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Abstract
Background: Multimorbidity, living with 2 or more long-term health conditions, is increasing globally and now affects
over one-quarter of adults in England. People with multiple long-term conditions (MLTC) face complex health and treat-
ment challenges, often experiencing fragmented care within systems oriented toward single-disease management. Artificial
intelligence (AI) has the potential to support clinicians and patients by analyzing complex health data, optimizing treatment
strategies, and predicting disease trajectories.
Objective: The OPTIMAL (Optimizing Therapies, Disease Trajectories, and AI-Assisted Clinical Management for Patients
Living with Complex Multimorbidity) project aims to develop AI-enabled tools to support shared decision-making in primary
care. This study explored how patients with MLTC perceive the use of AI to inform joint decision-making in primary care.
Methods: Semistructured interviews were conducted via telephone or video call with 29 adults living with MLTC between
July and November 2023. Participants were recruited through general practitioner practices via the Clinical Practice Research
Datalink and community-based organizations across the West Midlands. Interviews were transcribed verbatim and analyzed
thematically using an inductive approach. Members of a patient advisory group were involved in developing study materials,
refining the interview guide, and reviewing emerging findings to ensure relevance and authenticity.
Results: Participants identified potential benefits of AI in enhancing consultation efficiency and accuracy, improving access
to information for patients and clinicians, promoting early detection of health changes, and reducing health care inequalities.
However, concerns were raised about the loss of human interaction, data privacy and security, transparency of algorithms, and
the potential for bias and inequity in AI systems. Trust and acceptance varied by age and familiarity with technology. Some
participants expressed uncertainty about what AI entails and how it could be used in primary care.
Conclusions: Patients with MLTC viewed AI-assisted decision-making in primary care with cautious optimism. While
many recognized potential benefits for coordination and personalization of care, others expressed reservations about privacy,
fairness, and the risk of diminished human connection.
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Introduction
Background
The prevalence of multimorbidity (living with 2 or more
long-term health conditions) is increasing worldwide and
affects over a quarter of adults in England [1,2]. Patients with
multiple long-term conditions (MLTC) experience unique
challenges that can impact their quality of life and func-
tional status. More widely, complex MLTC, defined as the
coexistence of 4 or more long-term health conditions, has a
significant contribution to health care utilization and often
leads to polypharmacy [3].

As mainstream services are generally oriented to a “single
disease model” of care, costs and service utilization generally
increase as the number of conditions a patient has increa-
ses [4,5]. Conventional approaches to treating individual
conditions in isolation fall short when managing complex
MLTC due to the unique complexities, which have implica-
tions for experiences of care, costs borne by patients, and
impacts on work and other activities [6]. Traditional clinical
trials, which typically inform evidence-based guidelines,
often exclude individuals with MLTC, resulting in guidelines
that do not adequately address the intricacies of complex
MLTC [7]. This limitation underscores the critical need for
innovative approaches to guide treatment decisions.

Artificial intelligence (AI) has been seen to offer potential
solutions to this dilemma, offering the capability to navigate
the intricate web of multiple conditions and varied treatments.
Definitions of AI have progressed over time and generally
relate to machines and algorithms that can “reason and adapt
based on sets of rules and environment which mimic human
intelligence” [8]. AI tools possess the capacity to interpret
vast and varied datasets, accounting for individual patient
characteristics and medical histories in ways that can exceed
human capabilities [9]. In particular, AI tools can be used as
part of the consultation process to inform clinician and patient
decision-making around diagnoses, planning treatments, and
thinking about outcomes, although the use in primary care
for the management of patients to date has been limited [10,
11]. This potential is particularly relevant in the context of
complex MLTC, where tailoring treatment plans to individual
patients becomes increasingly challenging. The OPTIMAL
(Optimizing Therapies, Disease Trajectories, and AI-Assis-
ted Clinical Management for Patients Living with Complex
Multimorbidity) project aims to leverage AI to develop a joint
decision-making tool specifically designed for primary care
settings, aimed at identifying the most effective treatment
strategies with the lowest risk of additional side effects
or antagonizing current conditions and predicting disease
trajectories in individuals with MLTC [12].
Objectives
Existing research on patient perceptions in relation to AI in
health care has highlighted that while AI tools are generally
welcomed, there are a range of concerns. These include

potential impacts on the quality of health care received,
implications for privacy and data protection, and the accuracy
of any AI outputs [13,14]. Hence, it is important to involve
patients in developing and implementing AI in health care
to ensure that solutions are acceptable and enhance patient
care and experiences. Through semistructured interviews,
this study sought to capture insights into how AI-informed
joint decision-making is perceived by patients compared to
traditional general practitioner (GP)-directed approaches in
managing MLTC. By exploring attitudes and barriers to AI
implementation, the study aims to foster a comprehensive
understanding of the landscape surrounding patient views
on AI-enabled decision-making tools, particularly within the
primary care context.

Methods
Study Design
Data were gathered using semistructured interviews conduc-
ted by telephone or via video link (Zoom or Microsoft Teams)
between July and November 2023, in line with our published
protocol [12,15]. The interview topic guide was developed by
the multidisciplinary research team, including members of a
patient advisory group (PAG), clinicians, a medical sociolo-
gist, qualitative researchers, and other researchers, such as
health economists and health data scientists. It was informed
by a review of the published literature (unpublished) about
the acceptability and utility of using AI for decision-making
in health care. Interviews were designed to last for around 30
to 40 minutes.

The interview topic guide, piloted with PAG members
and modified based on their feedback, comprised open-
ended questions and prompts to elicit detailed responses,
with questions focusing on participants’ perceptions of the
advantages and disadvantages of the use of AI-informed
clinical decision-making. The interview topic guide for
participants is provided in Multimedia Appendix 1. Prior
to the interview, participants were provided with a 1-page
briefing note on AI. The briefing note, also developed with
the PAG, explained what AI is and how it can be used in
health care. At the start of the interview, the interviewer also
provided further explanation and answered any participant
questions about AI.
Participants and Recruitment
Participants were recruited using purposive sampling via 2
pathways. The first recruitment method used the Clinical
Practice Research Datalink (CPRD) Aurum database, an
anonymized, population-based, UK database of electronic
primary care records [16]. CPRD contains validated clinical
and demographic data representative of the UK population
[17]. These data, including diagnoses, tests, and prescrip-
tions, were used to identify potential participants [18]. The
inclusion criteria include patients who were aged 18 years
and above and patients with 2 or more long-term health
conditions. The exclusion criteria include patients who were
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diagnosed with a terminal illness (prognosis of 12 mo or
less) and patients who may lack capacity to provide informed
consent or undertake study activities.

Using the CPRD patient referral service, invitations were
sent via GP practices in the West Midlands, prioritizing more
deprived areas with higher proportions of minoritized ethnic
groups and patients with MLTC. The Data Extraction for
Epidemiological Research (DExtER; developed by research-
ers at the University of Birmingham) software was used by
the research team to generate a pool of potentially eligible
patients [19]. Eligible patients identified via CPRD were sent
an invitation letter and participant information sheet (PIS) by
their GP practice (Multimedia Appendix 2).

Fewer patients than expected passed GP screening (56%),
and the response rate among those invited was low. To

augment recruitment, ethical approval was obtained to
implement an additional recruitment pathway. A community-
based approach was introduced, with recruitment materi-
als (Multimedia Appendix 3) circulated through voluntary,
third-sector patient support and community organizations.
The recruitment strategy for both pathways is shown in
Figure 1.

Interviews were conducted until data saturation was
reached and no new themes were identified [20]. A sampling
matrix was used to monitor participant demographics during
recruitment to support diversity in age, sex, ethnicity, and
number of long-term conditions [21]. In total, 21 participants
were recruited via CPRD, and 8 participants were recruited
from the community pathway.

Figure 1. OPTIMAL study recruitment diagram. CPRD: Clinical Practice Research Datalink; GP: general practitioner; OPTIMAL: Optimizing
Therapies, Disease Trajectories, and Artificial Intelligence-Assisted Clinical Management for Patients Living With Complex Multimorbidity; PAG:
patient advisory group; PIS: participant information sheet.
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Patient and Public Involvement
Members of the public and patients with MLTC have been
involved in every stage of the OPTIMAL study. A PAG was
established at study inception, comprising 9 members who
have lived experience of MLTC (either directly or as a carer).
PAG recruitment considered diversity in terms of personal
characteristics and experience of MLTC. PAG members were
involved in codeveloping the topic guide and participant-fac-
ing documents (PIS, invitation letter, and consent form)
by reviewing and commenting on each iteration. Quarterly
PAG meetings supported the qualitative study by reviewing
findings and ensuring that the study aims remained meaning-
ful to patients with MLTC.
Procedure and Data Analysis
All interviews were conducted by SF, a Research Fellow at
the University of Birmingham, working on qualitative studies
based within health research. The interviews were audio-
recorded and transcribed verbatim by a transcription company
contracted to the University of Birmingham. All transcripts
were anonymized and stored on a secure, password-protec-
ted server that only authorized personnel had access to, in
accordance with UK data protection regulations and in line
with University of Birmingham data protection and data
security policies.

Personal identifying information was removed from
transcripts prior to analysis. Transcripts were analyzed
thematically [22]. Following familiarization, codes were
assigned using an inductive approach [23]. A sample of
transcripts was independently coded by JC (a Clinical
Research Fellow with experience in qualitative research) to
ensure consistency. After the coding process, the codes were
merged into initial themes, which were then further refined by
2 researchers (CS and LJ).

During data coding and theme development, the find-
ings were discussed with the PAG and members of the
multidisciplinary research team to identify any areas for
further exploration or clarification in subsequent interviews.
Coding differences were worked through in a discussion-
based, collaborative process with the whole team, which
helped maintain clarity and consistency while recognizing the

reflexive nature of qualitative analysis. Microsoft Word and
Excel (Microsoft 365) were used to read the transcripts and to
support coding and theme development.

The COREQ (Consolidated Criteria for Reporting
Qualitative Research) checklist was completed to support
transparent reporting. The checklist is provided in Checklist
1, and the corresponding reflexivity statement is provided in
Multimedia Appendix 4.
Ethical Considerations
Ethical approval for the study was obtained from the
National Health Service (NHS) Research Ethics Commit-
tees (reference 22/SC/0210). Ethical approval to use the
CPRD dataset to select the eligible practices and potentially
eligible patients was obtained from the CPRD Research
Data Governance Expert Review Committee and the Central
Advisory Committee (reference 21_000683). Electronically
completed written consent or audio informed consent was
collected from participants, and they were informed of their
right to withdraw from the study at any time. As part of
the consent process, participants were asked for permission
to be contacted at a later date with a view to inviting them
to take part in a follow-up interview related to a separate
theme within the study. Participants’ privacy and confiden-
tiality were maintained throughout the study. Interviews
were anonymized, and all data were stored securely at the
University of Birmingham. A £15 (US $20.17) shopping
voucher was offered to participants for their contribution to
the study.

Results
Participant Characteristics
Recruitment continued until data saturation was achieved.
In total, 29 interviews were conducted with participants of
different sex, ages, and ethnic backgrounds (Table 1). The
sample was predominantly female and largely White British,
with smaller representation from Asian/British Asian and
mixed ethnic backgrounds. Participant age range spanned
from 20 to above 80 years, with the majority (17/29, 58%)
aged 70 years and above.

Table 1. Characteristics of the participants (N=29).
Characteristic and subgroup Values, n (%)
Sex
  Female 18 (62)
  Male 11 (38)
Age range (y)
  20‐29 1 (3.45)
  40‐49 2 (6.90)
  50‐59 4 (13.79)
  60‐69 5 (17.24)
  70‐79 11 (37.93)
  ≥80 6 (20.69)
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Characteristic and subgroup Values, n (%)
Ethnicity
  White British 24 (82.75)
  Asian/British Asian 4 (13.79)
  White and Black African 1 (3.44)
Number of long-term conditions
  2-3 12 (41.39)
  4 or more 17 (58.6)
Total 29 (100)

Main Themes
Overall, the interviews found 2 broad themes: potential
benefits and potential risks of AI (Table 2). Potential benefits
included 4 subthemes, such as enhanced efficiency and
accuracy, improved access to information for patients and
clinicians, potential early detection of changes in health state,

and reducing health care inequalities. Five subthemes were
identified for the potential risks of AI, such as the loss of
human touch, privacy and data security, transparency of the
AI tool and associated information, trust in and accuracy of
AI tools, and potential bias and inequality.

Table 2. Summary of themes and subthemes identified in relation to artificial intelligence (AI) use in multiple long-term conditions (MLTC) care.
Themes and subthemes Definition
Potential benefits of AI for MLTC care
  Enhanced efficiency and accuracy in

processing medical information
The ability of AI to quickly analyze large volumes of clinical data, reduce errors, and support more accurate
and efficient decision-making in complex care

  Improved access to information for patients
and clinicians

AI providing clearer, more accessible health information, helping both patients and clinicians understand
conditions, treatment options, and up-to-date evidence

  Potential for early detection of changes in
the health state

AI identifying subtle patterns or early signs of deterioration, enabling preventative action or timely
intervention

  Reducing health care inequalities AI supporting more consistent care across patient groups by standardizing information, highlighting
overlooked needs, and improving access for those with lower health literacy

Potential risks of AI for MLTC care
  Loss of human touch Concerns that AI may reduce personal interaction, empathy, and the relational aspects of care that patients

value.
  Privacy and data security Worries about how personal health data are stored, shared, or accessed within AI systems and risks of

unauthorized use
  Lack of transparency Uncertainty about how AI reaches decisions, how algorithms are developed, what influences their

recommendations, and how decisions are made within the health system about AI tools
  Trust and accuracy and AI outputs Need for reassurance that AI recommendations are reliable, safe, and checked by clinicians, with fears about

overreliance or errors
  Potential bias and inequality Concerns that AI trained on nonrepresentative data could reinforce existing disparities or produce less

accurate outputs for underrepresented groups

Potential Benefits of AI

Enhanced Efficiency and Accuracy in
Processing Medical Information
Participants commonly described the potential for AI to
improve the efficiency of consultations and aid in joint
decision-making. It was acknowledged that AI could help
process large amounts of medical information more quickly
than is currently possible, especially in relation to com-
plex medication regimens. Several participants reflected on
past experiences where medication interactions had been
overlooked and suggested that AI could reduce this risk while
also saving time for both patients and clinicians.

Well I have felt that at times, medication has been
prescribed without regard to what I am already taking,

[…] but AI could do it so much faster and would take
away the need for me to do it myself. [ID3, female, 75
years old]

Beyond medication management, participants also viewed
AI as a tool that could support clinical decision-making
during consultations by rapidly analyzing information and
presenting relevant options. The predictive capability of AI
in identifying potential future health conditions was viewed
as valuable. Participants noted that such tools could improve
patient care while saving time for clinicians and reducing
costs for the NHS.

Maybe it would save them time, money, resources. I
think it would probably be a really good tool for them
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as well because they can help their patients better…
[ID16, female, 45 years old]

Improved Access to Information for Patients
and Clinicians
Participants appreciated that AI had the potential to provide
more accessible information about their conditions, support-
ing greater understanding and involvement in managing their
health. In particular, AI was seen as a way of offering
patients additional information about alternative options that
they might benefit from. One participant described feeling
powerless in managing a complex condition and saw AI as a
way to gain clearer information.

Because I think the NHS is under resourced and they
don’t have time to explain all the different things to
you […] I don’t feel like I’m proactively doing much
at the moment apart from taking my drugs. So, I feel
very powerless and I would like more. [ID22, female,
28 years old]

Participants also recognized that AI could support
clinicians in helping patients manage MLTC, by drawing
attention to new or previously overlooked information and
improving awareness of emerging evidence. In addition,
AI was seen as having the potential to improve access to
information for clinicians by consolidating and analyzing
complex medication data.

Well, you’d most probably get the doctors to under-
stand a bit more. If it brings up new things and the
doctor decides to think about that as well, all the
better for you know, getting this artificial intelligence
to everyone you know. [ID24, male, 57 years old]

Potential for Early Detection of Changes in
Health State
AI was perceived as potentially capable of detecting subtle
changes or patterns indicative of disease progression earlier
than traditional methods, allowing for timely interventions.
Participants described how AI could act as a “comfort
blanket,” offering reassurance that health changes would be
monitored and addressed promptly.

But if I’m moving along the pathway, the computer
says I need to do a blood test, I’m sending you for a
blood test, the computer says we need to do this test just
to monitor you for this – I feel it’s a comfort blanket.
[ID13, female, 65 years old]

There was a sense that AI may be able to pro-
vide indications for preventative measures for presenting
conditions.

I think that would be a good thing, because preven-
tion is better than cure isn’t it really. So, if you’re
prone to it then you can make the changes before

it actually comes to the seriousness of the complaint.
[ID8, female, 82 years old]

Reducing Health Care Inequalities
Some participants believed that AI could help reduce health
care disparities by standardizing care practices and ensuring
equitable access to high-quality health care services. One
participant suggested that AI may be especially useful for
patients who may be less “health literate.”

But I think in cases of some individuals who may not
have insight, and they have complex medical condi-
tions, I think AI would be a great, great help to them
I think and to the practitioners who are looking after
[them]. [ID5, male, 71 years old]

Potential Risks of AI

Loss of Human Touch
Participants expressed concerns that the use of AI could
reduce the human elements of care (eg, communication and
compassion). In particular, there were worries that consul-
tations might become more transactional, with clinicians
relying on automated outputs rather than engaging fully with
the individual patient. As 1 participant explained:

I would hope that it wouldn’t become sort of rote in
so far that the computer spills out information and the
doctor immediately doesn’t really look at it, doesn’t
really pay attention to it and then just hands over a
prescription. [ID3, female, 75 years old]

Furthermore, some participants expressed anxiety that AI
might eventually replace face-to-face interactions with their
GP, highlighting the importance of being able to have a
dialogue with health care professionals. There was a sense
that this may more adversely impact older people.

I think it’s contact, isn’t it? The perception is that you
won’t see anyone, it’ll just be a computer with a face
and you deal with it. I still think from, certainly from
an older person’s perspective, you want to sit down and
talk to someone. [ID26, male, 76 years old]

Privacy and Data Security
Participants raised concerns about the privacy and security
of their health information when handled by AI systems.
There were worries that personal data could be accessed
by unauthorized individuals, highlighting the importance of
strong safeguards and clear data protection measures when
implementing AI in health care.

Well, I suppose people worried about their information
being available because other people could get access
to it... [ID29, male, 82 years old]
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Lack of Transparency
Concerns were also expressed about the transparency of AI
and how AI-driven decisions are made. Participants indica-
ted a desire for reassurance that AI tools would be thor-
oughly checked and validated, while acknowledging that
some aspects of clinical decision-making are already not fully
visible to patients. This was demonstrated by 1 participant
who stated they would like reassurance that AI tools are
carefully checked but, at the same time, highlighted a
lack of perceived transparency currently with clinician-based
decision-making.

As long as the software is checked and simulated, I’m
good with that. I can’t see the software but I’m pretty
sure that there’s something in there that they’re saying
“Try this. Try that. Do this. Do that.” So, we’re not far
away now are we, the way they operate? [ID26, male,
76 years old]

Some participants also questioned whether financial or
organizational incentives could influence how AI is devel-
oped and implemented within health care. They questioned
whether AI would truly serve patients’ best interests or be
driven by profit and efficiency within the health care system,
which further highlights the need for transparency in how
decisions about the introduction of AI are made.

When everything is about money and profit these days,
you have to question whether is AI being proposed as
a solution for patients or a solution for cheaper private
healthcare? [ID19, male, 64 years old]

Trust and Accuracy of the AI Outputs
Participants emphasized the need for reassurance about
the accuracy and reliability of AI-generated outputs. They
suggested that AI should support, rather than replace, clinical
judgment with safeguards, such as human oversight in place.

I think there needs to be some sort of second opinion
thing built into it because AI is not foolproof. So,
there’s definitely some sort of second opinion. [ID21,
male, 65 years old]

Trust in AI also appeared to vary by age, with some
participants suggesting that younger people might be more
comfortable relying on digital technologies than older
individuals, who may feel more cautious or uncertain. There
was also a sense of caution about overreliance on AI,
with concerns that algorithms may not capture individual
variations or predict all outcomes accurately.

I’d like to know first of all, is it going to be beneficial
to me in the long run. It’s all right saying “We can put
you on this medication” but you know, it can’t really
predict side effects and those side of things. [ID1,
female, 41 years old]

Potential Bias and Inequality
Participants expressed concern that AI could reinforce
existing inequalities in health care if the data used to
train the AI do not adequately represent diverse popula-
tions. There was particular awareness that individuals from
minority ethnic, cultural, or neurodiverse backgrounds may
be misrepresented or overlooked, leading to less accurate
or appropriate recommendations for these groups. As 1
participant explained, this would potentially lead to AI
making recommendations informed by data that inadequately
reflect the circumstances of many people, particularly those
from underrepresented or disadvantaged communities.

When it comes to it, I think it can be really good
and a really useful tool, as long as you’ve got the
right information. I find a lot of the time—and this
is speaking from lived experience—within south Asian
communities and with Black communities—people do
not talk about their physical or mental health. So AI
will only know about white communities who talk about
these conditions. [ID16, female, 45 years old]

Discussion
Principal Findings
This study found that participants had mixed views regard-
ing the use of AI to inform joint decision-making for
patients with complex MLTC in a primary care setting. Most
recognized potential benefits included improved efficiency
and accuracy, enhanced access to information, the ability
to detect early changes in health status, and the potential
to reduce inequalities. However, nearly all participants also
highlighted concerns, particularly around the loss of human
touch, data security, transparency, accuracy, and potential
biases within AI.
Comparison With Other Work
These findings are consistent with existing literature reporting
mixed patient views on AI in health care [24,25]. Previous
research has shown that patients view AI in health care
with cautious optimism, recognizing its potential to improve
diagnosis, efficiency, and care quality while emphasizing
the need for human oversight and transparency in decision-
making [26]. In this study, participants identified improved
access to information as a potential benefit, including greater
access to information about specific conditions and poten-
tial contraindications or medication side effects. Similar
findings have been reported elsewhere, including research
on AI chatbots for older adults, which identified improved
access to easy-to-understand medication and adverse reaction
information as a key benefit [27]. However, prior work has
also emphasized that patients require a certain level of health
literacy to fully benefit from such technologies [28].

Our findings presented here also highlight the potential
risks. Particular concerns persist around the use of AI,
in terms of data quality, bias, privacy, and the risk of
diminishing human interaction and patient autonomy [26].
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In this study, privacy and data security were raised by a
small number of participants, although not universally. Other
research has documented patient concerns regarding privacy
and data security risks [29,30]. Bias in AI may arise from the
sources of data or existing inequities embedded in datasets
[31,32], including evidence of bias in AI risk prediction tools
that led to inequitable allocation of health care resources
for Black patients [33]. These findings highlight the need to
address bias in AI design and implementation. Patients with
MLTC in primary care expressed concerns and expectations
similar to those reported in other health care settings.

Participants also expressed concern about the potential loss
of human touch in health care delivery. Many valued the time
spent with their GP and worried that AI might make care
less personalized. This aligns with other studies [29,30] and
may reflect some misunderstandings about different ways in
which AI could be used within GP consultations to support
personalized recommendations. This gap in understanding
reflects broader evidence of limited public awareness of AI
and its potential applications in health care [26,34].

This study adds the perspectives of those living with
MLTC, a group that has traditionally been underrepresen-
ted in discussions around AI and digital health [35]. In
addition, the study also focuses on primary care, a setting
with enormous perceived potential, but where the use of AI
tools has been more limited [36]. Importantly, the findings
reflect the UK primary care context, highlighting issues such
as GP consultation structure, patient-provider relationships,
and NHS-specific resource constraints that may influence AI
adoption and implementation.

There are a number of implications for policy and practice.
First, AI development should involve a diverse range of
patients, particularly those with lived experience of complex
MLTC, who can provide unique perspectives [37]. There are
also implications around the need for AI tools to enhance
patient-clinician decision-making, while also recognizing
the importance and value of human interaction [29]. This
highlights the importance of building trust into the design
and implementation of AI, particularly by supporting patient
health literacy and providing guided access to relevant and
authoritative tools [28]. Integration within GP consultations
may help clinicians interpret AI outputs, reinforcing trust and
joint decision-making.

Concerns around privacy, security, and transparency
remain important, but AI also has the potential to increase
accuracy and personalization, particularly for MLTC, where
holistic approaches to care are needed [38]. Further consul-
tation and reassurance are needed for the public to trust
that their data are being used appropriately by AI tools.
Clear governance arrangements and robust data protection
safeguards are required to manage how patient data are
collected, stored, and processed, including ensuring compli-
ance with legislation, such as the General Data Protection
Regulation.

Participants provided important insights into how current
care pathways and research often fail to adequately repre-
sent diverse populations, including different ages, ethnicities,

migrant status, neurodiversity, disability, mental health
conditions, or MLTC. This research further highlights the
need for strengthened efforts to address potential biases and
inequalities, using collaborative and multifaceted approaches
that engage minority and marginalized communities to assess
whether AI tools meet their needs or risk exacerbating
disparities [39].
Strengths and Limitations
This study has several strengths. The study used a broad
recruitment strategy through the CPRD database search
and outreach through community, patient, and third-sector
organizations. There was a robust approach to data collection
and analysis, with the involvement of a multidisciplinary
research team. Patient and public involvement was embedded
throughout the study, with insights informing study design,
recruitment, and analysis. This enhanced the credibility and
applicability of findings by ensuring that their perspectives
shaped study design, interpretation, and implementation [40].

There were several limitations to the research. The low
response rate may reflect a lack of interest in or confidence
discussing AI-related topics among the wider public. As
noted elsewhere, individuals without direct experience of AI
may find it difficult to engage with such topics, particularly
when examples of AI applications are not clearly defined
[41]. It is also likely that those who chose to participate had
a particular interest in the subject, meaning the sample may
not be fully representative of the wider patient group with
MLTC. In addition, although there was some diversity in
the participants interviewed, there were fewer young people,
men, and people from ethnic minorities. There might have
been some views and perspectives that were not included in
this analysis, which is important given the potential implica-
tions of biases in AI [31]. More research is needed with
different demographics, for example, young people and ethnic
minorities, where perceptions of AI may vary. Furthermore,
the lower-than-expected response to the research may reflect
the demands of a 60-minute interview, with potential for a
further interview later. Patient burden should be considered
for future studies.

Although ethical approval was obtained, ethical considera-
tions were also embedded within the study design. Prior to the
interviews, participants received information about AI, and
there was also information within the PISs. This may have
framed participants’ perceptions about AI. For example, we
did not specifically raise ethical issues around the use of AI in
this information. As this is an area of rapid change, people’s
views and perceptions may change over time, but exploring
this was beyond the scope of the study. A more in-depth
exploration of ethical concerns related to AI implementation
warrants future research.
Conclusion
This study provides novel findings into patient perspectives
on the use of AI to support primary care consultations for
individuals living with MLTC. Participants identified several
potential benefits, including greater efficiency and improved
accuracy and greater access to information. However, they
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also expressed concerns about potential risks, such as reduced
human interaction, data privacy, and the accuracy of AI and
its potential to exacerbate inequalities. The findings highlight
the need for transparency in AI data use and clear commu-
nication and public engagement to build understanding and
trust in AI use within health care. Further research is needed
to explore how AI might influence clinical interactions in

primary care and patient confidence in these tools over time,
including longitudinal studies to examine how perceptions
change with increased exposure and use. Future work should
also prioritize the inclusion of more diverse populations to
better understand how experiences and the impact of AI may
differ across demographic and socioeconomic groups.
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