, participants con-
sider themselves accountable for clinical decisions, but speculate about a future
shift towards Al as decision-maker. Reliability of the Al system, accuracy of the
Al suggestions and human agency and oversight are the highest prioritised re-
quirements by the participants, aligning with their awareness of limitations to
accuracy and the idea of human oversight as safeguard. We highlight four re-
lations relevant to clinicians in this use case: 1) relation between fairness and
accuracy, 2) tension between accuracy and privacy, 3) future impact of efficiency
and accuracy on human oversight and accountability, and 4) tension between
transparency towards the clinician and patient privacy. The results can inform
development of healthcare Al chatbots that account for end users’ needs and
priorities regarding ethical considerations and trade-offs.
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