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ABSTRACT
Background Referring providers are often critiqued for 
writing poor- quality referrals. This study characterised 
clinical referral guidelines and forms to understand which 
data consultant providers require. These data were then 
used to codesign an evidence- based, high- quality referral 
form.
Methods This study used both observational and quality 
improvement approaches. Canadian referral guidelines 
were reviewed and summarised. Referral data fields 
from 150 randomly selected Ontario referral forms were 
categorised and counted. The referral guideline summary 
and referral data were then used by referring providers, 
consultant providers and administrators to codesign a 
referral form.
Results Referral guidelines recommended 42 types 
of referral data be included in referrals. Referral data 
were categorised as patient demographics, provider 
demographics, reason for referral, clinical information 
and administrative information. The percentage of 
referral guidelines recommending inclusion of each type 
of referral data varied from 8% to 77%. Ontario referral 
forms requested 264 different types of referral data. 
Digital referral forms requested more referral data types 
than paper- based referral forms (55.0±10.6 vs 30.5±8.1; 
95% CI p<0.01). A codesigned referral form was created 
across two sessions with 29 and 21 participants in each.
Discussion Referral guidelines lack consistency and 
specificity, which makes writing high- quality referrals 
challenging. Digital referral forms tend to request more 
referral data than paper- based referrals, which creates 
administrative burdens for referring and consultant 
providers. We created the first codesigned referral 
form with referring providers, consultant providers 
and administrators. We recommend clinical adoption 
of this form to improve referral quality and minimise 
administrative burdens.

INTRODUCTION
Referral letters to consultant providers have 
been criticised for their poor quality due 
to the omission of relevant and important 
referral data dating back to the early 1990s.1 
More recent literature has identified that 
referral letters lack important information, 
such as patient contact information, reason 
for referral, presumptive diagnosis, symptoms 
and physical exam findings.2 3 Poor quality 
and incomplete referrals can delay patient 

care, leading to patient harm and decreased 
quality of care.2 4 The cause of care delays is in 
part due to administrative burdens, as consul-
tant providers must request missing informa-
tion from referring providers,5 who likely did 
not realise that essential referral data were 
missing in their initial referral. Attempts 
have been made to mitigate this issue by 
defining essential referral data through 
surveys,1 creation of referral quality scoring 
systems6 7 and referral guidelines.8 However, 
studies continue to critique the quality of 
referrals.4 To our knowledge, no published 
literature has characterised the referral data 
that is requested by consultant providers 
based on clinically used referral forms at a 
system level. Nor has any study codesigned a 
referral form with referring providers, consul-
tant providers and administrators.

Creating consensus on which referral data 
are required by consultants is important for 
improving referral quality and the transition 

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ Healthcare providers are burning out due to increas-
ing administrative burdens, and referral processes 
contribute to these administrative burdens.

WHAT THIS STUDY ADDS
 ⇒ Canadian referral guidelines are ambiguous and not 
specific enough to facilitate improvements to refer-
ral content quality.

 ⇒ Digital referral forms are significantly longer than 
paper referral forms, which contributes to admin-
istrative burdens.

 ⇒ The codesigned referral form template clearly de-
fines which referral data elements to include in re-
ferral forms while reducing requests for extraneous 
information.
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PRACTICE OR POLICY

 ⇒ This study may help inform future referral forms, 
digital referral system development and data struc-
tures, and health policies to minimise the adminis-
trative burdens faced by healthcare providers, while 
improving the quality of referrals.
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to digital referral systems, like eReferral.9 Development 
of digital referral systems requires clearly defined data 
fields10 over traditional free- text letters. The main bene-
fits of eReferral are that referring providers can send 
referrals via the internet instead of fax, find consultant 
providers closer to the patient or who have shorter wait 
times and patients receive email notifications about their 
referrals as they are triaged and booked.9 The timing of 
this study is important since eReferrals are becoming 
more common in Canada,11 meaning there is an oppor-
tunity to create standardised referral forms prior to wide-
spread clinical adoption. To do this, we followed the 
Canadian Medical Associations’ 2014 recommendation 
to codesign referral forms.8

This codesign initiative was also in response to the 
increasing administrative burdens on primary care 
providers. In 2023, primary care providers in Ontario, 
Canada were spending 19.1 hours per week on admin-
istrative tasks.12 These administrative burdens arise 
from: detailed clinical documentation and data entry; 
inefficient user interfaces; cognitive burdens caused by 
reminders and irrelevant or redundant patient data and 
management of clinical messages and inboxes.13 This is 
consistent with other findings that healthcare providers 
are spending at least 2 hours on administrative tasks for 
each hour of direct patient contact.14 Importantly, primary 
care is experiencing the highest level of administrative 
burdens, leading to provider burnout.13 In Canada, 53% 
of primary care providers report burnout, 61% report 
experiencing significant emotional distress, 64% report 
their jobs are highly stressful, 76% report a significant 
increase in workload since 2020 and many plan to stop 
providing patient care in the next 1 to 3 years.15 Accord-
ingly, it is essential that initiatives like this are undertaken 
to reduce administrative burdens and improve provider 
experiences to avoid future health human resource crises.

This study aimed to establish consensus on which 
referral data are essential for high- quality referrals. This 
was accomplished by characterising Canadian referral 
guidelines and the referral data fields on publicly avail-
able and clinically used referral forms from Ontario, 
Canada. Referring providers, consultant providers and 
clinic administrators then codesigned a standardised 
referral form based on these findings. This codesigned 
referral form was then clinically used on the eReferral 
platform. Subsequently, both referring and consultant 
providers were surveyed to report their clinical experi-
ence using this codesigned referral form. The primary 
outcome of this study was the creation of an evidence- 
based codesigned referral form.

METHODS
Review of referral guidelines and policy statements
A review of the current Canadian referral guidelines 
was completed. Guidelines and policy statements were 
collected from national, provincial and territorial 
medical licensing bodies or medical associations (online 

supplemental table S1). Each document was reviewed, 
and all referral data recommended to include in refer-
rals were recorded and categorised by data type in tabular 
format.

Characterisation of referral data fields on clinically used 
referral forms
Clinically used and publicly available paper referral forms 
from Ontario, Canada were collected from OSCAR EMR16 
and South West Primary Care Alliance (SWPCA).17 These 
websites are the most comprehensive repositories of 
paper referral form stored as PDFs (Portable Document 
Format) and images in Ontario. All referral forms on the 
websites were extracted using Web Scraper18 into a Micro-
soft Excel19 spreadsheet containing the clinic or consul-
tant provider name, geographic region, specialty, type of 
referral and URL to each form. All digital referral forms 
on eReferral9 and the corresponding clinic or consul-
tant provider name, geographic region, specialty, type of 
referral and URL were provided by the eHealth Centre 
of Excellence20 in a Microsoft Excel19 spreadsheet. These 
two files were combined, then all forms were manually 
reviewed to exclude administrative tools, clinical tools, 
laboratory requisitions, government programme applica-
tion forms, diagnostic imaging forms and duplicates since 
the focus of this study was consultation request forms.

One- hundred and fifty referral forms were randomly 
selected from the included forms. Each form was 
assigned a random number, sorted by number and the 
top 150 using Microsoft Excel.19 Each form was manually 
reviewed by author SL, who is a practising family physi-
cian. Each referral data field and corresponding format 
(informational, free text, check boxes, attachments) were 
recorded using Microsoft Excel.19 All fields were high-
lighted after recording to ensure complete data capture. 
Referral data were later categorised based on the specific 
data requested. Clinical judgement was required to differ-
entiate between referral data types.

Statistical analysis
All data recording and statistical analysis were performed 
using Microsoft Excel.19 The total number of unique 
referral data fields on each form was determined and 
the mean number of data fields for paper and digital 
referral forms was calculated. The average number of 
informational, checkboxes, free text entry and attach-
ment requests were then calculated for paper and digital 
referrals. Unpaired t- tests assuming unequal variances 
were then performed to determine whether there are 
differences in the average number of unique referral 
data fields between paper and digital referral forms. 
A subanalysis was also performed with unpaired t- tests 
assuming unequal variances for each format of requested 
referral data.

Codesigned referral form
Two codesign sessions were completed where refer-
ring providers, consultant providers and healthcare 
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administrators collaborated to create a standardised and 
generic referral form. Participants were recruited by 
email through local hospital and primary care organisa-
tions. Participating referring providers included primary 
care physicians and nurse practitioners. Participating 
consultant providers included specialist physicians 
and nurse practitioners. Participating administrative 
providers included secretarial staff and clinic managers. 
Participants were provided with prereadings detailing the 
review of referral guidelines and review of referral data, 
outlined above. Participants discussed each category of 
referral data in a facilitated open forum and identified 
which information they felt should always be included in 
all referrals. Participants’ decisions and comments were 
recorded during the session, then used to create a stan-
dardised referral form.

In the second session, participants discussed each 
section of the referral form and commented on their 
impression of the created form. Participants were asked 
to identify any referral data that were missing or that 
required revision. Participants’ decisions and comments 
were recorded during the session and then appropriate 
revisions were made to the standardised referral form.

Codesigned referral form user experience
The codesigned referral form was then used in Ocean 
eReferral for a period of 5 months prior to seeking feed-
back. Referring providers that sent referrals using the 
codesigned referral form were contacted to provide feed-
back on their experience. These referring providers were 
contacted via email and provided a URL to a survey about 
their experience using the codesigned referral form. 
Specifically, the question How was your experience completing 
Ocean eFax referral forms compared to normal fax- based refer-
rals? was used to assess providers’ experience using the 
codesigned referral form. Respondents rated their expe-
rience using a Likert scale indicating, Excellent, Good, 
Fair, Poor, Very Poor, or Not applicable.

Ethics approval
This study did not require ethics approval as it used 
publicly available information and is quality improve-
ment in nature as per the University of Ottawa Research 
Ethics Board.

RESULTS
Review of referral guidelines and policy statements
Review of the national and provincial referral guidelines 
identified 7 categories of referral data and 42 specific types 
of referral data for inclusion in referral letters (table 1). 
The number of guidelines recommending each type of 
referral data was variable from 1 (8%) to a maximum of 
10 (77%). There were no referral data types that were 
recommended to include in referrals by all guidelines. 
Referral guidelines were noted to provided ambiguous 
referral data inclusion recommendations. These ambi-
guities arise from general statements to include ‘patient 

information’, ‘primary care provider information’ and 
‘clinical information’ which were not specifically defined.

Characterisation of referral data fields on clinically used 
referral forms
A total of 622 documents were collected from OSCAR 
EMR, SWPCA and Ocean eReferral (online supplemental 
table S2). Four hundred and fifteen documents remained 
after excluding 9 administrative documents, 8 clinical 
tools, 6 COVID- 19 resources, 163 diagnostic imaging 
forms, 7 duplicates, 10 laboratory forms, 1 long- term 
care application and 3 patient information sheets (online 
supplemental table S2). The included referral form 
represented 42 different specialties (online supplemental 
table S2). The 150 randomly selected forms represented 
32 different specialties (table 2) and had representation 
from all geographic areas within Ontario, Canada (online 
supplemental table S3).

Review of the 150 randomly selected referral forms 
identified 264 unique types of referral data that were 
requested by consultant providers (table 3). This means 
that consultants requested 222 more unique referral 
data types than were identified in the referral guidelines 
(table 3). Additionally, 23 types of social history referral 
data were requested, which were not included in any 
referral guidelines (table 3). Administrative referral data 
were limited in the referral guidelines but were frequently 
requested by consultant providers. Referral data fields 
were classified into four different formats, information 
for referring providers, checkboxes, free- text entry or 
attachment requests. A full list of all referral data iden-
tified in the referral forms is available in online supple-
mental table S4.

The average number of referral data fields per digital 
referral was significantly higher than paper refer-
rals (55.0±10.6 vs 30.5±8.1; 95% CI p<0.01; figure 1). 
Subgroup analysis (figure 2) demonstrated that digital 
referrals have significantly higher average number of 
informational data (13.7±1.7 vs 8.6±2.9; 95% CI p<0.01), 
checkboxes (13.7±1.7 vs 4.8±3.4; 95% CI p<0.01) and free- 
text entry (31.1±5.0 vs 16.1±6.0; 95% CI p<0.01) requests. 
The average number of attachment requests was not 
significantly different between digital and paper referrals 
(1.1±1.4 vs 1.0±1.0; 95% CI p=0.38).

Codesigned referral form
A total of 29 and 21 participants attended the first and 
second codesign sessions, respectively (table 4). During 
the first session, participants decided on which referral 
data were included in the standardised referral form 
(table 5). Codesign design participants indicated that 
some specialties may need custom referral forms with 
additional information requests (online supplemental 
table S5). The customisations identified during the code-
sign sessions included options to select specific providers 
or locations, referral eligibility criteria, required prere-
ferral testing, disease- specific clinical guidance, unique 
data to triage appropriate clinic location and specific 
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Table 1 Summary of Canadian referral guidelines separated into categories and specific referral data that were recommended 
to include in referrals

Category (N=7) Referral data element (N=42)
Number of guidelines 
recommending (%)

Patient demographics Patient contact info 8/13 (62)

Patient health number 8/13 (62)

Patient name 7/13 (54)

Patient date of birth 6/13 (46)

Patient address 3/13 (23)

Gender 3/13 (23)

“Patient information” 2/13 (15)

Language 2/13 (15)

Referring provider 
demographics

Referring provider contact info 4/13 (31)

Referring provider name 3/13 (23)

Referring provider info 2/13 (15)

Primary care provider 
demographics

Primary care provider info 4/13 (31)

Consultant provider 
demographics

Description of consultant’s referral process 4/13 (31)

Description of fees not covered 3/13 (23)

Consultant provider name 2/13 (15)

Consultant provider contact info 1/13 (8)

Consultant provider service type 1/13 (8)

Description of services offered 1/13 (8)

Description of services not offered 1/13 (8)

Reason for referral Reason(s) for consultation 9/13 (69)

Expected outcome 5/13 (38)

Indicate if requested by a third party 2/13 (15)

Clinical question 2/13 (15)

Information being sought 1/13 (8)

Clinical information Relevant investigations 10/13 (77)

Urgency 7/13 (54)

Past medical history 7/13 (54)

Medications 7/13 (54)

Physical exam 6/13 (46)

Allergies 5/13 (38)

Relevant consultant notes 5/13 (38)

Clinical information 3/13 (23)

Other involved healthcare providers 3/13 (23)

Current and past management of specific issue 2/13 (15)

Patient’s clinical stability 1/13 (8)

Duration of issue 1/13 (8)

Key symptoms/red flags 1/13 (8)

Comorbidities 1/13 (8)

Pending investigations 1/13 (8)

Administrative information Date of referral 7/13 (54)

Option for referrer inform patient of appointment 2/13 (15)

Confirmation patient is aware of referral 1/13 (8)
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criteria to triage referral priority. During the codesign 
discussion, participants expressed that customisations 
would help referring providers provide better referral, 
improve patient care and reduce unnecessary or inappro-
priate referrals.

The codesign participants also provided several recom-
mendations to improve referral form quality beyond 
the specific referral data. Participants recommended 
that referral forms be brief and minimise administra-
tive burdens, leverage electronic medical records to 

auto- complete referral forms, only ask for referral data 
that referring providers will reasonably have, and avoid 
collection of referral data that do not facilitate referral 
triage and eligibility decision- making. Codesign partici-
pants recommended that if consultant providers require 
more detailed information, then this could be collected 
either prior to the initial consultation via a patient 
completed intake questionnaire or during the initial 
consultation.

Codesigned referral form user experience
A total of 147 referring providers that sent referrals using 
the codesigned referral form were contacted to provide 
feedback on their experience. Eighteen responses were 

Table 2 Distribution of specialties and number of referral 
forms randomly selected for review

Specialty (N=32)
eReferral 
forms

Paper 
forms Total

Cardiology 5 5

Chiropody 1 1

Dermatology 9 2 11

Endocrinology 3 3

Gastroenterology 4 1 5

Genetics 1 1

Home care 3 1 4

Mental health and 
addictions

17 2 19

Multi- specialty 1 1

Nephrology 1 1

Neurology 4 4 8

Oncology 3 3

Optometry 1 1

Orthopaedics 11 2 13

Pain medicine 2 2

Palliative 1 1

Paediatrics 12 4 16

Physiatry 1 1

Physiotherapy 2 2

Podiatry 1 1

Psychiatry 6 7 13

Public health 1 1

Respirology 3 3

Sleep medicine 4 4

Thoracic surgery 1 1

Trans health 1 1 2

Urology 5 5

Vascular 3 3

Women’s health/
gynaecology

13 3 16

Geriatrics 1 1

Internal medicine 1 1

Telemedicine 1 1

Total 86 64 150

Table 3 Categories of unique referral data on referral forms 
and in referral guidelines

Categories (N=8)

Unique data elements (N)

Referral forms Guidelines

Clinical information 78 15

Administrative information 53 3

Patient demographics 52 8

Consultant provider 
demographics

25 7

Social history 23 0

Referring provider 
demographics

18 3

Primary care provider 
demographics

8 1

Reason for referral 7 5

Total 264 42

Figure 1 Mean number of referral data types requested per 
paper and digital referral form (***p≤0.01).
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received from providers in three different regions of 
Ontario (Central, Toronto and West). All 18 responses 
were from providers working in primary care clinics. Of 
those who responded, 11 (61%) were primary care physi-
cians, 4 (22%) were nurse practitioners, 1 (6%) was an 
allied health practitioner, 1 (6%) was an office adminis-
trator and 1 (6%) was a referral clerk. Respondents rated 
their experience using the codesigned referral form posi-
tively, with 14 of 17 respondents rating their experience 
as excellent or good (2 excellent and 12 good).

DISCUSSION
Referring providers have been criticised for writing poor- 
quality referrals for many years.1–3 This study identified 
inconsistencies and ambiguities within Canadian referral 
guidelines. No referral data type was consistently identi-
fied for inclusion by all referral guidelines. Surprisingly, 

only 7 of 13 (54%) referral guidelines specifically recom-
mended the patient’s name and 8 of 13 (62%) recom-
mended the patient’s contact information, be included 
in the referral. The remaining guidelines either made 
no recommendation21 or generally specified ‘patient 
information’.22 23 We propose that the lack of consensus 
and specificity in referral guidelines contributes to why 
referring providers unintentionally omit essential referral 
data, leading to low- quality referrals.

To our knowledge, this study presents the first char-
acterisation of referral data fields from clinically used 
referral forms across multiple specialties. The requested 
referral data should contain all clinically relevant infor-
mation that consultants need.24 We, therefore, used this 
data to codesign a standardised referral form with refer-
ring providers, consultants and administrators as recom-
mended by the Canadian Medical Association.8 Codesign 
participants wanted referral forms to be short and simple; 
however, this study demonstrated that newer digital 
referral forms requested more information from refer-
ring providers. One potential reason why digital referral 
forms are longer and more complex is because digital 
referrals are not restricted to a single physical sheet of 
paper. Limiting digital referral form length is important 
because additional referral data does not correlate with 
consultants’ confidence in triaging appointments.25 
Referral form length will also increase administrative 
burdens for referring and consultant providers, which 
correlates with provider burnout13 14 and intention to stop 
practicing.15 Therefore, we recommend that consultants’ 
providers adopt shorter, standardised, evidence- based 
referral forms, such as the one codesigned here.

The codesign of this referral form is a step toward 
providing clearer referral guidelines to improve referral 
quality. Some studies have recommended that referring 
providers require more training on how to write refer-
rals,4 26 however, a Cochrane review from 2008 identified 
that education alone is insufficient.27 Instead, we recom-
mend following England’s National Health Services’ 
Sustainability Model, creating interventions that target 
processes, staff education and organisational improve-
ments.28 The Cochrane review concluded that clear 
referral guidelines (staff education) released in conjunc-
tion with a referral form (process change) can signifi-
cantly improve referral quality.27

A randomised trial in Norway also demonstrated that 
a combination of provider education and referral form 
improves referral quality.29 However, the Norwegian 
referral form was based on disease- specific clinical guide-
lines and consultant opinion. The codesign approach 
used in this study facilitated dialogue between refer-
ring providers, consultant providers and administra-
tors, leading to more nuanced learning. Specifically, the 
codesign participants highlighted that specifying referral 
data fields is only one part of the problem. Participants 
expected high- quality referral forms to be brief, reduce 
administrative burdens, leverage technology to facil-
itate form completion and only request referral data 

Figure 2 Mean number of referral data types requested 
within each category for paper and digital referral forms 
(***p≤0.001).

Table 4 Categorisation of codesign participants by 
codesign session

Role Session 1 (N) Session 2 (N)

Administrators 10 6

Primary care physicians 11 7

Primary care nurse 
practitioners

3 1

Specialist physicians 1 4

Specialist nurse 
practitioners

1 0

Facilitators 3 3

Total 29 21



7Laing S, et al. BMJ Health Care Inform 2024;31:e100926. doi:10.1136/bmjhci-2023-100926

Open access

Table 5 Codesigned, standardised, generic referral form data template. When possible, ‘yes’ and ‘no’ questions were 
formatted so that a checked box indicates a ‘yes’ response

Consultant clinic’s information

Clinic name Clinic’s telephone number

Address line 1 Clinic’s fax number

Address line 2 Clinic’s Email

City, province/territory Service languages

Postal code

Important practice announcements: **OPTIONAL**
 ► Brief description, only used when important updates are 
required (eg, temporary clinic closures)

Service specialty:
 ► List (eg, cardiology, respirology)

Accepted referral indications:
 ► List (eg, atrial fibrillation, asthma)

Does not see:
 ► List of indications (eg, valve disorders, COPD)

Uninsured services offered:
 ► List+costs

Consultant names:
 ► List

Parking available? Yes/No
Parking cost: Free/Cost
Site accessible? Yes/No

Patient information

Surname: First name:

Date of birth: Gender: ▢ Male ▢ Female ▢ Other

Health card number: Health card number version code:

Street address 1: Mobile number:

Street address 2: Home number:

City: Business number:

Province: Email:

Postal code: Best method of contact: ▢ Mobile▢ Home ▢ Business ▢ 
Email

▢ Voicemails acceptable

Where appropriate, please provide the following

Preferred language: ▢ English ▢ French ▢ Other

If ‘other’ language, preferred language: ▢ Translator required

▢ Appointment booking contact (if not patient)

Contact name: Phone number (if different than patient):

Special considerations (third party insurance, accessibility, barriers, tips for care delivery):

Preferred consultant or location **OPTIONAL FOR GROUP/CENTRAL INTAKES** Only one preferred consultant or location 
can be selected.

Preferred consultant (dropdown list with ‘shortest wait time’ or provider names)

Preferred Location (dropdown list with ‘shortest wait time’ or provider names)

Reason for referral (* indicates required field)

Urgency*: ▢ Routine ▢ Urgent

Rationale for urgent referral*:

Goal of referral: ▢ Advice/Question ▢Co- Management ▢ Diagnostic Clarification ▢ 2nd Opinion ▢ Re- Referral ▢ 3rd Party 
Request ▢ Other

Goal of referral*:

Name of suspected diagnosis/problem triggering referral*:

Describe advice needed or clinical question:

Brief description of history, management and investigations*:

Cumulative patient profile

▢ CPP attached separately

▢ CPP excluded (removes next four lines)

Continued
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that facilitate consultant triage. These finding came 
organically from the codesign open forum and there is 
increasing awareness of the value that codesign brings 
to digital health technology development.30 Given these 
findings, it is possible that previous efforts to standardise 
referral forms have failed because without codesign, 
referral forms tend towards being longer, more complex 
and request information that referring providers do not 
have or is better collected directly from patients.

The next step from this study is to further implement 
the codesigned referral form in clinical practice. Addi-
tionally, we recommend revision to existing referral 
guidelines to provide clearer direction for referring 
and consulting providers. Once this is completed, then 
further quality improvement cycles may be completed to 
further refine and define the components of high- quality 
referrals and referral forms.

Strengths and limitations
The main limitation of this study was that all reviewed 
referral forms and codesign participants were from 
Ontario. We attempted to mitigate any local practice 
patterns by collecting forms from all geographic regions 
within Ontario. However, there may be difference in the 
referral data that consultants require in different regions. 
Codesign participants also expressed this concern and 
suggested that the codesigned referral form could be 
customised for different regions as needed to assist with 
referral triage or decision- making. Additionally, this study 
only assessed referral forms for consultation requests. 
Accordingly, these findings and the codesigned referral 

form will not be adequate for all referral types, such as 
diagnostic, home care, allied health or laboratory services. 
Finally, the referral form review was completed by a single 
author due to study constraints. However, each codesign 
participant had the opportunity to review and discuss 
these findings, which should mitigate potential biases in 
the primary outcome—the codesigned referral form.

CONCLUSION
This study has demonstrated that referral guidelines 
lack consistency and specificity, which may contribute to 
poor- quality referrals. To our knowledge, this is the first 
study that has characterised the referral data requested 
by consultant providers. These data were used to code-
sign a referral form with referring providers, consultant 
providers and administrators, which should be adequate 
for consultation referrals across multiple specialties. 
Implementation of this codesigned referral form is 
expected to improve referring providers’ experience by 
reducing administrative burdens and improve referral 
quality by more clearly defining essential referral data 
fields. Further studies will be needed to assess and improve 
the codesigned referral form’s impact on referral quality, 
referral appropriateness, patient safety, and provider 
experiences.

Contributors SL, SJ, JE, JD, VG and VN contributed to the design of this study. SL 
contributed to the referral guideline and referral form review. All members were 
involved in the codesign session, data analysis and manuscript production. SL is 
the guarantor of this study.

Consultant clinic’s information

Current medications:

Current problems:

Past medical history:

Allergies:

Supporting documentation

Please attach all relevant laboratory and diagnostic investigations from last 6 months.

▢ Personal health information that is medically relevant has not been disclosed at the request of the patient.

Referrer’s information

Site name: Phone number:

Address line 1: Fax number:

Address line 2: Billing number:

City: Professional ID number:

Province: Signature:

Postal code: Clinician type:

Copy of referral and status updates to:

Grey cells have conditional logic to only appear if the grey option is selected in the preceding row to minimise the screen space required 
to view the form. Some sections are optional and are clearly demarcated as such. This template is most useful for digital referrals where 
details can be automatically completed, and conditional logic applied as demonstrated. CPP = Cumulative Patient Profile, which is a patient 
summary. COPD = chronic obstructive pulmonary disease.

Table 5 Continued
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ABSTRACT
Background Current approaches for initial coronary 
artery disease (CAD) assessment rely on pretest probability 
(PTP) based on risk factors and presentations, with limited 
performance. Infrared thermography (IRT), a non- contact 
technology that detects surface temperature, has shown 
potential in assessing atherosclerosis- related conditions, 
particularly when measured from body regions such as 
faces. We aim to assess the feasibility of using facial IRT 
temperature information with machine learning for the 
prediction of CAD.
Methods Individuals referred for invasive coronary 
angiography or coronary CT angiography (CCTA) were 
enrolled. Facial IRT images captured before confirmatory 
CAD examinations were used to develop and validate a 
deep- learning IRT image model for detecting CAD. We 
compared the performance of the IRT image model with 
the guideline- recommended PTP model on the area under 
the curve (AUC). In addition, interpretable IRT tabular 
features were extracted from IRT images to further 
validate the predictive value of IRT information.
Results A total of 460 eligible participants (mean 
(SD) age, 58.4 (10.4) years; 126 (27.4%) female) were 
included. The IRT image model demonstrated outstanding 
performance (AUC 0.804, 95% CI 0.785 to 0.823) 
compared with the PTP models (AUC 0.713, 95% CI 0.691 
to 0.734). A consistent level of superior performance 
(AUC 0.796, 95% CI 0.782 to 0.811), achieved with 
comprehensive interpretable IRT features, further validated 
the predictive value of IRT information. Notably, even 
with only traditional temperature features, a satisfactory 
performance (AUC 0.786, 95% CI 0.769 to 0.803) was still 
upheld.
Conclusion In this prospective study, we demonstrated 
the feasibility of using non- contact facial IRT information 
for CAD prediction.

INTRODUCTION
Coronary artery disease (CAD) is the leading 
cause of mortality and imposes a signifi-
cant disease burden worldwide.1 Accurate 
CAD assessment is crucial to inform appro-
priate downstream care. Current guidelines 

rely on pretest probability (PTP) tools to 
estimate CAD probability in suspected 
patients.2 3 However, these tools suffer from 
issues of subjectivity, modest precision and 
limited generalisability.3–5 Although supple-
mentary cardiovascular examinations such 
as electrocardiography and coronary artery 
calcium (CAC) score, or complex clinical 
models incorporating additional risk factors 

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ The current conventional approaches for initial 
coronary artery disease (CAD) assessment in clini-
cal practice mainly rely on pretest probability tools 
based on traditional risk factors and symptoms, 
which often exhibit limited prediction performance.

 ⇒ Infrared thermography (IRT), a non- contact tech-
nology that captures surface temperature, has 
shown promising potential in assessing various 
atherosclerosis- related conditions but has not yet 
been evaluated for its clinical feasibility in predicting 
CAD.

WHAT THIS STUDY ADDS
 ⇒ For suspected individuals referred for confirmatory 
CAD evaluation, we demonstrated that human fa-
cial temperature information captured by the non- 
contact IRT can be effectively used by advanced 
machine learning algorithms for predicting CAD.

 ⇒ Both an end- to- end, deep- learning- based facial IRT 
image analysis approach and an interpretable facial 
temperature variable extraction approach exhibited 
superior performance for CAD prediction, compared 
with conventional clinical methods.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ Novel biophysiological information from facial tem-
perature offers the possibility of real- time, non- 
contact CAD detection, which could potentially be 
adopted in clinical practice to improve the accuracy 
of CAD assessment and optimise the current clinical 
workflow.

http://bmjopen.bmj.com/
http://orcid.org/0000-0003-1235-3180
http://orcid.org/0000-0002-9162-6492
https://doi.org/10.1136/bmjhci-2023-100942
https://doi.org/10.1136/bmjhci-2023-100942
http://crossmark.crossref.org/dialog/?doi=10.1136/bmjhci-2023-100942&domain=pdf&date_stamp=2024-04-24
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of comorbidities and laboratory markers, could improve 
CAD probability estimation, they often present chal-
lenges regarding procedural complexity, time efficiency 
and limited availability.6–10 Therefore, there is a need for 
more accurate CAD prediction tools that efficiently inte-
grate these different aspects of additional CAD- related 
information.

Infrared thermography (IRT) is a non- contact, real- 
time imaging technology that captures temperature 
distribution and variations on the object’s surface by 
detecting self- emitted infrared radiation.11 This non- 
invasive approach has emerged as a promising tool for 
disease assessment, as it can identify areas of abnormal 
blood circulation and inflammation activity through the 
measurement of skin temperature patterns. Studies in 
recent years have revealed strong associations between 
human body IRT temperature information and various 
conditions related to atherosclerotic cardiovascular 
disease (ASCVD), including carotid and peripheral 
artery diseases (PAD),12 13 diabetes,14 hyperlipidaemia,15 
metabolic syndrome16 and inflammatory conditions.17 18 
Among these studies, the human face has received partic-
ular attention due to its convenience and the previ-
ously reported link between human facial features and 
CAD risk.19 20 However, previous IRT studies have used 
simplistic, low- dimensional IRT information extracted 
and analysed with conventional statistical methods, which 
limited their ability to objectively and comprehensively 
quantify and use the wealth of information contained in 
IRT images. The advent of machine learning (ML) tech-
nology to extract, process and integrate complex infor-
mation has shown impressive capability in harnessing the 
myriad of imaging information for various disease predic-
tions.21–23 Therefore, we hypothesised that the IRT infor-
mation measured from human faces, with the aid of ML 
technology, could be fully used for CAD prediction in a 
non- contact manner.

This study aims to investigate the feasibility of using 
non- contact captured facial IRT temperature information 
for CAD prediction.

METHODS
Study design and participants
This is a prospective, single- centre, cross- sectional study 
( ClinicalTrials. gov Identifier: NCT04941560). Eligible 
adult participants undergoing invasive coronary angi-
ography (ICA) or coronary CT angiography (CCTA) at 
the National Center for Cardiovascular Disease, Fuwai 
Hospital were enrolled (detailed inclusion and exclusion 
criteria in online supplemental method S1). Informed 
consents were obtained from all eligible patients, with 
permission to use their facial IRT images, as well as 
required medical record data, for research- only deiden-
tified analysis. Our study followed the Transparent 
Reporting of a Multivariable Prediction Model for Indi-
vidual Prognosis or Diagnosis reporting guideline (online 
supplemental table S1).24

Data collection
Trained clinical researchers collected baseline infor-
mation and conducted IRT filming. The participants’ 
presenting complaints, lifestyles, socioeconomic status, 
medical and family history, and medication usage were 
documented. The IRT filming was conducted in a confined 
room with air conditioning- controlled environmental 
temperature prior to the ICA or CCTA examination. 
Participants were seated in a stationary position, looking 
horizontally and naturally at an IRT camera (FLIR A315, 
FLIR Systems, USA) fixed at a distance of 1.5 m. The IRT 
filming commenced after proper positioning and align-
ment of the participant’s face and a 3 min resting period. 
The entire filming process lasted for at least 5 s with the 
participant maintaining a still and centred position in the 
IRT capturing frame. Further demographic information, 
clinical history and risk factors, baseline blood biochem-
istry results and confirmatory CAD workup findings were 
obtained by reviewing participants’ electronic medical 
records.

Data preparation and labelling
For each participant, one facial IRT image was selected 
and underwent preparation procedures before analyses, 
including greyscale conversion, background cropping 
and uniform resizing (online supplemental method S2). 
The prediction of interest in this study is the presence 
of CAD or not, as evidenced by ICA or CCTA findings, 
defined as a coronary lesion stenosis ≥50%. Two interven-
tional cardiologists or radiologists, blinded to the study 
design and patient information, independently reviewed 
ICA or CCTA findings to evaluate the presence and/
or degree of CAD lesions. Discrepancies were resolved 
through a third reviewer invited for final consensus.

Clinical and IRT image models for CAD prediction
To develop and evaluate CAD prediction models, we 
performed five repetitions of fivefold cross- validations 
with random shuffling.
i. IRT image model: We employed an advanced deep- 

learning algorithmic framework optimised for 
relatively small- sample training while effectively le-
veraging relevant information to achieve satisfactory 
prediction performance. This framework comprises 
two essential components: the contrastive language- 
image pretraining image encoder, known for its 
exceptional zero- shot capabilities in extracting high- 
fidelity image features without task- specific training25 
and a vision transformer layer incorporating self- 
attention mechanisms to capture global context and 
relationships within the image for better integration 
of local and global features.26 Additionally, a single 
fully connected layer served as the final classifier (de-
tailed algorithm description and training process in 
online supplemental method S3; algorithm frame-
work in online supplemental figure S1). This stream-
lined framework operated in an end- to- end manner 
for CAD prediction based on one single IRT image.

https://dx.doi.org/10.1136/bmjhci-2023-100942
https://dx.doi.org/10.1136/bmjhci-2023-100942
https://dx.doi.org/10.1136/bmjhci-2023-100942
https://dx.doi.org/10.1136/bmjhci-2023-100942
https://dx.doi.org/10.1136/bmjhci-2023-100942
https://dx.doi.org/10.1136/bmjhci-2023-100942
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ii. Models with clinical variables: Two CAD prediction 
models with clinical information were constructed 
for comparison with the IRT image model. (1) The 
guideline- recommended PTP model for CAD pre-
diction, which requires the patient’s age, sex and 
presenting symptom characteristics,3 7 served as the 
clinical baseline for predicting CAD. (2) A hybrid 
model that incorporated both clinical and IRT infor-
mation. Specifically, this model fused the clinical vari-
ables from the PTP model with the IRT information 
from the IRT image model, in order to assess whether 
there was any additional performance improvement 
from this joint data input.

IRT image model interpretation
To enhance our understanding of how IRT information 
contributes to CAD prediction, we conducted a series 
of interpretation analyses to gain insights into the IRT 
image model:
i. Occlusion experiments: To quantify the contribution 

of different IRT facial regions to model’s predictions, 
we sequentially occluded the corresponding region 
of interest (ROI) for each of the 10 facial regions. We 
then measured the individual impact of each occlu-
sion on the model’s performance.

ii. Saliency map visualisation: The gradient- weighted 
class activation map (Grad- CAM) method was em-
ployed to visually identify key areas in each facial IRT 
image that the algorithm focuses on for CAD predic-
tion (online supplemental method S4).27

iii. Dose–response analyses: To explore the potential 
causal relationship between facial IRT information 
and CAD status, we investigated the association be-
tween individuals’ CAD risk predicted by the IRT 
model and the CAD lesion severity.

iv. CAD surrogate label prediction: To further explore 
potential mechanisms by which IRT information may 
contribute to CAD prediction, we hypothesised that 
the IRT model’s predictive potential may derive from 
identifying various CAD- contributing or related as-
pects, represented by surrogate labels of ASCVD risk 
factors and other cardiovascular or inflammation 
markers. We tested this hypothesis by evaluating the 
performance of IRT models in predicting these sur-
rogate labels.

Interpretable IRT features for CAD prediction
To further validate our hypothesis regarding the predic-
tive value of IRT information for CAD and to obtain more 
human- interpretable insights, we extracted a diverse 

Figure 1 Flow chart of the study dataset and design. CABG, coronary artery bypass grafting; CAD, coronary artery disease; 
CCTA, coronary CT angiography; CLIP, contrastive language- image pretraining; ICA, invasive coronary angiography; IRT, 
infrared thermography; PCI, percutaneous coronary intervention; Temp., temperature; ViT, vision transformer.

https://dx.doi.org/10.1136/bmjhci-2023-100942
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Table 1 Baseline characteristics

Overall
(n=460)

CAD
(n=322)

No CAD
(n=138) P value

Age, mean (SD) 58.4 (10.4) 60.4 (9.7) 53.8 (10.6) <0.001

Female sex, n (%) 126 (27.4) 74 (23.0) 52 (37.7) 0.002

Smoking, n (%) 219 (47.6) 177 (55.0) 42 (30.4) <0.001

BMI, mean (SD) 25.5 (3.0) 25.6 (3.0) 25.2 (3.0) 0.155

Menopause, n (%) 107 (84.9) 71 (95.9) 36 (69.2) <0.001

Early ASCVD family history, n (%) 18 (3.9) 15 (4.7) 3 (2.2) 0.128

Hypertension, n (%) 267 (58.0) 215 (66.8) 52 (37.7) <0.001

Hyperlipidaemia, n (%) 348 (75.7) 295 (91.6) 53 (38.4) <0.001

Diabetes mellitus, n (%) 112 (24.3) 96 (29.8) 16 (11.6) <0.001

Cerebrovascular event, n (%) 67 (14.6) 59 (18.3) 8 (5.8) 0.001

Peripheral artery disease, n (%) 48 (10.4) 44 (13.7) 4 (2.9) 0.001

Congestive heart failure, n (%) 63 (13.7) 32 (9.9) 31 (22.5) 0.001

Chronic kidney disease, n (%) 5 (1.1) 4 (1.2) 1 (0.7) 1.00

COPD, n (%) 7 (1.5) 5 (1.6) 2 (1.4) 1.00

Atrial Fibrillation, n (%) 35 (7.6) 21 (6.5) 14 (10.1) 0.250

Chronic inflammatory disease, n (%) 18 (3.9) 14 (4.3) 4 (2.9) 0.637

CAD symptoms, n (%)

  No symptoms 77 (16.7) 42 (13.0) 35 (25.4) 0.002

  Non- anginal 102 (22.2) 70 (21.7) 32 (23.2)

  Atypical 146 (31.7) 102 (31.7) 44 (31.9)

  Typical 135 (29.3) 108 (33.5) 27 (19.6)

Regular medications

  Aspirin, n (%) 191 (41.5) 173 (53.7) 18 (13.0) <0.001

  Beta blocker, n (%) 116 (25.2) 92 (28.6) 24 (17.4) 0.016

  Statin, n (%) 210 (45.7) 173 (53.7) 37 (26.8) <0.001

  Nonstatin lipid- lowering drugs, n (%) 11 (2.4) 7 (2.2) 4 (2.9) 0.740

  ACEI/ARB, n (%) 125 (27.2) 103 (32.0) 22 (15.9) 0.001

  CCB, n (%) 121 (26.3) 94 (29.2) 27 (19.6) 0.042

Fast glucose, mean (SD) 6.3 (2.0) 6.5 (2.2) 5.7 (1.3) <0.001

Total cholesterol, mean (SD) 4.3 (1.2) 4.2 (1.2) 4.7 (1.1) <0.001

Triglyceride, mean (SD) 1.7 (1.7) 1.7 (1.9) 1.5 (0.9) 0.058

HDL, mean (SD) 1.2 (0.3) 1.2 (0.3) 1.3 (0.3) <0.001

LDL, mean (SD) 2.5 (1.0) 2.4 (0.9) 2.9 (1.0) <0.001

Haemoglobin A1c%, mean (SD) 6.3 (1.2) 6.4 (1.2) 5.9 (0.7) <0.001

ESR, mean (SD) 8.0 (9.6) 8.3 (10.2) 6.7 (5.8) 0.069

CRP, mean (SD) 3.6 (5.2) 3.7 (5.5) 3.0 (3.4) 0.231

LVEF, mean (SD) 63.2 (6.2) 62.5 (6.6) 65.1 (4.5) <0.001

Coronary confirmatory exam, n (%) <0.001

  ICA 379 (82.4) 310 (96.3) 69 (50.0)

  CCTA 81 (17.6) 12 (3.7) 69 (50.0)

Coronary Lesion severity, n (%) <0.001

  No coronary stenosis >50% 138 (30.0) / 138 (100.0)

  One vessel 89 (19.3) 89 (27.6) /

  Two vessels 74 (16.1) 74 (23.0) /

  Left main or three or more vessels 159 (34.6) 159 (49.4) /

ACEI/ARB, ACE inhibitor or angiotensin receptor blocker; ASCVD, atherosclerotic cardiovascular diseases; BMI, body mass index; CAD, coronary artery disease; 
CCB, calcium channel blocker; CCTA, coronary CT angiography; COPD, chronic obstructive pulmonary disease; CRP, C reactive protein; ESR, erythrocyte 
sedimentation rate; HDL, high- density lipoprotein; ICA, invasive coronary angiography; LDL, low- density lipoprotein; Lp(a), lipoprotein(a); LVEF, left ventricular 
ejection fraction.
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set of IRT tabular features from the IRT image. These 
features served as purer and more intuitive representa-
tions of underlying IRT information, reflecting facial 
temperature distribution. These extracted IRT features 
were categorised into two main levels: whole- face level 
and ROI- specific level. At the ROI- specific level, we parti-
tioned the image into 18 facial ROIs (online supple-
mental method S5) and extracted features, respectively, 
resulting in a total of 619 ROI- specific IRT features. In 
addition, nine features were extracted at the whole- face 
level. A total of 628 IRT features encompassed four cate-
gories, namely: traditional temperature features, first- 
order texture features, second- order texture features 
and the fractal analysis feature (detailed description and 
a complete list of IRT features in online supplemental 
method S5 and table S2).

We employed the XGBoost algorithm, a gradient- 
boosted decision tree approach,28 to integrate these 
extracted interpretable IRT features and assess their 
predictive values for CAD. We evaluated the performance 
of two approaches: one using all the interpretable IRT 
features and the other using only the traditional tempera-
ture features. The former comprehensive IRT feature 
approach aimed to approximate as much volume of IRT 
information as that used in the end- to- end IRT image 

model. Whereas, the traditional temperature feature- only 
approach was to explore the predictive values of tradi-
tional temperature variables, which can be more readily 
available in clinical practice even if an IRT camera is not 
readily accessible. We further leveraged the feature impor-
tance functionality inherent in tree- based ML models to 
obtain rankings of individual facial IRT features, which 
assigned importance scores to each feature based on their 
contributions to the overall model performance.

Statistical analysis
Data are presented as mean with SD or median with IQR 
for continuous variables, and percentages for categorical 
variables. Student’s t- test or Wilcoxon rank- sum test was 
used to compare continuous variables, while the χ2 test 
or Fisher’s exact test was used for categorical variables. 
The model’s discrimination performance was evaluated 
by area under the curve (AUC) with 95% CIs. All compar-
isons were two sided, with statistical significance defined 
as p<0.05, without adjustment for multiple comparisons. 
MATLAB V.R2021b (MathWorks, Massachusetts, USA) 
and Python V.3.10.5 were used for data preprocessing 
and model development, and R V.4.0.3 (R Foundation 
for Statistical Computing, Vienna, Austria) was used for 
plotting and statistical analysis.

Figure 2 Receiver operating characteristic curves of models performance for CAD prediction. The legend in the right lower 
corner indicates different CAD prediction models and their corresponding AUC estimates, as well as the 95% CIs. AUC, area 
under the curve; CAD, coronary artery disease; IRT, Infrared thermography; PTP, pretest probability.

https://dx.doi.org/10.1136/bmjhci-2023-100942
https://dx.doi.org/10.1136/bmjhci-2023-100942
https://dx.doi.org/10.1136/bmjhci-2023-100942
https://dx.doi.org/10.1136/bmjhci-2023-100942
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RESULTS
Study participant overview
Between 6 September 2021 and 10 February 2023, a 
total of 893 adult participants undergoing ICA or CCTA 
evaluation were screened. After excluding 433 individ-
uals according to study criteria, 460 eligible participants 
were included. All participants underwent standard 
IRT filming, and their image quality was assessed, with 
all participants having at least one qualified IRT image, 
constituting the final analysis dataset (figure 1). Among 
this final dataset (460 participants with corresponding 
460 IRT images), the mean age was 58.4 (SD 10.4) and 
126 individuals (27.4%) were female. A total of 322 partic-
ipants (70.0%) were confirmed to have CAD. Table 1 
presents the baseline characteristics between CAD and 
non- CAD participants. Compared with non- CAD partici-
pants, those with CAD were older, more likely to be male, 

had a greater prevalence of lifestyle, clinical and labora-
tory risk factors for CAD, as well as more frequent use of 
primary prevention medications.

CAD prediction model performance
The performance of the individual CAD prediction 
models in the validation sets under the current five- 
repeated fivefold cross- validation design is summarised 
in online supplemental table S3. In comparison to the 
guideline- recommended PTP model (AUC 0.713, 95% CI 
0.691 to 0.734), the IRT image model exhibited a consid-
erably higher performance (AUC 0.804, 95% CI 0.785 to 
0.823). Furthermore, when integrating clinical variables 
from the PTP models with the IRT image as joint input, 
the resulting IRT- PTP hybrid model (AUC 0.805, 95% CI 
0.793 to 0.827) did not yield a significant difference in 

Figure 3 Analyses of the interpretable IRT features for coronary artery disease (CAD) prediction. (A) Predictive performance for 
using all or traditional temperature- only IRT features for CAD prediction, as compared with the PTP model; (B) the ranking of the 
scaled importance value of the whole- face level features; (C) the ranking of the scaled importance value of the top 20 region of 
interest- level features. FD, fractal dimension; IRT, infrared thermography; L- R Δ, left- right difference; PTP, pretest probability; SX, 
sum of extrema; Temp., temperature; Δ, value difference.

https://dx.doi.org/10.1136/bmjhci-2023-100942
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performance improvement compared with the IRT image 
model alone (figure 2).

Interpretable IRT features for CAD prediction
Based on the manually extracted interpretable IRT 
features for further validation, both the all IRT feature 
approach (AUC 0.796, 95% CI 0.782 to 0.811) and the 
traditional temperature feature- only approach (AUC 
0.786, 95% CI 0.769 to 0.803) demonstrated superior 
performance (figure 3A), which closely aligned with the 
performance of the end- to- end IRT image model in utili-
sation of IRT information for CAD prediction.

The relative importance rankings of the interpre-
table IRT features for CAD prediction are depicted in 
figure 3B,C. At the whole- face level (figure 3B), of the 
three most significant features, the most influential 
one was the overall left- right temperature difference, 
followed by the maximal facial temperature, mean facial 
temperature and fractal dimension of facial temperature. 
Among the three most influential ROI- specific features 
(figure 3C), the mean temperature of the left jaw region 
exhibited the highest impact, followed by the tempera-
ture range of the right eye region and the left- right 
temperature difference of the left temple regions.

Interpretation of the IRT image model
The occlusion experiments (figure 4A) demonstrated 
varying degrees of reduction in the IRT image model 
performance when occluding different ROIs for any of 
the 10 facial regions. The largest decrease was observed 
when occluding the upper and lower lips (ie, the oral and 
perioral) region (ΔAUC=−0.035, 4.35%), followed by the 
left and right infraorbital (ΔAUC=−0.030, 3.68%) and 
cheeks (ΔAUC=−0.029, 3.56%), etc. In addition, exam-
ples of facial regions in the IRT image deemed important 
for the IRT image model prediction were visualised using 
the Grad- CAM method (figure 4B). Moreover, a trend 
of higher predicted CAD risk percentile was observed as 
CAD severity increased (figure 4C).

Table 2 presents the potential of the modified IRT 
image model to predict various surrogate labels associ-
ated with CAD. For ASCVD traditional risk factors, the 
image model demonstrated good performance in iden-
tifying hyperlipidaemia (0.831, 95% CI 0.811 to 0.850), 
male sex (0.988, 95% CI 0.985 to 0.991), smoking (0.749, 
95% CI 0.694 to 0.804), body mass index (mean absolute 
error (MAE) 2.593, 95% CI 2.147 to 3.038), HbA1C% 
(MAE 0.772, 95% CI 0.686 to 0.859), etc. Furthermore, 
the model also exhibited potential in identifying other 
cardiovascular (eg, NT- proBNP>300 pg/mL, 0.636 
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Figure 4 Interpretation and visualisation of the IRT image model. (A) Results of the occlusion tests in assessing the effect 
of individual facial regions after occlusion on the IRT image model’s predictive performance, measured by the degree of AUC 
reduction (ΔAUC); (B) visualisation of examples with specific facial regions deemed important for IRT image model prediction 
highlighted by the Gradient- weighted Class Activation Map methods; (C) dose–response relationship between the CAD lesion 
severity and the IRT image model predicted CAD risk percentiles. AUC, area under the curve; CAD, coronary artery disease; IRT, 
infrared thermography; LM, left main.
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(95% CI 0.593 to 0.678)) and inflammation- related labels 
(eg, chronic inflammatory diseases, 0.631 (95% CI 0.536 
to 0.726), elevated erythrocyte sedimentation rate, 0.645 
(95% CI 0.524 to 0.766), etc).

DISCUSSION
In this study, we have demonstrated the feasibility of 
using IRT temperature information from human faces 
to predict CAD in a non- contact manner. Our devel-
oped deep- learning IRT image model for CAD predic-
tion achieved superior performance compared with the 
current guideline- recommended PTP model that relied 
on traditional risk factors and clinical presentation for 
CAD assessment. The current findings highlighted the 
promising potential of facial temperature information 
in CAD assessment, which could be harnessed through 
either the end- to- end IRT image- based deep- learning 
approach or through a more interpretable temperature 
variable approach in clinical practice (figure 5).

The feasibility of IRT information for CAD prediction 
was built on previous evidence between IRT and ASCVD- 
related conditions. For ASCVD risk factors, previous 
studies demonstrated that combining temperature and 
textural features from facial IRT images with clinical 
risk factors achieved high prediction accuracy for type 
II diabetes.14 Associations were also found between body 
surface temperature measured by IRT in specific regions 
and blood lipid levels.15 Distinct IRT distribution patterns, 
especially temperature asymmetry, have also been 
observed in individuals at high risk or with established 

CAD.29 Inflammation, an increasingly recognised non- 
traditional risk factor contributing to ASCVD,30–32 has 
also been reflected in IRT images in various chronic 
inflammatory conditions.17 18 Therefore, it is possible 
that IRT information reflective of inflammation activity 
could be used in ASCVD prediction and evaluation. The 
potential of IRT in assessing established ASCVD diseases 
has also been explored in previous studies, including PAD 
from IRT measurements in peripheral extremities13 and 
carotid atherosclerosis detected by IRT obtained from 
neck and facial regions.12 33 In addition, studies have also 
investigated the dynamic temperature changes captured 
through IRT to reflect vascular function, which was further 
shown to be well correlated with ASCVD risk, CAC score 
and myocardial perfusion defects.34–36 However, previous 
studies generally employed simplistic approaches for IRT 
information extraction and analysis, which could limit 
their ability to comprehensively and objectively integrate 
the full breadth of IRT information for disease assess-
ment. In our study, we conducted surrogate label predic-
tion experiments to replicate and validate these previous 
findings. The observed overall strong performance of 
our IRT models in predicting these CAD- related surro-
gate labels further strengthens the pathophysiological 
plausibility and validity of facial IRT information for CAD 
prediction.

Internal validity and interpretability were prioritised 
in establishing the feasibility of IRT models in predicting 
CAD in the current study. The IRT image model employed 
a state- of- the- art deep- learning framework, allowing for 

Table 2 IRT model prediction for surrogate labels contributing or related to CAD

Surrogate labels AUC (95% CI) MAE (95% CI)

ASCVD traditional risk factors

  Hyperlipidaemia 0.831 (0.811 to 0.850) /

  Hypertension 0.640 (0.607 to 0.673) /

  Diabetes mellitus 0.659 (0.573 to 0.745) /

  Male 0.988 (0.985 to 0.991) /

  Age / 8.23 (7.543 to 8.914)

  Body mass index / 2.593 (2.147 to 3.038)

  Smoking 0.749 (0.694 to 0.804) /

  Early ASCVD family history 0.691 (0.587 to 0.795) /

  HbA1C% / 0.772 (0.686 to 0.859)

Inflammation and other cardiovascular markers

  Chronic inflammatory diseases 0.631 (0.536 to 0.726) /

  Elevated ESR level* 0.645 (0.524 to 0.766) /

  Elevated Inflammatory Markers† 0.601 (0.539 to 0.663) /

  NT- proBNP>300 pg/mL 0.636 (0.593 to 0.678) /

*The elevated level refers to the laboratory value higher than the upper bound of reporting normal range.
†Inflammatory markers include ESR, C reactive protein and Interleukin- 6.
ASCVD, atherosclerotic cardiovascular diseases; AUC, area under the curve; CAD, coronary artery disease; CRP, C reactive protein; ESR, 
erythrocyte sedimentation rate; HbA1C%, Hemoglobin A1C%; IRT, infrared thermography; MAE, mean absolute error; NT- proBNP, N- terminal 
pro- B- type natriuretic peptide.
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robust extraction of high- fidelity image features and reli-
able prediction for our specific downstream task, even 
with a relatively small training sample size. Notably, the 
addition of clinical variables to the IRT image model did 
not yield further improvements compared with the stand-
alone end- to- end IRT image- based approach, suggesting 
that the facial IRT information extracted by the algorithm 
may already encompass relevant clinical information asso-
ciated with CAD. Model interpretation also confirmed 
that the deep- learning algorithm focused on potentially 
relevant facial IRT areas and helped identify important 
facial regions contributing to predictions. Further-
more, the observed dose–response relationship between 
predicted CAD risk and CAD severity further bolstered 
the model’s credibility. The predictive value of IRT infor-
mation for CAD was further validated by the interpretable 
IRT tabular features, which could also avoid potential 
inclusion of irrelevant image details that might give away 
the prediction label and thus inflate performance.37 
Importantly, this interpretable IRT tabular feature- based 
approach demonstrated relatively consistent perfor-
mance as the deep- learning IRT image model. With these 
human- interpretable IRT features, we also gained insights 
into specific aspects of facial IRT temperature informa-
tion deemed important for the CAD predictions, with 

prominent aspects such as facial temperature asymmetry 
and distribution non- uniformity.

The feasibility of IRT temperature- based CAD predic-
tion suggests potential future applications and research 
opportunities. As a biophysiological- based health assess-
ment modality, IRT provides disease- relevant information 
beyond traditional clinical measures that could enhance 
ASCVD and related chronic condition assessment. The 
non- contact, real- time nature of the end- to- end IRT 
image model allows for instant disease assessment at the 
point of care, which could streamline clinical workflows 
and save time for important physician–patient decision- 
making. In addition, it has the potential to enable mass 
prescreening for more cost- effective adoption of down-
stream screening modalities (eg, CAC score). Deploying 
IRT- based assessment in a non- contact and passive moni-
toring manner could also enable continuous evaluation 
of disease progression in the daily living spaces outside of 
regular clinic visits.38 Depending on resource availability, 
the temperature- based CAD assessment could be adopted 
accordingly with satisfactory performance, from the more 
widely available traditional temperature features that 
could be measured with regular thermometer, to the end- 
to- end IRT- based imaging approach that uses validated IR 
cameras with good reproducibility and minimal operator 

Figure 5 Central illustration. CAD, coronary artery disease; CLIP, contrastive language- image pretraining; FD fractal dimension; 
IRT, infrared thermography; L- R Δ, left- right difference; PTP, pretest probability; SX, sum of extrema; Temp., temperature; ViT, 
vision transformer; Δ, value difference.
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training. Importantly, IR temperature- based prediction 
tools have several inherent advantages that enhance their 
trustworthiness for healthcare providers, including its 
physiologically sound mechanism, high reproducibility 
and user- friendly operation.

Several limitations should be acknowledged in the 
current study. First, the relatively small sample size may 
have limited the performance of current IRT algorithms. 
To address this limitation, we employed ML algorithms 
with simplistic structure optimised for small- sample 
prediction tasks, which minimised the training require-
ments while still achieving valid and satisfactory perfor-
mance. Second, the study was conducted in a single- centre 
cohort, necessitating external validation from diverse 
patient populations in multicentre studies. Lastly, the 
study participants were patients referred for confirmatory 
CAD examinations, and therefore, represented a higher 
PTP spectrum, which could limit the generalisability 
of current findings. Future research should include a 
broader spectrum of patients for CAD evaluation.

CONCLUSION
In this diagnostic study, we have examined and established 
the feasibility of using non- contact captured human facial 
temperature information by IRT in predicting CAD. Our 
developed IRT prediction models, based on advanced 
ML technology, have exhibited promising potential 
compared with the current conventional clinical tools. 
Further investigations incorporating larger sample sizes 
and diverse patient populations are needed to validate the 
external validity and generalisability of current findings.
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ABSTRACT
Background The learning health system (LHS) concept 
is a potential solution to the challenges currently faced by 
primary care. There are few descriptions of the barriers 
and facilitators to achieving an LHS in general practice, 
and even fewer that are underpinned by implementation 
science. This study aimed to describe the barriers and 
facilitators to achieving an LHS in primary care and provide 
practical recommendations for general practices on their 
journey towards an LHS.
Methods This study is a secondary data analysis from a 
qualitative investigation of an LHS in a university- based 
general practice in Sydney, Australia. A framework analysis 
was conducted using transcripts from semistructured 
interviews with clinic staff. Data were coded according to 
the theoretical domains framework, and then to an LHS 
framework.
Results 91% (n=32) of practice staff were interviewed, 
comprising general practitioners (n=15), practice nurses 
(n=3), administrative staff (n=13) and a psychologist. 
Participants reported that the practice alignment with 
LHS principles was influenced by many behavioural 
determinants, some of which were applicable to 
healthcare in general, for example, some staff lacked 
knowledge about practice policies and skills in using 
software. However, many were specific to the general 
practice environment, for example, the environmental 
context of general practice meant that administrative staff 
were an integral part of the LHS, particularly in facilitating 
partnerships with patients.
Conclusions The LHS journey in general practice is 
influenced by several factors. Mapping the LHS domains in 
relation to the theoretical domains framework can be used 
to generate a roadmap to hasten the journey towards LHS 
in primary care settings.

BACKGROUND
Primary care is the ‘frontline’ of healthcare; 
it is the first point of contact with the health 
system for most people1 2 and thus an essen-
tial component of care delivery. Primary care 
can reduce overall health costs and relieve 
pressure on other areas of the health system; 
for example, by reducing the number of 
preventable or unnecessary presentations to 
emergency departments.3 In many countries, 

including the UK and Australia, primary care 
is chiefly provided through general practi-
tioners (GPs).4 5 However, general practice 
is under pressure. Ageing populations and 
an increase in chronic disease have height-
ened the demand for primary care services.6 7 
Growth in the workforce has flatlined8 9 with 
fewer GPs providing care for more people,10 
and many GPs unsure of the viability of their 
practice.11 More recently, the unprecedented 
challenge of a global pandemic has necessi-
tated system- wide reorganisation12 and placed 
many additional stresses on GPs and the 
system in which they work.13 The solutions to 
these entrenched implementation issues are 
by no means easy or short term, but in the 
interim, general practice needs a viable frame-
work to guide the steps towards a sustainable 
and high- performing primary care system. In 
response, the concept of a learning health 
system (LHS) has been proposed.14 According 
to the National Academy of Medicine (NAM; 
then the Institute of Medicine), an LHS is a 
system that ‘consistently delivers reliable perfor-
mance and constantly improves, systematically and 

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ The learning health system (LHS) concept is gaining 
traction in multiple healthcare settings yet remains 
relatively underexamined in primary care, particu-
larly through the lens of implementation science.

WHAT THIS STUDY ADDS
 ⇒ This study uses an established implementation 
science framework to describe key facilitators and 
barriers to the cultivation of an LHS in a primary care 
setting.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ We compare these factors to the small existing body 
of literature in this area and propose practical solu-
tions to implement the principles of the LHS into 
primary care practice.
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seamlessly, with each care experience—in short, a system with an 
ability to learn’.15

LHSs have been embraced by multiple providers who 
have reported a variety of benefits, including increases in 
evidence- based care delivery, improved clinical outcomes, 
higher levels of patient- centred care and reductions in 
adverse events.16 The core characteristics of an LHS iden-
tified by the NAM include: (1) science and informatics 
that provide real- time access to knowledge and digitally 
capture care delivery; (2) patient–clinician partnerships, 
where patients are engaged, empowered participants in 
care; (3) incentives that reward high- value care and trans-
parency; and (4) a continuous learning culture that is 
supported by the system and its leaders.17 More recently, 
a fifth characteristic has been identified, structure and 
governance, that aligns policy and regulation to facilitate 
research, collaboration and learning.18 An LHS can mani-
fest at the micro level of the practice right through to 
the macro level of the healthcare system. This makes the 
LHS model well suited for primary care, and able to help 
support the performance of individual general practices 
and their interactions with the larger healthcare system. 
However, despite their promise for primary care, most 
reports describe LHS in tertiary hospital settings, with few 
that focus on the unique context of general practice or its 
providers on the frontlines of care.19

Even less frequent in the literature are reports of 
primary care LHS that are underpinned by principles of 
implementation science, a field that aims to establish what 
works and why in the translation of research evidence into 
practice.20 The simplicity of the five- part LHS framework 
is somewhat deceptive; not only are its components multi-
faceted and their role unpredictable,21 but they must also 
be applied in the broader complex adaptive system of 
healthcare.22 Subsequently, there are many factors that 
affect the success of the LHS in the real world. Imple-
mentation science frameworks provide an evidence- based 
explanation of such factors, enabling us to leverage facil-
itators, and overcome barriers. An established method of 
doing so is via the theoretical domains framework (TDF), 
which brings together multiple theories of behaviour 
change into a single 14- item framework.23 In the present 
study, we used the TDF to conduct secondary analysis of 
data obtained in our previous investigation of an LHS in 
the general practice setting. We aimed to identify and 
describe the barriers and facilitators to adopting LHS 
principles specific to each of the five components of the 
LHS framework, and to provide evidence- based imple-
mentation recommendations for general practices who 
are making the journey towards an LHS.

METHODS
This study is a secondary analysis of data generated in a 
qualitative investigation of an LHS in primary care.24 Our 
original investigation brought together researchers from 
the Australian Institute of Health Innovation (AIHI) 
and staff from MQ Health General Practice (MQGP) 

in a qualitative study that used an embedded research 
approach and that was codesigned by the research team 
from AIHI, and clinicians and senior clinic administra-
tors from MQGP.

Study setting and context
MQGP is a not- for- profit, university- based general practice 
that operates in the northern suburbs of Sydney, Australia 
across two sites: one adjacent to a hospital on the univer-
sity campus, and one in a suburban location.24 The prac-
tice is part of the broader entity of MQ Health, which also 
comprises specialist clinics, an inpatient hospital, and 
allied health, medical imaging, radiotherapy and on- site 
pathology services. Most MQGP staff are employees of 
MQ Health and have access to educational resources 
available to employees of Macquarie University. Due to 
its university affiliation, MQGP is actively involved in 
research and teaching activities and has a strong record 
of quality improvement initiatives. MQGP also partici-
pates in its local Primary Health Network (PHN), which 
is a government- initiated, independent organisation that 
aims to streamline and coordinate primary care services. 
At the time of the study, MQGP employed 17 GPs, 4 clinic 
nurses, 13 administrative staff and a clinical psychologist 
across both sites.

Embedded research approach
In our embedded research approach,25 a research 
assistant from AIHI (GD) was introduced to all MQGP 
staff at a clinic practice meeting in July 2021, and then 
worked alongside practice staff until December 2021. The 
embedded researcher was included on all staff emails, 
liaised closely with the practice’s business manager 
and GPs and attended the practice’s ‘strategy day’. The 
embedded researcher was also involved in the coordina-
tion and data collection of the present study.

Data collection and recruitment
We conducted semistructured interviews with MQGP staff. 
The research team used the modified five- characteristic 
NAM LHS framework18 to design the interview questions, 
which were then reviewed by multiple clinical and admin-
istrative staff at MQGP to ensure their clarity and rele-
vance to the practice. All practice staff were invited to take 
part in the study via email, where they were provided with 
participant information and consent forms that outlined 
the purpose of the research study. There was no sample 
size calculation for the study. Instead, we aimed to inter-
view a sample that was representative of all clinic staff. 
Interviews were conducted in October 2021 by a senior 
research fellow (LE) or the embedded research assistant 
(GD), either in person at the general practice or via tele-
conference. The interviewers had prior training in quali-
tative research methods and interviewing.

Analysis
Interviews were audio recorded and transcribed verbatim. 
To deidentify the data, staff were given a unique code that 
consisted of their role (ADMIN, administrative staff; GP, 
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general practitioner; NUR, nursing staff) and a random 
number. Deidentified interview transcripts were imported 
into NVivo V.20. The secondary analysis of study data was 
conducted by two members of the research team who 
were independent of the original study data collection 
(GF, MS), who conducted a deductive framework anal-
ysis26 with the TDF and LHS framework (the Indepen-
dent Analysis Team, IAT). The components of each of 
these frameworks are detailed in table 1.

Both members of the IAT first coded an interview tran-
script together in real time, categorising the data into 
the domains of the TDF. Then, the IAT independently 
coded five transcripts, iteratively checking agreement and 
discussing conflicts after each. After the fifth transcript, 
the IAT’s mean±SD agreement across all TDF domains 
was 87.6%±10.1%. The IAT researchers then each inde-
pendently coded half of the remaining transcripts. Next, 

they used the modified five- component NAM LHS frame-
work18 to organise the data in each TDF determinant; this 
second deductive process ensured data coded to each TDF 
determinant were also described in relation to the key 
tenets of an LHS. Counts of the number of participants 
who made statements coded to each TDF determinant 
and each LHS component were recorded. Finally, the IAT 
researchers met and inductively generated belief state-
ments that were relevant to each domain of the TDF and 
each component of the LHS. Final results were reviewed 
for validity by four members of the original study team: 
two senior academics from AIHI (LE, JB), one GP from 
MQGP (DF) and the embedded research assistant (GD).

RESULTS
A total of 32 out of 35 (91%) practice staff were inter-
viewed, which included GPs (n=15), practice nurses 

Table 1 Elements of the LHS and TDF frameworks

LHS components

  Science and informatics Real- time access to knowledge and digital capture of the care experience.

  Patient–clinician partnerships Engaged, empowered patients and families that are full partners in a patient- centred 
system.

  Incentives Incentives aligned for value that actively encourage ongoing improvement of care and full 
transparency.

  Continuous learning culture Leadership- instilled culture of learning and supportive system competencies that 
encourage staff skill development.

  Structure and governance Policies, governance and regulations aligned to facilitate research, collaboration and 
learning.

TDF determinants

  Knowledge An awareness of the existence of something.

  Skills An ability or proficiency acquired through practice.

  Social and professional roles and identity A coherent set of behaviours and displayed personal qualities of an individual in a social or 
work setting.

  Beliefs about capabilities Acceptance of the truth, reality or validity about an ability, talent or facility that a person can 
put to constructive use.

  Optimism The confidence that things will happen for the best or that desired goals will be attained.

  Beliefs about consequences Acceptance of the truth, reality or validity about outcomes of a behaviour in a given 
situation.

  Reinforcement Increasing the probability of a response by arranging a dependent relationship, or 
contingency, between the response and a stimulus.

  Intentions A conscious decision to perform a behaviour or a resolve to act in a certain way.

  Goals Mental representations of desired outcomes or end states.

  Memory, attention and decision processes The ability to retain information, focus selectively on aspects of the environment and 
choose between two or more alternatives.

  Environmental context and resources Any circumstance of a person’s situation or environment that discourages or encourages 
the development of skills and abilities, independence, social competence and adaptive 
behaviour.

  Social influences Those interpersonal processes that can cause individuals to change their thoughts, feelings 
or behaviours.

  Emotion A complex reaction pattern, involving experiential, behavioural and physiological elements, 
by which the individual attempts to deal with a personally significant matter or event.

  Behavioural regulation Anything aimed at managing or changing objectively measured actions.

LHS framework adapted from18. TDF framework reproduced from 23 under the Creative Commons Attribution 4.0 International License (http://
creativecommons.org/licenses/by/4.0/)
LHS, learning health system; TDF, theoretical domains framework.

http://creativecommons.org/licenses/by/4.0/)
http://creativecommons.org/licenses/by/4.0/)
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Table 2 Key TDF determinants and associated belief statements for each domain of the LHS framework

Key TDF domains Belief statements Exemplar quote

Science and 
informatics

Environmental context and 
resources

+ MQGP’s affiliation with both Macquarie 
University and the PHN facilitated real- time 
access to data.

‘Through the university we can access to 
a lot of information that would normally be 
subscription.’ (GP5)

+ Data associated with COVID- 19 tended to be 
made more rapidly available.

‘Take COVID as an example…protocols and 
guidelines are changing week to week.’ (GP1)

Social and professional roles and 
identity

~ Different professions had different access to 
science and informatics.

'I have access to things on the ETG and 
AMA…those are things that are just available 
for registrars.’ (GP8)

Knowledge − Low knowledge about how to access 
information prevented engagement with LHS.

‘I have no idea what [software] is, which 
sounds absolutely dreadful. No one’s brought 
it up with me.’ (ADMIN13)

Memory attention and decision 
processes

− Use of science and informatics was based 
around their perceived difficulty or cognitive 
load.

‘[I’m] probably not sure [about using the 
software]…if it is quite too difficult or if it’s, 
something that would actually take up time.’ 
(ADMIN2)

Beliefs about consequences + Belief that technology would decrease 
workload and have positive impacts on care 
facilitated its use.

‘I mean [the technology] is definitely useful 
and how that could be used, would be to 
recall patients who are falling through the 
cracks.’ (GP2)

Patient–clinician 
partnerships

Reinforcement + Engagement in partnerships was driven by the 
rewards they provided.

‘The way I know whether we're providing a 
good service is, patient feedback.’ (ADMIN1)

Environmental context and 
resources

+ Strong and clear leadership and management 
promoted partnerships.

‘[At MQGP]…the doctor, patient, the nurse, 
and admin staff work as a team, and that is 
again to empower the patient.’ (ADMIN12)

+ Unique structure of a general practice meant 
that partnerships were also driven by non- 
clinical staff.

‘Normally—if the patient’s happy to—they 
just tell [the reception staff] then they 
will communicate it straight to [senior 
administration staff].’ (ADMIN10)

Professional role and identity ~ Professional role mediated nature of 
partnerships, for example, administrative staff 
were unable to give medical advice.

‘And that’s hard because you, you want to try 
and help ease their anxiety. But at the same 
time, you can't give clinical advice.’ (ADMIN6)

Beliefs about consequences + Positive beliefs about consequences of 
partnerships facilitated engagement in them.

‘There are some patients who…I believe they 
could definitely add some beautiful insight. 
Then there are some which would create 
more chaos.’ (ADMIN7)

Incentives Reinforcement + Engagement with incentives was driven by 
the rewards they provided, both intrinsic and 
extrinsic.

‘The incentive personally is always to be 
better so that you can be better for your 
patients.’ (GP2)

Professional role and identity ~ Professional role mediated access to 
incentives.

‘Within our clinic [for] GPs there are some…
incentives in terms of particular indicators 
based on various things they clinically work 
on.’ (GP3)

Emotion − Perceived inequity in incentives generated 
negative emotions and was a barrier to 
engagement.

‘Part of the issue is getting the philosophy of 
what’s a proper incentive system…You don't 
want it to be competing with your colleagues, 
you actually want it to be collaborative and to 
be fair.’ (GP10)

Continuous learning 
culture

Environmental context and 
resources

+ Affiliation with both Macquarie University and 
the PHN facilitated learning opportunities.

‘We enlisted the PHN to run some 
improvement workshops, and the idea was for 
it to be team building.’ (ADMIN1)

+ Leadership and management team 
perpetuated a strong culture of learning.

‘We are continuously, like, encouraged to 
learn information that is relevant to what we 
do every day.’ (ADMIN6)

+ Distribution of a weekly newsletter facilitated 
learning.

‘We get a newsletter every week [that] 
updates protocols on a weekly basis. So, 
we're aware of those changes.’ (ADMIN12)

Professional role and identity ~ Professional role influenced access to, and 
engagement with, learning opportunities.

‘[I have] a lot of different [learning activities] 
because GPs are always learning.’ (GP9)

Social influences + Learning arose from social interactions with 
colleagues.

‘A lot of that comes from a peer saying ‘I’ve 
discovered’.’ (GP10)

Memory attention and decision 
processes

+ Clinical staff paid more attention to learning 
about conditions with which patients 
presented.

‘When you see the patient and you don't 
know something, then that raises a flag that…I 
need to read a bit more.’ (GP2)

Beliefs about capabilities + Belief of inability to keep up with the pace of 
information prevented learning.

‘There’s so much information in there…So, try 
and find the time to actually update myself is 
a bit strenuous.’ (ADMIN3)

Continued
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(n=3), administrative staff (n=13) and a psychologist 
(n=1). Three clinicians were unable to attend their 
scheduled interview, and as data saturation was reached, 
these interviews were not rescheduled. Interviews lasted 
between 17 and 50 min (mean 35.5). Participating staff 
had been working at MQGP for between 3 weeks and 15 
years.

Barriers and facilitators to an LHS
The environmental context and resources available to partici-
pants and their social and professional role and identity were 
key determinants in engagement with most domains of 
the LHS. Reinforcement was particularly important for 
the development of patient–clinician partnerships and 
engagement with incentives in the LHS, while a several 
domains of the TDF had a reciprocal relationship with 
the practice structure and governance; for example, clear 
policy facilitated the development of a strong profes-
sional identity, which then in turn facilitated access to and 
understanding of policy. Key barriers and facilitators that 
are relevant to each domain of the TDF are reported in 
table 2, according to each of the five LHS components. 
Figure 1 provides a visual summary of the framework 
analysis and the relative proportions of each TDF domain 
described in each LHS component.

Data
The codebook and exemplar quotes on which these results 
were based are available as online supplemental material 
associated with this manuscript. The full study dataset is 
available from the authors on reasonable request, subject 
to ethical approval.

DISCUSSION
In our original study, we presented a case study of an LHS 
within an Australian primary care setting and showed that 
it was operating within several dimensions of the LHS 
framework, and that its staff were willing to embrace addi-
tional elements of the LHS.24 In this secondary analysis, 
we used the TDF to describe barriers and facilitators to 

Key TDF domains Belief statements Exemplar quote

Structure and 
governance

Environmental context and 
resources

− Complexities and poor communication from 
Medicare prevented engagement with LHS.

‘Trying to find out what those changes 
were…there was literally nothing until the first 
of July, when MBS published the fact sheet.’ 
(ADMIN1)

− General practice is a low- risk environment, 
which was a barrier to knowledge of incident 
reporting processes.

‘I think there is an [incident] form…But 
obviously that’s never happened. I don't know 
where that form is.’ (ADMIN10)

Memory, attention and decision 
processes

+ Clear practice policies facilitated decision- 
making.

‘Having that sort of delegation of roles makes 
it easier for us.’ (GP5)

Social influences + Colocation facilitated social relationships with 
other MQ Health clinicians, which mediated 
organisational engagement.

‘With all collaborations or referrals, it’s good 
to know the person, [to whom] you are 
referring.’ (GP2)

~, Mediator. +, Facilitator. −, Barrier.
ADMIN, administrative staff; GP, general practitioner; LHS, learning health system; MQGP, MQ Health General Practice; PHN, Primary Health Network; TDF, theoretical domains 
framework.

Table 2 Continued

Figure 1 Results from the framework analysis using the 
learning health system (LHS) and theoretical domains 
framework (TDF) domains. Each domain of the LHS is 
represented by a different colour. Each coloured circle 
represents a TDF determinant. The sizes of the circles 
represent the number of participants who reported a quote 
in the respective TDF determinant, which are also written on 
each circle.

https://dx.doi.org/10.1136/bmjhci-2023-100946
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converting this willingness into reality. In all LHS domains 
there was a consistently reported influence of environ-
mental context and resources; for example, the MQGP affilia-
tion with a university was described as a strong facilitator 
of learning, and the unique general practice environment 
was reported to shape patient–clinician partnerships. The 
professional role of participants was a second consistently 
reported determinant, influencing access and attitudes 
to learning and incentives. The reported impact of other 
determinants varied across LHS dimensions; for example, 
continuous learning culture was mediated by social influ-
ences, where strong social relationships were reported 
to facilitate informal learning, while a lack of knowledge 
of clinic structure and governance was described as a 
barrier to its effectiveness. Overall, our results show that 
implementing the principles of an LHS in this primary 
care setting was influenced by many behavioural deter-
minants, some applicable to healthcare in general, 
but most specific to the general practice structure and 
environment.

A key strength of the study was its codesign, which 
allowed it to reflect the goals of both the research team 
and the staff of MQGP. Further strengths included 
the high participation rate and broad recruitment 
strategy, which enabled a comprehensive description of 
behavioural determinants from the perspective of clinical 
and non- clinical staff. Additionally, this secondary analysis 
was conducted by an IAT that did not participate in the 
original study and were thus less subject to biases from 
their relationships with practice staff or from the original 
interviews. The primary limitation of this study was the 
inclusion of only one organisation, limiting the generalis-
ability of our results to other primary care settings. Gener-
alisability is also limited by the affiliation of the practice 
with a university which, while a facilitator of the uptake of 
LHS principles, is relatively uncommon in the Australian 
context. A final limitation was the timing of the present 
study, which was conducted during and after significant 
public health restrictions associated with the COVID- 19 
pandemic. These restrictions, and their removal, would 
likely have influenced the responses of participants.

Despite these limitations, our results have encouraging 
similarities with the few other empirical investigations of 
primary care LHS that are grounded in implementation 
science.19 Pestka and colleagues qualitatively evaluated 
the lessons learnt from their implementation of a primary 
care LHS in the USA.27 They, too, reported that clearly 
defined roles and the incentivisation of value- based care 
were facilitators to the development of an LHS, as was 
the use of a weekly newsletter to communicate essential 
information. However, their investigation took place in 
a system of 40 primary care practices, much larger than 
the two practices described in the present study. The 
facilitatory effect of a weekly newsletter was diluted by a 
larger LHS size, where at times people had ‘no idea what 
was going on at other stations’,27 a finding that was echoed 
by another investigation of a province- wide primary care 
LHS in Canada.28 The same study also reported that the 

perceived difficulty or cognitive load of a technology was 
a primary barrier to its use, and that a perceived increase 
in the quality and efficiency of patient care was a moti-
vation for participants to engage in the LHS,28 findings 
similar to our results. However, a key difference between 
their investigation and our own was the type of incentives 
that motivated participants; in the Canadian province- 
wide primary care LHS competition or peer pressure 
were motivators for engagement,28 while our partici-
pants reflected that they were primarily motivated by the 
rewards of providing better patient care and developing 
a sense of comradery with their colleagues. These differ-
ences may reflect the different social contexts in which 
the studies were conducted, particularly the influence of 
the COVID- 19 pandemic, in which healthcare workers 
likely banded together to deal with high levels of uncer-
tainty and stress.

The results of our own and other empirical investiga-
tions suggest that while some barriers and facilitators 
are unique to certain contexts, others are common to 
many journeys towards a primary care LHS. These are 
summarised in box 1, which also describes possible strat-
egies for primary care practices to facilitate their journey 
towards an LHS. A notable facilitator that likely applies 
to all contexts is external support, as many primary care 
providers work in small independent community prac-
tices which limits their access to resources.29 Affiliations 
with academic and professional institutions, including 
the use of codesign and embedded researchers, or collab-
orations of multiple primary care practices are viable 

Box 1 Summary of five key barriers and facilitators to 
a learning health system (LHS) in primary care and five 
proposed solutions.

Key barriers
 ⇒ Unclear policy and roles.
 ⇒ Poor data quality.
 ⇒ Complex learning requirements.
 ⇒ Physical distance between teams.
 ⇒ Poor communication with patients.

Key facilitators
 ⇒ Strong leadership.
 ⇒ Desire to help patients.
 ⇒ Shared organisational goals.
 ⇒ Culture of patient- centred care.
 ⇒ Communication of progress and goals.

Key solutions
 ⇒ Formal lines of patient communication and feedback (eg, online 
reviews).

 ⇒ Diverse modes of care and communication (eg, telehealth).
 ⇒ Weekly practice newsletter to share updates and progress.
 ⇒ Multidisciplinary leadership teams that model a learning culture.
 ⇒ Mentorship and ‘buddy systems’ between senior and junior staff.

Each point describes a barrier, facilitator or solution described in at least two 
of the three following papers: (a) Nash et al,28 (b) Pestka et al27 or (c) current 
study.
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strategies that cultivate a primary care LHS. Additionally, 
our results suggest that it is not only patient–clinician part-
nerships that are important in the primary care LHS, but 
rather that administrative staff also play an important role 
in the patient experience. As such, primary care prac-
tices that aim to become LHS should invest in training, 
involvement and retention of all staff, not just those in 
clinical roles.

CONCLUSION
There are numerous benefits, success factors and barriers 
in primary care settings making the transition to LHS. 
These factors should feed into a roadmap to assist primary 
care settings that are at different stages of the journey 
towards an LHS.
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ABSTRACT
Objectives Risk stratification tools that predict healthcare 
utilisation are extensively integrated into primary 
care systems worldwide, forming a key component of 
anticipatory care pathways, where high- risk individuals 
are targeted by preventative interventions. Existing work 
broadly focuses on comparing model performance in 
retrospective cohorts with little attention paid to efficacy 
in reducing morbidity when deployed in different global 
contexts. We review the evidence supporting the use 
of such tools in real- world settings, from retrospective 
dataset performance to pathway evaluation.
Methods A systematic search was undertaken to 
identify studies reporting the development, validation and 
deployment of models that predict healthcare utilisation 
in unselected primary care cohorts, comparable to their 
current real- world application.
Results Among 3897 articles screened, 51 studies 
were identified evaluating 28 risk prediction models. Half 
underwent external validation yet only two were validated 
internationally. No association between validation context 
and model discrimination was observed. The majority 
of real- world evaluation studies reported no change, or 
indeed significant increases, in healthcare utilisation 
within targeted groups, with only one- third of reports 
demonstrating some benefit.
Discussion While model discrimination appears 
satisfactorily robust to application context there is little 
evidence to suggest that accurate identification of high- 
risk individuals can be reliably translated to improvements 
in service delivery or morbidity.
Conclusions The evidence does not support further 
integration of care pathways with costly population- level 
interventions based on risk prediction in unselected 
primary care cohorts. There is an urgent need to 
independently appraise the safety, efficacy and cost- 
effectiveness of risk prediction systems that are already 
widely deployed within primary care.

INTRODUCTION
Risk stratification tools that predict health-
care resource use are widely used in primary 
care settings.1–6 These tools are integral to 
population health management (PHM) 
strategies around the world, enabled by the 
availability of routinely collected data from 

sources such as electronic health records.7 
Risk stratification tools typically use predic-
tive models that are developed through statis-
tical or machine learning (ML) techniques, 
to generate an individual risk score for some 
measure of resource use. These scores form 
a key component of anticipatory care path-
ways, where those at the highest risk may be 
targeted for specific interventions aimed at 
reducing future morbidity.8–11 The process 
by which these tools are ideally developed 
and deployed within healthcare systems is 
summarised in figure 1.

A growing body of literature describes 
the development and validation of risk 

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ Risk prediction models that stratify primary care 
populations according to their likelihood of access-
ing healthcare resources are generally considered 
to perform well within similar contexts to those in 
which they were derived. It is unclear how they per-
form when deployed in wider global contexts and in-
deed if their application can be harnessed to reduce 
resource demands.

WHAT THIS STUDY ADDS
 ⇒ We find that most models have not been studied 
in a sufficient diversity of contexts to appraise the 
robustness of prediction, however, those that have 
appear to retain their discriminatory ability. The 
real- world application of these models to reduce 
healthcare resource use in unselected cohorts 
has produced disappointing results, with an equal 
weight of evidence suggesting a harmful effect as a 
beneficial one in this context.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ Our results call into question the common, and 
costly, practice of commissioning population health 
management strategies based on risk stratification 
of whole primary care populations without a con-
crete understanding of the associated risks.
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stratification tools in the primary care setting reporting 
an acceptable discriminatory power for the majority of 
models.1 2 12 13 However, existing work broadly focuses 
on the assessment of model performance within retro-
spective datasets, with little attention paid to their effi-
cacy in real- world settings, where the clinical impacts 
of deploying these algorithms within a population are 
assessed. Commercial literature asserts the efficacy of 
interventions based on algorithmic case selection in 
improving key outcomes, such as hospital admission 
rates, but suffers from a lack of transparency in data and 
methodology.14 15

Predictive models that appear accurate in development 
are increasingly found to be ineffective or unsafe when 
deployed in clinical pathways. Predictive performance 
may be diminished when translated to demographically 
and culturally distinct populations, or when deployed 
using electronic health data with differing characteristics. 
Differences in how healthcare resources are used in local 
settings, alongside inherent biases inlaid within such tech-
nologies, may result in varying clinical effectiveness from 
inconsistent intervention thresholds, variation in the 
physical clinical interventions that are deployed, to soci-
otechnical variation across end- users and processes.16–20 
Resultantly, where an algorithm is deployed into an 
untested context without real- world evidence for a 
comparable integrated pathway, there are risks to both 
patient safety and exacerbation of healthcare inequalities 
through a lack of fairness in prediction or intervention 
allocation.

With extensive integration of risk stratification into 
pathways within primary care systems worldwide it is of 
paramount importance to establish the current evidence 
base on which these care- defining interventions can be 
appraised. We therefore systematically review the available 
literature concerning risk stratification tools for predicting 
future healthcare utilisation in primary care populations. 

We present three aims: (1) to update existing evidence 
for algorithmic solutions with attention paid to predic-
tive performance and risk of bias in dataset evaluation, as 
well as real- world clinical outcomes; (2) to describe the 
transfer of algorithms from initial development to testing 
and deployment in different global contexts and (3) to 
evaluate risks in cross- context transfer and application. 
Based on our findings, we provide recommendations for 
the responsible evaluation and deployment of predictive 
risk stratification tools.

METHODS
Search strategy
A systematic search of the MEDLINE, Embase and Global 
Health databases was carried out on 18 July 2023 via 
the Ovid platform. PRISMA guidelines were followed 
throughout the conduct and reporting of this review.21 
A combination of keywords and MeSH terms was used to 
curate relevant literature, details of which are available in 
online supplemental material.

Inclusion and exclusion criteria
We defined our inclusion criteria using the Population, 
Intervention, Control and Outcome method. The popu-
lation of our analysis was selected to be comparable to 
the populations in which these models are currently in 
use. We therefore included only papers that applied algo-
rithms to unselected primary care populations, where 
deployment was to the entire patient population for a 
given organisation without selection of particular groups. 
Prestratified populations, such as specific disease groups, 
or groups previously identified as high risk for health-
care utilisation, were excluded. Age- stratified populations 
were permitted as this is a pragmatic selection criterion 
adopted by the majority of predictive modelling work. 
Publications applying algorithms to historic research 

Figure 1 An infographic describing an idealised process for developing and deploying a risk prediction tool within a healthcare 
system. In black is the deployment cycle, linking risk prediction tools and their associated population health management 
measures to a lifecycle of evidence generation, impact evaluation and monitoring for negative consequences that are fed back 
into the model and intervention.

https://dx.doi.org/10.1136/bmjhci-2024-101065
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study datasets or specifically designed questionnaires (ie, 
not routinely collected or ‘real- world data’22) were also 
excluded.

Our intervention was defined as the application of a 
risk stratification model to an appropriate population 
in the process of derivation or validation, or to perform 
case selection as part of a PHM strategy. Models reliant 
on non- routinely collected data, such as questionnaire 
results, were excluded.

Outcomes included measures of predictive perfor-
mance across five main categories: access to primary 
care services; emergency department attendance; health-
care costs; hospital admissions and readmission. Studies 
examining risk of readmission were included provided 
that the study population was not limited to patients with 
a recent admission. A group formed of those who had 
recently been admitted would, by definition, no longer be 
considered unselected and would thus violate our popu-
lation criteria. Composite (eg, admissions and mortality 
as a single endpoint) and component (eg, respiratory 
admissions instead of total admissions) outcomes were 
excluded. We also considered clinical impact assessments 
related to a real- world evaluation.

Study selection and quality appraisal
Titles and abstracts were screened by two reviewers 
(CO/JZ) according to the criteria set out above, with all 
conflicts decided by a third (JM). Eligible publications 
were read in full and assessed for exclusions not apparent 
in the title or abstract, and for methodological quality.23 
Risk of bias was assessed using the Prediction model Risk 
Of Bias ASsessment Tool.24

Data extraction
We extracted information regarding model characteris-
tics, study design and context, predictive performance, 
and measures of clinical impact from any associated 
intervention where evaluation took place in a real- world 
setting. Due to significant heterogeneity in study design 
and reporting a meta- analysis was not conducted. C- statis-
tics were used as the primary outcome for model perfor-
mance. A subset of papers did not report discrimination, 
but instead reported goodness of fit using coefficient of 
determination (R2) which were extracted where available. 
Impact evaluations were described using the terminology 
and significance testing employed in the original paper, 
commonly expressed as the absolute difference (AD) 
between groups or odds ratios (OR).

Model appraisal
Models that appeared in multiple studies were quali-
tatively appraised by comparing their derivation meth-
odology to subsequent external validation or clinical 
evaluation studies. For each model we report: the context 
of its original development; contexts in which the model’s 
predictive performance has been tested; and contexts in 
which the model’s real- world impacts have been assessed. 
Results were synthesised separately as the outcome of 

either internal or external validation. Internal validation 
was defined as any measure of predictive performance 
within the same population in which the model was 
derived, and external as any validation using data from a 
separate population.

RESULTS
Systematic review
Our review identified 3897 publications eligible for 
screening after duplicates were removed (figure 2). Of 
these, 3636 were excluded on the basis of their title or 
abstract alone leaving 261 that were sought for retrieval. 
Full texts could not be retrieved for 10 publications, 
thus 251 were reviewed in full. A total of 51 publications 
met our criteria and were included in our final analysis 
(online supplemental table 1).25–75 Further detail about 
the identified models, along with our risk of bias analysis, 
can be found in online supplemental materials.

The majority of studies were based in the USA (23), with 
the remainder set in the UK (10), Spain (9), Canada (2), 
Italy (2), New Zealand (2), Australia (1), Ireland (1) and 
Israel (1). Population sizes ranged from 96 to 5.4 million 
with a median value of 94 264 (IQR 12 800–434 027). 
Hospital admission was the most commonly predicted 
outcome (34), followed by healthcare costs (14), emer-
gency department attendance (9), access to primary care 
services (8), mortality (5) and readmission (2).

19 studies reported the derivation and internal vali-
dation of a risk stratification model with 32 describing 
validation of a model in a separate population dataset. 
10 studies reported the results of implementing PHM 
measures based on case selection by a risk stratification 

Figure 2 A PRISMA flow diagram showing the process of 
study selection for our analysis. PRISMA, Preferred Reporting 
Items for Systematic Reviews and Meta- Analyses.

https://dx.doi.org/10.1136/bmjhci-2024-101065
https://dx.doi.org/10.1136/bmjhci-2024-101065
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model in a real- world clinical pathway. These included 
five randomised control trials (RCTs), three prospective 
cohort studies and two retrospective cohort studies. PHM 
strategies used were case management (8), telemoni-
toring (4) and care coordination (3).

We identified 28 risk stratification tools across all 
studies. 42 studies examined a single model, whereas 9 
studied the comparative efficacy of several models. Johns- 
Hopkins ACG was the most studied algorithm (20), 
followed by the Charlson Comorbidity Index (10), Hier-
archical Condition Categories (8), the Chronic Illness 
and Disability Payment System (3), RxRisk (3), the Elder 
Risk Assessment Index (2), the Patients At Risk of Rehos-
pitalisation algorithm (2) and QAdmissions (2). Of the 
remainder, four were proprietary ML algorithms.

Results of internal and external validation studies
A summary of the derivation characteristics of each of 
the 28 discovered models is compared with the results 
of subsequent validation studies in online supplemental 
table 2.25–84 The results of internal validation studies 
echoed previous reviews with C- statistics for various 
outcomes ranging from 0.67 to 0.90. Notably, three of the 
highest C- statistics within internal validation samples were 
displayed by models derived using ML techniques—0.84,67 
0.8542 and 0.90.55

Half (14) of the discovered models underwent external 
validation. Of these, only the Charlson Comorbidity 
Index and the Johns Hopkins ACG System were validated 
internationally. Model performance in external validation 
studies generally resembled internal validation perfor-
mance for each model, with C- statistics ranging from 0.53 
to 0.88. Accounting for heterogeneity in study design and 
reporting, there was no evident association between vali-
dation context and model discrimination, with models 
broadly displaying consistent predictive performance 
when transported to external datasets.

Results of real-world evaluation studies
Two studies reported the implementation of risk strati-
fication tools into care pathways within the same popu-
lation used for development. The Nairn Case Finder73 
and the Predictive RIsk Stratification Model (PRISM)25 
algorithms were used to identify those that might benefit 
from case management, both in the hope of reducing 
hospital admissions. In a prospective stepped- wedge clin-
ical trial conducted across more than 230 000 patients 
in 32 primary care practices, the practice resource allo-
cation intervention linked to PRISM resulted in signifi-
cantly increased hospital admissions (OR 1.44 (95% CI 
1.39 to 1.50), p<0.001), as well as increased emergency 
presentations, time in hospital, and primary care work-
load. The intervention guided by the Nairn Case Finder 
significantly reduced hospital admissions (AD=42.5%, 
p=0.002) in a population of 96 high- risk patients from a 
single locality, when matched 1:1 on risk score to patients 
in a separate control population.

Eight of the discovered models were deployed as tools 
for case selection as part of a PHM strategy in a separate 
context from development. The Johns Hopkins ACG 
System was deployed in two separate studies, whereas each 
of the other models was deployed only once. Healthcare 
utilisation measures were not significantly influenced 
by interventions guided by the Hierarchical Condition 
Category71 and PacifiCare’s Medicare Risk Programme37 
models. Similarly equivocal evidence for the efficacy of 
interventions linked with the Johns Hopkins ACG System 
was observed, with one study showing no benefit31 and 
the other demonstrating benefit in groups selected by the 
model (OR 0.91 (95% CI 0.86 to 0.96)) but reciprocal 
harm in non- prioritised groups (OR 1.19 (95% CI 1.09 to 
1.30)).32 Interventions linked with the Elder Risk Assess-
ment Index30 and QAdmissions48 algorithms led to signif-
icant increases in mortality (AD 10.8%, p=0.008) and 
hospital admissions (difference in difference 79.8 (95% 
CI 21.2 to 138.4), p=0.01), respectively.

Significant reductions in hospital admissions were 
achieved through interventions guided by the combined 
predictive model (AD=−0.9, p<0.001),39 Patients At Risk 
for Rehospitalisation algorithm (AD=−0.3, p<0.001)39 
and SCAN Health Plan Model (AD=11.5%, p=0.02).51 
Figure 3 summarises the main findings of this review, 
describing only the models that underwent external vali-
dation or real- world evaluation.

DISCUSSION
Main results
Our review identifies 28 risk stratification tools designed 
to predict healthcare utilisation in an unselected primary 
care population. The discriminatory ability of half of the 
discovered models was validated in an external cohort. 
However, only two, the Charlson Comorbidity Index and 
Johns Hopkins ACG System, were validated in a different 
country from their derivation dataset. No evident associ-
ation between validation context and model discrimina-
tion was observed. Models derived using ML techniques 
displayed the best predictive performance, however, none 
of these models underwent external validation.

The results of real- world evaluation studies present 
equivocal evidence for the efficacy of these population- 
level interventions. The majority of publications reported 
no change, or indeed significant increases, in health-
care utilisation within groups targeted by the interven-
tion, with only one- third of reports demonstrating some 
benefit.

Comparison with the literature
We corroborate the results of previous reviews by observing 
that the discriminatory power of a variety of risk strati-
fication tools is robust to external validation.1 2 12 13 We 
add that the context of model validation appears to have 
minimal impact on predictive performance and highlight 
a scarcity of literature appraising the impact of deploying 
these models to guide PHM strategies despite extensive 

https://dx.doi.org/10.1136/bmjhci-2024-101065
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Figure 3 An infographic summarising the validation characteristics of the identified models that underwent external validation 
or real- world testing. Models that underwent more extensive validation processes are represented by larger boxes. Each box 
contains aggregated data for all of the external validation and real- world evaluation studies for each model. Validation countries 
are represented by flags with the number of studies based in each country overlying. R2 and C- statistics are displayed as 
ranges for all of the outcome measures tested for each model for illustrative purposes only. A&E, accident and emergency 
department; PPV, positive predictive value; RCT, randomised controlled trial; RR, risk ratio.
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integration of risk stratification into pathways within 
primary care systems worldwide.3–6

Our finding that deployment of these models is not 
consistently associated with reductions in healthcare util-
isation is perhaps unsurprising. PHM strategies applied 
to unselected primary care cohorts, with case selection 
achieved through a variety of different means, have 
frequently been shown to increase costs without an asso-
ciated reduction in morbidity.9 85–87 A single 2014 meta- 
analysis, aggregating a heterogeneous group of strategies 
as a single intervention, demonstrated marginal reduc-
tions in resource use within a relevant cohort.88 However, 
these findings were subject to substantial heterogeneity 
(I²=58%–85%) and, while ostensibly the target popu-
lation of this analysis was patients generally at high risk 
of healthcare resource use, the majority of included 
studies reported interventions targeted at specific disease 
cohorts. There is broad consensus that PHM strategies 
designed specifically for those with certain chronic condi-
tions significantly reduce morbidity.89–94 Taken with our 
findings, the available evidence indicates that the success 
of PHM strategies in specific disease groups may not be 
generalisable to unselected cohorts, and this remains the 
case when predictive modelling is employed to augment 
case selection.

The findings of our analysis of peer- reviewed litera-
ture stand in stark contrast to the impact statements of 
commercial suppliers of care systems that employ risk 
stratification. One such statement compared resource use 
statistics of product users to standardised national trends 
in an unadjusted analysis finding significant reductions 
in every parameter.15 However, as is expressly the case for 
statements within product literature, a lack of transpar-
ency relating to the methods of data collection and anal-
ysis makes verifying these claims impossible.

Interpretation
We propose that the discouraging results of studies 
deploying risk stratification tools to guide PHM strate-
gies primarily result from a mismatch between theoret-
ical model development and complexities of real- world 
pathways. Risk stratifying patients by their likelihood of 
resource use alone almost invariably leads to the creation 
of a diverse intervention cohort, where individual clin-
ical need is likely to be heterogeneous. This is likely the 
reason that population- level interventions have failed to 
replicate the results of successful programmes targeting 
specific chronic conditions. Presently, there is a paucity 
of evidence to guide best practice once high- risk users 
are identified, and no recommendations can be made 
about the efficacy of any single intervention over another. 
Results of real- world evaluation studies, therefore, present 
a cautionary tale of designing clinical pathways based on 
the principle of simply flagging high- risk patients without 
a concrete understanding of how this translates into 
practice.

We did not observe an effect of validation context on 
algorithmic performance. This is most likely due to the low 

number of comparable values obtained for each model, 
the heterogeneity of the study design, and a predictably 
small absolute effect size. Diminished performance when 
algorithms are deployed in new environments is a highly 
replicable finding, and our results should not be inter-
preted to contradict this established premise. However, 
this finding does imply that poor predictive performance 
is unlikely to be the primary reason for the failure of these 
algorithms to produce consistent results.

Limitations
It is important to put these findings within the context 
of our methodological constraints. Primarily, our analysis 
was limited by the heterogeneity of the included studies. 
Model performance was variably reported in terms of C- sta-
tistics and R2 values which cannot be directly compared. 
Real- world evaluation studies suffered from a lack of 
uniformity of intervention as many reported the results 
of a bespoke system designed by the study authors. This 
prevented direct comparison of the efficacy of particular 
intervention categories within our study cohort as their 
results could not be appropriately aggregated. While our 
analysis identified several models with sufficient diversity 
of validation to demonstrate robust performance in a 
variety of contexts, this sample was small, and no strong 
conclusions can be drawn about the scale of algorithmic 
drift when such models are transported to new datasets. 
Finally, the majority of included publications were obser-
vational or cohort studies, with only a small number of 
RCTs identified.

Implications
The integration of risk stratification into pathways that 
define care decisions for millions of individuals around 
the world is already well established. Our findings suggest 
an absence of clinical impact, and indeed a signal of harm 
in a third of cases, raising several important consider-
ations. First, this presents clear implications for patient 
safety, particularly in the absence of regular independent 
appraisal of the personal and system- wide effects. In addi-
tion to aggregate population health impacts, this includes 
the impact on individuals of incorrect stratification, and 
of negative biases through poorly calibrated algorithms. 
Second, the effects on provider workload of instituting 
and enacting these often time- consuming PHM interven-
tions must be considered in the calculation of risk versus 
benefit. Finally, the absence of established benefits calls 
into question the cost- effectiveness of these programmes, 
particularly when used in healthcare systems where 
resources are constrained.

We therefore propose the following recommendations:
1. Deployment of individual- level risk prediction, with 

impact on clinical care pathways, must be subject to 
the same controls as other medical technologies. This 
would require matching their use to a responsible life-
cycle of evidence generation, impact evaluation and 
monitoring for negative consequences. Such a lifecy-
cle should include pre hoc evaluation, in the form of 
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local testing, and controlled trials for integrated path-
ways, as well as post hoc analyses of economic impact 
and healthcare outcomes in targeted and non- targeted 
groups. The first step in this process may be agree-
ment on an auditable validation framework, such as BS 
30440 developed by the British Standards Institution, 
to permit a more systematic approach to evaluation of 
such products.

2. National bodies involved in the procurement of com-
mercial risk stratification services must review the cost- 
effectiveness and systemic implications of adjusting the 
likelihood of individuals within the population they 
serve accessing care based on personal predicted risk.

3. Regulatory bodies, including the Medicines and 
Healthcare products Regulatory Agency and the US 
Food and Drug Administration, must either confirm 
that risk stratification algorithms fall within their pur-
view and are thus subject to the same regulation as 
other technologies defined as a ‘Software as a Medical 
Device’, or clarify why these algorithms do not fall into 
this category.

CONCLUSION
While model performance appears to generalise in most 
evaluations, there is little evidence to suggest that the 
identification of high- risk individuals can be translated 
to improvements in service delivery or morbidity. The 
available evidence does not support further integration 
of these types of risk prediction into population health-
care pathways. There is an urgent need to independently 
appraise the safety, efficacy and cost- effectiveness of risk 
prediction systems that are already widely deployed within 
primary care.

X Christopher Oddy @_chrisoddy_
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In the ever- evolving landscape of healthcare, 
the convergence of artificial intelligence 
(AI) within breast cancer screening and the 
transformative potential of natural language 
processing (NLP) in ensuring patient safety 
stands as a testament to ground- breaking 
progress.1 2 The seamless integration of AI 
technologies in radiology is reshaping diag-
nostic precision while NLP’s capacity to deci-
pher and enhance safety protocols heralds a 
new era in healthcare innovation.3 4

Contrary to common assumptions, the 
presence of AI does not necessarily guar-
antee improved efficiency or accuracy in 
interpreting medical images. It is concerning 
that AI’s identification of potential errors 
can paradoxically lead some radiologists to 
make more mistakes and spend more time 
analysing images, highlighting the dangers 
of developing AI systems in isolation.5 This 
underscores the crucial need for designing 
collaborative human- AI systems rather than 
standalone AI solutions, as the full extent of 
AI’s influence on human behaviour remains 
unpredictable. Moreover, there is also a crit-
ical concern regarding patient safety as a 
matter of health equity, shedding light on the 
disparities in medical errors and treatment 
injuries exacerbated by social determinants 
of care. It calls for a holistic approach to 
healthcare delivery that prioritises equity and 
inclusivity, ensuring that all patients receive 
the highest standard of care irrespective of 
their social circumstances.

The two ‘editor’s choice’ articles high-
light how crucial it is to embrace AI in breast 
cancer screening and NLP in enhancing 
patient safety in healthcare’s dynamic land-
scape. Högberg et al6 studied an insightful 
exploration into the potential and challenges 
associated with AI in breast radiology. The 
Swedish breast radiologists’ perspective on 
AI in mammography screening revealed an 
overwhelmingly positive attitude towards its 
incorporation, highlighting the potential to 

enhance efficiency in diagnostic processes. 
However, alongside this optimism, the study 
uncovered a labyrinth of uncertainties 
and diverse viewpoints. Concerns loomed 
over potential risks ranging from medical 
outcomes to the reshaping of working condi-
tions and crucial uncertainties regarding the 
assignment of responsibility in AI- mediated 
medical decision- making.7 The complexity 
of delineating accountability between AI 
systems, radiologists and healthcare providers 
emerged as a pivotal issue demanding 
resolution.

Addressing these intricacies is paramount 
for harnessing AI’s potential while upholding 
the integrity of patient care and professional 
practice in the evolving landscape of breast 
radiology.8–10 Most professionals favoured AI 
as a supportive tool, but divergent opinions 
arose regarding its optimal integration into 
the screening workflow. The authors delin-
eated varied views on AI’s impact within the 
profession, stressing the absence of consensus 
on the extent of change and the consequent 
transformation of breast radiologists’ roles.6 
Collaboration between human radiologists 
and AI assistance in radiology, expected to 
heavily impact the field, is under investiga-
tion. While AI tools show promise, biases in 
human use of AI limit potential gains. Radiol-
ogists should either solely rely on AI or work 
independently, rather than collaboratively.5 
Additionally, optimal delegation policies are 
proposed, considering time costs and subop-
timal use of AI information. Future research 
should explore AI- specific training for radiol-
ogists and organisational factors influencing 
human–AI collaboration. A pressing need 
exists to address multifaceted challenges, 
particularly in establishing clear ethical, legal 
and social frameworks governing AI integra-
tion in radiology.

In the second study by Tabaie et al,11 
uncovered crucial contributing factors from 
patient safety event reports, showcasing the 
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transformative potential of NLP algorithms in health-
care insights. This study’s findings involved identifying 
and categorising contributing factors within a decade’s 
worth of self- reported patient safety events from a multi-
hospital healthcare system. These contributing factors 
pivotal in precipitating or permitting patient safety inci-
dents, often remain concealed within the intricate narra-
tives of these reports. The authors introduced a method 
to extract ‘information- rich sentences’ from reports, 
unveiling hidden contributing factors and refining their 
categorisation using NLP, leveraging unstructured data 
in patient safety event reports to isolate crucial sentences 
defining contributing factors.11 Automating the iden-
tification and categorisation of contributing factors 
empowers healthcare systems to proactively address safety 
concerns, fostering quicker responses and continuous 
improvement. However, the study’s reliance on data 
from a singular health system prompts inquiries about 
its generalisability. As healthcare increasingly embraces 
data- driven decision- making, harnessing NLP emerges as 
a pivotal strategy in safeguarding patient well- being.12–14 
The findings call for further exploration and adoption of 
NLP- driven approaches to enhance patient safety initia-
tives globally.

While both studies mark significant strides in health-
care, certain considerations arise.6 11 The study on AI 
integration in breast radiology highlights uncertainties 
and the need for collaborative efforts in establishing 
clear governance frameworks. The retrospective nature 
of the NLP study calls for real- time validation and raises 
concerns about generalisability beyond a singular health-
care system.

Nonetheless, these studies underscore the transfor-
mative potential of technology in reshaping healthcare 
paradigms. Embracing AI in breast cancer screening and 
leveraging NLP for patient safety initiatives open avenues 
for proactive, data- driven decision- making. Further eval-
uation, exploration and widespread adoption of these 
technologies throughout their life cycle are pivotal in 
promoting patient safety and elevating healthcare quality, 
emphasising the central focus on integrating fairness and 
equity globally within healthcare.15 16
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