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Abstract: Artificial intelligence (AI) has grown in healthcare in recent years. The UK government
recognises Al's potential to enhance NHS services, yet research on Al in primary care (PC) has
received limited attention. Al acceptance presents unique challenges in PC, characterised by
fragmented structures, heterogeneous data sources, and multiple government departments. The
organisational levels within PC are categorised as macro, meso, and micro levels. Existing research
has predominantly focused on micro-level stakeholders. Our online survey addressed this research
gap by encompassing stakeholder perspectives at all levels. The results demonstrate the critical role
of meso-level stakeholders in facilitating Al acceptance. Importantly, a lack of understanding of Al
terminology and concepts, concerns over potential job displacement, and the importance of
empathy in patient care are highlighted as key challenges. Stakeholders also express the need for
standardised Al terminology, comprehensive training, and regulatory standards to ensure equitable
and effective Al utilisation. This study lays the foundation for future in-depth interviews and
further exploration of Al's role in PC. Observations in secondary care indicate that practitioners
have substantial concerns about Al, how it works, and its limitations. Explainable Al can help
technologists address such concerns, but first, we need to understand primary care’s information
needs.

Keywords: artificial intelligence; primary care; Al acceptance; patient-centered care; eXplainable Al

1. Introduction

In recent years, Artificial Intelligence (Al) deployment in the healthcare sector has witnessed a
substantial surge, albeit with a predominant emphasis on secondary care [1-7]. Research in primary
care (PC) is in the early stages internationally [8] and has been largely disregarded in the United
Kingdom (UK) [9]. This lack of acceptance of Al technology contradicts the long term plan of the
National Health Service (NHS) that puts PC digitalisation as a top priority [10]. Notably, the UK
government has articulated the potential of Al to enhance the quality and quantity of healthcare
services across the NHS [11]. There is, however, considerable unexplored potential for Al in PC
settings in the UK, within diagnostics and systems to improve efficiency [12]. Given the structural
and organisational differences between secondary and PC, it is crucial to understand the factors that
may influence Al technology acceptance in PC [13,14].

Panch et al. describe the NHS system as fragmented, attributing this fragmentation to the vast
amounts of data scattered across numerous locations, which acts as a key barrier to Al integration
[15]. This issue was also highlighted by the UK government in 2018 when the House of Lords Select
Committee released a report investigating NHS data and its ownership, ultimately leading to the
enactment of new legislation designed to protect all UK data, the National Data Strategy [16,17].
Through the National Data Strategy, the government aims to improve the quality of data, enabling
the efficient use of data to unlock its value and potential for growth [17]. It is possible that the
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structure of PC, which is a sector of private businesses operating under one main contract with the
NHS, may negatively impact the quality of the data available and potentially influence the acceptance
of AL Currently, the NHS consists of four distinct healthcare systems run by the four governments
of the UK [18]. According to NHS Digital, there were 6,376 PC practices in England in 2022 [19], each
operating independently. The management of each practice decides on the Electronic Health Record
(EHR) that is used, the additional software systems to link to the EHR, the number and type of staff
required for the practice, making integration and resource sharing across PC difficult.

Asthana et al. describe the stakeholder levels of the NHS and PC as macro, meso and micro
levels [20]. The UK government have established departments dedicated to governing, assisting with
implementation, and conducting research for AI within healthcare, such as the Al strategy and the
NHS AI Lab [11,21]. These departments serve as critical players at the macro level, primarily
comprised of NHS policymakers, seeking to optimise technology utilisation [11]. Meso-level
stakeholders include PC managers, technology providers, and secondary care health boards. So far,
the research focus has predominantly delved into the perspectives of technology providers [22]. The
micro level, on the other hand, consists of individual stakeholders, so perspectives may vary,
reflecting differing expectations and opinions regarding Al. Micro level stakeholders consist of all
users of PC, such as doctors, nurses, administrators, and patients. Stakeholders within PC have access
only to data that is required for their specific job role. Consequently, the complex organisational
structure of the NHS and its multiple levels act as significant barriers to integrating technology into
the healthcare system [20,23]. The following section explores the factors highlighted in the literature
as barriers to Al acceptance.

1.1. Barriers to Al Acceptance within PC

When it comes to the acceptance of Al within PC, there have been numerous studies looking at
the perspectives of doctors and micro level stakeholders [24-27]. However, meso level stakeholders
have been disregarded, while macro level stakeholders are generally in favour of the integration of
Al into PC [11,21]. Managers within PC are the key decision makers when it comes to new
technologies being introduced. They are responsible for the general running of the business and for
the dissemination of information from macro level to all micro level stakeholders. A major part of a
manager’s role involves supplying information to macro level through audits and record keeping
enabling payments for works completed. A study conducted by Kolbjernsrud et al. investigated
managers perceptions of Al across various sectors of society [28]. The findings from the study
revealed that macro level managers would accept and integrate Al into their job roles, whereas meso
level managers expressed concerns that AI would replace their job functions. Even though this study
was for areas outside of healthcare the perceptions of managers were similar to the findings of our
online survey. Another study by Ferreira, Ruivo and Reis emphasised the significance of
understanding perspectives from meso level stakeholders, even though their viewpoints are not
always presented in the literature [29]. They specifically looked at how machine learning could bring
value to the data being held by businesses. The study found that data scientists and managers have
differing viewpoints on the value of data, therefore, explaining how machine learning could create
value may encourage acceptance and trust.

Morrison et al. conducted a series of 12 interviews to gather insights from macro level
stakeholders regarding the barriers to Al adoption within the NHS [14]. Regulatory constraints,
inadequate training, cost concerns, and unsatisfactory IT infrastructure are some of the obstacles to
Al adoption identified by the study, as well as a fundamental lack of understanding of Al and its
associated terminology. To address these issues, it was suggested that a standardised terminology
should be used by the NHS to describe Al and training should be provided for all users. Regulatory
compliance within the NHS is complex, necessitating adherence to general regulations such as
General Data Protection Regulations (GDPR), Privacy and Electronic Communications (EC Directive)
Regulations 2003 and the Public Records Act 1958 [30-32]. In addition to these, specific NHS
regulations also need to be followed such as NHS Act 2006, Health and Social Care Act 2012 and
Confidentiality: NHS Code of Practice 2003 [33-35]. Regulatory standards were also recommended
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by Morrison et al. as a way of ensuring standardisation and the effective deployment of systems
where they would be most beneficial and where they can make the most impact [14]. In a separate
study by Ganapathi and Duggal, doctors working with Al systems identified regulations and
infrastructure as key barriers to Al implementation within the NHS [36]. The NHS Al lab is already
addressing these areas in collaboration with technology companies, academics, and various
departments within the UK government [21]. Facilitating a platform of collaboration, the NHS AI Lab
empowers Al developers to engage in mutually beneficial cooperation, exchange best practices and
stay abreast of pertinent guidance and regulations essential for the seamless integration of Al systems
within the NHS. Moreover, the NHS Al Lab emphasises the necessity for tailored Al training modules
designed to meet the diverse requirements of the stakeholders. This entails delineating strategies for
the planning, development, and delivery of targeted Al training packages [37].

While in a study by Darcel et al. the regulation of Al was discussed as a factor affecting
stakeholders trust in Al, along with implementation requirements, possible bias or inequity and
acceptance by stakeholders [23]. The study found that implementation requirements could be a major
problem area as each individual business may have differing infrastructure or data requirements.
The inconsistency of the data across the PC sites could also create inequity and increase bias, as
highlighted by Leslie et al. [38], affecting the acceptance of Al by stakeholders.

The Data Ethics Framework sets out guidance on the transparency, fairness, and accountability
of Al, to enable stakeholders to assess the ethical considerations of systems, while ensuring
responsible and appropriate use of patient data [39]. Within this framework, the concept of
explainability is discussed to enhance the transparency of Al algorithms. Von Eschenbach posits a
direct correlation between the opaqueness of black-box AI models, with the lack of trust for Al
technologies, emphasising that eXplainable AI (XAI) can increase the transparency of Al systems [40].
Markus and colleagues further expound on the notion of XAI as a mechanism for developing
trustworthy Al for the healthcare sector [41]. Amann et al. explored explainability within Al and
concluded that fostering explainability ensures that patients remain central to healthcare delivery.
[42].

The current patient care process adopted by healthcare professionals is heavily focused on
person-centered care and communication. Person-centered care considers all factors associated with
a patient, enabling the tailoring of individualised decisions on the required care. As articulated by
Coulter and Oldham, the importance of understanding the individuals’ characteristics when treating
a patient is emphasised, echoing Hippocrates” wisdom that “it is more important to know what sort
of person has a disease than to know what sort of disease a person has”. The key characteristics
associated with patient-centered care are empathy, compassion, and trust [43]. When assessing the
needs of a patient the conversation with the patient forms the foundation of person-centered care and
fosters empathy [44]. Empathy, as categorised by Montemayor et al., comprises emotional, cognitive,
and motivational components [45]. Emotional and motivational empathy stem from experiencing
emotions that motivate us to show concern, while cognitive empathy involves detecting or
recognising someone’s emotional state, which is a quality that could potentially be introduced to AL
In person-centered care, all three types of empathy are employed, providing a holistic approach.
However, person-centered care, trust and empathy have been cited in the literature as potential
barriers to the acceptance of Al in PC [46]. The pursuit of efficiency in healthcare through the
employment of Al has, in some cases, shifted the focus of the NHS away from empathy and patient
care, potentially resulting in their neglect [43]. Patient-centered care relies on the ability to explain
the diagnosis, give justification for any advice, and offer alternative treatments if necessary [47]. Alam
and Mueller studied XAI explanations in the context of patient-centered care, comparing local and
global explanations, given at different time points within the scenarios. They concluded that an XAI
system would need to provide both local and global explanations at varying time points, based on
the changing information provided by the patient. The format of the explanation was also important
for the understanding and trust of the system. The findings mirrored the adaptive process used by
doctors employing the patient-centered care method [48].
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1.2. Research Aims

This research aims to gain a better understanding of the different levels of stakeholders and their
unique requirements for promoting acceptance and trust in Al within the context of PC. The existing
literature indicates that there are numerous factors contributing to the lack of trust and acceptance of
AI within PC. By gathering more perspectives from stakeholders across all organisational levels of
PC, this research intends to explore whether there are differing requirements that could influence
acceptance and trust of Al The research objectives being addressed within this study to advance
understanding of stakeholder level requirements are:

1. What are the social barriers and challenges hindering the trust and acceptance of Al within PC?

2. What are the specific requirements and expectations of different stakeholder levels within the
PC domain for Al, considering their computing needs?

3. How can the specific requirements be addressed using explainable Al (XAI) techniques at each
stakeholder level?

Having established the significance of AI acceptance in PC and the complex stakeholder
landscape within the NHS, our study aimed to bridge this research gap through a comprehensive
online survey and in-depth interviews, as outlined in the following methods section.

2. Methods

To address this research gap, we conducted an online survey to capture the perspectives of
stakeholders at all levels of PC [9]. The survey questions were formulated based on a conceptual
framework (as shown in Figure 1) which integrated two prominent models: the Technology
Acceptance Model 3 (TAMS3) [49] and the Unified Theory of Acceptance and Use of Technology 2
(UTAUT2) [50]. The purpose of combining these models was to gain a more comprehensive and a
deeper understanding of how stakeholders perceived Al both individually and across various
organisational levels. TAM3 was developed to help managers understand the factors influencing
technology acceptance. Several characteristics are included in the model, including perceptions of
external control and computer anxiety. In UTAUT2, characteristics such as ‘social influence’ and
‘facilitating conditions’” are introduced offering insights into the acceptance of technology from an
individualistic perspective. Recognising the critical role of trust in Al acceptance, we also
incorporated the trust characteristics of “fairness”, “accountability”, “transparency” and “ethical
considerations”, combined with the TAM3, UTAUT2 model, as trust emerged as a key factor affecting
acceptance of Al within the existing literature.

Using the conceptual framework, a series of hypotheses were defined, which framed the online
survey questions into seven key question areas, including levels of acceptance, degrees of influence,
barriers, and benefits of Al for PC. The survey questions were created using a systematic iterative
approach drawing upon constructs and questions from previously validated surveys [51,52]. To
ensure the quality and rigour of our survey, we collaborated with three Al experts to develop the
questions and obtained feedback from the Open University Human Research Ethics Committee
(HREC). Furthermore, we conducted a pre-test involving five experts in the field of PC before
securing HREC approval. The survey was a comprehensive mix of question types, including closed-
ended, open-ended, Likert scale, rating, and multiple-choice questions. To ensure its effectiveness,
the survey underwent thorough piloting and testing with PC employees and colleagues prior to its
release. The survey was created and hosted on JISC and a link was posted on Prolific to recruit
participants exclusively from PC. We used a pre-screener survey to ensure that only PC participants
were engaged. The participant information and consent forms were placed at the start of the survey
to enable the participants to make an informed decision about proceeding and choose whether to
continue with the survey. A few participants were recruited through snowballing, using email
invitations sent to known employees from PC. The email invite asked the recipient to forward the
email to colleagues in PC who might be interested and may wish to take part. The link to the survey
directed the snowballing participants to the JISC website, where the survey questions, along with the
participant information and consent form, were accessible at the start of the survey. This study used


https://doi.org/10.20944/preprints202311.0995.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 November 2023

doi:10.20944/preprints202311.0995.v1

a mixed methods between-subjects approach which enabled levels of influence and acceptance to be
understood across the organisational levels. Gaining an understanding of which stakeholder level
holds the influence over Al acceptance enables us to target the identified barriers specific to that
stakeholder level group. After cleaning and coding the survey data, we conducted statistical analysis
on the quantitative data using descriptive and inferential statistic techniques [53]. While thematic
analysis techniques were used to identify themes within the qualitative data, particularly from open-
ended questions [54]. The findings stemming from this analysis are discussed in the next section.

TAM 3 UTAUT 2 TRUST
CHARACTERISTICS CHARACTERISITCS
Voluntariness
Subjective norm Age
Image Experience
Job relevance Gender Fairness
Output quality Facilitating conditions
Result demonstrability Performance expectancy ArcHiRey
Computer self-efficacy Effort expectancy Transparency
Perception of external Social Influence
FETE Hedonic Motivation Ethics
Computer anxiety Pricevalis
Computer playfulness Habit
Objective usability
Perceived Enjoyment

vV R

Figure 1. Proposed conceptual framework combing Technology Acceptance Model 3 (TAMB3), Unified
Theory of Acceptance and Use of Technology-2(UTAUT2) and trust characteristics.

3. Results

A total of 131 participants took part in the online survey, comprising 31 macro-level, 48 meso-
level and 52 micro-level stakeholders. The survey employed Likert scale and open-ended questions
to gather the feedback from the participants. Descriptive analysis of the data revealed that 74% of
participants were female, and 23% were male. The data suggests that Al is being used within daily
lives with 49% of respondents reporting that they use Al (as detailed in Figure 2). However, it is
worth noting that a small proportion of respondents (5%) expressed uncertainty about their Al usage.
The top three areas where respondents reported using Al in their daily lives included banking (18%),
voice assistants (18%) and maps (15%). When participants were specifically asked about the use of
Al in PC only 22 % of respondents believed Al was being used (as shown in Figure 2). A closer
examination of where stakeholder’s believed Al was being used in PC showed that macro and meso
level believed Al was used for administration tasks and micro level believed it was used for triaging
patients. This finding reflects a disparity between the use of Al in general life and its application
within PC. Furthermore, when the participants were asked about their understanding of Al, it was
evident that despite using Al in their daily lives, not all participants fully grasped the concept of Al
Specifically, 35% of macro-level, 21% of meso-level, and 23% of micro-level participants reported
having some degree of uncertainty regarding Al Inquiring about the factors that would enable them
to use Alin PC, macro level highlighted the need for infrastructure and training (19%), whereas meso
level (31%) and micro level (25%) expressed a preference for Al that could help reduce waiting lists.
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Perceived stakeholder use of Al in general and
PC

70%
60%
50%
40%
30%
20%
10%

0%

Generaluse UseinPC Don'tuse Al Don'tusein Don't know if Don't know if
of Al in general PC using in using in PC
general

Macro EMeso K Micro

Figure 2. Perceived use of Al in general and in PC for stakeholder levels.

A scoping review by Lebcir et al. shed light on varying levels of influence as well as
organisational factors across PC stakeholder levels, revealing barriers to Al acceptance [55].
Stakeholders at different levels exhibited diverse and sometimes conflicting perspectives on Al’s
opportunities and limitations within PC. This has been highlighted within the survey results with
macro stakeholders identifying a lack of acceptance from both staff and patients as the most
significant barrier. In contrast, meso level stakeholders pointed to Al errors as the biggest factor
affecting Al acceptance. Micro level stakeholders, on the other hand, believed that the lack of
empathy associated with Al use was the biggest limitation (as presented in Figure 3).

Barriers to Acceptance of Al in PC

—Macro meso micro
Empathy / no...
Demonstrate.2” Data Security

Al errors / Bad System Failures

Lack of acceptance Staff Training

Data Accuracy Lack of understanding

Increased costs Regulations and...

Time to implement Mistrust

Increased workload Patient safety
Job security

Figure 3. Barriers to acceptance identified for each stakeholder level.

The discernible outcome of the online survey suggested that further investigation was required,
especially for meso level stakeholders’ views as they have the most influence over Al acceptance (as
depicted in Figure 4). Meso level stakeholders are aware of their significant role in Al integration,
they know that they have the influence over the integration of Al, but they are also concerned about
potential Al errors. One respondent, P119, makes this case clearly and expressed this concern
succinctly in the survey response “I feel that Al is risky within PC because every individual is different and
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has a different clinical demographic. Whilst one treatment or diagnosis can be useful in one patient, the same
might not apply to another. I believe the consequences of Al can be life-threatening if not used correctly.”

PERCEIVED INFLUENCE OVER Al
INTRODUCTION

E Micro Meso Macro

Follows others

. (e e e e e e
Colleagues have influence e e
16

Managers have influence | T 44
35

e, |
13

I have influence

0 5 10 15 20 25 30 35 40 45 50

Percentage

Figure 4. Assessing the influence of different stakeholder levels on the introduction of Al in PC.

This makes sense when looking at the role of meso level managers as they are responsible for
the audits and reporting to macro level, and they could be held accountable for any errors made by
Al Even if Al was proven to be successful, they would still be concerned as they could lose their job
if an Al could complete their tasks more efficiently. Another respondent, P129, voiced a similar
sentiment and stated: “there is a risk that Al could be used to replace human healthcare workers, rather than
augment their skills, which could have negative implications for the quality of patient care.”

These apprehensions were echoed by several other participants, including P74, who mentioned
“the reduction of job roles for current staff’, P89, who highlighted the possibility of the workforce losing
their job “workforce could lose their jobs”, while P106 and P108, expressed concerns about people not
wanting Al to take their jobs: P106 “staff could be lost” and P108 “people would not want Al to take their
job”.

Macro level stakeholders were more concerned about the acceptance of Al, as reflected in the
comments from several participants. For instance, P66 expressed that “People might be apprehensive
about using it”, P83 described “Peoples reluctance to accept change”, and P103 mentioned “Barriers to
change” within PC. The lack of acceptance would make sense as they are promoting the use of Al as
a benefit to the NHS, therefore if meso level stakeholders do not embrace AI and advocate for its
adoption among micro level stakeholders, the AI will be a failure. A key factor affecting the
acceptance of Al is the lack of understanding of Al which was described as a barrier by participants
across all stakeholder levels. This lack of understanding was consistently described as a key finding
in the study by Morrison et al. [14].

Micro level stakeholders identified empathy as a key limitation associated with Al Micro level
stakeholders are the stakeholders with the most contact with patients. A major part of their
interactions with patients is through communication, asking the right questions and more
importantly listening to the patient’s needs and concerns. One participant, P34, articulated this
concern clearly in their response to the survey emphasizing the importance of ethical decision-
making and the complexity of human decision processes. They questioned whether AI could be
trusted to make the best decisions, as human decisions rely on both emotion and logic, informed by
compassion. They highlighted the key aspect of human connection in patient care and expressed
concerns that Al might diminish this connection, potentially overlooking essential aspects of what it
means to be human: “Decisions made need to be ethical and this would be unknown from an Al. Human
decision making is complex - would we trust an Al to make the best decision. Human decisions need to draw
upon emotion as well as logic and need to be informed by compassion. Connection to other humans is key -
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would an Al reduce that and so miss important things about what it means to be human?” A key principle
of patient-centered care is the ability to listen to the patient with a holistic approach. Micro
stakeholders are concerned that Al would not be able to replicate this technique meaning patient care
would be undermined.

Staff training was identified as a key factor by all levels of stakeholders which also linked with
the fear of job loss due to being unable to use the Al effectively. This concern was expressed by all
the stakeholder levels such as P76 “people being unable to use and losing jobs” (macro), P90 “staff who are
not IT literate” (meso) and P32 “I think a general mistrust of “robots” among older healthcare workers would
be a factor, as they are unlikely to want to do additional training and place their faith in a machine” (micro).
This shared apprehension about the need for staff training and its implications for job security
underscore the multifaceted challenges associated with Al integration in healthcare.

When analysing the perceived influence of stakeholders over the introduction of Al, Figure 4
offers a clear representation of the varying perspectives. Figure 4 clearly shows that meso level
stakeholders believed they held the influence (42%), while only 13% of macro level stakeholders
believed they had influence. Moreover, 44% of meso level stakeholders believed that macro
stakeholders would want them to use AI, while 44% of micro stakeholders expressed their
willingness to use Al if others were using it. The results clearly identify meso stakeholders as the key
to acceptance of Al within PC, therefore engaging with meso-level stakeholders is crucial for the
successful implementation of Al in this context. A further study is needed to validate these findings
and to examine in more detail the factors that affect stakeholder perceptions of Al’s influence and
trust. This follow-up study would delve into the intricacies of stakeholder perspectives to provide a
deeper insight into the dynamics at play in Al acceptance and implementation within PC.

The participants were asked for their perceptions of what factors would enable them to employ
Al within their specific job roles. This brought about some differences between the stakeholder levels
with macro suggesting the important factors for them would be the ability to understand the
decisions and adequate training on the systems to be used. The need for clarity was expressed and
emphasised by several participants such as P71 who declared “It must be clear at all times”, while P96
wanted to have “A good understanding of how it works” and P100 suggested that Al decisions should
be “Easy to understand why they have made those decisions”. This is not surprising as these findings are
in line with the fact that 35% of macro level stakeholders reported they had a minimal understanding
of AL

Meso-level stakeholders identified specific factors critical for the trust and acceptance of Al. One
key requirement was the ability of Al to demonstrate tangible improvements to be trusted and
accepted by users. This perspective was explicitly communicated by P125 who described the proof
of concept as “for Al to be accepted in my role I'd need to see evidence of how it could operate.”, with the
general feeling from participants expressed succinctly by P73 who remarked that they would need
“lots and lots of proof that it works.” Furthermore, P85 suggested that “trust, accuracy and ease of use for
staff” would be required for NHS stakeholders, while P122 advocated that “acceptance by patients”
would be needed. These insights shed light on the specific expectations of meso-level stakeholders
regarding Al adoption.

Micro-level stakeholders, like their counterparts at other levels, also articulated several key
requirements for enabling Al integration. These included training, trust, and acceptance, as well as
the ability to implement Al effectively within their workplace. The ability to implement Al includes
factors such as the: associated costs of Al, the adequacy of the current IT infrastructure, the time
required to implement the system and the need for appropriate staff training. Several micro level
participants identified areas of implementation as key requirements for enabling Al integration. IT
infrastructure was a requirement for P58 who stated that “Improved investment in IT in the NHS
currently is very lacking” while, P26, described a current process declaring that AI would need to save
time in the processes “It would need to save me time, not add to my workload. Current systems for example,
people are doing things manually or on paper, then having to input data on to a computer system as well, which
is time consuming and takes time away from patients.” Another participant, P32, also mentioned efficiency
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as a factor especially where costs are concerned remarking “Efficiency, it would need to be proven to be
efficient and cost effective before being rolled out”, while P101 suggested “Time to implement (training)”.

Factors important to enable Al in PC

= macro meso micro
Amendable
Understanding 20% Empathy
Luddite FATE
Reduced workload Training

Trust/acceptance User friendly
Reliable Al Complies with regs
Shows improvements Safe / secure
Ability to implement Accurate decisions

Figure 5. Categories identified as enablers of acceptance of Al'in PC.

When looking at the categories identified by participants as areas where Al could assist in PC,
all stakeholder levels identified administrative tasks (as illustrated in Figure 6). This is not surprising
as administrative tasks are usually the mundane tasks that need to be done and efficiently managed.
Several participants from different stakeholder levels pointed to the potential benefits in this regard
such as described by P76 “menial tasks and to be more productive” (macro) to enhance overall
productivity, P105 discussed the “automation of routine tasks and processing of data” (meso) and P40
envisioned Al assisting “with the admin tasks involved in my job such as writing letters” (micro). Tasks
associated with macro stakeholders as areas where Al could be beneficial included “record keeping”
(P93), “ordering” (P38) and “transcribing patient notes / letters” (P77). While meso stakeholders’ tasks
included other potential areas for Al support such as “new patient documentation / records —
summarising” (P81), “data reporting. I regularly run activity reports for numbers of patients seen. Also, for
the backing data for my invoices” (P42), “Al could help address a complaint from a patient” (P107) and
“invoicing” (P116). Micro level stakeholders suggested tasks such as “creating timesheets and assigning
sessions” (P52), “to book annual leave” (P63) and “patient info leaflets, referral letters” (P64) as areas where
Al could play a constructive role in streamlining processes.
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Areas identified where Al could assist in PC

Risk predictions
Luddite

Robots / ML tools
Appointments

Clinical decisions

Test interpretation
Meds management
Speed up processes
Image diagnostics
Triaging

Admin tasks

Data management

M micro E meso macro

Figure 6. Category identified by participants for the introduction of Al in PC.

When participants were asked to identify which of the trust characteristics, they perceived to be
most important, interestingly the results showed that there was no difference across the stakeholder
levels. With ethical considerations regarded as the most important trust characteristic by all
participants, followed by fairness, then accountability and finally transparency was perceived as the
least important factor across all stakeholder levels (as displayed in Table 1). This alignment in
perspectives regarding the order of importance for trust characteristics suggests a consensus on the
core values and priorities across the stakeholder spectrum.

Table 1. Trust characteristics perceived to be most important.

Macro Meso Micro Population
Fairness 10 15 16 37
Accountability 4 7 7 22
Transparency 1 2 2 9
Ethics 16 24 27 63

4. Discussion
4.1. Research Objective 1: Barriers and Challenges Affecting Trust and Acceptance

This research has gathered the views of all stakeholder levels within PC. The findings suggest
that Al is being used in daily life, it is even increasingly prevalent in people’s daily lives. However,
the stakeholders have also declared a lack of understanding about AI, which brings into question the
reliability of the responses. According to the results, stakeholder perceptions of influence, trust, and
intention to implement Al are influenced by their respective stakeholder levels within the healthcare
systems. It was found that stakeholders at the meso level have the greatest perceived influence,
emphasising the importance of engaging with this group to drive Al acceptance and adoption, so
they should be prioritised for engagement. Moreover, the research highlights the interplay between
trust and the intention to use Al: as some stakeholders within PC begin to accept Al, it can have a
positive influence on others, ultimately promoting broader Al adoption. The study identifies several
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barriers to Al acceptance within PC. The perceived barriers to Al acceptance by PC were lack of
acceptance by the users, lack of empathy for the patients and concerns about the possibility of Al
errors. While ethical considerations and the fairness of the AI decisions were highlighted as
influential characteristics to garner trust in AL. PC also felt that a lack of understanding about Al
technology and limited resources were a hindrance to Al acceptance. Furthermore, PC suggested that
education and training of healthcare professionals on Al are seen as necessary elements to ensure
successful implementation of Al-related technology within PC. In summary, the research
underscores the need for tailored strategies to engage stakeholders at different levels and build trust
in Al technology to drive its effective adoption in PC. XAI techniques of explaining decisions has
been highlighted as a means of garnering trust from stakeholders towards Al systems [39], while XAI
has also been suggested as a potential solution for a patient-centered care approach utilising Al [48].
Therefore, further research in the field of explainability for PC would be beneficial.

4.2. Research Objective 2: Requirements and Expectation of Different Stakeholder Levels

Different stakeholder levels in PC have distinct requirements and expectations for Al, reflecting
their unique job roles. Macro and micro level stakeholders would expect to have training on any new
Al system deployed in PC, this is already being addressed with Al training to be given to all NHS
employees at all levels [37]. Macro level also expressed a desire to be able to understand any decisions
made by Al, with the current computing approaches of XAI helping to address this barrier, as
articulated by Markus et al. in a paper describing how XAI could potentially be the key to creating
trustworthy Al for healthcare scenarios [41]. While meso level would expect Al to demonstrate
improvements before they would use Al. Demonstrating improvements would potentially address
and satisfy another requirement from meso level stakeholders of acceptance and trust. Micro level
stakeholders also require Al to be trustworthy for acceptance, while they also expect Al to have the
ability to be implemented in a timely, cost effective and efficient manner, seamlessly integrating with
the NHS infrastructure. These expectations compare with the findings of Morrison et al. in [14].

The infrastructure and capability of integrating Al into the numerous PC settings must be
considered for the implementation of Al within PC. In addition to adhering to the universal
guidelines and regulations, any Al developed for the NHS must also align with NHS-specific
regulations [30-35]. Since 2013, the UK government has adopted a cloud first approach to technology,
with an expectation that all systems should have the capability to communicate with each other, thus
enabling more efficient data management. To ensure robust data management, standards such as
data protection, technical security, interoperability, usability, and accessibility standards are
addressed through the Digital Technology Assessment Criteria (DTAC), which focuses on data
security [56]. Data security is considered to be the primary concern among patients, especially when
Al is involved in processing their information [57]. Consequently, Application Program Interfaces
(APIs) are used throughout the NHS to facilitate the integration of systems to safely exchange
information. There are currently five Fast Healthcare Interoperability Resources (FHIR) standard
APIs being used within PC:

eGP Connect Access Document — retrieve unstructured documents from a patient’s record.

e  GP Connect Access Record: HTML — view a patient’s record with read only access.

e  GP Connect Access Record: Structured - retrieve structured information from a patient’s record.

e National Data Opt-Out - capture patients” preferences towards the sharing of their data for
research purposes.

e Summary Care Record — access an electronic record containing important patient information.

There is also one API in development for PC which grants access to a patient’s records ‘GP
Connect (Patient Facing) Access Record’ [58]. The APIs use standard protocols including Internet
Protocol (IP), Transport Layer Security (TLS), Simple Object Access Protocol (SOAP) and Lightweight
Directory Access Protocol (LDAP). They enable stakeholders to access secure data through
computing solutions such as Infrastructure as a Service (IaaS), Platforms as a Service (PaaS) and
Software as a service (SaaS), providing scalable and cost-effective tools [59].
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As more tasks or processes are delegated to Al systems, there will be a need for updated
guidance and regulations to ensure accountability and fairness [60]. In the UK, the Data Ethics
Framework currently provides guidance on ethical considerations, addressing key concerns of
fairness, transparency, and accountability, while also emphasising the need for understandable
explanations for all stakeholders [39].

The reasons that explanations may be required are classified in four areas by Adadi and Berada
as explain to justify, explain to improve, explain to discover, or explain to control [61]. XAl techniques
are categorised into local or global explanations approaches. The most common techniques for XAI
explanations are feature relevance, example based, comparison based and counterfactual
explanations (as shown in Figure 7) [62]. Petch et al. also explain that different stakeholders may
require different explanations or multiple explanations. Our study has already identified different
requirements from the different levels of stakeholders, therefore, identifying the techniques required
for each stakeholder level may consolidate this assumption.

Example based
explanation

rr-\c

Counterfactual explanation

Exploring the risk of missing an appointment (DNAs) in Primary Care
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Figure 7. XAl explanation techniques.

4.3. Research Objective 3: Addressing the Specific Requirements

The results of the study have identified several requirements but the key requirement across all
stakeholder levels has been highlighted as a lack of understanding of Al, which all stakeholder levels
suggested that training would resolve. A lack of understanding can impede trust in a system,
however understandable explanations through XAI solutions have been put forward as a possible
response to this problem [41]. The UK government is addressing the training requirements through
the NHS AI Lab and other departments throughout the NHS [21,37].

To address the specific interests of PC stakeholders, we investigated the current research for
possible solutions in the fields of AI and XAIL Administrative tasks were identified as a key area
where Al could be utilized by all stakeholder levels and was the focus of a paper by Davenport and
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Kalakota who describe Al systems, giving examples of where the systems could be effectively utilised
by healthcare [63]. A system that could be used for the mundane repetitive administration tasks was
identified as “Robotic Process Automation (RPA)”. In secondary care RPA-systems have been used
for updating patient records and billing. Machine learning has been used to match data across
heterogenous databases for insurance audits, therefore it would be useful for claims audits for PC.
Another area that was identified by the stakeholders for Al to be utilised was in booking
appointments. Natural Language Processing (NLP) applications such as chatbots could be used to
allow a patient to book an appointment. Chatbots could also be deployed for simple tasks such as
ordering repeat prescriptions [63]. However, it’s important to note that the successful implementation
of chatbots and similar Al driven solutions in healthcare would require acceptance from patients.
Consequently, further research and efforts would be necessary to explore patient attitudes and
perceptions in this area to ensure successful adoption.

In a study conducted by Pyne et al. several NLP text classifiers were evaluated in the context of
dialogues between medical practitioners and patients. This research is in the early stages and
therefore the disappointing results at 57% accuracy indicate that further research in this field is called
for [64]. A scoping review by Sarensen et al. centered on the use of supervised machine learning
techniques for administrative tasks within PC [65]. The findings of this review by Sarensen et al.
revealed that research in machine learning for administrative tasks is currently limited. However,
insights garnered from the work of Willis et al. suggest that an approximate 44% of the administrative
tasks and processes within PC exhibit potential for automation [66].

XAI models for administrative tasks in areas other than healthcare have already begun to be
explored such as: data management, record keeping, financial decision making, auditing, text
classification and for hiring staff [67-72]. Indeed, further research in the areas of machine learning,
Natural Language Processing (NLP), chatbots, and Robotic Process Automation (RPA) is warranted,
particularly considering these Al approaches have been identified as valuable tools for handling
administrative tasks within PC. Investigating the specific applications, challenges, and benefits of
these technologies in the context of healthcare can contribute to a more comprehensive
understanding of their potential impact on improving administrative efficiency and overall patient
care in PC settings. Such research can inform the development of targeted strategies for implementing
and optimising XAl solutions in these areas.

The next step in the research will involve conducting in-depth interviews with participants who
previously took the survey to enable a deeper analysis of the data, following the framework outlined
in Figure 8. Scenarios will be used to describe Al systems covering the four key models of Al tools,
which are classification, prediction, optimisation, and regenerative models. The scenarios will be
drawn from sectors other than healthcare, with the participants encouraged to look at parts of the
systems described for usefulness within their specific job roles in the healthcare domain. By
employing scenarios from different sectors, bias within the interview questions will be minimized.
This approach empowers participants to initiate discussions about processes and tasks relevant to
their roles, ensuring a more natural and informative conversation. The outcomes of the online survey
and the subsequent in-depth interviews will be combined and a mixed methods between subjects’
analysis will look at the factors affecting trust of AL Consequently, thematic analysis will be
employed to identify areas within PC where XAI could be useful and could prove beneficial to the
stakeholders, enabling a more thorough requirements analysis. It is clear from the online survey
results that understanding, and patient-centered care are key concerns for PC stakeholders. XAl
could potentially address these concerns. Therefore, further research into the format of explanations
and if more than one explanation is needed will be useful to take this research to the next phase.
Understanding the requirements that are most important to the stakeholders will enable possible
solutions to be identified using XAI techniques.
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Figure 8. Framework for the acceptance of Al and XAl in PC.
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