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Abstract
Background

Artificial intelligence (AI) is increasingly promising to support decisions in acute cardiovascular care, including
whether patients presenting to the emergency department can be safely discharged. Ethical and trustworthy-AI
frameworks call for involving patients in designing such tools, yet patient involvement in AI has largely been limited to
gathering views, acceptability, and interface preferences. This consultative role leaves largely untested what patients
contribute when involved strategically, shaping what a tool is for and how it works. What patients contribute when
they help design a high-stakes cardiovascular risk prediction tool has rarely been examined.

Methods

We conducted a co-design workshop as a pilot in which patients with lived experience of heart failure (n = 11)
participated, within a European project developing an AI-enabled cardiovascular risk prediction tool. The study used a
two-stage process: preparatory capacity-building through e-learning and an online webinar, followed by a two-day in-
person workshop of 5 facilitated sessions. The workshop comprised five facilitated sessions using participatory
design activities structured around trustworthy-AI (FUTURE-AI) design-phase principles. Recordings, co-design
artefacts, and surveys were analysed using reflexive thematic analysis.

Results

Patients shifted from a familiar consultative role into an active design role. Working in two independent groups,
participants converged on similar designs. Both reframed the tool from clinician-facing to patient-facing and
specified: whole-person inputs beyond acute clinical variables; qualitative, and actionable risk rather than a numerical
output; the withholding of predictions the model cannot make reliably; and layered, patient-controlled explanation.
Because the prediction concerned their own risk of death, participants built emotional safeguards into the design.

Conclusion

Patients involved as strategic partners produce coherent, concrete design specifications that a purely technical
process would miss. Realising this contribution requires preparing patients for co-design methods, treating the tool's
intended beneficiary as an open question, and building routes by which patient input reaches development.

Trial Registration

Not applicable.

Plain English Summary
Artificial intelligence (AI) tools are being built to help doctors decide how to care for people with heart problems, for
example, whether someone who comes to the emergency department can safely go home. These tools are usually
designed by technical and medical experts, and patients are rarely asked to help shape them. We wanted to know
what patients would design if they were given the chance.

We invited 11 people who live with heart failure to a two-day workshop. Before the workshop, they took an online
course and attended a webinar on AI. During the workshop, they worked through hands-on activities based on
principles for trustworthy AI, ending with a task where they designed their own ideal tool.
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At first, patients were used to being asked only to react to something already made. Once they felt free to design, they
went much further. Two groups, working separately, came up with almost the same idea: a tool made for patients, not
just doctors; one that sees the whole person, not just test results; that shows risk in plain terms with clear next steps
rather than a frightening number; that stays silent when it cannot give a reliable answer; and that lets people choose
how much they want to know about their results.

Patients also pointed out that one workshop is not enough, and that funding and rules often stop patient ideas from
reaching the final tool. Their designs will now feed back into our project.

Background
Patient and Public Involvement and Engagement (PPIE) in health research is not new, and it has a substantial history
in service design and program evaluations across health and social care with established principles, standards, and
growing evidence on how involvement should be organized and what its contributions are (1–4). Applying PPIE to
Artificial Intelligence, however, is a comparatively young field with its own challenges and requirements (5–7). Unlike a
service or a resource that patients can see and respond to, the object being shaped, a trained model, has no
perceptible surface: what it learns and how it generalizes cannot easily be inspected or "walked through." Many of the
decisions that determine what a model does are made continuously by developers, in a codebase rather than in a
room (8). And because a model is retrained, updated, and revalidated over time, the ideal timing and level of
involvement is hard to fix. In practice, 85% of participatory AI projects engage stakeholders only once during
development (9), suggesting that involvement and continuous engagement remain sporadic. PPIE matters for medical
AI because many high-stakes challenges are not purely technical but human-centric: what patients need for their care,
how they relate to AI when it is involved in their care, where implementation happens, who can benefit from these AI
results.

PPIE in AI research has so far focused on interface preferences, communication, and acceptability, with much
literature on patients’ attitudes toward AI and only a small but growing set of studies involving patients in the design
of health AI (5, 10). While many challenges remain for PPIE in AI, ethical and regulatory frameworks widely endorse
PPIE for AI research, positioning it as an ethical aspiration and as a practical requirement for building AI tools that are
safe, acceptable, and fit for human-centric applications (9, 11–13). For example, the World Health Organization (WHO)
guidance on AI for health emphasizes inclusive, human-centred governance and the need to involve affected
stakeholders to address risks and uphold ethical principles (14, 15). Similarly, the FUTURE-AI guideline and
trustworthy AI principles position stakeholder involvement as a lifecycle task spanning design, validation, deployment,
and monitoring (12).

PPIE methods, including co-design, are not a single method but an orientation that can be operationalized in varied
ways (9, 16, 17). We use PPIE to mean AI research carried out with or by patients rather than to, about, or for them (3,
7). However, PPIE can operate at very different levels of influence. At one end, patients are consulted on predefined
aspects of an existing tool, its usability, interface, or language; at the other, they hold strategic influence over what the
tool is for, who it serves, and under what conditions it should act. Delgado et al. describe this range as a spectrum
from consulting to ownership, defined by how much decision-making power is transferred to patients (9); we define
strategic involvement as the high-decision-making-power end, where patients shape the problem rather than react to a
solution. Co-design sits at this end of the spectrum: it positions participants as active partners throughout the design
process, contributing to problem framing, acceptable use cases, implementation requirements, and governance
decisions (18–20). Rather than inviting patients to provide feedback, co-design fosters collaboration between patients
and AI developers, engaging them in decisions about the tool itself (9, 16, 21).
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Co-design builds on participatory-design and user-centred traditions and shifts the roles of designers and participants,
so those affected by a design contribute creatively to what is made rather than only reacting to it (22). However,
enabling strategic involvement through co-design is demanding, and the field is still developing shared frameworks for
how it should be conducted and evaluated (22). Other factors may also constrain strategic patient involvement in AI
research. For example, tensions may exist between participatory aspirations and practical constraints, such as
resource or time limitations (23, 24). Some scholars position AI knowledge as a prerequisite for patient involvement,
although limited evidence shows that AI training produces strategically different contributions (5, 6).

Acute heart failure is among the most common causes of emergency hospital admission worldwide, carrying
substantial in-hospital mortality and high rates of adverse post-discharge events (25, 26). A central clinical challenge
in the emergency department (ED) is determining which patients can be safely discharged and which require
admission or close monitoring. Studies comparing these decisions against validated risk scores reveal a mismatch
between risk and disposition: many lower-risk patients are admitted, while some higher-risk patients are discharged
(27, 28). A potential application for AI, therefore, is AI-enabled risk prediction tools to support these decisions and
predict major adverse cardiovascular events at 30 days. However, despite promising performance in research
settings, these tools have not yet translated into routine clinical practice, partly because design decisions have been
driven by what is technically feasible and clinically measurable rather than by what is meaningful and actionable for
the people these tools are meant to help care for.

During discharge decisions, clinicians are recommended to consider and address potential barriers that could
jeopardize patients’ successful self-care, including health literacy, frailty, impaired cognition, financial resources,
transportation, symptom monitoring, and social and caregiver support (28). However, these considerations are
seldom reflected in predictive cardiovascular risk AI, where models are often built around an idealized patient, a
clinical profile in an acute moment, stripped of life context, care history, information preferences, and agency over
their own risk. Without patient involvement, tools may be optimized for clinical accuracy but misaligned with patient
needs, preferences, and care realities.

All of this makes co-designing cardiovascular risk prediction tools an important case for PPI, given that an AI tool that
predicts an individual’s risk of death increases the affective and ethical considerations that lower-stakes tools do not,
such as how much a patient wants to know about their risk, whether a tool should decline results, who bears the costs
of errors, and what happens when these results are wrong.

Aim:

Against this background, we conducted a co-design workshop, as a pilot, within DataTools4Heart (29), a Horizon
Europe project developing an AI-enabled cardiovascular risk prediction tool to support ED discharge and admission
decisions. Our aim was to examine what patients with lived experience of heart failure specify, build, and recommend
for such an AI when involved as strategic partners in its co-design, and what their contributions, and the limits they
themselves identify, reveal for involvement in AI design. We structured the co-design activities around trustworthy-AI
(FUTURE-AI) principles (12) as a backbone for the ethical design considerations the tool should address.

Methods
Study design

We conducted a pilot, two-day, in-person co-design workshop combining facilitated group discussions with structured
participatory activities common in design thinking (journey mapping, discussion of user personas, role-playing, and
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paper prototyping). We selected co-design because it supports developing solutions with affected stakeholders and
can surface practical constraints, values, and implementation requirements early (30). We used structured facilitation
and multiple participation modes (e.g., plenary discussions, breakout groups, and written content) to support inclusive
participation and avoid common participatory group pitfalls (22, 31). We report the involvement in accordance with
the GRIPP2 long-form checklist (Annex 1), which is designed for studies whose primary focus is patient and public
involvement (2).

Involvement took place in two stages. A preparatory phase familiarised participants with the project and with AI in
healthcare through a short self-paced e-learning module (https://www.elementsofai.com/) and an online webinar that
focused on AI design and AI design requirements. The in-person workshop then ran over two days (Barcelona,
October 2025). At the start of the workshop, the tool aim was briefly introduced: a clinician-facing ED risk-prediction
mock up interface shown as a prompt for discussion rather than a fixed design to be rated. In the introduction
session, an AI developer met participants and answered questions about the model and data. After that, two
facilitators ran the workshop, comprising five co-design sessions plus welcome, recap, and closing segments. Each
session operationalized one or more FUTURE-AI design-phase principles into a participatory activity (Table 1).
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Table 1
Delivered workshop structure, activities, and FUTURE-AI principles

Session Aims (as
delivered)

Participatory process FUTURE-AI
principle(s)
grounding

Outputs and data
generated

Preparatory Familiarise
participants
with the project
and with AI in
healthcare;
establish a
shared starting
point.

Self-paced e-learning module + 
online webinar ahead of the in-
person days.

Cross-cutting
(stakeholder
engagement
across the
lifecycle).

Baseline + post-learning
surveys (confidence,
comfort, expectations).

Welcome Set a safe, open
tone; introduce
the tool and the
ED use case;
meet the AI
developers and
team.

-- -- Field notes.

Session 1 Where does the
tool fit? What
are patients’
general needs
across the care
pathway; who
should use it
and why.

Usability (define intended use,
user requirements); Universality
(intended setting and variation).

Vignette of a
patient + 
journey
mapping and
facilitated
discussion.

Blackboard journey map
(co-produced);
audio/video recording.

Session 2 Who should the
tool serve, who
might be
excluded, and
how to avoid
exclusion; what
fairness means
from a patient
view.

Fairness (engage stakeholders
to define sources of bias);
Universality (heterogeneity
across groups).

Persona
cards (six
characters
spanning age,
ethnicity,
digital access,
geography) + 
a blank
participant-
authored
persona;
paired
discussion
then plenary.

Annotated persona cards;
participant-authored
persona; audio/video
recording.

Session 3 How should the
tool fit into
care:
communication,
consent,
decision-
making power,
and the
patient–
clinician–AI
relationship.

Explainability (user
understanding/communication);
Usability (human oversight);
autonomy & consent.

Co-
constructed
role-play
(participants
directed the
scene and
characters),
enacted twice
from different
angles,
followed by
discussion of
the enacted
interaction;
needs
surfaced as
post its in the
recap.

Priorities post its
(participant-written,
facilitator-clustered).
audio/video recording.
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Session Aims (as
delivered)

Participatory process FUTURE-AI
principle(s)
grounding

Outputs and data
generated

Session 4 What do
patients want
from the tool;
identify must-
haves; how
feedback
should be used
and reported.

Usability (requirements);
Traceability (feedback and
reporting).

Facilitated
recap of Day
1 + 
prioritisation
and clustering
of features
and needs.

Black-board requirements
and AI features
(facilitator-clustered);
audio/video recording.

Session 5 “Creating my
perfect AI tool”:
patients as
designers
specify what
the tool should
be, do, and
show.

Cross-cutting / open design
(participants free to integrate or
exceed the principles above).

Open group
prototyping
task in two
independent
groups, group
presentations.

Participant-authored
design artefacts (the
“eMe” concept;
low/med/high risk
display; layered
basic/intermediate/expert
explanation); audio/video
recording.

Wrap Groups present
their designs;
whole-group
synthesis;
reflect on
process; brief
on the follow-up
survey.

Traceability (how input will be
used and feedback).

Plenary
synthesis on
a shared
board; closing
reflection.

Post-its on how you
would like to be involved
(facilitator clustered),
audio/video recording.

Participants

Participants were recruited using purposive sampling to assemble a group with lived experience of heart failure, while
aiming for diversity in background and perspectives. Recruitment occurred through open calls on social media and
targeted outreach via European Society of Cardiology (ESC) patient networks. Interested individuals were screened by
a study co-authors, to confirm suitability for an intensive, facilitated, in-person co-design process. During screening, 29
individuals expressed interest via email; 14 were enrolled and completed the baseline questionnaire. Later, 3 withdrew
due to language or scheduling constraints, leaving 11 participants who completed the e-learning module, attended the
webinar, and participated in the in-person workshop. Eligibility criteria included: self-reported lived experience of
cardiovascular disease; ability to participate in person; English language proficiency; and willingness to engage in the
iterative multi-stage format. The exclusion criteria were: (i) severe health conditions that were incompatible with
travel, and (ii) limited cognitive capacity to engage and provide informed consent. Survey responses are numbered
R1–R14 (the enrolled group) and workshop discussants PT1–PT11 (those attending in person).

Data Collection

Workshop sessions were captured using the university’s audiovisual seminar room, which recorded full-room audio
and video from two cameras at different angles; two additional audio recorders were placed centrally as a safeguard
against technical failure (the room capture proved sufficient and the backups were not needed). Screen and session
capture used Open Broadcaster Software (OBS), recording locally on the main author’s laptop. We transcribed
recordings locally with Whisper, and the main author checked transcripts against the recordings. Alongside the
recordings, the workshop produced a set of physical artefacts, which we treated as image data and interpreted
against the recordings of participants presenting and discussing them: a blackboard journey map (Session 1);
annotated persona cards and one participant-authored persona (Session 2); participant-written post its from the
Session 3 recap, co-produced blackboard synthesis prioritisation (Session 4) and participant-authored design mock-
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ups (Session 5). Brief surveys were administered at four timepoints (pre-learning, post e-learning, post-webinar, post-
workshop).

Data Analysis
Artifacts produced during the workshop varied in authorship: The Session 5 mock-ups and the participant-authored
persona were produced by participants directly. The post its were written by participants but clustered by the lead
facilitator during the workshop. The blackboard journey map and the closing blackboard synthesis were co-produced:
the lead facilitator recorded and reflected participants’ contributions in real time as the plenary directed. This in-room,
facilitated synthesis functioned as an interpretive act during data generation, was discussed with all team members
present, and informed the formal analysis conducted afterward.

Analysis proceeded in three linked stages. First, the workshop was designed deductively: activities were structured
around FUTURE-AI design-phase principles, so the data-generation was framed by pre-specified topics. Second, in-
room facilitated synthesis (the clustering and blackboard work above) organised material collaboratively during the
sessions. Third, we analysed the full corpus (transcripts, recordings of group presentations, artefacts-as-images, field
notes, and open-ended survey responses) using reflexive thematic analysis [(32, 33), moving iteratively through
familiarisation, coding, and theme development and refinement (using software: ATLAS.ti). Coding was led by the first
author; codes and candidate themes were reviewed iteratively with co-authors, and developed themes were reviewed
and critically discussed with the patient co-authors. Because activities were principle-structured, the analysis
remained deliberately open to specifications that fell within, across, or beyond the principles the activities were
designed to elicit; where interpretive disagreements arose, they were resolved through team discussion. Final themes
were reviewed by the full author group.

Survey Data

Survey data were analysed qualitatively and descriptively and used to complement workshop qualitative interpretation
(34). Survey items (including 1–5 Likert items on confidence and comfort, and open-ended questions) were used
descriptively and contextually to complement the qualitative analysis. Given the small, attrition sample, we do not
report inferential statistics or treat the Likert items as quantitative outcomes; we summarise them narratively and
draw on the open-ended responses thematically.

Team Positionality

Our team spanned several disciplines. The first author is a researcher in AI ethics and social scientist for healthcare,
with experience in patient engagement and qualitative methods; EN, FM, and MM are social science researchers with
expertise in qualitative and participatory methods; MB is a clinician (technical doctor) on the project’s clinical side and
co-facilitated the workshop and FA is a senior clinician in cardiology. AV and RS are patient representatives from the
ESC Patient Forum; and KL is an AI-for-healthcare researcher and focus on trustworthy AI designs and development.
The AI-development team met participants and answered questions but did not facilitate sessions or conduct the
analysis. We decided to invite developers to meet participants because, for involvement to reach the build, the people
who build the tool must be reachable. Because the team included the tool's developers, we took steps to keep the co-
design workshop open: we stated that the tool's direction was not fixed, actively invited critical as well as supportive
input, and restated the workshop's purpose at several points. The co-design outputs will inform a revised version of
the tool, which we plan to bring back to patients, and a possible follow-on project.
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This study was itself a PPIE activity: patients with heart failure were active co-designers rather than research subjects.
Patient co-authors (AV, RS) from the ESC Patient Forum contributed to the workshop design and to reviewing all
participant-facing materials, attended the workshop in an observer and support capacity (not facilitating, as their prior
relationships with some participants could have introduced bias), contributed to the in-room synthesis and to
interpretive discussion of the findings, and reviewed and critically discussed the developed themes as co-authors. The
first author led formal coding. The study design was informed by prior PPIE within DataTools4Heart.

Results
The final workshop group (n = 11) included 5 women and 6 men representing 7 European countries. All reported a
current diagnosis of heart failure with heterogeneous underlying conditions. Most had prior experience with patient
engagement, research participation, or health advocacy. Motivations for participation centred on improving heart
failure care and quality of life, contributing to science, and ensuring AI-enabled tools reflect patient priorities. All
respondents reported comfort communicating in English and using a computer for online sessions. Participant
characteristics are summarised in Table 2.

We organise the findings into three themes. Theme 1 describes patients' shift to a design role: what they brought that
enabled it, and the challenges the shift entailed. Once in that role, participants redesigned the tool and, working in two
independent groups, converged on strikingly similar designs. We organize that redesign into what the tool should be
(Theme 2) and how it should behave (Theme 3). Throughout, participants repeatedly raised trustworthy-AI concerns
(e.g., fairness, reliability, and explainability) in all sessions.
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Table 2
Sample characteristics (n = 11)

Characteristics n (%)

Sex

Women 5 (45%)

Men 6 (55%)

Age group (years)*

18–29 1 (9%)

30–39 2 (18%)

40–49 3 (27%)

50–59 2 (18%)

≥60 3 (27%)

Country of residence

The Netherlands 3 (27%)

The United Kingdom 2 (18%)

Ireland 1 (9%)

Germany 1 (9%)

Poland 1 (9%)

Belgium 2 (18%)

Spain (Catalonia) 1 (9%)

Educational level

University / higher education 10 (91%)

Vocational training 1(9%)

Heart failure–related hospitalisation history

None 3 (27%)

Once 3 (27%)

Multiple times 4 (36%)

Not reported 1 (9%)

Prior involvement in research / panels / patient advocacy

Yes 9 (82%)

No / not yet 2 (18%)

1. Shifting to a Design Role
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Patients arrived already feeling equipped to contribute, with consistently high confidence across all survey timepoints.
The real barrier for patients was not capacity but familiarity. Most participants had only prior experience with reactive,
consultative participation and initially struggled to engage with an open design space. Once reassured that open-
ended contributions were genuinely wanted, that shift happened.

1a. Confidence to participate came from lived experiences
Across all four survey timepoints, participants reported consistently high “confidence to share ideas" and "comfort
speaking up if an AI tool did not make sense" even before engaging with the preparatory materials.

The e-learning module received the widest spread of ratings, with some finding it valuable and others describing it as
poorly matched to their needs. Several questioned the relevance of mathematical AI content to the participatory work
they were being asked to do. When asked about their potential contribution, participants saw themselves contributing
to what counts as safe and effective outcomes (9/11), how the tool should be used in practice (8/11), and how results
should be explained (8/11). One participant, after struggling with the mathematical content, articulated clearly where
their value lay:

" I think my added value mainly lies in ensuring from the patient's perspective that all factors are taken into account, that
the right information is included, and that AI is fed with the right input. Also, making sure that everything is complete and
considered in agreements. But I prefer to leave the technical part to the professionals who have expertise in that area �"
(R7, post-workshop survey)

1b. Co-design required a new involvement mode
Arriving as capable contributors did not mean participants felt comfortable designing the AI. In early sessions,
uncertainty emerged about what kind of contribution was appropriate. When unsure how to proceed, participants
reverted to familiar consultative patterns, requesting prototypes to evaluate their interfaces and seeking the framing
they were accustomed to receiving:

"In the beginning we had to get used to the idea that we could go any direction and nothing was set upfront." (R6, post-
workshop survey)

"I was wondering if you share an idea already or a prototype where we can pretend to react to because it's very, um, a big
idea so far from different perspectives maybe if there is a map already we can shoot on that." (PT9, workshop)

Once facilitators clarified that all directions were welcome and that there were no wrong contributions, participants
shifted, producing substantive and innovative design proposals.

1c. Barriers to AI co-design
As the workshop concluded, participants reflected on what would happen to their contributions after they left,
identifying structural conditions such as regulatory, legal, funding, cultural, and sustainability, that work against patient
involvement:

"The project is really ambitious. In my opinion, maybe too much. But I hope and I really wish that this ambitious becomes
into reality and all of us can enjoy the tool in a non far future. When I say too much ambitious I think in the big troubles of
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data protection laws, the relationships between countries and also the complexity to erase false data to avoid mistakes in
the predictions." (R8, post-workshop survey)

"My main comment is about the development: it seems like creating such AI tools will require significant funding. I'm
curious whether there's a business model behind this, or if the tools will be freely available to patients, yes or no, and how
they will be maintained over time." (R3, post-workshop survey)

Several participants explicitly noted that a single workshop is not enough for meaningful co-design and one drew a
broader conclusion:

"It also clarified that patient-involvement and co-design needs a lot more academic work in order to come up with
rigorous templates and frameworks if we aim to standardize this sort of engagement." (R1, post-workshop survey)

Redesigning the tool: two groups with similar designs

Once in a design role, participants did not evaluate the tool as presented; they redesigned it. In the final task, two
groups worked independently, and both arrived at similar tools, a convergence participants noticed themselves:

“We started off with the possibility to use [it] for doctors at the emergency room, and I’m happy to see … both groups
came up with a patient app, because I believe the patient should be the center of it all … the patient is the one who has to
give the input and also has to live with the condition.” (PT9, workshop)

Both groups independently designed a patient-facing mobile application that drew on whole-person inputs rather than
acute clinical variables alone; expressed risk in qualitative, banded terms rather than as a raw number; paired risk with
an actionable recommendation; and built in consent and data governance. They also converged on layered, patient-
controlled explanation and on a shared patient–clinician data flow. Figure 1 shows the two designs. We present the
shared design below along two themes: what the tool should be (Theme 2) and how it should behave (Theme 3).

2. Re-designing the Tool to Become Patient-centric
Once comfortable with the open design space, participants strategically questioned the tool’s purpose, scope, and
intended user, producing design proposals that departed significantly from the original concept.

2a. Reframing who the tool is for
The workshop started from a mock-up of an ED cardiovascular mortality risk prediction tool designed to support
clinician decisions about discharge or admission. Participants engaged with this concept but quickly identified a
fundamental problem: as patients, they would never see it, and it would never reach patients. They challenged the
narrowness of the original decision focus, arguing the tool could serve a much broader range of decisions and users
or be integrated in a more consistent way into their care:

" …it would be much more valuable if it could be used in a broader spectrum of cases. Because if you present an ED,
you've got an acute problem. You know, you've either got a heart attack, cardiac arrest, stroke, you know, if you're in the
emergency department, the decision-making is black and white … [ about keeping somebody in or discharge them]… It's a
very, narrow spectrum of decision. But this tool, I think, would be much more valuable if it was, you know, and there's so
many inputs that, you know, it just seems that it could be used in a wider spectrum of decision-making. (PT10, workshop)
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Not all participants agreed. One explicitly preferred the original clinician-facing design, arguing that a patient-facing
application would generate anxiety rather than empowerment. However, in the final designs, both groups
independently produced patient-facing applications.

"Inputting data myself and looking at an app, this is Instagram on steroids. This is anxiety waiting to happen." (PT8,
workshop)

2b. Widening the inputs to the whole person
Participants argued that the model should draw on social, contextual, and lifestyle factors such as living situation,
culture and diet, religious practice and fasting, activity, as conditions on how risk is interpreted:

“Religious practices and belief … if you’re in a religion that doesn’t believe in any invasive medicine … or if you … do fasting
at certain times … that could … [be] showing up on you.” (PT2, workshop)

They also raise questions about what the predictions mean for them, for their bodies and their experiences, and
whether data can represent them accurately:

“A 62 year old woman like me, but who hasn’t got a heart issue, might have a risk factor of 40 anyway … you need to know
so that you’re not comparing me with some fit 23 year old.” (PT2, workshop)

The demand beneath these inputs was to be treated as a whole person rather than a data point:

“We’re looking to be seen as a person … we want to be heard holistically.” (PT2, workshop)

"The most important thing is what the person, not patient, person, wants out of this interaction. Everyone wants
something different." (PT10, workshop)

2c. Integrating AI into the shared patient-clinician space
These choices came together in their designs’ architecture: a tool centred on the patient, into which the patient enters
personal, lifestyle, and symptom information and to which clinicians add clinical data, shared both ways with consent.
One group’s “eMe” captured this integration:

“We call this application eMe … the electronic version of myself … you have to tick the button consent of sharing this data
… this information then goes to the … GP … and then the GP can add medical data … and … share it … back to the
individual as well as to the hospital.” (PT11, workshop)

Thinking across the care pathway, participants argued the tool should not exist in isolation but connect general
practice, the ED, and patient-facing interfaces. One participant, drawing on ten years of diagnostic delay, made this
case directly:

"It took me ten years to get diagnosed with all the classic symptoms. That's a huge red flag for me, there's a real gap in
that initial diagnostic thing. That would be my priority." (PT2, workshop)

3. Adapting To Patient-centric Outputs
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Participants described in detail how AI outputs should be made usable for them: when and how results should be
given, when to withhold them, and how much to explain.

3a. Qualitative and actionable outputs
Several rejected a numerical risk score as the primary output on both comprehension and emotional grounds; the
affective stakes of mortality were explicit:

“It’s shocking, to be honest … if I was just … an average patient … I would be shocked … information like that is better
human to human.” (PT10, workshop)

They preferred banded categories, and wanted the output to say what to do and to prepare them for the clinical
encounter:

“Could you possibly do it like … the obesity scale where … you’re in this upper percentile, or … the middle risk percentile?”
(PT2, workshop)

“If the results can be translated into some questions as a preparation for your consultation.” (PT1, workshop)

Participants stressed that outputs should reflect different values and life priorities, not just individual clinical risk, for
example:

"Some people just want to live as long as possible, whereas other people want to be able to do a lot more active things
within ten years." (PT2, workshop)

3b. Withholding predictive outputs
Participants suggested the tool decline a prediction when it could not do so reliably. They expressed that the cost of
error is borne by the patient, and it is better to opt out of predicting uncertain predictions:

“If … you are in an underrepresented cohort and the tool cannot give you a decent prediction score … it should also not
give you one.” (PT8, workshop)

“I would accept an AI tool which would say, sorry, I can’t give you the risk right now because I’m still learning. I have not
enough data.” (PT11, workshop)

and, on the lack of usability of a bare figure:

“Your 10-day mortality risk is only 6.4, very good.” (PT11, workshop, ironical tone and gestures)

3b. Explanations as a layered and patient-controlled output
Participants design explanation to be available in graded depth, chosen by the patient and adjustable to their situation
and energy:

“Having that option of knowing about the toolkit … it’s patient’s choice, but let’s at least give the patient an option.” (PT7,
Session 3)

“In acute heart failure situation, I don’t challenge much. I don’t have the energy for it.” (PT8, Session 3)
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Both groups implemented this in their designs: a language-selectable, patient-facing interface; a low/medium/high
output in place of a number; and tiered “basic / intermediate / expert” explanations with more detail and more
technical language as the patient chose to go deeper (Fig. 2).

Discussion
Summary of Findings

In this pilot, co-designing an AI tool with patients produced strategic input that fundamentally reframed its purpose,
scope, and intended users, proposals that would not have emerged from evaluating a predefined design for usability
or its interface. Two independent groups converged on the same design: a patient-facing tool built on whole-person
inputs, communicating banded and actionable risk, gated by reliability, and explained in patient-controlled depth.
Operationalizing trustworthy AI principles as co-design activities helped surface ethical requirements and safeguards
that could inform more patient-centred tool development.

The tool’s affective specificity shaped what patients designed. Because the prediction concerns the patient’s own risk
of death, participants built emotional safeguards into the tool such as refusing raw numbers, banding risk, insisting
the tool withhold rather than mislead, and controlling how much they wished to know. This suggests that the stakes of
an AI tool, not only its subject matter, may indicate the need for patient co-design even if they are not the expected
end-users.

Participants also identified that the conditions surrounding AI development systematically work against co-design
input reaching decisions that matter. Regulatory timelines, funding ceilings, and the absence of feedback loops
between workshops and development pipelines mean that involvement remains a challenge – even within our own
project.

Relation to Previous Research

Previous research on co-design in healthcare AI suggests that actively involving patients can yield more patient-
centred and sustainable tools (35). Thompson et al., studying PPIE within a large AI and big data programme, found
that patient contributors consistently prioritised person-centred outcomes, while researchers remained constrained by
data-driven metrics (5). We observed this tension as patients pushed the design beyond clinician-facing, data-driven
scope. Classic participatory design scholars distinguish between having a voice and having a say, namely the
difference between being consulted and having real influence over decisions and outcomes (36). For AI specifically,
Delgado et al. formalize this distinction across a spectrum from consulting to ownership, making explicit that PPIE
varies in the degree of power transferred to stakeholders to own the decisions that shape a tool (9). We use strategic
involvement to denote this higher-influence, that of patients shaping what the tool is for and how it works, not only
reacting to a predefined design. Our findings suggest patients can contribute at this strategic level: they reframed the
tool's purpose and users rather than refining its interface. It is, therefore, important that co-design for AI focus on
transferring this design power and enabling strategic involvement, although this is neither easy nor yet operationally
standarized.

Our participants’ insistence that the tool withhold predictions it could not make reliably, which is what Verstrael and
colleagues describe as epistemic honesty from the patient’s perspective: patients did not want false certainty but
wanted the tool to disclose, or withhold, in proportion to what it could reliably know, treating the acknowledgment of
uncertainty as a condition of trust rather than a failure (37). That patients reached this position from lived
experiences, without technical prompting, suggests trustworthy-AI principles can be expressed in patients’ own terms.
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Our findings diverge from previous research on AI literacy. Thompson et al., found that a more heterogeneous sample
benefited from introductory AI workshops (5), whereas in our study, confidence was high before any preparatory
content and remained stable throughout. This matters because AI design and development frameworks identify
patients' digital literacy as a key human factor to be addressed and recommend structured training activities as
foundation for meaningful participation (12, 6). Frost et al.'s scoping review of empirical methods in PPIE for AI
reveals that this assumption is common: most studies provided background information about AI to participants
before involvement, yet many still reported participants' lack of prior knowledge as a limitation (6). They argue many
researchers treat patient unfamiliarity with AI as a problem to be corrected before genuine participation, which is
unclear in our case, as patients felt confident in their experience even before training.

A recent critical reflection of PPIE in heart failure research similarly documented the tension between scoping a
project based on clinical evidence and patients' perspectives, which may prioritise different outcomes such as
feasibility within daily life or acceptability in the context of multimorbidity(38). This resonates with our finding that
patient involvement needs to start early enough for the scope and purpose of a project to remain genuinely open to
revision, rather than asking patients to accept or reject a problem already defined without them. Kirk et al., reflecting
on a co-design intervention, similarly found that involvement can become ‘the good thing itself’—difficult to critique—
and that ceding genuine control to participants was harder in practice than in principle, as the co-design process itself
became something the team struggled to hold open (31). Alongside our findings, this suggests the barrier to co-
design may not be on participants’ capacity but the conditions surrounding the process.

Our findings point to a tension between the aspiration for co-design and the conditions under which AI development is
typically resourced. During our workshop, familiarisation with co-design happen relatively quickly when it was
structured and guided, but this level of facilitated, multi-day engagement is rarely routinely funded. Additionally, it is
possible that what is needed is co-design training for researchers and participants is integrated more fundamentally
in AI, though this too depends on funding and timelines. For example, Foster et al.'s analysis of a UK-based PPIE
funding scheme found that even when dedicated funding was available to support patient involvement from the
earliest stages of grant development, a £600 ceiling and pressure to spend within three months meant that most
researchers could consult contributors only once or twice (23). Smith et al., similarly acknowledge that the lack of
clarity around how to operationalize and budget for PPIE across the full development cycle remains one of the most
consistently cited barriers in literature (39).

Taken together, these findings point to a structural problem: ethical AI guidelines that endorse stakeholder
engagement rarely specify the time, budget, or organizational architecture needed to make PPIE meaningful. A
recurring assumption in the design of AI clinical tools is that the intended beneficiary and the intended user are the
same person. In cardiovascular AI, clinicians are routinely positioned as the end users whose experience matters for
design, while patients may be classified as passive stakeholders who are affected by the system but without power to
influence its development (40). Where patients have been engaged, the dominant approach has been to build AI
literacy and trust rather than involving them in model scope or problem definition (35). The result, as Wang et al.'s
systematic review of human-centred design of AI clinical decision support systems found, is that patient-facing
perspectives are largely absent from the literature, with the field's attention concentrated on clinician usability and
workflow (41). This reflects a broader pattern in healthcare AI where patients are positioned as lacking the capabilities
to engage with technical AI decisions, creating conditions in which patients may internalize a passive role and expect
to be consulted on something predefined rather than invited to shape what the problem is (42).

For co-design in medical AI, this suggests moving beyond engaging patients only as end users and considering who
counts as a stakeholder more broadly, including those affected by a tool but who will never use it directly. Making the
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intended beneficiary of an AI tool an explicit, open question may be one of the easiest changes AI co-design practices
can make.

Limitations

Several limitations apply as a pilot study. The sample was small, experienced, and advocacy-engaged: these were
people well placed to work in an open design space, and the study asked what such participants produce under these
conditions, limiting generalisation to less-empowered or less-experienced participants. Second, in-person
participation in Barcelona required English proficiency and the ability to travel, constraining who could participate.
Third, we have not yet incorporated the co-design outputs fully into subsequent AI development, so we cannot report
how these findings functioned in the final tool; implementation, a return of the revised tool to patients, and a follow-on
project are the planned next phase. Finally, this was a single cardiovascular mortality-prediction tool; the approach will
need to be tried with other participants and other tools, under similar conditions, to see how co-design changes the
scope and intentions of such tools.

Conclusions
Structuring patient co-design around trustworthy-AI principles let patients with heart failure engage with those ethical
principles and, from them, design a different tool: patient-facing, whole-person, actionable, reliability-gated, and
explained on their own terms. Our findings suggest two practical considerations for enabling strategic patient
involvement in designing high-stakes AI tools such as cardiovascular mortality predictors.

First, co-design preparation should also familiarise participants with design practices, such as typical design-thinking
exercises, prototyping, and alike. Our findings showed the barrier was unfamiliarity with what involvement looks like
for AI design. Preparatory components may need to legitimize experiential knowledge, orient participants to the
difference between evaluating a predefined tool and shaping a problem, and provide facilitated space for that
transition, including time for familiarisation; a dedicated co-design module could help.

Second, the intended beneficiary of the AI tool should be asked as an explicit and open question in co-design when
the aim is to design ethical AI. In our workshop, participants independently identified that the tool was clinician-facing
and would never be seen by patients, which restructured the entire design conversation. If developers make explicit
whose problem the tool solves, for whom its outputs are intended, and whether those are fixed or open questions,
patients can interrogate those assumptions from the start.

Our study shows both what such involvement can produce and where its influence meets structural limits. Both are
necessary knowledge for anyone seeking to involve patients in building high-stakes medical AI.
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Footnotes
1. Robustness was not delivered as a discrete session. Reliability concerns such as that the tool should withhold a

prediction when it cannot make one reliably and should communicate uncertainty arose across Sessions 1–5.
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Figures

Figure 1

Independently produced designs from the two groups. Both are patient-facing mobile applications with banded (non-
numerical) risk, whole-person inputs, actionable recommendations, and built-in consent. One group (left) detailed a
language-profile-data flow and a layered basic/intermediate/expert explanation; the other (right) named its design
“eMe” and elaborated a shared patient-clinician data model.
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