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ABSTRACT
Objectives Different stakeholders may hold varying 
attitudes towards artificial intelligence (AI) applications 
in healthcare, which may constrain their acceptance 
if AI developers fail to take them into account. We set 
out to ascertain evidence of the attitudes of clinicians, 
consumers, managers, researchers, regulators and 
industry towards AI applications in healthcare.
Methods We undertook an exploratory analysis of articles 
whose titles or abstracts contained the terms ‘artificial 
intelligence’ or ‘AI’ and ‘medical’ or ‘healthcare’ and 
‘attitudes’, ‘perceptions’, ‘opinions’, ‘views’, ‘expectations’. 
Using a snowballing strategy, we searched PubMed and 
Google Scholar for articles published 1 January 2010 
through 31 May 2021. We selected articles relating to 
non- robotic clinician- facing AI applications used to support 
healthcare- related tasks or decision- making.
Results Across 27 studies, attitudes towards AI 
applications in healthcare, in general, were positive, 
more so for those with direct experience of AI, but 
provided certain safeguards were met. AI applications 
which automated data interpretation and synthesis were 
regarded more favourably by clinicians and consumers 
than those that directly influenced clinical decisions or 
potentially impacted clinician–patient relationships. Privacy 
breaches and personal liability for AI- related error worried 
clinicians, while loss of clinician oversight and inability to 
fully share in decision- making worried consumers. Both 
clinicians and consumers wanted AI- generated advice 
to be trustworthy, while industry groups emphasised AI 
benefits and wanted more data, funding and regulatory 
certainty.
Discussion Certain expectations of AI applications were 
common to many stakeholder groups from which a set of 
dependencies can be defined.
Conclusion Stakeholders differ in some but not all of their 
attitudes towards AI. Those developing and implementing 
applications should consider policies and processes 
that bridge attitudinal disconnects between different 
stakeholders.

INTRODUCTION
Artificial intelligence (AI) refers to advanced 
computer programs that mimic intelligent 
human behaviours and assist humans with 
different tasks. Medical AI applications span 
a spectrum, from diagnosis and disease 
screening to treatment selection and prog-
nostication,1 and aim to optimise care, 
improve efficiency and enhance clinician 

and consumer experience. Despite scores of 
AI applications having received regulatory 
approval for use in clinical settings in recent 
years, and many more having passed the 
proof- of- concept stage, relatively few that 
purport to directly assist decision- making 
have been adopted at scale into clinical prac-
tice.2 This limited uptake may be due, at least 
partly, to misperceptions of what the term 
AI actually means and negative attitudes 
towards AI held by key players in the health-
care ecosystem. Multiple stakeholders share 
interest in the performance and outcomes 
of AI applications, comprising clinicians, 
consumers, managers, researchers, regu-
lators and industry. Their perceptions and 
expectations of AI may differ, and need to 
be understood and considered by AI devel-
opers and implementers if AI applications 

Summary

What is already known?
 ► Very little is known about the attitudes of different 
stakeholders towards artificial intelligence (AI) ap-
plications in healthcare.

 ► While the AI industry see their applications as 
promising for improving healthcare, the views of 
clinicians, patients and other groups directly in-
volved in delivering or receiving care may not be so 
favourable.

What does this paper add?
 ► This paper provides an exploratory analysis of pub-
lished reports of the attitudes and perceptions of 
different stakeholder groups towards AI applications 
in healthcare.

 ► Stakeholder groups hold similar attitudes towards AI 
on some attributes but differ in their attitudes to-
wards others.

 ► In general, attitudes towards AI in healthcare were 
positive, more so for those with direct experience of 
AI in care delivery, but with the proviso that certain 
safeguards were met.

 ► Those developing and implementing AI applica-
tions should consider policies and processes that 
bridge attitudinal disconnects between different 
stakeholders.
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are to be designed and operationalised in ways accept-
able to all parties.

METHODS
We undertook an exploratory analysis of articles whose 
titles or abstracts contained the terms ‘artificial intel-
ligence’ or ‘AI’ and ‘medical’ or ‘healthcare’ and ‘atti-
tudes’, ‘perceptions’, ‘opinions’, ‘views’, ‘expectations’. 
Using a snowballing strategy, we searched PubMed and 
Google Scholar for articles published 1 January 2010 
through 31 May 2021. Reference lists of retrieved articles 
were perused for additional studies. We excluded articles 
that did not employ a formal survey or interview tool and/
or did not report quantified response measures for indi-
vidual questions among respondents. We only selected 
articles dealing with non- robotic AI applications used to 
support clinician- mediated care- related tasks or decision- 
making, and excluded mobile or wearable applications 
that were exclusively consumer facing. Key findings were 
extracted and summarised in narrative form according to 
four categories of participants. We used these results to 
derive a thematic synthesis of stakeholder expectations 
and corresponding requirements (or dependencies) for 
developers of AI applications to consider.

RESULTS
A total of 27 articles were included3–29 of which most 
(16, 59%) targeted clinicians,3–18 8 (30%) focused on 
consumers (including patients),19–26 1 (4%) on health 

executives27 and 2 (7%) on industry stakeholders 
comprising AI vendors, researchers and regulators.28 29 
Detailed study descriptions are provided in the online 
supplemental appendix and summary results are 
listed in table 1. Most studies (23; 85%) used online 
surveys,3–20 22–24 27 28 of which only three (11%)15 17 24 
were designed using the Checklist for Reporting Results 
of Internet E- Surveys.30 Three (11%) studies undertook 
face to face interviews,25 26 29 and one used a paper- 
based questionnaire.21 A specific definition or example 
of AI was provided to participants in only 10 (37%) 
studies,3 8 17 19 22–27 with generic descriptors (eg, ‘computers’ 
or ‘machines’) used in 6 (22%)5 13 14 16 28 29 and none in 
11 (41%).4 6 7 9–12 15 18 20 21 Survey response rates were 
reported in 11 (41%) studies,5 6 9 12 13 15 17 18 21 23 28 ranging 
from <0.1% to 66%, with 6 (22%)7 8 10 11 14 16 reporting 
no response rates and the remainder using convenience 
samples19 20 22–27 29 of which one calculated a required 
sample size.19

Clinicians
Clinicians practising in imaging- based disciplines, where 
deep machine learning is most advanced, featured in 
several surveys. In an Australian survey of 632 specialists 
(ophthalmology (n=305), radiology/radiation oncology 
(n=230), dermatology (n=97)),3 most had never actually 
used any AI application in practice (81%), but predicted 
AI would improve their field (71%) and impact future 
workforce needs (86%). Most considered AI had to 
perform better than specialists for disease screening 

Table 1 Stakeholder perceptions of clinical AI applications

Positive perceptions Negative perceptions

Clinicians

Improved diagnostic accuracy; fewer errors3 5

More efficient work flows4 5 17 18

Less time spent on administrative and other mundane 
tasks3 13

Synthesis of clinical information15 18

Updating of clinical records14

More time spent with patients5

Improved access to care3

Liability for AI- mediated errors3

Insufficient training and continuing professional development in AI3 5 7 8 12

Reputational loss and reduced demand for specialist opinion9 18

Potential erosion of empathetic communication with patients13 18

Risk of privacy breaches and loss of confidentiality of patient 
information17

Lack of proof of efficacy of AI applications in clinical settings3 29

Lack of explainability16

Consumers

Second opinions to clinicians21 22 25

Improved access to care23
Dehumanisation of the clinician–patient relationship18 19

Threat to shared decision- making involving patients22

Low trustworthiness of AI advice19 20 23

Insufficient clinician and regulatory oversight21

Uncertainty around fairness and equity in treatment allocation26

Healthcare executives

Improved operational efficiency, cybersecurity, analytic 
capacity, cost savings27

Uncertainty around patient satisfaction, access to care, improved patient 
outcomes27

Industry professionals   

Shared many of the positive attitudes listed above27–29 Limited access to high quality data for model development29

Unresolved legal liability question29

Lack of explicit and robust regulatory frameworks29

Low levels of funding for independent, investigator- led research in AI29

AI, artificial intelligence.
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(64%) and diagnosis (80%). The top three perceived 
AI benefits were improved patient access to screening, 
greater diagnostic confidence and reduced specialist time 
spent on mundane tasks. The top three concerns were 
outsourcing application development to large commer-
cial AI companies, clinician liability due to AI errors and 
decreased reliance on specialists (‘do- it- yourself’ medi-
cine). Most respondents (86%) felt their professional 
colleges were ill prepared for introducing AI into prac-
tice, citing need for training curricula, guidelines and 
working groups with AI expertise.

Radiologist attitudes towards AI were mostly positive. 
Most surveyed Italian radiologists (n=1032) favoured 
adopting AI (77%), did not fear job loss due to AI (89%) 
and anticipated fewer diagnostic errors (73%) and opti-
mised workflows (68%), although at the expense of 
some reputational loss and decreased demand for their 
services (60%).4 Among 270 French radiologists, most 
anticipated fewer errors (81%), reduced time spent on 
image interpretation (74%) and more time spent with 
patients (52%), with most wanting ongoing education in 
AI (69%).5

Trainees and medical students with an interest in 
radiology expressed more mixed views, with a third of 69 
US radiology residents stating, with hindsight, they may 
have chosen a different career because of AI.6 Among 
484 UK medical students, half (49%) were disinclined 
towards a radiology career, despite most (89%) seeing 
expertise in AI as benefitting them (89%) and wanting 
AI education included in medical degrees (78%).7 In 
Germany, 263 medical students thought AI will improve 
radiology (86%), not replace radiologists (83%), and 
desired further training in AI (71%).8 Canadian students 
(n=322) expressed similar views, but also voiced concerns 
about reduced radiologist demand (67%).9

Clinicians in pathology and dermatology also tended 
to view AI positively. Among 487 survey respondents in 
pathology from 59 countries, 73% expressed interest or 
excitement in AI as a diagnostic tool for improving work-
flow efficiency and quality assurance.10 Fewer than 20% 
feared displacement or negative career impacts, with 
most (73%) stating diagnostic decision- making should 
remain a predominantly human task or one shared 
equally with AI. While only 25% were concerned about 
AI errors, opinions about medico- legal responsibility 
were split, with 44% believing the AI vendor and pathol-
ogist should be held equally liable and 50% believing 
the pathologist should bear prime responsibility. Most 
(93%) pathologists supported AI if it resulted in more 
time being spent on academic or research efforts in 
answering questions previously not possible. Similarly, 
among 1271 dermatologists from 92 countries, 77% 
saw AI as improving diagnostic accuracy, particularly in 
regards to dermatoscopic images, and 80% thought AI 
should be part of medical training.11 Less than 6% saw 
dermatologists being replaced by AI, although 18% held 
non- specified fears of negative impacts. In contrast, being 
replaced by AI was of great concern to 27% of laboratory 

workers and non- clinical technicians in a survey of 1721 
subjects, although most (64%) expressed support for AI 
projects within their organisation and 40% believed AI 
could reduce errors and save time in their routine work.12

Clinicians from non- imaging- based disciplines consid-
ered the potential of AI to be more limited. Among 720 
UK general practitioners, most (>70%) thought human 
empathy and communication could not be emulated by 
AI, that value- based care required clinician judgement, 
and that benefits of AI would centre on reducing work-
flow inefficiencies, particularly administrative burdens.13 
Similarly, most psychiatrist respondents (n=791) from 
22 countries felt AI was best suited to documenting and 
updating medical records (75%) and synthesising infor-
mation to reach a diagnosis (54%).14 Among 669 Korean 
doctors, most (83%) considered AI useful in analysing 
vast amounts of clinical data in real time, while more 
than a quarter (29%) thought AI would fail in dealing 
with uncommon scenarios owing to inadequate data.15 
Respondents felt responsibility for AI- induced errors 
lay with doctors (49%), patients consenting to use of AI 
(31%) or AI companies that created the tools (19%). 
Most Chinese clinicians (82% of 191) were disinclined to 
use an AI diagnostic tool they did not trust or could not 
understand how it would improve care.16 Among 98 UK 
clinicians (including 34 doctors, 23 nurses, 30 allied health 
professionals), 80% expressed privacy concerns and 40% 
considered AI potentially dangerous (indeed as bad as 
nuclear weapons, although this response was primed by 
reference to a film in which Elon Musk expressed similar 
sentiments).17 However, 79% also believed AI could assist 
their field of work and 90% had no fear of job loss. In 
a survey of 250 hospital employees from four hospitals 
in Riyadh, Saudi Arabia (nurses=121; doctors=70; tech-
nicians=59), the majority stated AI could reduce errors 
(67%), speed up care processes (70%) and deliver large 
amounts of high- quality, clinically relevant data in real 
time (65%).18 However, most thought AI could replace 
them in their job (78%) despite AI limitations in being 
unable to provide opinions in every patient (66%) or in 
unexpected situations (64%), unable to sympathise with 
patients (67%) and developed by computer specialists 
with little clinical experience (68%).

Consumers
Consumer surveys of AI in healthcare are few and yield 
mixed views depending on who was surveyed and what AI 
functions were considered. Most clinical trials of AI tools 
also omit assessment of patient attitudes.31 In general, 
patients view AI more favourably than non- patients, but 
only if AI is highly trustworthy and associated with clini-
cian oversight.

An online US survey of 50 individuals revealed dehu-
manisation of clinician–patient relations, low trustwor-
thiness of AI advice and lack of regulatory oversight as 
significant risks which predominated over potential bene-
fits, although privacy breaches or algorithm bias were 
not expressed as major concerns.19 In an online survey 
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of 6000 adults from various countries, only 27% respon-
dents expressed comfort with doctors using AI to influ-
ence clinical decisions.20

In a survey of 229 German patients, most (≥60%) 
favoured physicians over AI for history taking, diagnosis 
and treatment plans, but simultaneously acknowledged AI 
could help integrate the most recent scientific evidence 
into clinician decision- making.21 Most (>60%) preferred 
physician opinion to AI where the two disagreed, and 
were less accepting (≤45%) of AI use in cases of severe 
versus less severe disease. In a UK case- based question-
naire study involving 107 neurosurgery patients, most 
accepted using AI for image interpretation (66%), oper-
ative planning (76%) and real- time alert of potential 
complications (73%), provided the neurosurgeon was in 
control at all times.22 Among 1183 mostly female patients 
with various chronic conditions who were considering 
biometric monitoring devices and AI, only 20% consid-
ered benefits (such as improved access to care, better 
follow- up, reduced treatment burden) greatly outweighed 
risks and 35% would decline the use of AI- based tools in 
their care.23 The majority (>70%) of parents of paediatric 
patients (n=804) reported openness to AI- driven tools if 
accuracy was proven, privacy and shared decision- making 
were protected and care using AI was convenient, of low 
cost, and not in any way dehumanised.24 Among 48 US 
dermatology patients, most (60%) anticipated earlier 
diagnosis and better care access, while 94% saw the main 
function of AI as offering second opinions to physicians, 
and perceived AI as having both strengths (69% believed 
AI to be very accurate most of the time) and weaknesses 
(85% expected rare but serious misdiagnoses).25 A small 
study found 18 patients with meningioma wanted assur-
ance that use of AI to allocate treatment was fair and 
equitable, that AI- mediated mistakes would be disclosed 
and reparations to patients forthcoming and that patient 
consent was obtained for any sharing of health data.26

Healthcare executives
In a global survey of 180 healthcare executives, 40% of 
respondents overall favoured increased use of AI applica-
tions, although this figure varied according to jurisdiction, 
with Australian executives (23%) being least in favour.27 
Perceived AI benefits comprised improved cybersecurity 
(56%) operational efficiency (56%), analytics capacity 
(50%) and cost savings (43%). However, fewer respon-
dents thought there would necessarily be improvements 
in patient satisfaction (13%), access to care (10%) or clin-
ical outcomes (6%). Respondents cited success factors for 
AI implementation as comprising adequate staff training 
and expertise (73%), explicit regulator legislation (64%) 
and mature digital infrastructures (62%).

Industry professionals
Information technology (IT) specialists, technology 
and software vendors, researchers and regulators—the 
‘insiders’ of AI—may harbour attitudes different to those 

of AI users such as clinicians, consumers and healthcare 
executives.

In one German survey (n=123; 42 radiologists, 55 IT 
specialists, 26 vendors), all three groups mostly agreed 
(>75%) that AI could improve efficiency of care, provided 
AI applications had been validated in clinical studies, 
were capable of being understood by clinicians and were 
referenced in medical education.28 However, only 25% of 
participants would advocate sole reliance on AI results, 
only 14% felt AI would render care more human and 
93% required confirmation of high levels of accuracy. In 
interviews involving 40 French subjects (13 physicians, 
7 industry representatives, 5 researchers, 7 regulators, 8 
independent observers), all agreed reliable AI required 
access to large quantities of patient data, but such access 
had to be coupled with confidentiality safeguards and 
greater transparency in how data were gathered and 
processed to protect the integrity of physician–patient 
relationships.29 On other matters there were notable 
differences. Physicians highlighted many tools lacked 
proof of efficacy in clinical settings and they would not 
assume criminal liability if a tool they could not under-
stand produced errors. Industry representatives wanted 
greater access to more high- quality data, while wanting 
to avoid injury liability as they believed this would hinder 
tool development. Regulators were urgently searching 
for robust procedures for assessing safety of constantly 
evolving AI tools, and resolving liability for AI error 
which would otherwise discourage clinicians and patients 
from using AI. Researchers with no commercial sponsors 
wanted more funding and more rapid translation of their 
findings into practice.

Expectations and dependencies
Our analysis identified certain stakeholder expectations 
of AI (table 2), with the most frequently cited being 
a need for accurate and trustworthy applications that 
improve clinical decision- making, workflow efficiencies 
and patient outcomes, but which do not diminish profes-
sional roles. These expectations, which varied in strength 
of expression across studies, reflect the dominance of 
clinician surveys in existing studies. The corresponding 
self- explanatory dependencies were extrapolated by the 
authors, and are aligned with those expressed in author-
itative reports from the National Academy of Medicine32 
and the WHO.33 According to these bodies, under-
standing stakeholder views is essential in formulating 
clinical AI policy and that AI designers should focus on 
education, communication and collaboration in bridging 
attitudinal disconnects between different stakeholders.

DISCUSSION
Overview of findings
The diversity in attitudes towards AI of different stake-
holders and the cautionary sentiments expressed by many 
suggest AI applications should be seen as complex soci-
otechnical systems with many interacting components.34 
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However, stated positive or negative perceptions of AI 
may not consistently translate into adoption or resistance, 
or necessarily track what is possible or even probable in 
a still- developing technology. The failure of many survey 
studies to cite concrete examples of AI applications in the 
prelude to questionnaires (some justifying this as a way 
of avoiding the conjuring up of negative ‘Terminator’ 
or ‘cyborg’ images) may have caused confusion among 
respondents as to what they were being asked to concep-
tualise and respond to. Response rates were either low 
(<50%) or incalculable, with respondents more likely than 
non- respondents to hold strong attitudes. Priming effects 
in how AI was introduced and questions were worded 
may have biased some responses. Finally, responses in 
some studies appeared internally inconsistent in that, for 
example, radiology residents and students acknowledged 
AI would improve their discipline and wanted more AI 
training, but, at the same time, feared loss of professional 
status and held concerns about career choice.

Individuals without direct experience of AI who 
perceived it in the abstract tended to be more guarded 
in their views compared with the more optimistic views of 
direct users or recipients of AI. However, this optimism 

was more often grounded in views of workflow improve-
ments and error minimisation, rather than perceptions 
of improved clinical outcomes, greater fairness of access 
or less risk to patient autonomy compared with current 
clinical practice. All stakeholders voiced concern about 
potential harm to patients from AI that lacks human over-
sight in its design, development and deployment, that the 
expected benefits of AI were by no means guaranteed, and 
that explicit regulatory standards must be formulated.

Applications which automate image interpretation and 
data synthesis were regarded more favourably by clini-
cians than those directly influencing clinical decisions or 
having potential to negatively impact clinician–patient 
relationships or clinician autonomy. Repetitive tasks using 
digitised data, such as radiological or dermatological diag-
nosis, are seen as more amenable to being performed by 
AI applications than interactive or procedural tasks such 
as consultations or surgical operations.35 Privacy breaches 
and inability to understand or control AI applications 
worried clinicians, while loss of clinician oversight and 
inability to properly share in decision- making worried 
consumers. There was a common desire to ensure humans 
remained at the centre of decision- making and preserve 

Table 2 Expectations and dependencies

Expectations Dependencies

Ensuring accuracy, freedom from bias, 
trustworthiness.3–5 8 19 20 23 24 29

AI applications should be based on models that, in their development, have involved 
domain experts and have minimised bias related to under- representation of patient 
groups or contextually inappropriate outcome measures, and have been shown to 
produce accurate results in the populations for which they are to be used.

Improving efficiency and reduced administrative 
burden.3–5 10 13–15 17 18,

AI applications must be fitted to, and complement, routine clinical workflows and, 
where possible, self- populate the required data with minimal clinician input.

Improving clinical decision- making and outcomes.3 11 

18 21 22 25 27 29
AI applications must be shown to be as or more effective in improving clinical 
decision- making and patient experiences and outcomes than current care, not 
just efficacious in controlled research settings, and be accompanied with clinician 
oversight.

Maintaining the integrity of clinician- patient 
relationships.5 13 18 19 24

AI applications should not distract from, or degrade, human to human interaction and 
shared decision- making.

Ensuring explainability and transparency.16 19 20 23 AI applications must be developed and assessed with an eye to maximising 
explainability and transparency in regards to their inner workings, while acknowledging 
limits to the extent this can be achieved. As much as possible, important features 
underpinning AI predictions should be identified, and outputs should be presented in 
ways easily interpretable to clinicians and patients.

Preserving professional status.3–9 11 12 18 AI applications must be implemented with care regarding potential loss of jobs or 
professional reputation, highlighting the potential of AI to remove the tedious aspects 
of work, improve job satisfaction and provide new skills. This must be coupled with 
careful attention to clinicians’ training needs and career development.

Obtaining regulatory approval.3 19 21 27 29 AI applications should be subject to regulatory standards that are robust, transparent 
and responsive to updates of existing applications.

Determining liability for error.3 10 19 21 29 AI applications should be associated with clear lines of responsibility regarding liability 
for error, including no- fault provisions when, despite good evidence of efficacy and 
safety, errors occur as a result of technical failures involving applications whose 
workings are beyond the comprehension and control of the human user.

Ensuring data privacy, confidentiality and security.17 24 

27
AI developers must ensure they adhere to legal and community expectations regarding 
privacy, confidentiality and security of health and medical data.

Ensuring access and equity.24–26 AI applications shown to be effective must be equitably accessible to low income, 
remote or other disadvantaged populations, and not be concentrated in already well- 
served populations with well- structured digital and data infrastructures.

AI, artificial intelligence.
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empathetic, contextualised communication in clinical 
encounters.36 Case studies have confirmed consumers 
prefer human advisers who can appreciate their unique 
circumstances, and see AI assisting, rather than replacing, 
clinician advice.37

All stakeholders wanted reassurance that AI- gener-
ated advice was trustworthy, and that this level of trust 
was context- dependent, with clinician opinion trumping 
AI advice where the two were discordant or where deci-
sions relating to serious illness were being made. As 
others have also shown,38 stakeholders tend to be less 
forgiving towards error made by AI than error made by 
humans. Who should bear liability for error was much 
more contentious, both between and within stakeholder 
groups, and subject to considerable ongoing debate.39 
In a very recent US survey study of 750 physicians and 
1007 members of the public, the majority of both groups 
believed the physician should be held responsible for AI 
error, although more of the public held this view than 
did physicians (66% vs 57%; p=0.02).40 In contrast, more 
physicians believed the AI vendor (44% vs 33%; p=0.004) 
should share liability, while equal proportions of both 
groups conferred liability on regulatory authorities (23% 
vs 23%) or healthcare organisations purchasing the appli-
cation (29% vs 23%).

Despite their reservations, clinicians overall were keen to 
receive further education in AI in recognition of its potential 
to increase diagnostic accuracy and workflow efficiencies, and 
this need is increasingly recognised.41 While some clinicians 
in imaging specialties were worried about potential negative 
impacts on job prospects and professional status, most clini-
cians felt AI could enhance professional satisfaction.

Perceptions and expectations
Understanding what drives stakeholder perceptions of AI is 
important as they critically influence predisposition towards 
accepting AI.42 Further in- depth research into why differing 
views of AI are held should assist in formulating operational 
solutions that accommodate such diversity of views. We note 
few studies considered the extent to which age, sex, clinical 
setting, level of expertise in computing or mathematics, 
personal beliefs and values, or other attributes of individuals 
impacted on their perceptions of AI in healthcare, which 
some investigators suggest as being important.43

Notwithstanding these considerations, certain expecta-
tions were inherent to many studies from which depen-
dencies can be defined. While these dependencies are not 
necessarily unique to AI applications, being relevant to 
other computer- based technologies, the rapid evolution 
and potentially huge scope of AI magnifies the imperative 
for these dependencies to be enshrined in governance and 
ethics policies of government and industry.

CONCLUSION
A wide range of stakeholders have interest in how AI 
applications can be used in delivering better healthcare. 
In general, attitudes towards AI are positive, provided 

certain safeguards are met. While some concerns about 
AI are common to most groups, others are unique to a 
more select few. The challenge for AI developers and 
implementers is to understand these various concerns 
and respond appropriately if their applications are to be 
adopted at scale.
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ABSTRACT
Background There is currently a strong drive 
internationally towards creating digitally advanced 
healthcare systems through coordinated efforts at a 
national level. The English Global Digital Exemplar (GDE) 
programme is a large- scale national health information 
technology change programme aiming to promote 
digitally- enabled transformation in secondary healthcare 
provider organisations by supporting relatively digitally 
mature provider organisations to become international 
centres of excellence.
Aim To qualitatively evaluate the impact of the GDE 
programme in promoting digital transformation in provider 
organisations that took part in the programme.
Methods We conducted a series of in- depth case 
studies in 12 purposively selected provider organisations 
and a further 24 wider case studies of the remaining 
organisations participating in the GDE programme. 
Data collected included 628 interviews, non- participant 
observations of 190 meetings and workshops and analysis 
of 9 documents. We used thematic analysis aided by NVivo 
software and drew on sociotechnical theory to analyse the 
data.
Results We found the GDE programme accelerated digital 
transformation within participating provider organisations. 
This acceleration was triggered by: (1) dedicated 
funding and the associated requirement for matched 
internal funding, which in turn helped to prioritise digital 
transformation locally; (2) governance requirements put in 
place by the programme that helped strengthen existing 
local governance and project management structures 
and supported the emergence of a cadre of clinical health 
informatics leaders locally; and (3) reputational benefits 
associated with being recognised as a centre of digital 
excellence, which facilitated organisational buy- in for 
digital transformation and increased negotiating power 
with vendors.
Conclusion The GDE programme has been successful 
in accelerating digital transformation in participating 
provider organisations. Large- scale digital transformation 
programmes in healthcare can stimulate local progress 
through protected funding, putting in place governance 
structures and leveraging reputational benefits for 
participating provider organisations, around a coherent 
vision of transformation.

INTRODUCTION
There is currently a strong international 
drive towards creating digitally- enabled 
health systems and settings, with govern-
ments embarking on large- scale health 
information technology (HIT) change 
initiatives to improve quality, safety and effi-
ciency of health and care.1 2 For example, 
in the USA, the Health Information Tech-
nology for Economic and Clinical Health 
(HITECH) initiative launched in 2009 
combined over US$25.9 billion of central 
funding with development of a national set 
of standards for implementation of elec-
tronic health records (EHRs) to stimulate 
digital transformation of provider organ-
isations.3 The German federal govern-
ment’s 2020 Hospital Future Act committed 
over €3 billion across a 2- year period to 
stimulate digital transformation of hospi-
tals.4 Government- led, large- scale HIT 
change programmes have also recently 
been initiated in Canada,5 Australia6 and 
New Zealand.7 However, historically, such 
national programmes often have failed 

Summary

What is already known?
 ► There is currently a strong drive internationally to-
wards creating digitally advanced healthcare sys-
tems through coordinated efforts at a national level 
but there is lack of knowledge on how to stimulate 
large- scale digitalisation.

What does this paper add?
 ► Large- scale digital transformation programmes in 
healthcare can stimulate local progress through 
protected funding, putting in place governance 
structures, and leveraging reputational benefits for 
participating provider organisations, around a co-
herent vision of transformation.
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to realise their ambitious digitalisation goals. For 
example, in England, the National Programme for 
Information Technology (NPfIT)—the largest ever 
national digitalisation programme with an initial 
budget of over £9.8 billion8 9—was discontinued in 
2012 as it was perceived to not sufficiently cater for 
the needs of implementing organisations.10 The rela-
tive lack of success of many nationally- led, large- scale 
HIT change programmes may be attributed to limited 
current understanding of how such programmes work 

to help promote digital transformation locally.11 There 
is therefore now a growing need for evidence on how 
best to stimulate digital transformation of healthcare 
systems and settings through these kinds of initiatives.

To address this gap, we here present findings from an 
independent, formative evaluation of the Global Digital 
Exemplar (GDE) programme—a flagship, national HIT 
change initiative aiming to stimulate digitalisation of 
English hospitals through creating a cohort of provider 
organisations that would act as exemplars of digital 
excellence (box 1).12 The programme was developed 
in response to an independent review that drew lessons 
from previous digital transformation initiatives in the 
UK and the USA.13 Given that funding available was 
not sufficient to allow all provider organisations to fully 
digitalise, this strategy adopted a phased approach with 
funding initially allocated to relatively digitally mature 
organisations. These were paired up with less mature 
partner organisations, with whom they were encour-
aged to share knowledge and thereby accelerate digi-
talisation. We aimed to address the following research 
question: How did the GDE programme promote digital 
transformation in participating provider organisations?

METHODS
We undertook a longitudinal qualitative study of the 
GDE programme that aimed to explore digital transfor-
mation in participating provider organisations and the 
wider healthcare system.16 Our work had both formative 
and summative elements, but its defining characteristic 
was its formative nature, feeding back emerging find-
ings to decision- makers and thereby shaping delivery 
of the programme.

The detailed methodology is described in a sepa-
rate published research protocol and in Appendix 1.17 
The evaluation took place between January 2018 and 
March 2021. We followed the Consolidated Criteria for 
Reporting Qualitative Research in this paper.18 Forma-
tive, qualitative evaluations, conducted in real- time 
alongside change programmes, can help to explore 
the processes involved in seeking to stimulate digital 
transformation and can thereby inform future initia-
tives.19 20 This type of evaluation collects evidence on 
the processes involved in stimulating digital trans-
formation through HIT change initiatives and on an 
array of emerging outcomes including consequences 
not anticipated/intended by programme architects. 
Such formative evaluations are well placed to inform 
decision- makers during the programme that is being 
evaluated.

We conducted 628 interviews, observed 190 meetings 
and analysed 499 documents (see box 2 for an overview 
of the data set and Appendix 2 for a detailed descrip-
tion). This included an additional round of interviews 
performed in autumn 2020 in relation to the impact of 
COVID- 19 on digital transformation. Interviews lasted 
1 hour on average.

Box 1 Overview of the Global Digital Exemplar 
programme

The Global Digital Exemplar (GDE) programme is a large- scale health 
information technology (HIT) change programme launched by National 
Health Service (NHS) England aiming to stimulate the digital transfor-
mation of the English healthcare system. It had a total budget of over 
£385 million of central funding, a 5- year duration (2017–2021) and in-
volvement of 51 individual provider organisations.
The GDE programme was introduced in the aftermath of the English 
National Programme for IT—the largest national digitalisation pro-
gramme worldwide with a budget of over £9.8 billion,8 which was dis-
continued in 2012 following a brief period of relatively uncoordinated 
digital transformation attempts across the healthcare system.
The key strategy of the GDE programme, led by NHS England, was to 
stimulate digital transformation across English NHS healthcare provid-
ers and to form a central point for facilitating knowledge creation by 
creating ‘Global Digital Exemplars’ (GDEs)—local centres of digital ex-
cellence that could serve as examples of best practice.
Provider organisations were selected to become GDEs, based on their 
relatively high levels of digital maturity (the extent to which organisa-
tions had digitally- enabled processes) and capability to undertake an 
innovative digital transformation programme. Each GDE provider organ-
isation signed a funding agreement with NHS England to implement a 
detailed portfolio of HIT change projects over a period of 2–3.5 years 
and received £5–10 million of central funding (which had to be matched 
with the same level of internal funding). Additionally, GDE provider or-
ganisations were paired with one (and in two cases two) partner pro-
viders—referred to as Fast Followers (FFs). The FFs were not expected 
to be as digitally mature as their partner GDEs but to be sufficient-
ly mature to be able to rapidly accelerate their digital transformation 
through knowledge transfer from their partner. The FFs were also asked 
to prepare a portfolio of digital transformation projects to be carried out 
during this period. FFs received half of the central funding that the GDE 
organisations received (ie, £5 million), which again had to be locally 
matched with the same amount. Twenty- three provider organisations 
took part as GDEs and 25 as FFs. All participating organisations were 
asked to establish a senior clinical digital leadership role in the form of 
a Chief Clinical Information Officer ahead of the start of the programme. 
The Healthcare Information and Management Systems Society (HIMSS) 
Electronic Medical Record Adoption Model classification tracking hospi-
tals’ levels of digital maturity on a scale from Level 0 to 7,14 was used as 
a benchmark for digital excellence in the programme. Acute GDEs were 
expected to achieve HIMSS Level 6 with a view to 7 and mental health 
GDEs and FFs Level 5 by the end of the programme.
In addition, the GDE programme supported coordinated learning includ-
ing setting up learning networks for staff in participating organisations, 
organising networking events and other knowledge transfer activities 
including the production/circulation of Blueprints (documents capturing 
learning in implementing particular changes).15
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RESULTS
Our analysis identified several sociotechnical dimensions 
associated with digital transformation. Many of these 
have already been extensively discussed in the literature 
(table 1) and we therefore focus here on exploring novel 
findings surrounding the wider macro- environmental 
dimensions associated with the GDE programme.

The impact of the GDE programme in stimulating 
digital transformation locally is described in Appendix 3.

Earmarked funding stimulated digital transformation locally
Dedicated funding over a multiyear period, comprising 
both external funding (allocated from a central national 
budget) and matched funding from the provider organ-
isation’s internal budget, was perceived to play a key 
role in accelerating digital transformation. Funding was 
used to support and bring forward major upgrades in 
digital information infrastructures (including renewing 
core EHR systems) together with a range of smaller- scale 
digital change projects such as implementation of elec-
tronic clinical observations systems or projects to support 
staff working remotely in the community. Many organisa-
tions reported that plans for these changes were already 
in place prior to the launch of the programme.

It enabled us to do things, because of the money, it 
enabled us to do things, that we would have done any-
way, at twice the speed, (…) but there is something 
about scale and there is something about speed, 
which brings a value that is greater than achieving it 
in twice the time. (Site D, GDE, in- depth case study, 
GDE programme staff)

Box 2 Description of sample (GDE, Global Digital 
Exemplar; FF, Fast Follower)

In- depth case study sites (12 provider organisations; 8 
GDEs: 6 acute, 2 mental health; 4 FFs: 3 acute, 1 specialist)

 ► 309 interviews (39 senior managers; 65 clinical digital leaders; 47 
non- clinical digital leaders; 46 GDE programme staff; 112 opera-
tional staff).

 ► 104 documents.
 ► 67 meetings observed.

Interview periods:
 ► Pilot interview: March 2018 (1 interview)

 – 1 GDE programme staff.
 ► First round: May 2018 – February 2019 (137 interviews)

 – 16 senior managers.
 – 20 clinical digital leaders.
 – 11 non- clinical digital leaders.
 – 14 GDE programme staff.
 – 76 operational staff.

 ► Second round: March 2019 – May 2019 (34 interviews)
 – 6 senior managers.
 – 10 clinical digital leaders.
 – 3 non- clinical digital leaders.
 – 12 GDE programme staff.
 – 3 operational staff.

 ► Third round: June 2019 – March 2020 (101 interviews)
 – 11 senior managers.
 – 27 clinical digital leaders.
 – 26 non- clinical digital leaders.
 – 10 GDE programme staff.
 – 27 operational staff.

 ► Fourth round: August 2020 – December 2020 (post- lockdown) (36 
interviews)

 – 6 senior managers.
 – 8 clinical digital leaders.
 – 7 non- clinical digital leaders.
 – 9 GDE programme staff.
 – 6 operational staff.

Broader case study sites (24 provider organisations; 15 
GDEs: 10 acute, 5 mental health; 9 acute FFs)

 ► 247 interviews (32 senior managers; 78 clinical digital leaders; 65 non- 
clinical digital leaders; 44 GDE programme staff; 28 operational staff).

 ► 283 documents.
 ► 19 meetings observed.

Interview periods:
 ► First round: 2018 (95 interviews).
 ► Second round: 2019 (69 interviews).
 ► Third round: 2020 (83 interviews).

Other data
 ► 72 interviews (61 policymakers; 3 vendors; 4 engagement leads 
and 4 other stakeholders).

 ► Non- participant observations of 104 national meetings, workshops 
and conferences.

 ► 112 documents.

Interview periods:
 ► First round: March 2018 – December 2018 (31 interviews).
 ► Second round: January 2019 – November 2019 (20 interviews).
 ► Third round: January 2020 – April 2020 (3 interviews).
 ► Fourth round: July 2020 – February 2021 (18 interviews).

Table 1 Findings associated with sociotechnical 
dimensions of change confirming previous findings in the 
empirical literature20 28–44

Dimensions

Technological 
factors

System usability, system performance, 
adaptability and flexibility, system 
dependability, availability of data, integrity 
and confidentiality, data accuracy, 
sustainability.

Social factors User satisfaction, complete/correct 
use, attitudes and expectations, user 
engagement, experiences of Information 
Technology use, workload implications and 
benefits of system use, impact of system 
on existing work processes, user input in 
design.

Organisational 
factors

Leadership and management, 
communication with stakeholders, 
implementation timelines, vision 
associated with system, training and 
user support, system champions 
implementation/optimisation resources, 
monitoring of progress and system 
optimisation.
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The scope to secure external funding combined with a 
requirement for matched funding, also helped to secure 
local leadership buy- in and support.

[Central NHS funding through the GDE Programme] 
was enough money to make a case to our finance di-
rector and the acting chief executives that we should 
do it [GDE Programme], because it was money we 
wouldn’t get otherwise, for a thing we wanted to do 
anyway. (Site G, GDE, in- depth case study, clinical 
digital leader)

Protected funding was especially important in driving 
digital transformation for smaller provider organisations 
with correspondingly smaller internal budgets. For the 
largest organisations, external GDE programme funding 
was modest in relation to their overall digital investments. 
In particular, some of the large provider organisations 
had substantial development capabilities and large tech-
nology budgets that had allowed them, in some cases, to 
begin planning and implementing comprehensive digital 
change, meaning that they had already achieved a certain 
momentum ahead of the programme. As a result, partic-
ipating in the programme strengthened but did not per 
se transform the digital strategies and capabilities of these 
organisations in the dramatic way that could be observed 
in smaller and less digitally mature providers (which in 
many cases included Fast Followers (FFs)). Provider 
organisations described this support as accelerating the 
rate of change but not radically changing the direction 
of their prior digital journey. They were able to achieve 
more because of these additional resources.

My reflection on the GDE process is that I don’t think 
we would have done this without it. I think we always 
wanted to do it and it gave us the opportunity to do 
what we wanted to do anyway but we would not have 
been able to employ this people, we would not have 
been able to pay [Supplier] to deliver the extra func-
tionality, we wound not have been able to pay me 
for two years to provide some clinical input. (Site G, 
GDE, in- depth case study, clinical digital leader)

This momentum and ambition for change grew as a 
result and continued beyond the end of the programme.

So it has focused…just by the injection of money rath-
er than anything else, the money has enabled us to 
buy products which when you start delivering them, 
you then can’t really stop, so although the £10m isn’t 
enough, it’s now made it an issue that we benefit from 
this if we did a bit more and we spent a bit more. (Site 
I, GDE, in- depth case study, clinical digital leader)

Provider organisations perceived that the provision 
of national support primarily through capital funding, 
as opposed to revenue funding, affected local digital 
transformation initiatives, as it promoted investment in 
purchasing hardware and software. The administrative 
complexity of converting capital funding into revenue 
streams meant that investing in staff and third- party 

services to maintain, service, support, upgrade and opti-
mise systems was somewhat inhibited.

Prestige and reputational benefits helped to secure 
organisational buy-in and to negotiate with suppliers
The prestige and reputational benefits obtained through 
taking part in a flagship national HIT change programme 
and competing for the status of being a ‘Global Digital 
Exemplar’, were instrumental in securing leadership 
buy- in and also helped to secure wider organisational 
support for digital transformation efforts. Although some 
of the organisations participating in the programme 
already considered themselves as national leaders, being 
a GDE involved projecting a claim not only of being 
nationally excellent but also of attaining internation-
ally recognised standards of excellence. Other national 
programmes had not specifically targeted this already 
high- achieving segment of provider organisations. Those 
who were already ‘high- achievers’ were keen to be seen as 
international leaders and others saw this as putting their 
organisations into the limelight.

In many cases, the ‘Global Digital Exemplar’ badge had 
been used to communicate the upcoming HIT change 
projects (eg, EHR upgrades, or implementation of elec-
tronic observations) across the organisation, for example, 
through posters and newsletters.

[The GDE Programme and its agenda] was helpful 
both from a reputation and to badge it all in a con-
cept of…it gave people a…rallying cry around our 
direction of travel. (Site 12, FF, broader case study, 
clinical digital leader)

The benefits of enhanced national visibility and status 
from participation in the Programme were less evident 
for organisations with a strong prior national or inter-
national profile (including many FFs). Smaller provider 
organisations with modest local profiles reported that 
taking part in the programme allowed them to be more 
visible and recognised locally.

Reputationally, we’re considered regionally as digital-
ly mature, and that’s quite a battle to fight. Not nec-
essarily with other mental health or community trusts 
but certainly with the larger acutes [acute care pro-
vider organisations],… you kind of have to earn your 
place. You do have to earn your place around the ta-
ble and some of the things that we’ve done in GDE 
have enabled us, to use a very common expression at 
the moment, a more sort of level playing field. (Site 
E, FF, in- depth case study, GDE programme staff)

Provider organisations further noted that the status 
associated with the programme increased their negoti-
ating power with vendors. Large provider organisations 
(mainly GDEs) that were recognised nationally and inter-
nationally as leading centres were often invited to become 
reference sites for certain product implementations and 
thereby secured allocation of additional resources from 
vendors. Smaller, less prestigious provider organisations 
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(including many mental health providers and FFs) in 
contrast often found themselves competing over vendor 
resources with other customers including other provider 
organisations taking part in the programme.

I think if you speak to our finance director… he would 
say it’s the [vendor] relationship that’s the most valu-
able part of the GDE… being part of the GDE pro-
cess, he thinks, gives him much more leverage with 
[vendor] to actually deliver what they’ve promised. 
Cause quite frankly, if they don’t deliver it with us, 
then they won’t be able to sell to other organisations, 
‘cause we will be their site, where everyone will come 
and see all their solutions together. (Site I, GDE, in- 
depth case study, GDE programme staff)

Being labelled a ‘Fast Follower’ offered lower perceived 
status benefits than GDE. Some FF organisations felt that 
they were in some respects more advanced than their 
GDE and should therefore be labelled ‘partners’ instead 
of ‘followers’.

Governance requirements supported establishment of project 
management structures, secured executive buy-in and 
strengthened clinical digital transformation leadership
The funding agreement between provider organisations 
and the central funding body contained contractual obli-
gations, which included the organisations’ digital strategy 
and an outline of HIT projects to be undertaken with 

timescales, funding milestones and a Statement of Planned 
Benefits. Provider organisations were thus required to 
prepare and then execute a portfolio of HIT change proj-
ects in a relatively short period. Further, although not a 
formal obligation, there was also an expectation for the 
provider organisations to set up a local GDE Programme 
Board to oversee deployment of the programme locally. 
These in turn supported the creation and expansion of 
change management and engagement structures within 
provider organisations to support the implementation of 
the HIT change projects outlined in the funding agree-
ment. The requirement to meet the milestones set out 
in the funding agreement, combined with well- depicted 
digital transformation goals, helped to secure executive 
support and helped to make the transformation agenda 
more salient at the executive level.

I think one of the main parts that was really effec-
tive is the pace- setting element of the GDE. […] The 
pace setting as part of the Programme was a massive 
part of achievements. And I think the reason for 
that is it really focuses the board. Because you have 
essentially money attached to a deadline to achieve 
something, that’s extremely motivating. And in trusts 
where you have so many competing priorities […] I 
thought was very effective actually that we had to hit 
certain milestones with good quality and that then 
funding would be achieved. And I think that really 
helped focus the board. And because of that, we had 
a really, I think, strong functioning Digital Oversight 
Committee through the Programme and that’s one 
of the things that kept the momentum going. (Site 
10, GDE, broader study, clinical digital leader)

Provider organisations were required to report regu-
larly on implementation progress and benefits achieved 
to the central funding body. However the reporting 
methods were perceived as burdensome, particularly as 
these reports were not always aligned with the reports 
that provider organisations had to submit to their own 
boards and for other health service reporting systems. 
Provider organisations reported that the burden of 
reporting diverted efforts from other key activities 
related to digital transformation. Although there was an 
attempt to simplify central reporting procedures as the 
programme progressed, with the adoption and refine-
ment of a computerised reporting tool, little progress 
was made in harmonising reporting requirements among 
different parts of the health service (which had different 
established report requirements, deadlines and reporting 
periods). Another issue was that, although the funding 
agreements laid out a timetable of contractual commit-
ments, over time as the programme progressed, context, 
technologies and local priorities changed. Some provider 
organisations had trouble in meeting the contractual 
obligations and milestones, given the dynamism and 
uncertainties surrounding digital transformation, and 
highlighted the rigidity of funding agreements. Although 

Box 3 Limitations of our work

Our findings on the digital transformation outcomes associated with the 
Global Digital Exemplar (GDE) programme should be interpreted with 
caution. Intended and unanticipated consequences were still emerging 
at the end of our evaluation work. Attribution of outcomes in large- scale 
digital transformation initiatives is not straightforward, as interventions 
are often multifaceted, stimulating digitalisation through a combination 
of enhancements in technological systems and organisational process-
es—as a result, outcomes take a long time to materialise and may not 
then be directly attributable to HIT.45 In addition, large- scale change 
programmes are situated within evolving wider policy and economic 
settings that may influence outcomes. Various local factors are also 
likely to have an impact. To address these complexities, our evaluation 
used a combination of in- depth case studies that allowed for detailed 
understanding of how the programme unfolded in a range of specific 
settings and wider case studies of other providers that involved cap-
turing broader patterns and verifying findings from the in- depth case 
studies. Further, each participating provider organisation proposed a 
portfolio of digital innovations as part of the programme. Unfortunately, 
our methodology did not allow us to systematically appraise individual 
innovations and outcomes. However, a wide range outcomes were re-
ported including many not initially anticipated improvements that were 
coming to the fore at the end of the evaluation period, sometimes in ar-
eas that were not directly related to the original area of implementation 
(eg, in shared care records across settings).
We focused largely on the perspective of provider organisations, partic-
ularly local GDE programme managers and implementers. As a result, 
perspectives of individual healthcare staff within provider organisations 
are underrepresented.
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it was possible to renegotiate funding agreements, this 
process was seen as slow and time- consuming.

Yes, we can set milestones for 6 months or 12 months 
but trying to set a milestone for three years’ time 
when IT changes, the organisation changes so quick-
ly. (Site D, GDE, in- depth case study, non- clinical dig-
ital leader)

Another aspect of centrally introduced governance 
requirements was a mandatory requirement to appoint a 
Chief Clinical Information Officer (CCIO) ahead of the 
programme—a senior leadership role within provider 
organisations combining clinical and digital transforma-
tion expertise. This requirement was critical in helping 
organisations to build capacity to manage and lead digital 
transformation projects. The CCIOs also had a major 
role in securing and enhancing clinical engagement in 
the digital transformation process and in selecting and 
configuring the technological systems to ensure they 
would be fit for purpose in the clinical context. Further, 
they contributed to raising the awareness and priority 
of the digital transformation agenda within senior lead-
ership. The appointment of a CCIO further promoted 
the creation of a number of related senior leadership 
positions combing clinical and digital expertise such 
as a Chief Nursing Information Officer (CNIO), Chief 
Medical Information Officer (CMIO) and deputy CCIOs 
responsible for specific subdisciplines (eg, cardiology, 
oncology).

We wouldn’t have had CCIOs [Chief Clinical 
Information Officers] if we weren’t a GDE really, I 
think the GDE opportunity coalesced in the IT de-
partment which was very IT- driven to actually, well, we 
need to engage clinicians in this, otherwise we won’t 
get this money [from the GDE Programme], we’ve 
got to show that we’ve got clinical involvement. (Site 
I, GDE, in- depth case study, clinical digital leader)

The strengthening of digital informatics capabilities 
was reinforced by related changes in the whole sector 
including the establishment of the NHS Digital Acade-
my—an NHS training programme that aimed to develop 
a new generation of clinical digital leaders to drive digital 
transformation.

‘…going through… the Digital Academy has really 
helped in this kind of difficult phase where you’re 
looking at projects, programmes, organising, whole 
organisations around it. I mean I’m falling back on 
some of the stuff we did there quite a bit now actually 
and I was, I realise how inexperienced we were when 
we started.’ (Site E, GDE, in- depth case study, clinical 
digital leader)

Finally, as part of the GDE requirements, participating 
provider organisations were expected to achieve high 
levels of performance under the Healthcare Information 
and Management Systems Society (HIMSS) Electronic 
Medical Record Adoption Model (EMRAM). Their ability 
to meet these ambitious targets within the relatively short 
timeframes of the GDE programme was greatly influenced 
by their choice of supplier. Some (US) vendors that had 
recently entered the UK market offered comprehensive 
‘mega- suites’ already well- aligned with the wide range 
of functionality required to meet the HIMSS EMRAM 
accreditation criteria. Many GDE providers turned to 
these solutions in order to meet the ambitious aims of the 
programme. Other EHR adopters that stayed with their 
existing EHR supplier sought to bridge the gap by asking 
their vendor to extend their range of functionality or by 
procuring and integrating modules from other suppliers 
(a strategy labelled ‘Best- Of- Breed’). These provider 
organisations and their suppliers thereby embarked on 
an unpredictable journey that posed challenges for both 
sides. Some suppliers struggled to deliver the new func-
tionalities required within the timeframe of the GDE 
programme. In addition, the growth in demand due to 
the programme was such that even some large suppliers 
were unable to provide the level of development support 
expected by individual provider organisations.

DISCUSSION
Summary of key findings
The GDE programme strategy of supporting relatively 
digitally mature healthcare provider organisations to 
become exemplars of digitally enabled transformation 
has resulted in rapid acceleration of transformation and 
promoted the visibility and priority of digital transforma-
tion plans in those organisations. The programme also 
contributed to the promotion of clinically focused digital 
change management capability and the emergence and 
strengthening of local clinical change leaders (ie, those 
planning and implementing local programmes, including 
CIOs, GDE programme managers, CNIOs, CMIOs and 
CCIOs). This has driven a visible culture shift among 
clinicians and leaders to a proactive expectation that 

Box 4 Organisational characteristics associated with 
digital maturity

 ► Leadership focus on digitally- enabled transformation of services 
(rather than merely Information Technology deployment).

 ► Digital transformation expertise at Board level.
 ► Clinical engagement and dedicated intermediary roles between clin-
ical and digital areas.

 ► Activity surrounding envisioning benefits/targets and measuring 
progress.

 ► Demonstrating benefits for individual users early on in the process.
 ► Strong and experienced project management structures dedicated 
to digital transformation.

 ► Willingness to share experiences and learn from others.
 ► Open and transparent decision- making and communication across 
the organisation.

 ► A conceptualisation of digital maturity as a continuous quality im-
provement process.
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digital solutions underpin care delivery and enable trans-
formation. There has also been a concomitant increase 
in engagement and capability in the general workforce 
as organisations increasingly digitalised their organisa-
tional processes. Earmarked funding, the strengthening 
of local governance structures, digital project manage-
ment capability and the reputational benefits associated 
with being included in the GDE programme have helped 
to ensure buy- in for digital transformation plans from 
both senior managers and frontline staff. This ensured 
that what was delivered was digital transformation rather 
than simply a technology implementation programme. 
However, it is important to keep in mind that while the 
GDE programme support imparted momentum and 
direction, some provider organisations were already on 
this trajectory of change and during the programme 
followed local digital transformation strategies that were 
already planned.

Strengths and limitations
We conducted a national, longitudinal, formative evalu-
ation of a first- of- a- kind large- scale HIT change initiative 
to advance digital transformation in the English National 
Health Service. We collected a large, qualitative data 
set from participating provider organisations and from 
national actors over extended timescales. This allowed 
gaining comprehensive insights into the mechanisms 
of change promoted through the GDE programme and 
associated outcomes. Detailed limitations of our work can 
be found in box 3.

Integration of the findings with existing literature
Previous findings surrounding the importance of soci-
otechnical dimensions of digitally- enabled change in 
the empirical literature have been confirmed in our 
work,20 28–44 but we have uncovered some important issues 
surrounding macro- environmental dimensions of change 

Table 2 Lessons for running digital transformation programmes

Reconciling national, regional and local 
priorities and functions

There is a need for strategic national goals while allowing local ownership and 
flexibility to tailor efforts to local needs. There is an ongoing discussion on 
which functions should be conducted regionally and which centrally and there 
are trade- offs with each approach that need to be considered. Some specialist 
functions may best be undertaken centrally (eg, oversight of markets), while 
some kinds of specialism may best be maintained by a system wide division 
of labour (eg, procurement) but could be done through a matrix of regionally 
located stakeholders. Other kinds of functions that require knowledge of local 
organisations and population demographics may best be done locally (eg, 
population health).

Digital transformation requires a long- term 
vision and support

In the GDE Programme, the long- term stable national vision was not clearly 
articulated from the start. It was unclear what defined a ‘successful’ GDE and 
what would happen when GDE status is achieved.

Digital transformation requires an 
understanding of the existing policy and 
organisational landscape (a birds eye 
perspective)

Clear understanding of the policy landscape and existing incentives and risks/
costs and how these impact on different stakeholder groups is important 
when implementing digital change initiatives. Digitally enabled transformation 
requires a clear understanding is needed so that the change initiatives/
programmes can make use of incentives and manage risks.

Digital transformation requires long- term 
funding and flexibility

Annualised budgets complicate long- term strategy. Additional funding for 
digital transformation is often only available for a year.
There is an urgent need to address the problems of revenue funding. All digital 
projects have revenue implications in terms of both depreciation of the system 
purchased and in maintaining it. Many provider organisations find capital 
funding, traditionally available for ‘equipment’, constraining with the increasing 
salience of licencing and per user charges (software as a service model) thus 
digitalisation is essentially a revenue commitment.
Changes in policy and priorities, and associated shifts in direction, were 
disruptive to those on the ground. A balance needs to be achieved between 
developing new initiatives and continuing earlier ones. National programme 
managers are acutely aware of this, but see these features as part of 
the political landscape that are unable to change, and therefore develop 
strategies/workarounds to manage and mitigate these instabilities.

Addressing the digital divide The GDE programme has created beacons of excellence, but there is now a 
policy focus on levelling up digital maturity across organisations.
There may be scope in twinning organisations (especially on the basis of 
co- location or common platforms) in a more structured way going forward 
building on the success of GDE/Fast Follower partnerships.

GDE, Global Digital Exemplar.
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and how these can impact on technological, social and 
organisational dimensions. These include the role of 
wider incentives, prestige and governance requirements 
to stimulate local digitalisation efforts.

We found that the GDE programme, as a large- scale 
digital transformation initiative, accelerated digital 
transformation in selected digitally advanced sites. Key 
to success was a combination of dedicated resources, 
governance frameworks, local ownership and vision. It 
began with a national review that took stock of previous 
national experiences and sought to learn from them, 
actively involving national and international experts, and 
laying out a vision and steps towards achieving digitally- 
enabled transformation.12 This stands in stark contrast to 
previous experiences in the NPfIT, which was, from the 
start, driven by an arguably unrealistic vision based on 
centralised procurement which created problems around 
technology choice and lack of organisational and clinical 
buy- in.46

The GDE programme allowed a new digital vision 
and we observed changes in staff attitudes towards digi-
talisation. This in turn facilitated staff engagement with 
digitally- enabled transformation activities. The impact 
of the programme was affected by the COVID- 19 crisis 
that impeded organisational progress towards achieving 
HIMSS targets but which, by demonstrating the value 
of digital capabilities (notably in remote consultations), 
also encouraged more rapid uptake and acceptance and 
helped to accelerate digital transformation locally.

The GDE programme has also helped to reconcile 
tensions surrounding local input in decision- making with 
national direction. Key here was setting national goals 
and monitoring progress, while allowing a degree of local 
freedom over how to achieve these goals.45 Experiences 
with other national initiatives reinforce the effectiveness 
of balancing goal- setting with local choice, a perspective 
that is supported by the notion of loose coupling where 
organisational subsystems function well if they can main-
tain their own identity and autonomy.47–49

The US HITECH initiative reinforces the important 
role of centrally allocated funding and goal setting in 
facilitating adoption.50 51 However, although resulting 
in dramatic increased computerisation of healthcare, 
HITECH has also illustrated that rapid adoption and 
mandating use without the cultural changes needed to 
support transformation can create unrealistic expec-
tations and disillusion frontline clinical staff, a conse-
quence that only became apparent after the programme 
had concluded.52 The emergence and strengthening of 
local clinical change leaders helping to promote clin-
ical engagement and leadership- buy- in might help to 
mitigate risk.53 Throughout this journey, HIMSS served 
as a roadmap, allowing implementing organisations 
to plan changes in small steps and allowing national 
programme managers to benchmark and monitor prog-
ress.54 However, requiring providers to rapidly achieve 
particular benchmarks may restrict markets (favouring 
existing vendors whose products are already aligned with 

HIMSS EMRAM) and limit innovation as it leaves little 
room for experimentation and innovation around local 
priorities.55

Although characterising digital maturity was not the 
focus of this paper, these results, building also on existing 
literature and our previous work surrounding the defini-
tion of technological characteristics of digital excellence 
in hospitals,56 serve as a starting point to identify organ-
isational characteristics of digital excellence in hospitals 
(box 4).

Implications for policy and practice
In contrast to recent heavily- funded technology procure-
ment programmes that failed to deliver,2 8 52 the GDE 
programme has succeeded in promoting digital trans-
formation across a significant tranche (20%) of provider 
organisations. The experience highlights how a coor-
dinated approach with relatively modest funding can 
catalyse rapid and significant improvements in digital 
maturity in healthcare. At the time of writing (August 
2021), four provider organisations had achieved HIMSS 
Level 6 and two had achieved HIMSS Level 7.57

Programme managers recognised that the most mature 
provider organisations (eg, those expected to meet targets 
in 2 years) had already begun their digital journey. Although 
a few organisations struggled to meet the ambitious 
programme goals, most achieved a substantial boost in terms 
of the pace and strategic direction of their digital transfor-
mation. In this sense the programme seems to have success-
fully targeted what welfare policymakers have described as 
the ‘Goldilocks zone’, minimising (wasteful) over servicing 
and (ineffective) underservicing.58

As this programme ends, there is a risk that the momentum 
created through the programme is lost. It is imperative to 
build on lessons learnt and exploit the valuable experience 
acquired in the programme through follow- on initiatives. Its 
immediate successor, the Digital Aspirant (DA) programme, 
currently underway in NHS England, addresses concerns that 
less mature providers might be left behind.59 Less digitally 
mature organisations are likely to require more support.60 
Questions arise as to whether the DA programme will deliver 
similar successes to those seen in the GDE programme. The 
key drivers identified in this paper are somewhat weakened 
under the DA programme: Organisations participating in 
DA programme start with lower levels of digital maturity and 
will receive less funding than those that participated in the 
GDE programme. Programme governance arrangements 
are more limited than in the GDE programme, and some 
of the successful mechanisms to facilitate learning have not 
been carried forward (notably GDE/FF partnerships). The 
prestige associated with being a Digital Aspirant may also 
be lower. The policy agenda is however evolving. Having 
demonstrated an ability to create islands of excellence, the 
2019 NHS Long Term Plan requires all providers to achieve 
a core level of digitalisation by 2024 to allow information 
exchange across regional ecosystems.61 Future efforts should 
focus on strengthening learning networks in order to ensure 
that lessons learnt are effectively and widely disseminated 
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across the wider NHS. We have summarised the lessons for 
running digital transformation programmes emerging from 
our work in table 2.

CONCLUSIONS
The GDE programme helped to accelerate digital transfor-
mation in participating provider organisations and to estab-
lish the foundations for a digital health learning ecosystem. 
It appears to have achieved this through protected funding, 
putting in place governance structures and through 
harnessing reputational benefits for participating provider 
organisations. The GDE programme provides a template 
for successful digital transformation that was lacking after 
the failure of recent high profile heavily funded technology 
procurement programmes. It is now important that learning 
from this initiative is maximised in efforts to bridge the 
digital divide across provider organisations.

Acknowledgements We gratefully acknowledge the input of the participants and 
the Steering Group of this evaluation.

Contributors KC and RW conceived this paper. KC, MK and RW led the drafting of 
the manuscript and all authors commented on drafts of the manuscript. KC acts as 
the guarantor.

Funding This article has drawn on a programme of independent research 
supported by NHS England. The views expressed are those of the author(s) and 
not necessarily those of the NHS, NHS England or NHS Digital. This work was also 
supported by the National Institute for Health Research (NIHR) Imperial Patient 
Safety Translational Research Centre.

Disclaimer The views expressed in this publication are those of the authors and 
not necessarily those of the NHS, the NIHR or the Department of Health and Care.

Competing interests None declared.

Patient consent for publication Not applicable.

Ethics approval The work received institutional ethical approval from the School 
of Social and Political Science at The University of Edinburgh, UK (no reference 
number provided). Participants gave informed consent to participate in the study 
before taking part.

Provenance and peer review Not commissioned; externally peer reviewed.

Data availability statement Data are available upon reasonable request. The raw 
data are available upon reasonable request from the corresponding author.

Supplemental material This content has been supplied by the author(s). It has 
not been vetted by BMJ Publishing Group Limited (BMJ) and may not have been 
peer- reviewed. Any opinions or recommendations discussed are solely those 
of the author(s) and are not endorsed by BMJ. BMJ disclaims all liability and 
responsibility arising from any reliance placed on the content. Where the content 
includes any translated material, BMJ does not warrant the accuracy and reliability 
of the translations (including but not limited to local regulations, clinical guidelines, 
terminology, drug names and drug dosages), and is not responsible for any error 
and/or omissions arising from translation and adaptation or otherwise.

Open access This is an open access article distributed in accordance with the 
Creative Commons Attribution Non Commercial (CC BY- NC 4.0) license, which 
permits others to distribute, remix, adapt, build upon this work non- commercially, 
and license their derivative works on different terms, provided the original work is 
properly cited, appropriate credit is given, any changes made indicated, and the use 
is non- commercial. See: http:// creativecommons. org/ licenses/ by- nc/ 4. 0/.

REFERENCES
 1 Sheikh A, Sood HS, Bates DW. Leveraging health information 

technology to achieve the "triple aim" of healthcare reform. J Am 
Med Inform Assoc 2015;22:849–56.

 2 Jha AK, Doolan D, Grandt D, et al. The use of health information 
technology in seven nations. Int J Med Inform 2008;77:848–54.

 3 Washington V, DeSalvo K, Mostashari F, et al. The HITECH era and 
the path forward. N Engl J Med 2017;377:904–6.

 4 Lovell T. German hospitals to get €3 billion funding boost for 
digitalisation: The Hospital Future Act aims to modernise the 
country’s hospital system. In: Healthcare IT News, 2020.

 5 Infoway CH. A new day in healhcare is coming: annual report 2018- 
2019, 2019.

 6 Burton- Jones A, Akhlaghpour S, Ayre S. Changing the conversation 
on evaluating digital transformation in healthcare: insights from an 
institutional analysis. Information and Organization 2019;100255.

 7 Bowden T, Coiera E. Comparing New Zealand's 'Middle Out' health 
information technology strategy with other OECD nations. Int J Med 
Inform 2013;82:e87–95.

 8 Review of the final benefits statement for programmes previously 
managed under the National programme for it in the NHS. Available: 
https://www. nao. org. uk/ wp- content/ uploads/ 2013/ 06/ 10171- 001_ 
NPfiT_ Review. pdf [Accessed 16 May 2021].

 9 The challenges in implementing digital change. Available: https://
www. nao. org. uk/ wp- content/ uploads/ 2021/ 07/ The- challenges- in- 
implementing- digital- change. pdf [Accessed 14 Aug 2021].

 10 Coiera EW. Lessons from the NHS National Programme for IT. Med J 
Aust 2007;186:3–4.

 11 Greenhalgh T, Russell J, Ashcroft RE, et al. Why national eHealth 
programs need dead philosophers: Wittgensteinian reflections 
on policymakers' reluctance to learn from history. Milbank Q 
2011;89:533–63.

 12 NHS England. Global digital exemplars. Available: https://www. 
england. nhs. uk/ digitaltechnology/ conn ecte ddig ital systems/ 
exemplars/ [Accessed 16 May 2021].

 13 Wachter RM. Making it work: harnessing the power of health 
information technology to improve care in England, report of the 
National Advisory group on health information technology in England, 
2016.

 14 HIMSS continuity of care maturity model (CcmM). Available: https://
www. himssanalytics. org/ ccmm [Accessed 16 May 2021].

 15 Williams R, Sheikh A, Franklin BD, et al. Using blueprints to promote 
interorganizational knowledge transfer in digital health initiatives- a 
qualitative exploration of a national change program in English 
hospitals. J Am Med Inform Assoc 2021;28:1431–9.

 16 Fereday J, Muir- Cochrane E. Demonstrating rigor using thematic 
analysis: a hybrid approach of inductive and deductive coding and 
theme development. Int J Qual Methods 2006;5:80–92.

 17 Cresswell K, Sheikh A, Dean Franklin B, et al. Formative independent 
evaluation of a digital change programme in the English National 
health service: study protocol for a longitudinal qualitative study. 
BMJ Open 2020;10:e041275.

 18 Tong A, Sainsbury P, Craig J. Consolidated criteria for reporting 
qualitative research (COREQ): a 32- item checklist for interviews and 
focus groups. Int J Qual Health Care 2007;19:349–57.

 19 Catwell L, Sheikh A. Evaluating eHealth interventions: the need for 
continuous systemic evaluation. PLoS Med 2009;6:e1000126.

 20 Cresswell K, Williams R, Sheikh A. Developing and applying a 
formative evaluation framework for health information technology 
implementations: qualitative investigation. J Med Internet Res 
2020;22:e15068.

 22 Sittig DF, Singh H. A new sociotechnical model for studying health 
information technology in complex adaptive healthcare systems. 
Qual Saf Health Care 2010;19 Suppl 3:i68–74.

 28 Greenhalgh T, Wherton J, Papoutsi C, et al. Beyond adoption: 
a new framework for theorizing and evaluating nonadoption, 
abandonment, and challenges to the scale- up, spread, and 
sustainability of health and care technologies. J Med Internet Res 
2017;19:e367.

 29 Shaw J, Shaw S, Wherton J, et al. Studying scale- up and spread as 
social practice: theoretical introduction and empirical case study. J 
Med Internet Res 2017;19:e244.

 30 Sittig DF, Ash JS, Singh H. The safer guides: empowering 
organizations to improve the safety and effectiveness of electronic 
health records. Am J Manag Care 2014;20:418–23.

 31 Greenhalgh T, Stramer K, Bratan T, et al. Introduction of shared 
electronic records: multi- site case study using diffusion of innovation 
theory. BMJ 2008;337:.

 32 Doebbeling BN, Chou AF, Tierney WM. Priorities and strategies for 
the implementation of integrated informatics and communications 
technology to improve evidence- based practice. J Gen Intern Med 
2006;21 Suppl 2:S50–7.

 33 Beuscart- Zéphir MC, Anceaux F, Crinquette V, et al. Integrating 
users’ activity modeling in the design and assessment of hospital 
electronic patient records: the example of anesthesia. Int J Med 
Inform 2001;64:157–71.

http://creativecommons.org/licenses/by-nc/4.0/
http://dx.doi.org/10.1093/jamia/ocv022
http://dx.doi.org/10.1093/jamia/ocv022
http://dx.doi.org/10.1016/j.ijmedinf.2008.06.007
http://dx.doi.org/10.1056/NEJMp1703370
http://dx.doi.org/10.1016/j.ijmedinf.2012.12.002
http://dx.doi.org/10.1016/j.ijmedinf.2012.12.002
https://www.nao.org.uk/wp-content/uploads/2013/06/10171-001_NPfiT_Review.pdf
https://www.nao.org.uk/wp-content/uploads/2013/06/10171-001_NPfiT_Review.pdf
https://www.nao.org.uk/wp-content/uploads/2021/07/The-challenges-in-implementing-digital-change.pdf
https://www.nao.org.uk/wp-content/uploads/2021/07/The-challenges-in-implementing-digital-change.pdf
https://www.nao.org.uk/wp-content/uploads/2021/07/The-challenges-in-implementing-digital-change.pdf
http://dx.doi.org/10.5694/j.1326-5377.2007.tb00774.x
http://dx.doi.org/10.5694/j.1326-5377.2007.tb00774.x
http://dx.doi.org/10.1111/j.1468-0009.2011.00642.x
https://www.england.nhs.uk/digitaltechnology/connecteddigitalsystems/exemplars/
https://www.england.nhs.uk/digitaltechnology/connecteddigitalsystems/exemplars/
https://www.england.nhs.uk/digitaltechnology/connecteddigitalsystems/exemplars/
https://www.himssanalytics.org/ccmm
https://www.himssanalytics.org/ccmm
http://dx.doi.org/10.1093/jamia/ocab020
http://dx.doi.org/10.1177/160940690600500107
http://dx.doi.org/10.1136/bmjopen-2020-041275
http://dx.doi.org/10.1093/intqhc/mzm042
http://dx.doi.org/10.1371/journal.pmed.1000126
http://dx.doi.org/10.2196/15068
http://dx.doi.org/10.1136/qshc.2010.042085
http://dx.doi.org/10.2196/jmir.8775
http://dx.doi.org/10.2196/jmir.7482
http://dx.doi.org/10.2196/jmir.7482
http://www.ncbi.nlm.nih.gov/pubmed/25181570
http://dx.doi.org/10.1136/bmj.a1786
http://dx.doi.org/10.1007/s11606-006-0275-9
http://dx.doi.org/10.1016/S1386-5056(01)00210-6
http://dx.doi.org/10.1016/S1386-5056(01)00210-6


10 Krasuska M, et al. BMJ Health Care Inform 2021;28:e100429. doi:10.1136/bmjhci-2021-100429

Open access 

 34 Keshavjee K, Bosomworth J, Copen J, et al. Best practices in 
EMR implementation: a systematic review. AMIA Annu Symp Proc 
2006:982.

 35 Rose AF, Schnipper JL, Park ER, et al. Using qualitative studies to 
improve the usability of an EMR. J Biomed Inform 2005;38:51–60.

 36 Granlien MF, Hertzum M, Gudmundsen J. The gap between actual 
and mandated use of an electronic medication record three years 
after deployment. Stud Health Technol Inform 2008;136:419–24.

 37 Bates DW, Ebell M, Gotlieb E, et al. A proposal for electronic medical 
records in U.S. primary care. J Am Med Inform Assoc 2003;10:1–10.

 38 Aarts J, Doorewaard H, Berg M. Understanding implementation: 
the case of a computerized physician order entry system in a 
large Dutch University medical center. J Am Med Inform Assoc 
2004;11:207–16.

 39 Jaspers MWM, Peute LWP, Lauteslager A, et al. Pre- Post evaluation 
of physicians' satisfaction with a redesigned electronic medical 
record system. Stud Health Technol Inform 2008;136:303–8.

 40 Singh H, Sittig DF. Measuring and improving patient safety through 
health information technology: the health it safety framework. BMJ 
Qual Saf 2016;25:226–32.

 41 Clemmer TP. Computers in the ICU: where we started and where 
we are now. J Critical Care 2004;(4):201- 207. Pendergast DK, 
Buchda VL. Charting the course. A quality journey. Nurs Admin Q 
2003;27:330–5.

 42 Hendy J, Reeves BC, Fulop N, et al. Challenges to implementing the 
National programme for information technology (NPfIT): a qualitative 
study. BMJ 2005;331:331–6.

 43 Morrison C, Jones M, Blackwell A, et al. Electronic patient record 
use during ward rounds: a qualitative study of interaction between 
medical staff. Crit Care 2008;12:R148.

 44 McGowan JJ, Cusack CM, Poon EG. Formative evaluation: a 
critical component in EHR implementation. J Am Med Inform Assoc 
2008;15:297–301.

 45 Cresswell K, Sheikh A, Franklin BD, et al. Theoretical and 
methodological considerations in evaluating large- scale health 
information technology change programmes. BMC Health Serv Res 
2020;20:477.

 46 Toynbee P. NHS: the Blair years. BMJ 2007;334:1030–1.

 47 Abraham C, Nishihara E, Akiyama M. Transforming healthcare with 
information technology in Japan: a review of policy, people, and 
progress. Int J Med Inform 2011;80:157–70.

 48 Weick KE. Educational organizations as loosely coupled systems. 
Adm Sci Q 1976;21:1–9.

 49 Estonia’s digital transformation. Available: https:// library. oapen. 
org/ bitstream/ handle/ 20. 500. 12657/ 23594/ 9780198843719. pdf? 
sequence= 1# page= 158 [Accessed 16 May 2021].

 50 Blumenthal D, Tavenner M. The "meaningful use" regulation for 
electronic health records. N Engl J Med 2010;363:501–4.

 51 Adler- Milstein J, Jha AK. HITECH act drove large gains in hospital 
electronic health record adoption. Health Aff 2017;36:1416–22.

 52 Halamka JD, Tripathi M. The HITECH era in retrospect. N Engl J Med 
2017;377:907–9.

 53 Ingebrigtsen T, Georgiou A, Clay- Williams R, et al. The impact 
of clinical leadership on health information technology adoption: 
systematic review. Int J Med Inform 2014;83:393–405.

 54 Cresswell K, Sheikh A, Krasuska M, et al. Reconceptualising the 
digital maturity of health systems. Lancet Digit Health 2019;1:e200–1.

 55 Achieving a digital NHS lessons for national policy from the acute 
sector. Available: https://www. nuffieldtrust. org. uk/ files/ 2019- 05/ 
digital- report- br1902- final. pdf [Accessed 16 May 2021].

 56 Krasuska M, Williams R, Sheikh A, et al. Technological capabilities 
to assess digital excellence in hospitals in high performing health 
care systems: international eDelphi exercise. J Med Internet Res 
2020;22:e17022.

 57 HIMSS. STAGE 6 & 7 Achievement. Available: https://www. 
himssanalytics. org/ europe/ stage- 6- 7- achievement [Accessed 16 Aug 
2021].

 58 Leon N, Schneider H, Daviaud E. Applying a framework for assessing 
the health system challenges to scaling up mHealth in South Africa. 
BMC Med Inform Decis Mak 2012;12:1–2.

 59 Digital Aspirants. Available: https://www. nhsx. nhs. uk/ key- tools- and- 
info/ digital- aspirants/ [Accessed 16 May 2021].

 60 Cresswell K, Williams R, Sheikh A. Bridging the growing 
digital divide between NHS England’s hospitals. J R Soc Med 
2020;1:141076820974998.

 61 Nhs long term plan. Available: https://www. longtermplan. nhs. uk/ 
[Accessed 16 Aug 2021].

http://www.ncbi.nlm.nih.gov/pubmed/17238601
http://dx.doi.org/10.1016/j.jbi.2004.11.006
http://www.ncbi.nlm.nih.gov/pubmed/18487767
http://dx.doi.org/10.1197/jamia.M1097
http://dx.doi.org/10.1197/jamia.M1372
http://www.ncbi.nlm.nih.gov/pubmed/18487748
http://dx.doi.org/10.1136/bmjqs-2015-004486
http://dx.doi.org/10.1136/bmjqs-2015-004486
http://dx.doi.org/10.1136/bmj.331.7512.331
http://dx.doi.org/10.1186/cc7134
http://dx.doi.org/10.1197/jamia.M2584
http://dx.doi.org/10.1186/s12913-020-05355-7
http://dx.doi.org/10.1136/bmj.39210.492188.AD
http://dx.doi.org/10.1016/j.ijmedinf.2011.01.002
http://dx.doi.org/10.2307/2391875
https://library.oapen.org/bitstream/handle/20.500.12657/23594/9780198843719.pdf?sequence=1#page=158
https://library.oapen.org/bitstream/handle/20.500.12657/23594/9780198843719.pdf?sequence=1#page=158
https://library.oapen.org/bitstream/handle/20.500.12657/23594/9780198843719.pdf?sequence=1#page=158
http://dx.doi.org/10.1056/NEJMp1006114
http://dx.doi.org/10.1377/hlthaff.2016.1651
http://dx.doi.org/10.1056/NEJMp1709851
http://dx.doi.org/10.1016/j.ijmedinf.2014.02.005
http://dx.doi.org/10.1016/S2589-7500(19)30083-4
https://www.nuffieldtrust.org.uk/files/2019-05/digital-report-br1902-final.pdf
https://www.nuffieldtrust.org.uk/files/2019-05/digital-report-br1902-final.pdf
http://dx.doi.org/10.2196/17022
https://www.himssanalytics.org/europe/stage-6-7-achievement
https://www.himssanalytics.org/europe/stage-6-7-achievement
http://dx.doi.org/10.1186/1472-6947-12-123
https://www.nhsx.nhs.uk/key-tools-and-info/digital-aspirants/
https://www.nhsx.nhs.uk/key-tools-and-info/digital-aspirants/
https://www.longtermplan.nhs.uk/


© 2021 Author(s) (or their employer(s)) 2021. Re-use permitted under CC
BY-NC. No commercial re-use. See rights and permissions. Published by

BMJ. This is an open access article distributed in accordance with the
Creative Commons Attribution Non Commercial (CC BY-NC 4.0) license,

which permits others to distribute, remix, adapt, build upon this work
non-commercially, and license their derivative works on different terms,

provided the original work is properly cited, appropriate credit is given, any
changes made indicated, and the use is non-commercial. See: 

http://creativecommons.org/licenses/by-nc/4.0/. Notwithstanding the
ProQuest Terms and Conditions, you may use this content in accordance

with the terms of the License.



 1Siontis GCM, et al. BMJ Health Care Inform 2021;28:e100466. doi:10.1136/bmjhci-2021-100466

Open access 

Development and validation pathways 
of artificial intelligence tools evaluated 
in randomised clinical trials

George C M Siontis    ,1 Romy Sweda,1 Peter A Noseworthy,2 Paul A Friedman,2 
Konstantinos C Siontis,2 Chirag J Patel3

To cite: Siontis GCM, 
Sweda R, Noseworthy PA, 
et al.  Development and 
validation pathways of artificial 
intelligence tools evaluated 
in randomised clinical trials. 
BMJ Health Care Inform 
2021;28:e100466. doi:10.1136/
bmjhci-2021-100466

 ► Additional supplemental 
material is published online only. 
To view, please visit the journal 
online (http:// dx. doi. org/ 10. 
1136/ bmjhci- 2021- 100466).

Received 04 August 2021
Accepted 04 December 2021

1Department of Cardiology, 
Inselspital, University Hospital of 
Bern, Bern, Switzerland
2Department of Cardiovascular 
Medicine, Mayo Clinic, 
Rochester, Minnesota, USA
3Department of Biomedical 
Informatics, Harvard Medical 
School, Boston, Massachusetts, 
USA

Correspondence to
Dr George C M Siontis;  
 Georgios. Siontis@ insel. ch

Original research

© Author(s) (or their 
employer(s)) 2021. Re- use 
permitted under CC BY- NC. No 
commercial re- use. See rights 
and permissions. Published by 
BMJ.

ABSTRACT
Objective Given the complexities of testing the translational 
capability of new artificial intelligence (AI) tools, we aimed 
to map the pathways of training/validation/testing in 
development process and external validation of AI tools 
evaluated in dedicated randomised controlled trials (AI- RCTs).
Methods We searched for peer- reviewed protocols and 
completed AI- RCTs evaluating the clinical effectiveness of 
AI tools and identified development and validation studies 
of AI tools. We collected detailed information, and evaluated 
patterns of development and external validation of AI tools.
Results We found 23 AI- RCTs evaluating the clinical 
impact of 18 unique AI tools (2009–2021). Standard- of- care 
interventions were used in the control arms in all but one AI- 
RCT. Investigators did not provide access to the software code 
of the AI tool in any of the studies. Considering the primary 
outcome, the results were in favour of the AI intervention in 
82% of the completed AI- RCTs (14 out of 17). We identified 
significant variation in the patterns of development, external 
validation and clinical evaluation approaches among different 
AI tools. A published development study was found only for 
10 of the 18 AI tools. Median time from the publication of a 
development study to the respective AI- RCT was 1.4 years 
(IQR 0.2–2.2).
Conclusions We found significant variation in the patterns 
of development and validation for AI tools before their 
evaluation in dedicated AI- RCTs. Published peer- reviewed 
protocols and completed AI- RCTs were also heterogeneous 
in design and reporting. Upcoming guidelines providing 
guidance for the development and clinical translation 
process aim to improve these aspects.

INTRODUCTION
Artificial intelligence (AI) methods are 
playing an increasingly important role 
in digital healthcare transformation and 
precision medicine, particularly because of 
breakthroughs in diagnostic and prognostic 
applications developed with deep learning 
and other complex machine learning 
approaches. Numerous AI tools have been 
developed for diverse conditions and settings, 
demonstrating favourable diagnostic and 
prognostic performance.1–3 However, simi-
larly to any other clinical intervention,4–6 
adoption of AI tools in patient care requires 

careful evaluation of their external validity 
and their impact on downstream interven-
tions and clinical outcomes, beyond perfor-
mance metrics during development and 
external validation. The most robust evalu-
ation of any diagnostic or therapeutic inter-
vention may be performed in the setting of 
randomised controlled trials (RCTs), which 
are now slowly emerging in the AI space.

Even though distinct steps of training, vali-
dation and testing for the development of 
AI tools have been described, there are no 
standardised recommendations for AI- based 
diagnostic and predictive modelling in 
biomedicine.7–10 In addition, overfitting, or 
the phenomenon of training an AI model 
that is too closely aligned with a limited 
training dataset such that it has no general-
isation ability, is often of concern in highly 
parameterised AI models. External validation 
of AI tools aiming to verify a hyperparameter-
ised model is therefore a critical step in the 

Summary box

What is already known?
 ► Randomised controlled trials generating the highest 
grade of evidence are starting to emerge for AI tools 
in medicine (AI- RCTs).

 ► Even though distinct steps for the development 
process of clinical diagnostic and prognostic tools 
are established, there is no specific guidance for AI- 
based tools and for the conduct of AI- RCTs.

What does this paper add?
 ► A limited number of AI- RCTs have been completed 
and reported.

 ► AI- RCTs are characterised by heterogenous design 
and reporting.

 ► There is significant variation in the patterns of de-
velopment and validation for AI tools before their 
evaluation in AI- RCTs.

 ► Data that would allow independent replication and 
implementation of the AI tools are usually not pro-
vided in the AI- RCTs.
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evaluation process. Furthermore, the extrapolation of 
model performance from one setting and patient popula-
tion to others is not guaranteed.11 12 Moreover, concerns 
have been raised about the transparency of reporting in 
the AI literature to facilitate independent replication of 
AI tools.13

Given the complexities of testing the translational capa-
bility of new AI tools and the lack of coherent recom-
mendations, we aimed to map the current pathways of 
training/validation/testing in development process of AI 
tools in any medical field and identify external validation 
patterns of AI tools considered for evaluation in dedi-
cated RCTs (here mentioned as AI- RCTs).

MATERIALS AND METHODS
Data source and study selection process
We identified protocols of ongoing AI- RCTs and reports 
of completed AI- RCTs that evaluated AI tools compared 
with control strategies in a randomised fashion for any 
clinical purpose and medical condition. We searched 
PubMed for publications in peer- review journals in the 
last 20 years (last search on 31 December 2020) using the 
following search terms: “artificial intelligence”, “machine 
learning”, “neural network”, “deep learning”, “cognitive 
computing”, “computer vision” and “natural language 
processing”. We did not search for protocols of AI- RCTs 
published only in protocol registries since the compliance 
with reporting and the provided information has been 
shown to be poor compared with peer- reviewed proto-
cols or published reports of clinical trials.14–18 We consid-
ered only peer- reviewed reports of protocols of AI- RCTs 
which provided detailed information on the trial design 
of our interest. We considered clinical trials in which the 
AI tool (algorithm) was either previously developed or 
was planned to be developed (trained) as part of the trial 
before being evaluated in the RCT. Clinical trial protocols 
were included irrespectively of their status (ongoing or 
completed). The listed references of eligible studies were 
also searched for additional potentially eligible studies. 
The detailed search algorithm is provided in online 
supplemental box.

Mapping of AI tool development: citation content analysis
For each eligible protocol and report of AI- RCT, we scru-
tinised the cited articles to identify any previous published 
study reporting on AI tool development (including 
training, validation or testing) or claiming external vali-
dation in an independent population than the one where 
the AI tool was initial developed. Each potentially eligible 
study identified above, was subsequently evaluated in full- 
text to determine whether it describes the development 
and/or independent evaluation (external validation) 
of the AI tool of interest. Finally, we searched Google 
Scholar for articles citing the index development study of 
the AI tool or its external validation (if any) in order to 
trace other studies of external validation (onnline supple-
mental box).

Data collection
A detailed list of information was gathered from each 
eligible protocol and report of completed AI- RCT using 
a standardised form which was built and modified, as 
required, in an iterative process. We extracted relevant 
information from the main manuscript and any online 
supplemental material. From each report, we extracted 
trial and population characteristics which include: single 
versus multicentre trial, geographical location of the 
contributing centres, number of arms of randomisa-
tion, level of randomisation (patient or clinicians), total 
sample size, power calculation approach, type of control 
intervention, underlying medical condition, period of 
recruitment, funding source (industry related, non- 
industry related, both, none, none reported), follow- up 
duration or duration of the intervention, patient- level 
data collection through dedicated study personnel or 
from electronic health records, strategies for dealing 
with missing data; details on the primary outcome(s) of 
interest which include: single or composite, continuous 
or binary, outcome adjudication method(s); considering 
the primary outcome. Among the unique AI tools, we 
classified the primary outcomes as therapeutic, diag-
nostic or feasibility outcomes. We documented whether 
the results of the completed AI- RCT are in favour to inter-
vention based on the AI tool. We extracted information 
on whether researchers provide access to the code based 
on which the AI tool was built. We finally assessed the risk 
of bias (RoB) in the results of completed AI- RCTs that 
compared the effect of the AI tool compared with other 
intervention(s) by using the revised Cochrane risk- of- bias 
tool for randomised trials RoB 2.19

For each study describing the development or external 
validation of an index AI tool, we extracted the following 
information: year of publication, recruitment period, 
geographic area of study population, sample size, clinical 
field, and whether the authors provided any information 
that would allow the replication of applied coding. We 
considered as external validation studies those which 
fulfilled at least one the following conditions compared 
with the corresponding development study: different 
study population, different geographic area, different 
recruitment period or different group of investigators 
validating the AI tool.

Statistical analysis
We descriptively analysed the protocols and reports of 
completed AI- RCTs as a whole and separately. We consid-
ered the protocols of already published AI- RCTs as a 
single report with the index trial. The extracted data were 
summarised into narrative synthesis and presented in 
summary tables in the level of AI tools and in the level 
of AI- RCTs. For illustration purposes, we graphically 
summarised interconnections of the available develop-
ment (training/validation/testing) studies, external 
validation studies and the respective AI- RCTs (either 
protocols of reports) for each AI tool of interest. We 
visually evaluated the diversity of the distributions of 
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peer- reviewed development, external validation studies 
and the ongoing/published reports of AI- RCTs among 
the unique AI tools. We also illustrated the time lags 
and differences in sample sizes between different steps 
of development (whenever applicable) of an AI tool to 
subsequent evaluation in dedicated AI- RCTs. Illustrations 
were conducted in R (V.3.4.1; R- Project for Statistical 
Computing).

RESULTS
Protocols and completed AI-RCTs
The selection process of eligible protocols and reports of 
AI- RCTs is summarised in online supplemental figure 1. 
Overall, we identified 23 unique AI- RCTs20–45 (6 protocols 
and 17 reports of completed AI- RCTs) evaluating the clin-
ical effectiveness of 18 unique AI tools for a variety of condi-
tions (tables 1 and 2, online supplemental file 1). Three 
of the completed AI- RCTs36 39 45 had previously published 
protocols.35 38 44 The identified reports were published 
over a 10- year period (2009–2020). Half of the AI- RCTs 
were multicentre (52%) and the majority compared the 
AI- based intervention to a single control intervention 
(87%). The median target sample size reported in the 
protocols of AI- RCTs was 298 (IQR 219–850), whereas for 
the published AI- RCTs was 214 (IQR 100–437) (table 2, 
online supplemental table 1). Power calculations were 
available in 18 out of 23 AI- RCTs. The control arms 
consisted of standard- of- care interventions in all but one 
study in which a sham intervention was used as control. 
In one trial, the investigators also considered a historical 
control group in addition to the two randomised groups 
in the trial.37 Ten AI- RCTs were funded by non- industry 
sponsors and seven trials did not specify the financial 
source. The investigators did not specify any strategies 
for handling missing data in most AI- RCTs (19 out of 23, 
83%). Outcome ascertainment was based on electronic 
health records in the minority of the AI- RCTs (4 out of 23, 
17%), while in the remaining studies either was unclear 
or conventional adjudication methods were applied. A 
binary or continuous primary outcome was considered in 
7 (30%) and 14 (61%) of the trials. Among the 18 unique 
AI tools (table 1), 10 tools were examined for therapeutic 
outcomes, 6 for diagnostic and 2 for feasibility. The 
results according to the primary outcome favoured the AI 
intervention in 82% of the completed AI- RCTs (14 out of 
17), with 1 trial claiming lower in- hospital mortality rates 
with the AI intervention25 (table 2, online supplemental 
table 2). None of the AI- RCTs reported their intention to 
provide access to the coding of the AI tool. Online supple-
mental table 3 summarises the detailed risk- of- bias judge-
ment for each domain and the overall judgement for 
each AI- RCT. Three trials were at low RoB, five trials were 
judged to raise ‘some concerns’ and nine to be at ‘high 
RoB’, mainly due to the lack of appropriate/complete 
reporting related to adherence of intended interventions 
and in measurement of the outcome of interest.

Development, external validation and clinical evaluation 
pathways of AI tools
We identified considerable dissimilarities in the patterns 
of development, external validation and clinical evalua-
tion steps among AI tools (figures 1 and 2, online supple-
mental table 4). A peer- reviewed publication describing 
the development process was not found for 8 out of the 18 
unique AI tools. In 12 AI- RCTs, the study population orig-
inated from the same geographic area and population as 
the one where the AI tool was developed in. We were able 
to identify at least one external validation study linked 
to a trial only in 11 out of the 23 ongoing/completed 
AI- RCTs. All of the external validation studies considered 
a different recruitment period compared with that in the 
development study, but from the same geographical area 
in all 11 cases. The number of external validation studies 
ranged from 1 to 4 per AI tool (figure 1). Three AI tools 
were evaluated in two different AI- RCTs, and one AI tool 
was evaluated in three different AI- RCTs with differences 
in patient populations and examined outcomes (table 1 
and figure 1). Among the AI tools with external valida-
tion studies, in 6 cases the external validation studies 
were published at the same time or clearly after the 
corresponding AI- RCT (figure 2). In those six cases, the 
external validation studies applied the AI tool in different 
populations and/or clinical settings, compared with those 
where it was developed and those studied in the AI- RCT.

Among the 17 completed AI- RCTs, the distribution of 
the sample sizes and timelines of publications for devel-
opment, external validation and AI- RCT reports is shown 
in figures 2 and 3. The sample sizes of the development 
studies were larger than the respective external validation 
studies and AI- RCTs, whereas external validation studies 
and AI- RCTs did not differ in sample sizes. Median time 
from publication of a development study to publication 
of the respective AI- RCT was 1.4 years (IQR 0.2–2.2). The 
time lag between publication of the development studies 
to the publication of AI- RCTs varied for different AI 
tools, but there was considerable overlap of the timelines 
of external validation and AI- RCT publications (table 1, 
figure 2, online supplemental tables 1 and 4).

DISCUSSION
Large scale real- world data collected from electronic- 
health records have allowed the development of diag-
nostic and prognostic tools based on machine learning 
approaches.46–52 Evaluations of the clinical impact of 
such tools in dedicated RCTs are now starting to emerge 
in the literature. Our empirical assessment of the liter-
ature identified significant variation in the patterns of 
AI tool development (training, validation, testing) and 
external (independent) validation leading up to their 
evaluation in dedicated AI- RCTs. In this early phase of 
novel AI- RCTs, trials are characterised by heterogeneous 
design and reporting. Data that would allow independent 
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Table 2 Characteristics of peer- reviewed protocols and completed RCTs evaluating artificial intelligence tools

Characteristics
AI- RCTs
(n=23)

Protocols of AI- RCTs
(n=6)

Completed AI- RCTs
(n=17)

No of centres, n (%)

  Single 11 (48) 1 (17) 10 (59)

  Multicentre 12 (52) 5 (83) 7 (41)

Geographic area, n (%)

  Asia 8 (35) 2 (33) 6 (35)

  Europe 5 (22) 1 (17) 4 (24)

  North America 9 (39) 3 (50) 6 (35)

  Other 1 (4) 0 (0) 1 (6)

Arms of randomisation, n (%)

  Two 20 (87) 5 (83) 15 (88)

  Three 3 (13) 1 (17) 2 (12)

Level of randomisation, n (%)

  Patients 22 (96) 6 (100) 16 (94)

  Clinicians 1 (4) 0 (0) 1 (6)

Sample size

  Median (IQR) 214 (108–571) 298 (219–830) 214 (100–437)

  Min 20 100 20

  Max 22 641 18 000 22 641

Power calculations, n (%)

  Yes 18 (78) 6 (100) 12 (71)

  No 5 (22) 0 (0) 5 (29)

Type of control intervention, n (%)

  Standard of care 22 (96) 6 (100) 16 (94)

  Sham procedure 1 (4) 0 (0) 1 (6)

Funding source, n (%)

  Industry related 4 (17) 1 (17) 3 (18)

  Non- industry related 10 (43) 4 (66) 6 (35)

  None reported 7 (30) 1 (17) 6 (35)

  None 2 (9) 0 (0) 2 (12)

Data sources, n (%)

  Dedicated personnel 5 (22) 2 (33) 3 (18)

  Dedicated personnel and EHR 4 (17) 2 (33) 2 (12)

  EHR 4 (17) 2 (33) 2 (12)

  Not applicable 4 (17) 0 (0) 4 (23)

  Not specified 6 (27) 0 (0) 6 (35)

Strategies for missing data, n (%)

  Specified 4 (17) 4 (67) 0 (0)

  Not specified 19 (83) 2 (33) 17 (100)

Primary outcome(s), n (%)

  Binary 7 (30) 0 (0) 7 (41)

  Binary and continuous 1 (4) 0 (0) 1 (6)

  Categorical 1 (4) 1 (17) 0 (0)

  Continuous 14 (61) 5 (83) 9 (53)

Primary outcome favours AI tool, n (%)

Continued
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replication and implementation of AI tools were not avail-
able in any of the AI- RCTs.

There is growing recognition that AI tools need to be 
held to the same rigorous standard of evidence as other 
diagnostic and therapeutic tools in medicine with stan-
dardised reporting.53–55 The recently published extensions 
of the COSNORT and Standard Protocol Items: Recom-
mendations for Interventional Trials (SPIRIT) statements 
for RCTs of AI- based interventions (namely Consolidated 
Standards of Reporting Trials (CONSORT)- AI56 and 
SPIRIT- AI)57 are beginning to provide such a framework. 

Among the items mandated by these documents, investi-
gators in AI- RCT have to provide better clarity around the 
intended use of the AI intervention, descriptions how the 
AI intervention can be integrated into the trial setting, 
and the setting expectations that investigators make the 
AI intervention and/or its code assessable. Although 
most of the studies included in the current review were 
published before these guidelines, the marked heteroge-
neity in current reporting underscore the urgency of this 
call and provide a standard for the ongoing evaluation of 
these kinds of studies.

RCTs remain the cornerstone of evaluation of diag-
nostic or therapeutic interventions proposed for clinical 
use, and this should be no less true for AI interventions. 
While the experience with the clinical application of AI 
tools is still early, the evaluation standards of these tools 
should follow well established norms. AI has demon-
strated great promise in transforming many aspects of 
patient care and healthcare delivery, but the rigorous 
evaluation standards has lagged for AI tools. Despite 
numerous published AI applications in medicine,1–3 in 
this empirical assessment we have found that a very small 
fraction has so far undergone evaluation in dedicated 
clinical trials. We identified significant variation of model 
development processes leading up to the AI- RCTs. After 
initial development of an AI tool, at least one external 
validation study for that particular tool was found for only 
11 out of the 23 AI- RCTs. Furthermore, the AI- RCTs were 
almost always conducted in the same geographic areas as 
their respective development studies. Thus, the AI- RCTs 
in this empirical assessment often failed to provide 
sufficient information regarding the generalisability 
and external validity of the AI tools. When considering 
the application of AI tools in the real world, a ‘table of 

Characteristics
AI- RCTs
(n=23)

Protocols of AI- RCTs
(n=6)

Completed AI- RCTs
(n=17)

  Yes 13 (57) 0 (0) 13 (76)

  No 2 (9) 0 (0) 2 (12)

  Not applicable 8 (34) 6 (100) 2 (12)

Different geographic area of study population in development study and AI- RCT, n (%)

  Yes 3 (14) 1 (17) 2 (12)

  No 12 (52) 1 (17) 11 (65)

  Not applicable* 8 (34) 4 (66) 4 (23)

External validation of AI tool, n (%)

  Yes 11 (48) 2 (33) 9 (53)

  No 12 (52) 4 (67) 8 (47)

  Different geographic area† 0 (0) 0 (0) 0 (0)

  Different time period† 11 (48) 2 (33) 9 (53)

*The respective development study was not identified.
†Compared with the development study.
AI- RCTs, artificial intelligence randomised controlled trials; EHR, electronic health records. 

Table 2 Continued

Figure 1 Patterns of pathways of development (training, 
validation and/or testing), external validation and clinical 
evaluation of artificial intelligence tools in ongoing and 
completed clinical trials (n=23). In network level, each circle 
corresponds to an individual study (green, blue, and red for 
development, external validation and AI- RCTs, respectively). 
The number below each network represents the number of 
unique AI tools having identified with the respective pattern 
(network) of studies. For example, the first network of the top 
row corresponds to a unique AI tool for which a development 
study (green circle), four external validation studies (blue 
circles), and two AI- RCTs (red circles) were found. AI- RCTs, 
artificial intelligence randomised controlled trials.
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ingredients’ accompanying the AI tool could be of value. 
Such a label would include information on how the tool 
was developed and whether it has been externally vali-
dated, including the specific populations, demographic 
profiles, racial mix, inpatient versus outpatient settings, 
and other key details. This would allow a potential user 
to determine whether the AI tool is applicable to their 
patient or population of interest and whether any devia-
tions in diagnostic or prognostic performance are to be 
expected.

Along these lines, as with any type of RCT, the choice 
of primary outcomes in AI- RCTs is also important to 
consider. Improvement in therapeutic efficacy outcomes 
with direct patient relevance may be the ultimate crite-
rion of value of an AI tool, but these may also be the most 
difficult to demonstrate improvements for. The number 
of studies in each of the three outcome classes in our 
study (therapeutic, diagnostic, feasibility) was too small 
to reach conclusions about differences in the probability 
of statistically significant results between classes. It should 
also be noted that for diagnostic AI tools, diagnostic 
performance outcomes that align with the scope of the 
intervention would be appropriate. However, interpreta-
tion of such findings should account for likely dilution 
of any effect when translating differences in diagnostic 
outcomes to downstream clinical outcomes.58 Ultimately, 
investigation of patient- centric outcomes, should remain 
a priority whenever possible.

The optimal process for the clinical evaluation of AI 
tools, ranging from model development to AI- RCTs to real- 
world implementation, is not yet well defined. Dedicated 
guidelines on the development, reporting and bridging 
the development- to- implementation gap of AI tools for 
prognosis or diagnosis, namely Transparent Reporting of 

Figure 2 Timelines of publications and sample sizes of development (training, validation and/or testing), external validation 
studies and completed AI- RCTs (n=17). Each circle corresponds to a unique study (development (training, validation, testing) 
studies in green, external validation studies in blue, and AI- RCTs in red). Due to the wide range of studies’ sample sizes, the 
values are displaying in logarithmic (log10) scale. AI- RCTs, artificial intelligence randomised controlled trials.

Figure 3 Violin plots showing in comparison the 
distributions of sample sizes (A) and years of publication (B) 
of development (training, validation and/or testing), external 
validation studies and completed AI- RCTs (n=17). AI- RCT, 
artificial intelligence randomised controlled trials.



11Siontis GCM, et al. BMJ Health Care Inform 2021;28:e100466. doi:10.1136/bmjhci-2021-100466

Open access

a multivariable prediction model for Individual Prognosis 
or Diagnosis- AI (TRIPOD- AI),59 Prediction model Risk Of 
Bias ASsessment Tool- AI (PROBAST- AI),59 Developmental 
and Exploratory Clinical Investigation of Decision- AI 
(DECIDE- AI),60 Standards for Reporting of Diagnostic 
Accuracy Studies- AI (STARD- AI),61 Quality Assessment of 
Diagnostic Accuracy Studies- AI (QUADAS- AI),62 will be 
available soon. The heterogeneity in development, vali-
dation and reporting in the existing AI literature that we 
found in this study might be largely attributable to the 
lack of consensus on research practices and reporting 
standards in this space. The translational process from 
development to clinical evaluation of AI tools is in the 
early phase of a broader scrutiny of AI in various medical 
disciplines. The upcoming guideline documents are 
likely to enhance the reliability, replicability, validity and 
generalisability of this literature.

Furthermore, it is unknown whether all AI tools neces-
sitate testing in traditional, large- scale AI- RCTs.63 Well- 
powered, large RCTs that are likely to provide conclusive 
results are costly, resource intensive and take a long time 
to complete. Therefore, a clinical evaluation model 
that routinely requires RCTs may not represent a real-
istic expectation for the majority of AI tools. However, 
the ongoing digital transformation in healthcare allows 
researchers to simplify time- consuming and costly steps of 
traditional RCTs and to improve efficiency. For example, 
patient recruitment, follow- up and outcome ascer-
tainment may be performed via nationwide linkage to 
centralised electronic health records. Natural language 
processing tools may allow automated screening for 
patient eligibility and collection of information of 
patient characteristics and outcomes. Existing web- based, 
patient- facing portals that are the norm for most health-
care institutions may allow a fully virtual consent process 
for recruitment. for outcomes’ ascertainment. The exten-
sions of the COSNORT and SPIRIT statements for RCTs 
of AI- based interventions (namely CONSORT- AI56 and 
SPIRIT- AI)57 underscore these concepts for facilitating a 
novel model of AI- RCT.

Limitations
Our empirical evaluation has limitations. First, a number 
of potentially eligible ongoing trials have not been 
included, since we summarised peer- reviewed protocols 
and final reports of AI- RCTs published in PubMed, whereas 
trials registered in online registries were not considered. 
However, as has been previously shown,14–18 64 registered 
protocols often suffer from incomplete reporting, lack of 
compliance with the conditions for registration and out- 
of- date information, which would not have allowed us to 
appropriately characterise the AI tools and their respec-
tive development pathways. Second, as part of this evalua-
tion we did not consider a control group of trials (ie, trials 
evaluating the clinical impact of traditional diagnostic 
or prognostic tools). However, such trials could not be 
directly comparable to the AI- RCTs due to fundamental 
differences in studied interventions and populations. 

Third, we were not able to comparatively assess the 
discriminatory performance of the AI tools across the 
distinct steps of training/validation/testing and external 
validation, since such performance metrics were neither 
systematically nor uniformly reported.

Conclusion
In conclusion, we have found that evaluation of AI tools 
in dedicated RCTs is still infrequent. There is significant 
variation in patterns of development and validation for 
AI tools before their evaluation in RCTs. Published peer- 
reviewed protocols and completed AI- RCTs also varied in 
design and reporting. Most AI- RCTs do not test the AI 
tools in geographical areas outside of those where the 
tools were developed, therefore generalisability remains 
largely unaddressed. As AI applications are increasingly 
reported throughout medicine, there is a clear need for 
structured evaluation of their impact on patients with 
a focus on effectiveness and safety outcomes, but also 
costs and patient- centred care, before their large- scale 
deployment.65 The upcoming guidelines for AI tools 
aim to guide researchers and fill the translational gaps 
in the conduct and reporting of development and trans-
lation steps. All steps in the translation pathway of these 
tools should serve the development of meaningful and 
impactful AI tools without compromise under the pres-
sure of innovation.
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ABSTRACT
Objectives Acute kidney injury (AKI) affects up to one- 
quarter of hospitalised patients and 60% of patients in 
the intensive care unit (ICU). We aim to understand the 
baseline characteristics of patients who will develop 
distinct AKI trajectories, determine the impact of persistent 
AKI and renal non- recovery on clinical outcomes, resource 
use, and assess the relative importance of AKI severity, 
duration and recovery on survival.
Methods In this retrospective, longitudinal cohort study, 
156 699 patients admitted to a quaternary care hospital 
between January 2012 and August 2019 were staged and 
classified (no AKI, rapidly reversed AKI, persistent AKI with 
and without renal recovery). Clinical outcomes, resource 
use and short- term and long- term survival adjusting for 
AKI severity were compared among AKI trajectories in all 
cohort and subcohorts with and without ICU admission.
Results Fifty- eight per cent (31 500/54 212) had AKI 
that rapidly reversed within 48 hours; among patients 
with persistent AKI, two- thirds (14 122/22 712) did not 
have renal recovery by discharge. One- year mortality was 
significantly higher among patients with persistent AKI 
(35%, 7856/22 712) than patients with rapidly reversed 
AKI (15%, 4714/31 500) and no AKI (7%, 22 117/301 466). 
Persistent AKI without renal recovery was associated with 
approximately fivefold increased hazard rates compared 
with no AKI in all cohort and ICU and non- ICU subcohorts, 
independent of AKI severity.
Discussion Among hospitalised, ICU and non- ICU 
patients, persistent AKI and the absence of renal 
recovery are associated with reduced long- term survival, 
independent of AKI severity.
Conclusions It is essential to identify patients at risk of 
developing persistent AKI and no renal recovery to guide 
treatment- related decisions.

INTRODUCTION
Acute kidney injury (AKI) affects nearly one- 
quarter of hospitalised patients worldwide 
and up to 60% of patients in the intensive 
care unit (ICU).1–3 The delayed or incom-
plete recovery of renal function confers 
increased risk for chronic critical illness 
with poor long- term survival and quality of 

life.4 Prevention, early diagnosis, and appro-
priate treatment with euvolaemia, avoidance 
of nephrotoxic substances, and relief of 
obstructive uropathy have variable efficacy 
in improving patient outcomes. To optimise 
these management strategies and their early 

Summary

What is already known?
 ► In surgical sepsis, acute kidney injury (AKI) trajec-
tory subgroups have unique physiologic signatures, 
suggesting utility for targeted, therapeutic interven-
tions; it is unknown whether similar subgroups exist 
among all hospitalised patients.

 ► Early recovery after AKI is associated with favour-
able long- term outcomes; it is unclear whether this 
association is affected by critical illness and AKI 
severity.

What does this paper add?
 ► To our knowledge, this study is the first large scale, 
granular description of associations among patient 
baseline characteristics, illness severity, AKI trajec-
tory and severity and other clinical outcomes.

 ► Among large and diverse cohort of hospitalised 
patients and in subset of critically ill patients, per-
sistent AKI and the absence of renal recovery were 
associated with fourfold to fivefold increased risk to 
die within a period of 3 years compared with patients 
who did not develop AKI, independent of AKI severity.

 ► Our study is strengthened by the use of validated 
computable phenotype for kidney health encom-
passing both chronic kidney disease and AKI while 
maintaining consistency with Kidney Disease: 
Improving Global Outcomes and Acute Disease 
Quality Initiative guidelines and addressing the po-
tential racial biases introduced by race adjustments 
in glomerular filtration rate and creatinine using 
comprehensive reference creatinine calculations.

 ► The identification of AKI trajectory subgroups facil-
itates prognostication and identifies patients who 
may benefit from nephrology consultation and pre-
ventive measures.

http://bmjopen.bmj.com/
http://orcid.org/0000-0002-5745-2863
http://dx.doi.org/10.1136/bmjhci-2021-100458
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delivery, it is necessary to understand the trajectories of 
AKI and recovery among hospitalised patients.

AKI trajectories can be classified as rapidly reversed, 
persistent with renal recovery or persistent without renal 
recovery. These trajectory subgroups are important for 
risk- stratification in surgical sepsis patients, for whom 
AKI trajectory subgroups have unique physiological 
signatures of immunological and endothelial dysfunc-
tion, suggesting potential utility for targeted, therapeutic 
interventions.5–7 Yet, it remains unknown whether these 
clinical trajectories apply to broader, heterogeneous 
cohorts of hospitalised patients and associated long- term 
outcomes remain unclear.8–11

We performed a retrospective, longitudinal study of 
355 678 adult hospitalisations, 78 769 of which included 
ICU admission. Our objectives were to understand the 
baseline characteristics of patients who will develop distinct 
AKI trajectories, determine the impact of persistent AKI 
and renal non- recovery on clinical outcomes, resource 
use and assess the relative importance of AKI severity, 
duration and recovery on survival.

METHODS
Study design
Using the University of Florida Health (UFH) Integrated 
Data Repository as Honest Broker, we created a single- 
centre, longitudinal dataset extracted directly from the 
electronic health records of 156 699 patients ≥18 years 
admitted to UFH between 1 January 2012 and 22 August 
2019. After exclusion of encounters with no serum creati-
nine measurement to determine AKI status during hospi-
talisation and within 48 hours of hospital admission, our 
final cohort included 355 678 hospital encounters from 
138 140 patients (online supplemental figure 1, supple-
mental methods).

Assessment of kidney function
We developed and validated computable phenotype 
algorithms for comprehensive kidney health assess-
ments during hospital admission to determine AKI status 
and classification.12 Kidney Disease: Improving Global 
Outcomes (KDIGO) serum creatinine criteria13 and 
consensus report of the Acute Disease Quality Initiative 
(ADQI) 16 Workgroup on renal recovery were used as 
conceptual frameworks for our computable phenotype 
algorithms.5 7 14 15 Stage 1 AKI was termed ‘mild AKI’; 
stages 2 and 3 were termed ‘severe AKI’. Duration and 
evidence of renal recovery5 were used to define rapidly 
reversed and persistent AKI with and without renal 
recovery at discharge. We defined an episode of AKI as 
beginning with AKI onset and ending if there are two 
consecutive days without AKI identified, thus allowing 
us to identify a new episode of AKI in a patient who has 
recovered from a previous episode of AKI. Persistent AKI 
was defined as an AKI episode lasting beyond 48 hours. 
Rapid reversal of AKI was defined as complete reversal of 

AKI by KDIGO criteria within 48 hours of AKI onset, and 
remaining as such. Frequency of creatinine testing within 
the first 2 days of AKI onset is reported in online supple-
mental table 1. Renal recovery was adjudicated for each 
episode of AKI based on normalisation criteria at the time 
of hospital discharge. We grouped each encounter based 
on the worst trajectory group during hospitalisation as 
persistent AKI without renal recovery, persistent AKI with 
renal recovery, rapidly reversed AKI or no AKI. Reference 
creatinine was determined using preadmission measure-
ments (n=302 349, 85%)7 16 or the estimated creatinine 
using the Modification of Diet in Renal Disease (MDRD) 
Study equation assuming that baseline estimated glomer-
ular filtration rate (eGFR) is 75 mL/min/per 1.73 m2 
(n=52 544, 15%) (online supplemental methods).13 17 18 
Reference creatinine was used to estimate preadmission 
reference GFR using the Chronic Kidney Disease Epide-
miology Collaboration (CKD- EPI) equation.19 The race 
multiplier was removed to avoid the undesirable effects of 
racial corrections in MDRD and CKD- EPI formulae.20–22 
Online supplemental table 2 shows results of sensitivity 
analyses that shows reclassification in AKI trajectory group 
when race correction was included. For each patient, we 
calculated daily kinetic GFR using the estimate of creati-
nine production rate and per cent change in creatinine.23

Outcomes
Primary clinical outcomes were hospital, 1- year and 
3- year mortality. Primary renal outcomes were new renal 
replacement therapy (RRT) and new CKD within 90 days 
or 1 year of hospital discharge as well as CKD progression 
within 1 year of hospital discharge. Other exploratory 
outcomes included hospital and 30- day outcomes (online 
supplemental methods).

Statistical analysis
Overall survival of each trajectory group was evaluated 
in 138 140 patients using log- rank and Kaplan- Meier 
methods. Propensity score- based inverse weighting was 
used to plot adjusted Kaplan- Meier curves in which the 
probability of being in a trajectory group was calculated 
using multinomial logistic model that included patient 
demographics (age, gender, African- American race) and 
Charlson Comorbidity Index score. Cox proportional- 
hazards regression used to assess associations between 
groups of interest (AKI, AKI severity, AKI trajectories 
and combination of AKI trajectory and severity) and time 
to death while controlling for demographics, Charlson 
Comorbidity Index score and provision of mechan-
ical ventilation and ICU admission for ≥2 days, with the 
exception of exclusion of variable for prolonged ICU 
admission and mechanical ventilation for subgroup anal-
ysis of non- ICU cohort. Multivariate logistic regression 
was used to model hospital mortality with similar base-
line characteristics variables. Models were also run with 
and without AKI severity to examine change in associa-
tion after further adjustment of AKI severity included as 
indicators of severe AKI or stage 3 AKI. Survival models 
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were started at hospital discharge and followed up to 
3 years. Model discrimination was assessed using Harrell’s 
concordance index. Kinetic GFR values were visualised 
using line plots illustrating average values with 95% CIs 
over time. All p values were adjusted for multiple compar-
isons using Bonferroni methods.24 Statistical analyses 
were performed with R V.3.5.3 and Python V.3.8 software 
(online supplemental methods).

RESULTS
Clinical characteristics of patients
Average age was 54 years with female and male sex 
approximately equally distributed (table 1, online 
supplemental table 3). The most common comor-
bidity was hypertension (63%) and the most common 
admission diagnosis was disease of the circulatory 
system (18%). Eighty- three per cent of all patients 
had urgent admission and 15% were transferred 
from another hospital. While 20% of all admissions 
included inpatient surgery, about 22% (78 769/355 
678) of hospitalisations required ICU admission. 
Average age was higher for the ICU cohort (59 vs 54 
years) with a higher proportion of male sex (54% vs 
42%) and lower proportion of African- American race 
(18% vs 26%) (online supplemental tables 4 and 5).

Clinical trajectories of patients with AKI during hospitalisation
Overall, 54 212 patients (15%) developed AKI; 37 973 
(11%) had AKI within 48 hours of admission (table 1, 
figure 1A). While 58% (31 500/54 212) had AKI that 
rapidly reversed within 48 hours, the remaining 42% 
(22 712/54 212) had persistent AKI. By the time of 
discharge or death, 62% (14 122/22 712) of all subjects 
with persistent AKI did not recover renal function.

We examined clinical trajectories of AKI in encoun-
ters stratified by requirement of ICU admission. 
Prevalence of AKI was higher in ICU cohort (35%, 
27 711/78 769) than the non- ICU cohort (10%, 26 
501/276 909) (figure 2A,D). In the non- ICU cohort, 
69% (18 222/26 501) had rapidly reversed AKI; the 
remaining 31% (8279/26 501) had persistent AKI 
with 67% (5549/8279) of them not recovering renal 
function at discharge or death. Meanwhile, among 
ICU cohort, 48% (13 278/27 711) had rapidly 
reversed AKI; the remaining 52% (14 433/27 711) 
had persistent AKI with 59% (8573/14 433) of them 
not recovering renal function at discharge or death.

Regardless of trajectory and ICU admission, AKI 
patients had a greater burden of comorbid disease 
and had lower reference eGFR, especially for patients 
with persistent AKI (table 1, online supplemental 
tables 3–5). Forty per cent of all AKI patients had CKD 
with moderate/severe stage (55%). A greater propor-
tion of AKI patients were transferred from another 
hospital (25% vs 13%). Sepsis, acute renal failure, 
congestive heart failure and respiratory disease were 
the most common admission diagnosis for persistent 

AKI patients (online supplemental figure 2). Patients 
without AKI had greater incidence of abdominal 
and chest pain as the admission diagnosis. Within 
48 hours of admission, patients with persistent AKI 
had significantly higher blood urea nitrogen (mean 
range 35–36 mg/dL, SD range 25–26 mg/dL), serum 
creatinine (median range 1.5–1.6 mg/dL, IQR range 
0.9–2.4 mg/dL), serum creatinine- reference creat-
inine ratio (mean range 1.9–2.1, SD range 1.4–1.8) 
and cystatin C (median 1.4 mg/L, IQR range 
0.9–2.1 mg/L) compared with others (table 1, online 
supplemental table 6). Similar trends have been 
observed in ICU and non- ICU cohorts (online supple-
mental tables 7 and 8). We have observed that neph-
rotoxic exposure within first 2 and 3 days of hospital 
admission and between hospital admission and first 
AKI onset was significantly higher in persistent AKI 
patients compared with patients rapidly reversed AKI 
(table 1, online supplemental tables 6–8).

Compared with patients with rapidly reversed 
AKI, patients with persistent AKI were more likely 
to present with more severe stage (stage 3) (18%, 
4143/22 712 vs 4%, 1221/31 500) and had greater 
incidence of RRT within 48 hours of admission (3%, 
731/22 712 vs 0.03%, 10/31 500), with similar trends 
for the entire hospitalisation (table 2). Persistent AKI 
patients received significantly more blood products 
than others (14%, n=3259) and exhibited significantly 
greater fluid retention with an average fluid overload 
of approximately 1.2% of admission volume within 
48 hours of admission. Volumes of intravenous saline 
infusions were higher in patients that developed AKI.

Early and sustained decline in kinetic GFR below 
60 mL/min/1.73 m2 was demonstrated among 
persistent AKI patients (online supplemental figure 
3). Among patients with persistent AKI, those who 
failed to recover renal function at discharge had 
sustained kinetic GFR approximately 60 mL/min/1.73 
m2; those with renal recovery exhibited gradually 
increasing kinetic GFR.

Correlation of trajectories with biomarker profile
There were significant differences in biomarker distri-
butions across trajectory groups within 24 hours of 
admission (online supplemental tables 6–8). Regard-
less of AKI trajectories and ICU admission require-
ment, AKI patients had lower systolic, diastolic 
and mean blood pressure, higher average glucose, 
lower average platelet counts and average albumin 
compared with patients without AKI. These differ-
ences were greatest within the ICU cohort.

Persistent AKI patients sustained longer duration of 
mean arterial blood pressure below 60 mm Hg (median 
range 111–120 min, IQR range 40–300 min) and 
received more vasopressors compared with patients 
without persistent AKI. Almost half of all patients 
with persistent AKI were admitted to the ICU and had 
greater incidence of mechanical ventilation (19%, 
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4363/22 712) within 24 hours of hospital admission. 
Other biomarkers that were significantly different in 
patients with persistent AKI included lower average 

arterial oxygen tension/fractional inspired oxygen 
ratio (mean range 295–314, SD range 199–205), 
higher average lactate (mean range 2.9–3.6 mmol/L, 

Figure 1 Hospital and long- term outcomes by trajectories of acute kidney injury (AKI) in hospitalised adult patients. (A) 
Trajectories of AKI in hospitalised adult patients. 1- year follow- up outcome was reported among hospital survivors. (B) Adjusted 
Kaplan- Meier survival curves and number at risk by AKI trajectories. Propensity score based inverse weighting was used to 
plot adjusted Kaplan- Meier curves where propensity of being in a trajectory group was calculated using multinomial logistic 
model that included patient demographics (age, gender, ethnicity), and Charlson Comorbidity Index score. (C) Hazard ratios 
for all- cause mortality by AKI trajectories. aSignificantly different from no AKI group (Bonferroni- adjusted p<0.05). bSignificantly 
different from rapidly reversed AKI group (Bonferroni- adjusted p<0.05). cSignificantly different from persistent AKI with renal 
recovery (Bonferroni- adjusted p<0.05). dAdjusted for age, gender, ethnicity, Charlson Comorbidity Index score, and need 
for mechanical ventilation for more than 2 days and need for intensive care unit admission for more than 2 days. RRT, renal 
replacement therapy.
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SD range 2.7–4.0 mmol/L) and lower average haema-
tocrit (31%, SD 7%).

Persistence of kidney dysfunction and absence of recovery 
affect short-term and long-term outcomes
Median duration of AKI was 5 (IQR 3–8) days among 
patients with persistent AKI (table 2, online supple-
mental table 9). Persistent AKI patients required 
significantly more hospital resources, with longer 
mechanical ventilation (5 days), ICU admission 
(7 days) and hospital admission (10 days) compared 

with patients without AKI. Patients who required 
ICU admission had worse AKI stage, more AKI days 
and higher percentage of recurrent AKI (online 
supplemental tables 9–11), especially in the subset of 
persistent AKI patients.

Patients with persistent AKI without recovery of renal 
function had significantly higher in- hospital mortality 
(28%), followed by the next highest mortality rate in 
patients with persistent AKI with renal recovery (4%). 
Even after for adjustment for AKI severity and baseline 

Figure 2 Hospital and long- term outcomes by trajectories of acute kidney injury (AKI) in hospitalised adult patients stratified 
by ICU admission. (A) Trajectories of AKI in hospitalised adult patients who have been admitted to ICU during hospitalisation. 
1- year follow- up outcome was reported among hospital survivors. (B) Adjusted Kaplan- Meier survival curves and number at 
risk by AKI trajectories injury in hospitalised adult patients who have been admitted to ICU during hospitalisation. Propensity 
score based inverse weighting was used to plot adjusted Kaplan- Meier curves where propensity of being in a trajectory group 
was calculated using multinomial logistic model that included patient demographics (age, gender, ethnicity) and Charlson 
Comorbidity Index score. (C) HRs for all- cause mortality by AKI trajectories in hospitalised adult patients who have been 
admitted to ICU during hospitalisation. (D) Trajectories of AKI in hospitalised adult patients who have not been admitted to 
ICU during hospitalisation. 1- year follow- up outcome was reported among hospital survivors. (E) Adjusted Kaplan- Meier 
survival curves and number at risk by AKI trajectories in hospitalised adult patients who have not been admitted to ICU at any 
time during hospitalisation. Propensity score based inverse weighting was used to plot adjusted Kaplan- Meier curves where 
propensity of being in a trajectory group was calculated using multinomial logistic model that included patient demographics 
(age, gender, ethnicity) and Charlson Comorbidity Index score. (F) Hazard ratios for all- cause mortality by AKI trajectories in 
hospitalised adult patients who have not been admitted to ICU at any time during hospitalisation. aSignificantly different from no 
AKI group (Bonferroni- adjusted p<0.05). bSignificantly different from rapidly reversed AKI group (Bonferroni- adjusted p<0.05). 
cSignificantly different from persistent AKI with renal recovery (Bonferroni- adjusted p<0.05). dAdjusted for age, gender, ethnicity, 
Charlson Comorbidity Index score, and need for mechanical ventilation for more than 2 days and need for ICU admission for 
more than 2 days. eAdjusted for age, gender, ethnicity, and Charlson Comorbidity Index score. ICU, intensive care unit; RRT, 
renal replacement therapy.

https://dx.doi.org/10.1136/bmjhci-2021-100458
https://dx.doi.org/10.1136/bmjhci-2021-100458
https://dx.doi.org/10.1136/bmjhci-2021-100458
https://dx.doi.org/10.1136/bmjhci-2021-100458
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Table 2 Renal characteristics, resource utilisation and hospital outcomes during entire hospitalisation by trajectories of AKI in 
all cohort

Variables
All subjects
(N=355 678)

AKI
(N=54 212, 
15%)

Persistent AKI 
without renal 
recovery (N=14 122, 
4%)

Persistent 
AKI with renal 
recovery 
(N=8590, 2%)

Rapidly 
reversed AKI 
(N=31 500, 
9%)

No AKI
(N=301 466, 
85%)

Renal characteristics during entire hospitalisation

Worst AKI staging, n (%)

  Stage 1 36 258 (10) 36 258 (67)* 5210 (37)*†‡ 4176 (49)*† 26 872 (85)* 0 (0)

  Stage 2 9551 (3) 9551 (18)* 3762 (27)*†‡ 2492 (29)*† 3297 (10)* 0 (0)

  Stage 3 8403 (2) 8403 (16)* 5150 (36)*†‡ 1922 (22)*† 1331 (4)* 0 (0)

   Stage three 
without RRT

6351 (2) 6351 (12)* 3384 (24)*†‡ 1646 (19)*† 1321 (4)* 0 (0)

   Stage three with 
RRT

2052 (1) 2052 (4)* 1766 (13)*†‡ 276 (3)† 10 (0)* 0 (0)

  AKI duration, days, 
median (IQR)

2 (1–4) 2 (1–4) 5 (3–9) b‡ 4 (3–7) 1 (1–2) NA

  Recurrent AKI, n (%) 6466 (2) 6466 (12)* 2173 (15)*†‡ 1957 (23)*† 2336 (7)* 0 (0)

  No renal recovery 
at discharge/death, 
n (%)

22 240 (6) 22 240 (41)* 14 122 (100)*†‡ 0 (0)† 8118 (26)* 0 (0)

Resource utilisation during entire hospitalisation

  Hospital days, 
median (IQR)

3 (1–6) 7 (4–14)* 8 (4–15)*†‡ 14 (8–24)*† 6 (3–10)* 2 (1–5)

  Admission to ICU, 
n (%)

78 769 (22) 27 711 (51)* 8573 (61)*†‡ 5860 (68)*† 13 278 (42)* 51 058 (17)

   Days in ICU, 
median (IQR)

4 (2–7) 6 (3–12)* 6 (3–13)*†‡ 9 (5–18)*† 5 (3–9)* 3 (–5)

  Mechanical 
ventilation, n (%)

23 286 (7) 11 876 (22)* 4779 (34)*† 2876 (33)*† 4221 (13)* 11 410 (4)

   Mechanical 
ventilation 
calendar days, 
median (IQR)

3 (2–6) 4 (2–9)* 4 (2–9)*†‡ 5 (2–12)*† 3 (2–7)* 2 (1–4)

  Vasopressor or 
inotropes used, n (%)

55 415 (16) 17 261 (32)* 6016 (43)*† 3781 (44)*† 7464 (24)* 38 154 (13)

Hospital disposition, n (%)

  Hospital mortality 7799 (2) 4974 (9)* 3918 (28)*†‡ 376 (4)*† 680 (2)* 2825 (1)

  Another hospital, 
LTAC, SNF, Hospice

34 092 (10) 10 028 (18)* 3011 (21)*†‡ 2494 (29)*† 4523 (14)* 24 064 (8)

  Home/rehab 313 787 (88) 39 210 (72)* 7193 (51)*†‡ 5720 (67)*† 26 297 (83)* 274 577 (91)

  30- day outcomes 
(among survivors), 
n (%)

347 879 49 238 (14) 10 204 (3) 8214 (2) 30 820 (9) 298 641 (86)

  Death in 30 days of 
discharge

4934 (1) 1776 (4)* 570 (6)*† 418 (5)*† 788 (3)* 3158 (1)

  Trajectory group 
for encounter with 
readmission within 
30 days of discharge

83 592 (24) 12 748 (26)* 2528 (25)‡ 2381 (29)*† 7839 (25)* 70 844 (24)

   Persistent AKI with 
no renal recovery

2764 (3) 1297 (10)* 536 (21)*†‡ 223 (9)*† 538 (7)* 1467 (2)

Continued
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characteristics (age, gender, Charlson Comorbidity Index 
score), odds of hospital mortality was significantly 
higher in all, ICU and non- ICU cohorts with OR range 
of 1.1–4.8 for persistent AKI without renal recovery and 
range of 12.0–40.6 for persistent AKI with renal recovery 
compared with no AKI group (online supplemental table 
12). One- year mortality for patients with persistent AKI 
(35%, n=7856) was significantly higher compared with 
patients with rapidly reversed AKI (15%, n=4714) and 
those without AKI (7%, n=22 117).

One- year survival following persistent AKI without 
renal recovery was 46%, significantly lower than patients 
with persistent AKI with renal recovery (73%), rapidly 
reversed AKI (85%) and no AKI (92%) (figure 1B). 
Persistent AKI without renal recovery was associated 
with increased all- cause mortality with unadjusted and 
adjusted hazard ratios (HR) of 9.7 (95% CI 9.4 to 10.0) 
and 5.63 (95% CI 5.40 to 5.86), compared with no AKI 
group (figure 1C). One- year survival was substantially 
lower for persistent AKI without renal recovery group 
who required ICU admission. Adjusted hazard rate of 
all- cause mortality was approximately five times greater 
for persistent AKI without renal recovery group both in 
non- ICU and ICU cohorts (figure 2B, E, C and F). When 
further adjusted for AKI severity, HRs remained similar 
(online supplemental table 13).

A combination of AKI stage, duration and renal 
recovery at discharge classifications were used to 
perform analysis for seven subphenotypes. One- year 
survival after AKI was significantly lower relative 
to no AKI (figure 3A) while severe AKI was associ-
ated with lower survival compared with no AKI and 
mild AKI (figure 3B). One- year survival following 
severe- persistent AKI without renal recovery was 
39%, significantly lower than for mild- persistent 
AKI without renal recovery (60%), severe- persistent 
AKI with renal recovery (73%), mild- persistent AKI 
with renal recovery (73%), severe- rapidly reversed 
AKI (84%), mild- rapidly reversed AKI (85%) and no 
AKI (92%) (figure 3D). While survival rates did not 
differ significantly between mild and severe AKI for 
rapidly reversed AKI and persistent AKI with renal 
recovery trajectories, they were significantly lower for 
the persistent AKI without renal recovery trajectory 
and mild- persistent AKI was associated with mark-
edly worse outcomes than severe- rapidly reversed AKI 
(figure 3C,D). Similar trends were observed for ICU 
and non- ICU cohort (online supplemental figures 
4 and 5). Sensitivity analysis excluding encounters 
whose reference creatinine was calculated using 
MDRD creatinine yielded similar HRs (online supple-
mental figure 6).

Variables
All subjects
(N=355 678)

AKI
(N=54 212, 
15%)

Persistent AKI 
without renal 
recovery (N=14 122, 
4%)

Persistent 
AKI with renal 
recovery 
(N=8590, 2%)

Rapidly 
reversed AKI 
(N=31 500, 
9%)

No AKI
(N=301 466, 
85%)

   Persistent AKI with 
renal recovery

2118 (3) 933 (7)* 231 (9)*† 239 (10)*† 463 (6)* 1185 (2)

   Rapidly reversed 
AKI

7505 (9) 2504 (20)* 502 (20)* 448 (19)* 1554 (20)* 5001 (7)

   No AKI 59 164 (71) 7096 (56)* 1100 (44)*†‡ 1337 (56)*† 4659 (59)* 52 068 (73)

   Unknown 12 041 (14) 918 (7) 159 (6)*† 134 (6)*† 625 (8)* 11 123 (16)

Other complications during entire hospitalisation

  Venous 
thromboembolism, 
n (%)

15 755 (4) 5180 (10)* 1589 (11)*†‡ 1290 (15)*† 2301 (7)* 10 575 (4)

  Sepsis, n (%) 29 836 (8) 13 995 (26)* 5102 (36)*†‡ 3275 (38)*† 5618 (18)* 15 841 (5)

  Cardiovascular 
complication, n (%)

31 780 (9) 15 229 (28)* 5553 (39)*† 3469 (40)*† 6207 (20)* 16 551 (5)

  Thirty- day mortality, 
n (%)

11 082 (3) 5655 (10)* 3962 (28)*†‡ 506 (6)*† 1187 (4)* 5427 (2)

  One- year mortality, 
n (%)

34 687 (10) 12 570 (23)* 5802 (41)*†‡ 2054 (24)*† 4714 (15)* 22 117 (7)

  Three- year mortality, 
n (%)

49 144 (14) 15 703 (29)* 6414 (45)*†‡ 2669 (31)*† 6620 (21)* 33 441 (11)

*P<0.05 compared with rapidly no AKI.
†P<0.05 compared with rapidly reversed AKI.
‡P<0.05 compared with persistent AKI with renal recovery.
AKI, acute kidney injury; ICU, intensive care unit; LTAC, long- term acute care hospital; NA, not applicable; RRT, renal replacement therapy; 
SNF, skilled nursing facility.

Table 2 Continued

https://dx.doi.org/10.1136/bmjhci-2021-100458
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Regardless trajectories, among 347 811 patients who 
survived 1 year after hospital discharge, AKI patients 
with CKD on admission had greater incidence of 
CKD progression (18%) within 1 year of admission 
compared with those without AKI (11%) (online 
supplemental tables 14–16). Incidence of new CKD 
and new RRT within 1- year follow- up were signifi-
cantly higher among patients with AKI (16% and 3%, 

respectively) compared with patients without AKI (4% 
and 0.5%, respectively).

DISCUSSION
In a retrospective, longitudinal large cohort of hospital-
ised patients and in subset of patients who required and 
did not require ICU admission, we characterised distinct 

Figure 3 Adjusted Kaplan- Meier survival curves and number at risk by AKI subphenotypes obtained stratifying by (A) no AKI 
vs any AKI (B) AKI stratified by severity (C) AKI stratified by severity and duration (D) AKI stratified by severity and trajectories 
of AKI using duration and recovery of AKI. Propensity score based inverse weighting was used to plot adjusted Kaplan- Meier 
curves where propensity of being in a trajectory group was calculated using multinomial logistic model that included age, 
gender, ethnicity and Charlson Comorbidity Index score. Adjusted hazard ratios were obtained adjusting for the same variables 
as well as need for mechanical ventilation for more than 2 days and need for intensive care unit admission for more than 2 days. 
AKI, acute kidney injury.
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AKI clinical trajectories and associated survival and 
resource use. A high proportion (15%) of all hospitalised 
patients developed AKI, and almost half (42%) devel-
oped persistent AKI. Compared with patients who did not 
develop critical illness during hospitalisation, the ICU 
cohort had higher proportions of AKI (35% vs 10%) and 
persistent AKI (52% vs 31%), consistent with evidence 
of burden of sepsis and organ dysfunction among ICU 
patients. Among patients with persistent AKI, most (62%) 
did not recover renal function prior to hospital discharge.

Hypotension, hyperglycaemic, thrombocytopaenia and 
hypoalbuminaemia were more frequent among patients 
with AKI; greater severity of these conditions was associ-
ated with worse AKI trajectory. There were significant, 
stepwise increases in 1- year mortality for patients with no 
AKI (7%), rapidly reversed AKI (15%), persistent AKI 
with renal recovery (24%) and persistent AKI without 
renal recovery (41%). Worse AKI trajectory was also 
associated with greater resource use, manifest as greater 
incidence of ICU admission, mechanical ventilation and 
vasopressor administration. Finally, the severity of AKI 
was combined with recovery trajectory to generate a 
more granular subphenotyping scheme that augmented 
discrimination for outcomes after persistent AKI with vs 
without renal recovery.

Our rationale for performing this work was that clin-
ical trajectories of hospitalised patients with AKI had not 
been sufficiently described, although similar work has 
been performed using different patient populations. In 
a similar prospective, observational study performed at 
our centre, critically ill patients with surgical sepsis and 
AKI had a greater overall incidence of AKI compared 
with this study of hospitalised adults. Yet, associations 
between AKI trajectories and outcomes were similar 
between that study and this study, for which only 22% of 
all admissions involved surgery.7 A previous retrospective 
analysis of critically ill patients classified AKI recovery 
phenotypes by AKI reversal within 7 days of onset and 
renal recovery at discharge, reporting that sepsis patients 
had greater incidence of AKI relapse without recovery 
and increased 1- year mortality, consistent with this 
study.25 Similarly, a retrospective study of 5443 patients 
with septic shock found that subjects with rapid reversal 
of AKI within 24 hours of onset had lower in- hospital 
mortality.26 A recent retrospective study of 350 patients 
admitted in ICU presented the value of accounting for 
time- dependent competing risk of discharge or death 
when assessing recovery pattern in determining AKI 
recovery trajectories.27 28 A prospective study of ICU 
patients from two ICU populations (n=1914; 1867) iden-
tified higher mortality rates among non- resolving AKI.6 
Another prospective cohort study of 1538 hospitalised 
patients demonstrated graded associations among inci-
dent or progressive CKD, long- term dialysis, and all- cause 
death with worse outcomes after non- resolving AKI, inter-
mediate outcomes after resolving AKI, and best outcomes 
among participants without AKI.27 Collectively, previous 
studies have used similar methods to evaluate different 

patient populations, producing results that are consistent 
with ours. To our knowledge, this study is the first large- 
scale, granular description of associations among patient 
baseline characteristics, illness severity, AKI trajectory 
and severity, and other clinical outcomes. Using a large, 
diverse cohort of hospitalised patients as well as in ICU 
and non- ICU subcohorts, we have shown that signifi-
cant decreases in long- term survival with persistent AKI 
and the absence of renal recovery, independent of AKI 
severity, suggesting importance of identification of AKI 
trajectories.

The clinical trajectories of AKI and recovery among 
hospitalised patients described herein could be applied 
to optimise prevention, early diagnosis and appropriate 
treatment of AKI. One strength of our study is the use 
of validated computable phenotype for kidney health 
encompassing both CKD and AKI while maintaining 
consistency with KDIGO and ADQI guidelines and 
addressing the potential racial biases introduced by race 
adjustments in GFR and creatinine using comprehensive 
reference creatinine calculations.12 By defining a rele-
vant classification system with strong associations among 
clinical trajectories, outcomes and resource use, we can 
develop standardised methods for predictive modelling 
and clinical decision support. Our findings suggest that 
patients from different AKI subgroups have distinct patho-
physiological mechanisms related to hypotension, hyper-
glycaemic, thrombocytopaenia and hypoalbuminaemia. 
It remains plausible that these elements represent thera-
peutic targets for specific AKI subtypes. Systematic investi-
gation of preventative and therapeutic strategies tailored 
to AKI trajectories may yield more consistent and gener-
alisable results than diffuse, non- standardised investiga-
tions using variable classification systems.

Our single- institution design limits generalisability to 
other practice settings. As a retrospective study, our results 
may be influenced by selection bias. We sought to mini-
mise selection bias by including all consecutive hospital 
admissions meeting relatively broad inclusion criteria. 
Due to lack of data on contrast agents and home medica-
tions, these were not reported and due to limitations on 
accurate data on urine output, only serum creatinine defi-
nition was used for defining AKI. Finally, biomarkers eval-
uated herein were limited to those collected for routine 
clinical use. Future investigations should seek develop-
ment and validation of models that predict AKI trajec-
tories at the time of hospital admission with subsequent 
dynamic predictions, and assess the efficacy of targeted 
preventative and therapeutic measures for patients at 
high risk for persistent AKI.

CONCLUSIONS
Among hospitalised patients and ICU cohorts, persistent 
AKI and the absence of renal recovery were associated with 
poor short- term and long- term survival, independent of 
AKI severity. Accurate and early identification of patients 
at increased risk for persistent AKI may facilitate the 
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provision of targeted treatments that prevent persistent 
AKI or promote renal recovery to improve survival and 
optimise resource use.
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ABSTRACT
Objective The structural maturation of the skin is 
considered a potential marker of pregnancy dating. 
This study investigated the correlation between the 
morphometrical skin characteristics with the pregnancy 
chronology to propose models for predicting gestational 
age.
Methods A cross- sectional analysis selected 35 corpses 
of newborns. The biopsy was performed up to 48 hours 
after death in the periumbilical abdomen, palm and sole 
regions. Pregnancy chronology was based on the obstetric 
ultrasound before 14 weeks. The dimensions of the skin 
layers, area of glands and connective fibrous tissue were 
measured with imaging software support. Univariate and 
multivariate regression models on morphometric values 
were used to predict gestational age.
Results Gestational age at birth ranged from 20.3 to 
41.2 weeks. Seventy- one skin specimens resulted in the 
analysis of 1183 digital histological images. The correlation 
between skin thickness and gestational age was positive 
and strong in both regions of the body. The highest 
univariate correlation between gestational age and skin 
thickness was using the epidermal layer dimensions, in 
palm (r=0.867, p<0.001). The multivariate modelling with 
the thickness of the abdominal epidermis, the dermis and 
the area of the sebaceous glands adjusted had the highest 
correlation with gestational age (r=0.99, p<0.001).
Conclusion The thickness of the protective epidermal 
barrier is, in itself, a potential marker of pregnancy dating. 
However, sets of values obtained from skin morphometry 
enhanced the estimation of the gestational age. Such 
findings may support non- invasive image approaches 
to estimate pregnancy dating with various clinical 
applications.

INTRODUCTION
The anatomy of the human skin shows a 
clear relationship between its structure and 
function.1 When well- differentiated, the skin 
provides a physical and immune barrier essen-
tial to newborn survival.2 Skin’s barrier func-
tion is mainly due to the stratum corneum 
which is a layer composed of flattened 
and differentiated corneocytes terminally 

separated by layers of densely compacted 
lipides.1 3 Studies using skin biopsy are rele-
vant to improve knowledge about the protec-
tive barrier during the perinatal period.4 5 
However, the specimen is difficult to obtain,6 
and the preparation of slides can result in arte-
facts and require multiple tissue samples.6 7 
Even so, microscopic methods with staining 
procedures allow to outline specific compo-
nents and measure them in order to portray 
tissue modifications over time.8 9

It is not surprising that the chronology of 
pregnancy is considered the main indicator 
of newborn survival.10 There are critical clin-
ical relationships between epidermal barrier 
competence and neonatal survival, faced 
with the risk of hypothermia and infections.4 
Histological analysis suggests that epidermal 
development becomes complete in utero at 
approximately 34 gestational weeks but will 
only become functional in the first week of 

Summary

What is already known?
 ► Morphometric invasive analysis of fetal skin pro-
vides a visual examination of architectural patterns 
according to gestational age.

 ► Non- invasive ultrasound imaging indicates the epi-
dermal thickness of the newborn’s skin as one evo-
lutionary indicator of the gestational chronology.

What does this paper add?
 ► Non- invasive analysis of newborn skin imaging can 
estimate the dating of pregnancy with various clini-
cal applications.

 ► The protective epidermal barrier was, in itself, a 
potential marker of pregnancy dating through skin 
thickness imaging analysis.

 ► The multivariate model, including the thickness of 
the abdominal epidermis, the dermis, and the area 
of the sebaceous glands, had the highest correlation 
with gestational age.
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life.11 Preterm newborns with gestational age <37 weeks 
have the thinnest epidermis and a less developed func-
tional barrier than full- term newborns,12 being thus 
poorly prepared to face the extra- utero environment.11 
These have high rates of water loss and transcutaneous 
heat loss, in addition to the difficulty in maintaining 
homeostasis and having a deficient impermeable 
barrier.13

Visible changes in the clinical examination of the 
newborn’s skin and also in a histological study of this tissue 
demonstrate that the functional and structural matura-
tion of the skin is a potential marker of the chronology 
of pregnancy.14 15 A non- invasive ultrasound imaging 
study indicates the thickness of the newborn’s skin as 
one of the evolutionary indicators that can be objectively 
measured to estimate the gestational chronology.7 In fact, 
the determining of gestational age with greater accuracy 
can positively affect perinatal results,10 16 as it will direct 
the most appropriate interventions in neonatal care.17 
Furthermore, the chronology of gestation is the basis 
for the statistics of prematurity and nutritional status of 
the newborn, guiding public policies, which includes the 
analysis of perinatal mortality.18 Nonetheless, the determi-
nation of gestational age at birth is not a trivial task since 
it is directly affected by access to high- cost technology, 
such as obstetric ultrasound, and by the imprecision of 
postnatal maturity clinical scores.19 New approaches have 
been proposed, among them the analysis of skin maturity 
through its optical properties.20

This study investigated the correlation between the 
thickness of the skin layers, area of glands and fibrous 
connective tissue of the skin in corpses of newborns 
with the chronology of pregnancy to propose models for 
predicting gestational age based on morphometry values.

METHODS AND MATERIALS
Environment and subjects
Feasibility study evaluated 35 corpses of newborns, still-
births or dead after birth, prospectively selected in accor-
dance with the eligibility criteria, from January 2016 to 
September 2019. Based on the expectation of a linear 
correlation between epidermal thickening and gesta-
tional age,7 a minimum sample of 17 bodies was calcu-
lated to detect a positive and moderate correlation, 
assuming an alpha error of 5% and one 20% beta error 
in a two- tailed hypothesis test. They met inclusion criteria 
as follows: childbirth with gestational age between 20 
and 42 weeks of gestation, calculated using the crown- 
rump length measure ultrasonography- based reference, 
performed before 14 weeks of gestation.10 In the case of 
stillbirths, the estimated interval between fetal death and 
childbirth was up to 3 days. For alive newborns selected 
after decease, the extra uterine life after birth did not 
exceed 48 hours of age, and biopsy was possible within 24 
hours after neonatal death. Exclusion criteria were struc-
tural skin alterations or conditions that modify the skin, 
such as anhydramnios, hydrops, congenital skin diseases 
and clinical evidence of chorioamnionitis as maternal 
fever or foul- smelling amniotic fluid; tissue maceration 
assessed at the visual inspection of the corpses; oedema 
or autolysis verified during histological analysis.

The skin biopsy and tissue processing
Human skin specimens were withdrawn from three body 
regions: over the thenar eminence of palm (palm), over 
the periumbilical abdominal area and over the calcaneus 
area (sole of the foot). Punch biopsies cut a circle of 1 
cm2 of diameter with sufficient depth to reach the full 
skin thickness and partial hypodermis. The conventional 

Figure 1 Photomicrograph of the skin on the bottom of the foot of stillbirth at 40 gestational weeks. A represents the 
measurement of the stratum corneum with a lower limit corresponding to the apex of the epidermal crest. B represents the 
measurement of the stratum corneum with a lower limit corresponding to the valley of the epidermal papillae. C represents 
the measurement of the cellular epidermis with a lower limit corresponding to the apex of the dermis. D represents the 
measurement of the epidermis with a lower limit corresponding to the valley of the epidermal papillae. E represents the 
measurement of the hypodermis with an upper limit corresponding to the valley of the epidermal papillae. F represents the 
measure of the upper limit dermis corresponding to the crest of the dermal papilla. Gomori trichrome. Bar=200 mm.
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histological preparation included a 10% neutral formalin 
fixation and 5 µm tissue sections of blocks embedded in 
paraffin. In addition, the histological slides were stained 
by Gomori’s trichrome.

Morphometric analysis of the skin
The thickness of the epidermis, dermis, area of the 
sebaceous and sweat glands were measured, as well as 
the area of fibrous tissue. A3DHISTECH Pannoramic 
MIDI (Budapest, Hungary) scanner and Pannoramic 
Viewer software captured images of the slides. From each 
slide, 2–5 frames with an objective magnification of ×10 
were selected according to image quality criteria, tissue 
integrity and presence of all skin layers and part of the 
hypodermis. We set algorithms in the KS300 software 
of analysis contained in the Carl Zeiss image analyzer 
(Oberkochen, Germany) to semi- automatically explore 
the image, based on Caliari procedures.21 Epidermal 
measurements included the thickness of the epidermal 
layer and the corneum stratum, with the boundary in 
the image delineated by the observer. The epidermis was 
identified by its darker colour and stratified keratinocytes, 
figure 1. Dermal layer thickness corresponded to the 
measurement from the epidermal–dermal junction to the 
dermal–hypodermal limits. The average of five smaller 

and five larger measures were obtained interactively to 
average represents the thickness and within variance.

A dermal sector with 7.7×105 µm2 was obtained by 
selecting pixels with shades of green, creating a binary 
image and using digital processing to calculate the 
dermal fibrous connective tissue area. We set algorithms 
in the KS300 software of analysis, based on Prata et al.22 
Interactive measurements of each sweat or sebaceous 
glands were obtained separately, within a dermal and 
hypodermal sector with 7.27×105 µm2, based on proce-
dures described by Costa et al.23

Statistical analyses
Descriptive statistics assessed the clinical characteris-
tics of the newborns and skin morphometry variables. 
Depending on the data distribution, quantitative variables 
were presented as averages, SDs, medians (minimum 
and maximum) or IQRs. The coefficient of variation 
and the 95% CI were calculated by bootstrap to allow 
inference based on the skin morphometry sample data. 
Qualitative variables were presented as absolute values 
and percentages. Univariate and multivariate regression 
analyses assessed the correlation between gestational age 
and skin morphometry for each area on the body where 
skin biopsy was performed. Using the stepwise approach, 
multiple regression analysis included significant (p<0.05) 
predictor variables from the univariate models. Durbin- 
Watson test of residuals evaluated the fit of the models. 
Coefficient of determination (adjusted R2) was carried 
based on the hypothesis that it was zero. The SPSS V.22.0 
was used for the analysis. P values of less than 0.05 were 
considered to be significant.

RESULTS
From 35 enlisted corpses, seven did not meet the quality 
criteria of the skin tissues during histological analysis. 
Twenty- eight selected newborns gathered 12 (57.14%) 
after birth and 16 (42.86%) stillbirths. Figure 2 pres-
ents details from the enrollment of the newborns to the 
imagery, according to the assessed segment of the body.

Gestational age ranged from 20.3 to 41.2 weeks of gesta-
tion. Clinical characteristics of newborns are described in 
table 1. The main cause of death was major malforma-
tion, accounting for 16 (57.1%—line 3) newborns. There 
was no difference between stillborn and deaths after 
childbirth newborns, in relation to the cause of death 
(p=0.313, line 2), gestational age (p=0.252, line 7), birth 
weight (p=0.252, line 8), birth weight centile (p=0.840, 
line 9) and sex (p=0.215, line 10). Among 21 fetuses 
with gender determination and gestational age at birth 
equal or above 24 weeks, seven had birth weight below 
the 10th percentile for gestational age, according to the 
Intergrowth 21st standard,24 three of them stillbirths and 
four dead after delivery. Two stillbirths had birth weights 
below the third percentile for gestational age.

The thickness of the newborn’s skin layers
One thousand hundred and eighty- three skin images 
were analysed from 71 slides. The dimensions of the 

Figure 2 Flowchart diagram detailing the number of 
analysed images, according to the skin over body areas.
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skin layers, their intrinsic variations and comparisons 
between areas of the body are presented in table 2. 
The median epidermal thickness on the skin over the 
palm was similar to that of the sole: 152.1 (43.9–251.9) 
µm and 146.2 (56.2–276.4) µm (p=0.618), respec-
tively, lines 11 and 12. However, the median thickness 
of the dermal layer was higher over the periumbilical 
abdominal area 724.0 (287.0–1107.0) µm, line 16, than 

sole 396.3 (174.0–493.2) µm, line 15 and palm 384.1 
(166.0–751.0) µm, line 14, p<0.001. The standardised 
variability of measurements for layers of the skin had 
high value in skin layers over the periumbilical abdom-
inal area, lines 11, 12 and 13.

The area of fibrous connective tissue of the skin over 
periumbilical area 0.259×106 µm2 (0.093–0.526) had a 
median value similar to that of the sole 0.235×106 µm2 

Table 1 Clinical characteristics of newborns

Characteristics Stillbirths (n=12) Dead after delivery (n=16) P value

Causes of death 0.313*

  Major malformation, n (%) 5 (17.86) 11 (39.28)

  Fetal distress, n (%) 2 (7.14) 1 (3.57)

  Diabetes, n (%) 0 (0) 1 (3.57)

  Unknown or others, n (%) 7 (58.3) 3 (18.75)

  Gestational age (weeks), average (SD) 33.1 (17.53) 35.2 (19.8) 0.252†

  Birth weight (g), average (SD) 1237.5 (2770) 1935 (3175) 0.252†

  Birth weight centile, average (SD)‡ 36.1 (39.2) 32.9 (32.6) 0.840†

Sex 0.215*

  Male, n (%) 6 (21.43) 3 (10.71)

  Female, n (%) 5 (17.86) 11 (39.28)

  Undetermined, n (%) 1 (3.57) 2 (7.14)

*χ2 test.
†Mann- Whitney test.
‡According to the Intergrowth 21st standard for gestational age ≥24 weeks.24

Table 2 Dimensions of the skin layers at birth, with comparisons between the assessed areas of the body

Median
(95% CI) Min–Max CV* (%)

Comparisons

P value† P value‡ P value§

Thickness of the corneum stratum (μm)

  Palm 63.6 (21.3 to 81.9) 6.1–154.5 32.9 0.707

  Sole 72.4 (7.6 to 176.0) 7.6–176.0 34.1 0.002

  Periumbilical abdominal area 18.0 (8.0 to 43.4) 8.0–43.4 46.6 0.010

Epidermal thickness (μm)

  Palm 72.0 (33.0 to 101.7) 33.0–101.7 44.2 0.701

  Sole 78.8 (41.2 to 128.5) 41.2–128.5 41.6 <0.001

  Periumbilical abdominal area 44.3 (19.0 to 61.2) 19–61.2 41.7 <0.001

Epidermal total thickness (μm)

  Palm 152.1 (43.9 to 251.9) 43.9–251.9 77.1 0.618

  Sole 146.2 (122.6 to 170.3) 56.2–276.4 74.5 <0.001

  Periumbilical abdominal area 66.0 (28.1 to 99.5) 28.1–99.5 85.9 <0.001

Dermal thickness (μm)

  Palm 384.1 (166.0 to 751.0) 166.0–751.0 21.9 0.977 0.002 <0.001

  Sole 396.3 (174.0 to 493.2) 174.0–493.2 20.3

  Periumbilical abdominal area 724.0 (287.0 to 1107.0) 287.0–1107.0 18.7

*CV: average of the coefficient of variation obtained for each image.
†Difference between palm and sole areas.
‡Difference between palm and periumbilical abdominal area.
§Difference between a sole and periumbilical abdominal area.
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(0.008–0.524) and palm 0.248×106 µm2 (0.069–0.346), 
p=0.708 and p=0.817, respectively (table 3, lines 4, 5 and 
6). However, the median value of the area of the sweat 
glands in the skin over periumbilical area, 0.294×106 µm2 
(0.020–3.651), was higher than that in the palm 0.097×106 
µm2 (0.028–0.172) or sole 0.088×106 µm2 (0.033–0.242), 
lines 8 and 9, p<0.001, for both comparisons.

The correlation between the gestational age and 
morphometry of the skin at birth is presented in 
table 4. Scatter plots with the linear correlation of each 

morphometric variable with the gestational age are in 
online supplemental file S1 to S13. In the univariate 
analysis, the epidermal thickness layer highlighted as 
the dimension strongly associated with gestational age: 
in the skin over palm (r=0.867, p<0.001, line 3), peri-
umbilical abdominal area (r=0.806, p<0.001, line 8) and 
sole (r=0.712, p<0.001, line 14). The fibrous connective 
tissue (lines 5, 10 and 16), sweat or sebaceous glands 
areas had mild or absent correlations with the gestational 
age (lines 6, 11, 12 and 17). However, compositions of 

Table 3 Concentration of fibrous tissue and glands of the skin at birth, with comparisons between the assessed areas of the 
body

Median (Min–Max)

Comparisons

P value* P value† P value‡

Area of fibrous connective tissue (106 µm2)

  Palm 0.248 (0.069–0.346) 1

  Sole 0.235 (0.008–0.524) 0.708

  Periumbilical abdominal area 0.259 (0.093–0.526) 0.817

Area of sweat glands (106 µm2)

  Palm 0.097 (0.028–0.173) 0.718

  Sole 0.088 (0.033–0.242) <0.001

  Periumbilical abdominal area 0.025 (0.010–0.061) <0.001

Area of sebaceous glands (106 µm2)

  Periumbilical abdominal area 0.294 (0.020–3.652) – – –

*Difference between palm and sole.
†Difference between palm and periumbilical area.
‡Difference between sole and periumbilical area.

Table 4 Predictive models for gestational age, based on morphometry values of the skin at birth

Univariate analysis Multivariate analysis

Linear coefficient (P value)
Adjusted coefficient of 
correlation

P value of the 
model

Skin over palm

  Epidermal thickness (μm) 0.867 (<0.001) 0.655 0.94 (p<0.001)

  Dermal thickness (μm) 0.805 (<0.001) 0.256

  Area of fibrous connective tissue (µm2) 0.518 (0.014) 0.169

  Area of sweat glands (µm2) −0.143 (0.515) – –

Skin of periumbilical abdominal area

  Epidermal thickness (μm) 0.806 (<0.001) 0.559 0.99 (p<0.001)

  Dermal thickness (μm) 0.579 (0.038) −0.216

  Area of fibrous connective tissue (µm2) 0.538 (0.071) – –

  Area of sweat glands (µm2) 0.441 (0.131) – –

  Area of sebaceous glands (µm2) –0.845 (0.001) −0.646

Skin over sole

  Epidermal thickness (μm) 0.712 (<0.001) 0.540 0.83 (p<0.001)

  Dermal thickness (μm) 0.660 (<0.001) 0.456

  Area of fibrous connective tissue (µm2) −0.266 (0.189) – –

  Area of sweat glands (µm2) –0.266 (0.189) – –

R- square of multivariate models: 0.87 (palm), 0.97 (abdomen), 0.69 (sole). Durbin- Watson analysis: 1.94 (palm), 1.90 (abdomen), 1.45 (sole).

https://dx.doi.org/10.1136/bmjhci-2021-100476
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the morphometric parameters fitted multivariate models 
better explained the variability of the gestational age than 
univariate correlations. Considering the skin of the peri-
umbilical area, the composition formed by the thickness 
of the epidermis, dermis and the area of sebaceous glands 
showed an excellent correlation with gestational (r=0.99, 
p<0.001, line 8). Concern the skin over the hand and sole, 
the multivariate model grouping morphometry parame-
ters also enhanced the model of prediction of gestational 
age, concerning the univariate models: adjusted r=0.94, 
p<0.001 (line 3), and r=0.99, p<0.001 (line 8).

DISCUSSION
Main findings
In this study, the main contribution was to correlate 
dimensions measured by morphometry of the skin of a 
newborn with its gestational age, a new knowledge that 
can objectively estimate the chronology of pregnancy 
from histology. The processing of images and the synthesis 
of values with inferential statistics on the measurements 
of layers, sublayers, gland area and fibrous connective 
tissue allowed the development of mathematical models 
of prediction. In addition, the study documented the 
intra- subject variability of these measures, numerically 
reflecting the ripple of the skin layers, guided by the 
dermal papillae. Regarding the external validity, the 
selected sample gathered newborns with a wide range of 
gestational age from extreme prematurity, 20.3 weeks, to 
term, 41.6 weeks. Although major malformations were 
responsible for most deaths (57.1%), conditions associ-
ated with changes in skin structure were excluded in the 
recruitment phase.

Regarding morphometric measurements, the results 
fill a knowledge gap in the study of human skin in this age 
group, including samples of premature births. In a system-
atic review published by De- Souza et al,4 similar studies 
that provide measurements of newborn skin thickness 
were considered insufficient to describe morphometry in 
a reproducible and detailed manner. In addition to the 
care with microscopic measurements, the chronology of 
pregnancy was calculated based on early obstetric ultra-
sound examination, considered a reference standard for 
pregnancy dating.10

There are numerous challenges of inaccurate calcu-
lation of pregnancy chronology by available clinical 
methods,19 and this is also a motivation using of fetal skin 
histology in pregnancy dating. The proposed models 
of prediction of gestational age may support the inves-
tigation of perinatal death and support non- invasive 
studies with similar applications.7 20 Infant mortality has 
at preterm birth, one of the major current challenges of 
obstetric and neonatal care.19 25 Although the approach 
is invasive, using skin biopsy in the corpses of newborns, 
the process brought an opportunity to estimate the 
chronology of pregnancy, at the time of death, from the 
morphometry of the skin of specific regions and tech-
nique. The histological analysis of the skin, through the 

visual analysis of architectural patterns, the tissues already 
proved predictive of gestational age in a previous study,26 
without, however, presenting quantitative elements that 
allow the dating.

Comparison with prior studies
In relation to the magnitude of the measurements, the 
thickness of the epidermis was greater in the region of 
the palm and sole of the foot, in relation to the perium-
bilical region. This finding confirms previous reports 
that in these places, the stratification of the epidermis 
is earlier and more intense than in other regions of the 
body.26 27 The early and progressive multiplication of the 
epidermis in these places may explain the strong correla-
tion found between the thickness of the skin layers and 
the chronology of pregnancy, even as an isolated marker. 
However, the comparability of the values found with 
previous reports is hampered by the incomplete descrip-
tion of the various measures and techniques already 
published in the scientific literature. Measurements of 
part of the sublayers, for example, the thickness of the 
epidermis without including the stratum corneum, only 
dermis thickness9 and measurements made in different 
places of the body and ages of the children studied.27–29 
Besides, the measurement of epidermal thickness, 
according to Kakasheva- Mazhenkovska et al,30 was 193.2 
µm in the sole of the foot, 161.6 µm in the abdomen and 
142.0 µm in the hand, comparable to the present study. 
The measurements of the epidermis described here also 
corroborate the findings of a non- invasive study that 
performed measurements of different sites of the body 
of newborns through high- frequency ultrasound,7 which 
showed values of the thickness of the epidermis in the 
region of the sole of the foot were 175.4 (17.6) µm. In the 
dermal layer, we obtained values apparently lower than 
873.0 µm in the palm, 719.9 µm in the sole and 1297.0 µm 
in the abdomen.30 We attribute these differences to vari-
ations in technique and gestational age of the samples.

More recently, Dhingra et al analysed four regions 
of the body of 30 fetuses from 11 to 40 weeks of gesta-
tion. The epidermal thickness had a significant positive 
correlation with gestational age.31 Our study corrobo-
rated such results of a strong correlation with gestational 
age in the skin over the abdomen and palm. However, this 
study did not combine variables and nor assess gland area 
and fibrous connective tissue in the prediction as to the 
current approach.

Limitations and highlights
The main limitation of this study was the strict eligibility 
criteria for pregnancy dating and tissue quality, which 
made it challenging to obtain the postmortem specimen, 
considered rare.32 On the other hand, we emphasise that 
the multivariate models achieved high correlation coeffi-
cients for groups of morphometric measures, 0.94 in the 
palm region, 0.99 in the abdomen region and 0.83 in the 
sole, table 4. In addition, the objective measurement of 
several tissue components such as the area of connective 
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tissue and glands, to estimate gestational age, is unprec-
edented. Therefore, the mathematical models have the 
potential to automate the analysis process and may facili-
tate in the future the obtaining of gestational age informa-
tion from the systematised analysis of a histological image 
of the skin. In addition, we believe that future studies may 
find utility in the results presented in this analysis in tissue 
engineering, simulation models of the skin, mainly subsi-
dising more appropriate care with the newborn’s skin.

Besides, seven corpses had birth weight below the 
10th percentile for gestational age and two below the 
third percentile. Even fetal growth reference standards 
are suboptimal for stillbirths,33 the influence of fetal 
malnutrition in the dimensions of deep layers of the 
skin is possible. However, the skin surface seems not to 
be influenced by fetal nutrition. In a prior study, Vitral et 
al analysed 222 alive newborns at birth, with gestational 
age ranging from 24 to 41 weeks of gestation, using high- 
frequency ultrasound, and epidermal thickness was not 
fetal growth standard dependent.7

CONCLUSIONS
Skin morphometry, especially the measurement of layer 
thickness, proved to be an essential marker of gestational 
age at birth. The representation of structural changes 
in the skin in composite mathematical models involving 
various elements of this tissue proved to be promising 
automating of the pregnancy dating process from histo-
logical images.
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ABSTRACT
Vaccination is a global success story, yet UK coverage 
remains undertarget for a number of diseases. The 
paediatric emergency department (PED) offers the 
potential for opportunistic vaccination interventions.
Objectives To map the Greater Manchester (GM) Child 
Health Information System network to see if it was a viable 
source of vaccination data for clinicians working in the 
PED as a case study.
Methods Postprimary care vaccination management 
systems for GM were visualised using a systems mapping 
approach, with data obtained from the Office for National 
Statistics and commissioners in the GM Health and Social 
Care Partnership.
Results Once vaccination data left primary care, it passed 
through 1 of 10 local child health information services 
(CHISs), using an assortment of different information 
technology systems, after which it shed individual 
identifiers and was aggregated within national systems. 
None of the existing GM CHISs were accessible to PED 
practitioners.
Conclusion More work needs to be done to explore 
possible alternative sources of accurate vaccination data 
during a PED consultation.

INTRODUCTION
Vaccination remains one of the great global 
public health successes. Since their discovery 
more than 300 years ago, vaccines have saved 
countless millions of lives,1 reduced the inci-
dence of dozens of diseases and even led to 
the eradication of smallpox.2 However, in the 
UK, uptake of routine childhood vaccinations 
(provided by the National Health Service 
(NHS) at no cost to the parent/carer) has fluc-
tuated over recent years and remains below 
WHO targets for a number of vaccinations 
(eg, the measles, mumps and rubella (MMR) 
vaccine).3 This finding is on a background 
of global changes in the pattern of vaccina-
tion and an associated increase in outbreaks 
of vaccine- preventable diseases, further 
compounded by disruptions to delivery of 
routine vaccination programmes during the 
SARS- CoV- 2/COVID- 19 pandemic.

Every year in England, millions of children 
and young people (CYP) attend the paedi-
atric emergency department (PED)4 and may 
sometimes have a long wait to see a health-
care professional. In addition to their primary 
reason for presentation, CYP attending the 
hospital may have unmet health need (eg, 
sexual health) or may not be able to access 
preventive elements of routine healthcare 
(eg, vaccination) for a myriad of reasons. A 
hospital attendance might therefore be an 
opportunity to improve health, beyond the 
initial reason for presentation, and early work 
has shown that this would be an acceptable 
approach to parents/carers.5

If any child or young person who have 
not had their age- appropriate vaccinations 
is identified during a PED attendance, clini-
cians may (should it be clinically/situation-
ally appropriate) be able to offer one or more 
tailored interventions to address this.6 The 
benefits of such an approach are numerous 
and include ensuring appropriate manage-
ment, for example, in the case of a tetanus- 
prone wound (where management depends 
on vaccination status), and increasing 
community coverage in case of an outbreak 
of a vaccine- preventable disease, for example, 
measles.

However, in order to be able to intervene 
with those at greatest risk of being under-
vaccinated, it is first necessary to be able to 
identify them in a timely and accurate way, 
given the time- limited interaction in the 
department and departmental pressures. 
Guidance recommends that professionals 
‘Check the immunisation status of CYP at 
every appropriate opportunity’.7 In the PED, 
therefore, all practitioners should routinely 
enquire of parents/carers accompanying a 
child or young person if they have had all 
their age- appropriate vaccinations. However, 
past work has shown that often no question 
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is asked or recorded in the notes,8 and if the enquiry is 
made, it is usually done in a superficial way via a ques-
tion such as ‘Have they had all their vaccinations?’. When 
asked, parents/carers tended to overestimate vaccination 
coverage.5

In contrast, in primary care, if a child attends a general 
practitioner (GP) appointment, the clinician is alerted, 
via the presence of a ‘pop- up’, if the child is not up to date 
with his or her vaccinations. The difference here is that 
the vaccination data are held within the same system as 
the GP records, but the hospital systems are separate. In 
the UK, the majority of routine childhood immunisations 
are offered in community locations, commonly delivered 
via settings such as a GP surgery. Administration of one 
or more vaccines will be recorded in the GP electronic 
system, with returns sent from these systems to the local 
child health information service (CHIS) and then on to 
the central surveillance system.

The objective of this work was to map the CHIS network 
in Greater Manchester (GM) to assess its potential as a 
source of accurate vaccination data for clinicians working 
in PEDs across the region, given the issues with obtaining 
information from parents/carer. This work was carried 
out as part of a bigger project looking at the potential for 
a PED- delivered vaccination intervention.

METHODS
The work was carried out in GM, England. The Office for 
National Statistics (ONS) mid- 2019 estimates were used 
to describe the GM population of CYP <16 years old.9 
Names of local authorities (LAs) and associated CHISs, 
the provider organisations for each CHIS and the data 
management systems used were obtained via requests 
to GM Health and Social Care Partnership (GMHSCP), 

the organisation responsible for commissioning vacci-
nation services in GM. Lists of LAs, CHIS and provider 
organisations (where relevant) were compiled and then 
combined with ONS data using systems mapping,10 an 
approach commonly used in public health. The map in 
figure 1 (which represents the structure of the system in 
GM in mid- 2020) was created using Microsoft Visio V.2016 
and fact- checked by GMHSCP before the names of indi-
vidual organisations and information technology (IT) 
systems were removed (to protect commercially sensitive 
information).

RESULTS
In GM, a population of around 582 000 CYP had their 
vaccination data held by 10 different CHISs, provided 
by four different organisations, using three different 
national IT management systems commissioned in GM 
(although this has recently been reduced to two). Figure 1 
shows the population served (by LA), the CHIS holding 
and managing data for each population, and the provider 
organisations commissioned to manage multiple CHISs 
(where relevant). Flow of vaccination data is represented 
by directional arrows (labelled with the IT system used).

No CHIS was accessible to practitioners working in 
secondary care (each system is password protected and 
only accessible to those working in community- based 
services), nor was there a focal point for GM that would 
have acted as a meaningful target for connecting the 
CHISs to secondary care data systems (aside from issues 
of interoperability) as none of the CHISs were connected 
to each other (even if managed by the same provider 
organisation). Once the vaccination data left GM CHISs, 
they shed individual identifiers and progressed up the 
national system in an aggregated anonymised format.

Figure 1 Management of data relating to vaccination in children and young people (aged <16 years old) in Greater 
Manchester. The names of the local providers and systems have been anonymised. Population=Office for National Statistics 
2019 mid- year estimate for those aged 0–15 years inclusive to the nearest 1000. CHIS, child health information service; GP, 
general practitioner.
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DISCUSSION
CYP attending settings such as the PED may benefit from 
interventions to improve vaccination coverage; however, 
it is not currently possible to reliably identify those who 
are not up to date. Although parent/carer recall remains 
the most common source of vaccination data during a 
PED consultation, clinicians often do not take a (mean-
ingful) vaccination history and parent/carer recall tends 
towards overestimation.5 8 11 An alternative approach 
is needed for checking vaccination status for all CYP as 
part of routine care but would also add value in special 
circumstances, such as those where subsequent medical 
management might be altered by the child’s vaccination 
status (eg, tetanus) or in controlling outbreaks of vaccine- 
preventable diseases (eg, measles).

Potential alternative sources of data include the Red 
Book (a handheld paper or electronic record of child 
health), the GP summary care record (where available 
and accessible), phoning GP surgeries (on an individual 
patient basis) and local CHIS. This work has used a system 
mapping to approach to show that, while an individual 
CHIS may contain accurate vaccination data, it is inacces-
sible to hospital- based clinicians and also part of a prohib-
itively complex system with no single focal point, so it 
does not represent a viable option in GM at the current 
time. The simplest solution might be a unified regional 
CHIS, but that is a commissioning decision beyond the 
influence of secondary care clinicians. A limitation of the 
study is that it used only a single mapping approach to 
visualise the data. Another potential limitation is that GM 
has a commissioning structure which may not be repli-
cated elsewhere, so collating the CHIS data may be more 
complex in other settings.

Future work will look at the potential for accessing 
primary care- held vaccination data (eg, via summary care 
records) as an alternative. However, preliminary work 
suggests that while these records are technically acces-
sible, extracting relevant data takes a disproportionate 
amount of time as the vaccination data are unstructured 
and only interpretable by someone with an extensive 
working knowledge of the NHS childhood vaccination 
schedule.

Until a viable (in terms of time and effort for clini-
cians), accurate and real- time alternative to parent/carer 
recall is available, it is not going to be possible to progress 
to delivering an intervention to those CYP who are under-
vaccinated at the time of their attendance to the PED.

CONCLUSIONS
The PED offers an underused opportunity to deliver 
interventions to improve the wider health and well- being 
of patients, with vaccination being an example of such 
an intervention. However, the lack of access to reliable 
vaccination data in a timely fashion, during a PED atten-
dance, means that it is not currently possible to identify 
those CYP in need of an intervention. The complex struc-
tures of postprimary care data management mean that in 

GM, the CHISs, while considered the definitive source of 
vaccine data, are wholly inaccessible in their current form 
and are therefore not a viable source of vaccination infor-
mation for clinicians working in the PED.
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