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Real-world feasibility, accuracy and
acceptability of automated retinal
photography and AI-based cardiovascular
disease risk assessment in Australian
primary care settings: a pragmatic trial
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We aim to assess the real-world accuracy (primary outcome), feasibility and acceptability
(secondary outcomes) of an automated retinal photography and artificial intelligence (AI)-based
cardiovascular disease (CVD) risk assessment system (rpCVD) in Australian primary care settings.
Participants aged 45–70 years who had recently undergone all or part of a CVD risk assessment
were recruited from two general practice clinics in Victoria, Australia. After consenting,
participants underwent retinal imaging using an automated fundus camera, and an rpCVD risk
score was generated by a deep learning algorithm. This score was compared against the World
Health Organisation (WHO) CVD risk score, which incorporates age, sex, and other clinical risk
factors. The predictive accuracy of the rpCVD and WHO CVD risk scores for 10-year incident CVD
events was evaluated using data from the UK Biobank, with the accuracy of each system
assessed through the area under the receiver operating characteristic curve (AUC). Participant
satisfaction was assessed through a survey, and the imaging success rate was determined by the
percentage of individuals with images of sufficient quality to produce an rpCVD risk score. Of the
361 participants, 339 received an rpCVD risk score, resulting in a 93.9% imaging success rate.
The rpCVD risk scores showed a moderate correlation with the WHO CVD risk scores (Pearson
correlation coefficient [PCC] = 0.526, 95% CI: 0.444–0.599). Despite this, the rpCVD system,
which relies solely on retinal images, demonstrated a similar level of accuracy in predicting 10-
year incident CVD (AUC = 0.672, 95% CI: 0.658-0.686) compared to the WHO CVD risk score
(AUC = 0.693, 95% CI: 0.680-0.707). High satisfaction rates were reported, with 92.5% of
participants and 87.5% of general practitioners (GPs) expressing satisfaction with the system.
The automated rpCVD system, using only retinal photographs, demonstrated predictive accuracy
comparable to the WHO CVD risk score, which incorporates multiple clinical factors including
age, the most heavily weighted factor for CVD prediction. This underscores the potential of the
rpCVD approach as a faster, easier, and non-invasive alternative for CVD risk assessment in
primary care settings, avoiding the need for more complex clinical procedures.
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Cardiovascular disease (CVD) is the leading cause of mortality in Aus-
tralia, accounting for approximately 25% of all deaths in 20211. It is also
the leading cause of disease burden in the country, with 600,000 hospi-
talisations in 2020–21 and 116 million prescriptions of CVD related
medications in 2021–221. However, it has been estimated by the World
Health Organisation (WHO) that almost 80% of premature CVD events
are preventable2. CVD risk assessment is a key step in CVD prevention as
it helps to identify high risk patients at an early stage and allows for timely
intervention3. There are a number of CVD risk assessment tools that have
been derived from epidemiological studies. These include the Framing-
ham risk score and the pooled cohort equations (PCE) for American
populations4,5, theQRISK3 and SCORE2 for European populations6,7, and
the WHO risk prediction charts for 21 global regions3. Despite the
availability of these well-validated CVD risk assessment tools, the real-
world uptake of CVD risk assessment is suboptimal8. The existing risk
assessment tools are limited by the requirement for demographic infor-
mation, clinical test results and often blood tests, which are not usually
part of a standard initial primary care consultation. The collection of this
risk information canbe time-consuming and resource-demanding in real-
world practice9.

The retina is a unique organ that allows in vivo visualization of
microvasculature, which is indicative of systemic vascular health10. The
value of the retina in predicting cardiovascular health has long been
validated in epidemiological studies, ranging from gross structural
signs such as cotton-wool spots, arterio-venular nicking and micro-
hemorrhages, to quantitative vessel geometry measurements such as
retinal vessel calibre, tortuosity, fractal dimension and branching
angle10–13. The development of artificial intelligence (AI) algorithms for
CVD risk prediction utilises retinal images to detect retinal changes
that are indicative of cardiovascular health. Numerous algorithms
based on retinal images have been developed to predict CVD risk-
related outcomes, including single risk factors, CVD imaging bio-
markers, CVD risk scores and CVD events14–21. Most of these algo-
rithms were trained using retinal images without manual feature
annotation to allow risk assessment that is not constrained by existing
knowledge of associations between retinal features and CVD risk.
Studies have indicated that retina-based CVD risk prediction algo-
rithms have achieved reasonably good performance in experimental
settings, however it is not known if similar performance is achieved in
real-world contexts14–21.

The translation of technology from bench to bedside requires con-
textualisation in clinical settings. This includes hardware and digital infra-
structure considerations, technical proficiency of care providers and an
acceptance of AI applications by patients and health professionals alike.
Technology also needs to be compatible with clinical workflows for
adoption22. To investigate the clinical applicability of a retinal photographic
CVD (rpCVD) risk assessment algorithmwe conducted a pragmatic trial in
Australian primary care settings to investigate the real-world feasibility,
accuracy and acceptability of the technology.

Results
Study population
A total of 361 participants (mean age 59.3, 48.8% female) without a history
of CVD were included in the analysis. The baseline characteristics of the
participants are shown in Table 1.

Feasibility of rpCVD screening in primary practice
Of the 361participants, 339had aphotographof at least one eye thatmet the
quality standards of the algorithm, giving a 93.9% imaging success rate
(Table 2). Images of satisfactory qualitywere acquired at thefirst attempt for
65.9% of participants. The remaining 34.1% of participants required repeat
imaging.Themedian (interquartile range [IQR]) time taken to complete the
session - from the initiation of the automated image capture until the
printing of the QR code for accessing the report - was 1min 47 sec (1min
30 s – 3min 21 s).

Real-world performance of the algorithm
The distributions of rpCVD and WHO CVD risk scores for the 339 par-
ticipants are shown in Supplementary fig. 2. The Pearson correlation
coefficient (PCC) between rpCVDrisk score andWHOCVDrisk scorewas
0.526 (95%CI: 0.444–0.599) (Fig. 1 and Supplementary Table 3). Themean
(standard deviation [SD]) difference between WHO CVD and the rpCVD
risk scores was −0.316% (5.02%). As shown in the Bland-Altman plot
(Fig. 1), the limits of agreement increased with the average (A) of WHO
CVD and rpCVD risk scores (−0.57A −4.98 to 1.01A+ 0.85).

When categorised into low, moderate and high CVD risk, the
agreement between rpCVD and WHO CVD was 63.4% among the
participants with gradable image(s) (Table 3). 17.1% of the partici-
pants were assigned a higher risk category by the rpCVD compared
to the WHO CVD risk score (overestimated), while 19.5% of the
participants had a lower classification by the rpCVD compared to the
WHO CVD risk score (underestimated). The characteristics of the
participants, classified as underestimated, overestimated and well-
estimated, are presented in Supplementary Table 4. Overall, older
males who smoke and have diabetes tend to have an underestimated
risk score while younger, non-smoker females without diabetes tend
to be overestimated.

Subgroup analyses were performed by stratifying the sample by age
group, sex, and the WHO CVDmodels. The results for subgroup analyses
are shown in Supplementary Table 3. RpCVD showed higher correlation
with theWHOCVD risk score in participants less than 60 years old than in
those 60 years and above (PCC: 0.506 vs 0.339), in females relative to males
(PCC: 0.439 vs 0.264), and in participants with a WHO CVD risk score
calculated using the non-laboratory-based model compared to the
laboratory-based model (PCC: 0.519 vs 0.545).

Sensitivity analyses showed that PCC between the rpCVD derived
from the worse eye andWHOCVDwas 0.478 (0.392–0.556) and the mean
(SD) difference between WHO CVD and rpCVD was−1.98% (5.68%). In
comparison, the PCC between rpCVD derived from the better eye and
WHO CVD was 0.523 (0.441–0.597) and the mean (SD) difference was
1.35% (5.01%).

Predictive accuracy of rpCVD andWHO CVD for 10-year
CVD events
A total of 27,595 participants without CVD at the baseline were
included in the analysis. During the median follow-up of 11.4
(interquartile range: 11.3–11.5) years, 921 (0.38%, rpCVD) and 814
(0.35%, WHO CVD) participants in the low-risk group and 638
(0.96%, rpCVD) and 745 (0.98%, WHO CVD) participants in the
moderate-high-risk group developed CVD (CHD and stroke) (Sup-
plementary Table 5, 6). As shown in Table 4, the predictive value of
rpCVD alone for predicting 10-year incident CVD (CHD and stroke)
was 0.672 (95% CI: 0.658–0.686), which is comparable to the WHO
CVD risk score (AUC = 0.693 [95% CI: 0.680–0.707]). The predictive
values of 10-year coronary heart disease or stroke alone are also
comparable for rpCVD and WHO CVD.

Participant acceptance of the rpCVD risk assessment system
Participant acceptance of the rpCVD risk assessment system was sum-
marised in Fig. 2. In brief, 95.0% of participants agreed that the auto-
mated systemwas easy to use. 92.8% agreed that the real-time report was
easy to understand and 93.6% of participants found that the manage-
ment plan on the report was clear. Overall, 92.5% of participants were
satisfied with the automated system. 89.4% of participants reported that
they would use this system again and 90.8% would recommend the test
to a friend.

Supplementary Tables 7–10 summarised the results from the
qualitative data from participant satisfaction survey reporting their
suggestions on how to improve the system if they disagree with the
statements. The major suggestions on how to increase the ease of use of
the system were improving image capture, requirement of assistance,
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addressing the discrepancy between voice instruction and camera
operation, customising the voice instructions for individuals with cer-
tain needs, and improving the grading accuracy. In terms of the report,
participants suggested a more detailed explanation about how results
were achieved and improvement of the grading accuracy. For partici-
pants with no results due to non-gradable images, we need to improve
the workflow through, for example, adopting a dilation-if-needed pro-
tocol. Participants suggested the management plan to be more custo-
mised, required more reading time during the session, and suggested
improvement in wording, overall readership, and a clearer layout of the
management plan. For participants who reported not likely to recom-
mend this system to a friend, the major reasons were concerns over the
immaturity of the test, and not being qualified to recommend or not a
relevant topic discussed.

Clinician acceptance of the rpCVD risk assessment system
The clinicians’ acceptance of the rpCVD risk assessment system was
demonstrated in Fig. 3. Overall, 87.5% of the GPs were either satisfied or
very satisfied with the system. 62.5% and 25.0% of the GPs agreed that the
availability of the rpCVD systemwould likely or very likely to increase their
willingness to perform a comprehensive CVD risk assessment. All of the
participating GPs agreed that they are likely or very likely to continue using
the rpCVD risk assessment system if this were integrated with their routine
clinical workflow (Fig. 3a).

The participating GPs reported three greatest barriers they
perceived to the inclusion of retina-based CVD risk assessment
screening service in primary care settings. As shown in Fig. 3b
financial cost of using and purchasing the technology was the most
frequently reported potential restriction, followed by patients’ lack of
confidence in “machine”-calculated risk, technician/nurse lack of
time to take the fundus photos, patients’ lack of confidence in CVD
risk prediction from fundus photos. Technician/nurse lack of skill to
take fundus photos and concerns over reduced physician-patient
interaction were reported twice respectively. The other barriers
mentioned once in the survey included the procedure being time-
consuming if image capture fails, clinicians’ lack of confidence in
“machine”-predicted CVD risk, clinicians’ concern over habitual
reliance on technology leading to deskilling, and patients’ concerns
over personal data security.

Figure 3c illustrated the participating GPs’ preference of CVD risk
assessmentmodels. The laboratory-basedmodelwas consideredas themost
preferred model by 75.0% of the participating GPs, and the rest of the GPs
considered it as the second preferred model. In comparison, the rpCVD
modelwas considered as themostpreferredmodelby25%of theGPs. 62.5%
ranked it as the second-preferred model, and the remaining 12.5% con-
sidered it as the least preferred model. In contrast, 87.5% of the GPs of
considered the non-laboratory-based model was the least preferred model,
with 12.5% ranked it as the second-preferred model.

Discussion
In this prospective pragmatic trial, we found that the automated
retinal photography and AI-based rpCVD risk assessment system is a
feasible tool that is well-accepted by participants and GPs in Aus-
tralian primary care settings. Despite the moderate association
between rpCVD and WHO CVD risk score, rpCVD provides a faster,
easier and non-invasive approach with comparable performance in
predicting future CVD events.

To the best of our knowledge, this is the first pragmatic trial evaluating
the real-world applicability of an AI-based retinal photography CVD risk
assessment tool. Numerous algorithms for CVD risk prediction using ret-
inal photography have been developed previously, achieving reasonably
good performance and suggesting potential utility in CVD primary
prevention23. However, previous algorithms were often limited in their
clinical utility, as they focused on predicting standalone CVD risk factors,
such as age, sex, smoking status17–19. Additionally, the validation of algo-
rithms predicting CVD risk scores or CVD events in external datasets was
limited16,20,21,23. Reti-CVD, a retinal photographic AI tool developed using
from coronary artery calcium (CAC) scores as the ground truth for CVD
risk, iswell validated acrossmultiple cohort studies including a retrospective
pivotal trial24–26. The current pragmatic trial represents in essential step in
the clinical validation of CVD risk assessment tools, as it simulates the real-
world settings and examines the technical, environmental, societal and
practical aspects of implementing such tool in primary care. This type of
prospective evaluation is important to assist the translation of these tech-
nologies into routine clinical practice.

The high success rate of the automated retinal image acquisition
(93.9%), short duration of the screening episode, and the overall satisfaction
rate of approximately 90%among end-users suggest that the rpCVDsystem
can be readily integrated into of routine primary care practice. The corre-
lation between rpCVDandWHOCVDrisk scorewasmoderate in this real-

Table 1 | Baseline characteristics of the participants

Characteristics All

Age (mean, SD) 59.3 (7.2)

Gender (N, %)

Female 176 (48.8%)

Male 185 (51.3%)

Smoking status (N, %)

Non-smoker 331 (91.7%)

Current/ex-smoker 30 (8.31%)

Diabetes (N, %)

No 334 (92.5%)

Yes 27 (7.48%)

Hypertension (N, %)

No 176 (48.8%)

Yes 185 (51.3%)

Dyslipidemia (N, %)

No 170 (47.1%)

Yes 191 (53.0%)

Obesity (N, %)

No 104 (68.4%)

Yes 48 (31.6%)

Family history of CVD (N, %)

No 146 (40.4%)

Yes 215 (59.6%)

Previously heard about a CVD risk assessment (N, %)

No 200 (55.4%)

Yes 161 (44.6%)

Previously performed a CVD risk assessment (N, %)

No 267 (74.2%)

Yes 93 (25.8%)

Table 2 | Success rate measured by the number and
percentage of gradable images captured

Both Clinics Clinic 1 Clinic 2

N % N % N %

Both eyes 290 80.3% 162 79.0% 128 82.1%

One eye 49 13.6% 28 13.7% 21 13.5%

Neither eye 22 6.1% 15 7.3% 7 4.5%
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world GP population, which remains to be optimised. However, in the
validation analysis, the rpCVD risk score demonstrated similar predictive
accuracy for 10-year incident CVD events (AUC = 0.672) as the WHO
CVD risk score (AUC= 0.693). This suggests that the rpCVD system, using
retinal images alone, can offer a faster, easier, and non-invasive method for
CVDrisk assessment compared to traditional risk-factor-based tools suchas
WHO risk score, which requires the collection of multiple parameters and
often involves blood tests.

Nevertheless, the Bland-Altman plot revealed that the rpCVD
algorithm tends to predict the WHO CVD risk score less accurately
in individuals with higher risk levels. Additionally, subgroup analysis
highlighted that the algorithm requires particular improvement for
older males, who generally present with higher CVD risk. These
findings indicate that caution is warranted when interpreting rpCVD
risk scores in these populations and underscore the need for further
algorithm refinement. The rpCVD algorithm’s performance may be
limited by the development dataset. The algorithm was developed

using data from the UK Biobank which has a relatively healthy
population with fewer high-risk participants. This limited repre-
sentation of high-risk individuals may constrain the algorithm’s
performance when applied to another population with different
distribution of characteristics. Additionally, the rpCVD algorithm
might be affected by differences in imaging modality. The UK Bio-
bank study used the TOPCON 3D OCT 1000 Mk2 device, which
captures 45° macula-centred retinal images, whereas our study
adopted the automated portable fundus camera Mediworks FC162
that acquires 50° macula-centred images. This variation in image
acquisition techniques might necessitate adapting the algorithm to
different retinal image types to enhance its generalisability across
different imaging platforms.

There remains scope to improve the clinical tool. Firstly, follow-
up of the participant’s CVD outcomes is required in further studies
to enable the direct evaluation of the predictive capability of rpCVD
risk score and WHO CVD risk score in real-world Australian
population. In addition, although the rpCVD showed statistical sig-
nificance in risk stratification for future CVD and reasonable pre-
dictive capability, further refinement is needed to translate it into a
valid clinical tool. This could be potentially achieved by training the
algorithm using more definitive CVD biomarkers such as coronary
angiography or developing cohorts to include an adequate proportion
of CVD outcomes to allow direct prediction of the onset of CVD
events as a binary outcome. These refinements would enable a more
clinically relevant outcome prediction and would also help with the
comparison of the predictive value of rpCVD risk score with other
well-established biomarkers.

As suggested by the Australian Guideline for assessing and
managing cardiovascular disease risk, all people aged 45 years and
above are suggested for a comprehensive CVD risk assessment by the
Australian guideline27. Traditional CVD assessment tools require
multiple clinical factors and/or invasive testing. The process is time-
consuming for clinicians as reflected by low uptake rates of CVD risk
assessment in Australia and overseas8,28,29. In our study, less than half
of the participants were aware of any CVD risk assessment tools and
only 25.8% of all participants had performed at least one form of
CVD risk assessment. This indicates a large gap in patients’ aware-
ness and understanding of the importance of CVD screening. The
rpCVD screening system, is a swift and automated tool, that can be
integrated into general practice clinics for all patients meeting the age

Fig. 1 | Bland-Altman plot measuring the agree-
ment between WHO CVD risk score and rpCVD
risk score. Bland-Altman plot for the agreement
between WHO CVD risk score and rpCVD risk
score. The Bland-Altman plot depicted the differ-
ence between WHO CVD and rpCVD risk scores
with the regression-based limits of agreement, over
themean ofWHOCVDand rpCVD risk scores. The
Pearson correlation coefficient (PCC) between
rpCVD and WHO CVD risk score was 0.526 (95%
CI: 0.444–0.599).

Table 3 | Confusion matrix of risk classification agreement
between the rpCVD risk score and the WHO CVD risk score

WHO CVD risk score

Low Moderate High Total

RpCVD
risk
score

Low 188 (55.5%) 41 (12.1%) 11 (3.24%) 240 (70.8%)

Moderate 37 (10.9%) 19 (5.60%) 14 (4.13%) 70 (20.7%)

High 9 (2.65%) 12 (3.54%) 8 (2.36%) 29 (8.55%)

Table 4 | Area under the receiver operating curve and 95%
confidence interval for rpCVD andWHOCVD in predicting 10-
year incident CVD events

RpCVD WHO CVD*

CVD (CHD and stroke) 0.672 (0.658–0.686) 0.693 (0.680–0.707)

CHD 0.666 (0.651–0.681) 0.692 (0.677–0.706)

Stroke 0.696 (0.665–0.727) 0.692 (0.662–0.722)

*WHO CVD refers to the laboratory-based model.
CVD cardiovascular diseases, CHD coronary heart disease.
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criteria as a point-of-care testing prior to the scheduled consultation.
However, as reflected by the participant and clinician satisfaction
survey, an updated version of rpCVD algorithm with more accurate
predictive performance is needed before the widespread usage of the
technology. Other improvements regarding the hardware improve-
ment, report layout and the customisation of the technique to meet
the specific needs of certain populations.

The strength of our study is that the prospective pragmatic trial
design allowed us to test the real-world implementation of the AI-
based rpCVD screening tool. However, there are several limitations
to be aware of. Firstly, the clinics involved in the study were chosen
using convenience sampling, and this limits the representativeness of
the sample. Moreover, as we recruited participants from an existing

pool of GP patients and only those who agreed to participate were
recruited, this could introduce participation bias. We adopted this
approach to enhance feasibility and minimise ethical concerns. Par-
ticipants showed a lower proportion of low-risk and a higher pro-
portion of moderate-risk compared to the results from the Australian
National Health Measures Survey in this age group without previous
CVD30. Further validation could be performed in population-based
datasets. Secondly, the study does not include follow-up data on the
CVD outcomes, thus preventing us from examining the predictive
value of rpCVD. Thirdly, we adopted the algorithm that has been
trained using the WHO laboratory-based model, while the WHO
CVD risk scores for parts of the individuals included in this study
were calculated using the non-laboratory model considering the

Fig. 2 | Likert scale demonstrating participant acceptability regarding the rpCVD risk assessment system.

Fig. 3 | Clinician acceptability and perceptions about the rpCVD risk assessment
system. a Likert Scale demonstrating clinician acceptability regarding the rpCVD
risk assessment system. b The barriers perceived by the participating general

practitioners to implementing the rpCVD risk assessment system. c Participating
general practitioners’ preference of the CVD risk assessment models.
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feasibility of getting blood test results for all in the Australian pri-
mary care system. This needs to be taken into account when inter-
preting the results. Notably, the mean difference between the
laboratory-based and non-laboratory-based models was 0.16% (95%
CI: 0.11% to 0.21%) in an Iranian validation study31. Lastly, we
adopted a semi-structured survey to understand participant accep-
tance and satisfaction, without more detailed focus-group interviews
with the participants. Therefore, the details of the concerns and
challenges faced by the participants may be not understood
thoroughly.

In conclusion, our study demonstrates that the automated rpCVD
screening system is feasible and well-accepted in Australian primary care.
Although its correlation with WHO CVD risk score is moderate, the pre-
dictive accuracy for 10-yearCVDevent is comparablewithWHOCVDrisk
score. Further refinement of the rpCVD algorithm may lead to improved
performance and support its wider clinical deployment as a convenient and
non-invasive approach for CVD risk assessment in primary care.

Methods
Participants
Participants were recruited from two general practice clinics in
Victoria, Australia. Individuals between 45 and 70 years old who had
completed all or parts of a CVD risk assessment at the GP clinics
located in Camberwell and Eltham within the past six months were
considered eligible participants. Participants who completed the
CVD risk assessment were defined as documentation of all risk
factors required for the WHO CVD risk score (detailed in the pro-
tocol section). Parts of a CVD risk assessment is defined by at least
one blood pressure, or one lipid test result recorded on the electronic
medical record within the past six months. Eligible participants were
contacted by the research team and invited to participate in the
study. Individuals who agreed to participate had an appointment for
a visit at the GP clinic they attended for the initial CVD risk
assessment. At the conclusion of the pragmatic trial, eight general
practitioners (GPs) participated in the study were invited to complete
a clinician satisfaction survey.

Ethical approval
This study was approved by the Human Research Ethics Committee of St
Vincent’s Hospital Melbourne (HREC 309/21-81875). The study was
conducted in accordance with the tenets of the Declaration of Helsinki. All
participants provided written informed consent.

The deep learning algorithm for CVD risk score prediction
The deep learning algorithm utilised in this study was developed
using retinal images and demographic data from a total of 41,530
participants from the UK Biobank. The WHO CVD risk chart
laboratory-based method3 for the Australian population was used as
the ground truth for CVD risk during algorithm training. The ground
truth was calculated based on age, sex, smoking status, systolic blood
pressure, diabetes status and total cholesterol. An image quality
assessment pipeline was applied to classify the image quality as
“reject”, “usable” and “good”, using blurring, uneven illumination,
low-contrast, and artifacts as major quality indicators for retinal
images. The details of the method were described elsewhere32. Images
graded as “usable” or “good” were considered eligible for training and
validation. The deep learning model used VisionTransformer and
implemented a five-fold cross-validation strategy to prevent over-
fitting. A classification head with multiple binary classification
channels was applied to transfer the task into ordinal regression. The
thresholds of each classification channel were optimised for the
prediction F1-score empirically. We summarised the outputs of all
classification channels as the final rpCVD risk score. The input
images were resized to a resolution of 384 × 384 and data were
augmented in terms of crop, color and greyscale. Optimization was

performed using the Adam optimizer, and the model weights were
initialised with ImageNet weights. The rpCVD risk score was gen-
erated individually for each eye. For participants with data available
for both eyes, the score was determined as the mean value across
both eyes33,34. In cases where a gradable retinal image was only
obtainable for one eye, the individual’s rpCVD risk score would be
based solely on the available result.

Protocol
The workflow of the testing protocol is shown in Fig. 4a. All parti-
cipants underwent non-mydriatic fundus photography using an
automated portable fundus camera (Mediworks FC162) that gen-
erates macula-centred photographs with a 50° field of view. The
camera is linked to a tablet equipped with the rpCVD algorithm that
grades retinal images in near real-time, generating a rpCVD risk
score report and management plan. An illustration of the compo-
nents of the automated rpCVD system was shown in Fig. 4b and a
sample report was provided in Supplementary fig. 1. The report
includes the retinal images, an rpCVD risk score in percentage, and
the management plan provides recommendations on follow-up
intervals. The on-site research team member explained the results
and highlighted follow-up intervals to the participants according to
their results. All participants were noted that this is research docu-
ment only and would not affect their existing care plan with their
care providers. A hard copy of the rpCVD report with the calculated
conventional risk score was sent to the participants’ regular GPs on
the same day for integrated clinical decision and ensuring the par-
ticipants safety and health. Following imaging and report review,
participants completed a self-administered questionnaire that eval-
uated satisfaction with the screening system. A research assistant
administered a questionnaire that included sociodemographic
information and cardiovascular health. Regardless of the complete-
ness of data for the required WHO CVD risk score upon invitation,
all WHO CVD risk factors were collected on the day of the visit for
each participant through questionnaires, physical examinations and a
review of the electronic medical records. The WHO CVD risk chart
included a laboratory-based method calculated based on age, sex,
smoking status, systolic blood pressure, diabetes status and total
cholesterol; and a non-laboratory-based method using body mass
index (BMI) as a substitute for diabetes and total cholesterol. The
laboratory-based CVD risk chart was used as the label in the model
development. Data collected through the questionnaire included date
of birth, sex, self-reported smoking status (yes, including quit within
the past 12 months/no), history of diabetes. History of diabetes was
determined by self-reported doctor diagnosis, or the use of diabetic
medications or insulin. Systolic blood pressure was measured on the
day of the visit and total cholesterol was derived from participants’
most current blood test results within the past six months. If cho-
lesterol test results were unavailable, height and weight were mea-
sured to calculate BMI, which was then used as a substitute in the
non-laboratory-based model3.

Longitudinal validation in the UK Biobank
To assess the predictive performance of rpCVD compared to WHO
CVD risk score, a validation study in a longitudinal cohort is needed.
Given the design of the pragmatic trial that prevented us from long-
term follow-up for patient outcomes, we performed a longitudinal
validation in the UK Biobank35 which encompasses both retinal
images and long-term CVD outcomes. A total of 29,039 participants
had gradable retinal image(s) and complete data on calculating the
laboratory-based WHO CVD risk score. Of these, 1444 participants
with any baseline CVD (including coronary heart disease, stroke,
heart failure, atrial fibrillation and other heart/cardiac problems)
were excluded, resulting in 27,595 participants included in the vali-
dation. The endpoint definition of CVD in the development and
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validation of the WHO CVD risk charts included coronary heart
disease/myocardial infarction and stroke3. Therefore, we evaluated
the 10-year predictive value of rpCVD and WHO CVD risk score for
CVD aligning with this definition. In the UK Biobank, the baseline
CVDs were defined from self-reported conditions (Supplementary
Table 1) and inpatient hospital records using International Classifi-
cation of Diseases (ICD) codes (Supplementary Table 2). Incident
CVDs were determined by hospital records and death registry using
ICD codes.

Statistical analysis
Participant characteristics, image quality, duration of image capture was
represented as descriptive statistics. Continuous variables were displayed as
means (standard deviations) or medians (interquartile ranges) if the dis-
tribution was skewed. Categorical variables were presented as numbers and
percentages. One-way Analysis of Variance (ANOVA) tests were used to
test the differences between groups for continuous variables if normally
distributed, and Kruskal-Wallis tests were used if the normal distribution
assumption was violated. Chi-squared tests were applied to test the differ-
ences between categorical variables and Fishers’ exact tests were applied if
the expected count of any cell is less than 5. WHO CVD risk score was
calculated using the whocvdrisk STATA package, which was made openly
available by theWHOCVDRiskChartWorkingGroup3. The performance
of the rpCVD screening system in the prediction of WHO CVD risk score
was assessed using Pearson’s correlation and mean difference. RpCVD and
WHO CVD risk scores were log-transformed for the correlation test. The
mean difference between rpCVD and WHO CVD risk scores were calcu-
lated. As the variability of difference increases with the magnitude of the
average of WHO CVD and rpCVD risk scores (heteroscedasticity) was
observed, we adopted the regression approach proposed by Bland and
Altman in 1999 to fit the regression-based limits of agreement (LoA) in the
Bland-Altmanplot36. TheCVD risk scoreswere further categorised into low
(< 10%), moderate (10% to < 15%) and high (≥ 15%) to assess how the
rpCVD system reclassifies CVD risk compared to the WHO CVD risk
score37. Agreement between the risk categories was assessed using a con-
fusionmatrix.When the rpCVDsystemassigneda risk categoryhigher than
theWHOCVD category, it was considered an overestimation. Conversely,

it was defined as an underestimation. Subgroup analyses were conducted
based on the primary CVD risk factors - age and gender38,39, and the
laboratory-based or non-laboratory-based models, given their relevance to
clinical applicability. Sensitivity analyseswere conducted to further examine
the performance of the rpCVD system using the eye with worse CVD risk
score or the eye with better CVD risk score. Multi-variate Cox regression
models were applied to assess the association of rpCVD risk with incident
CVD in the UK Biobank. The models were adjusted for age, sex, smoking
status, medical history of diabetes, hypertension, and hyperlipidemia25.
Hazard ratio was calculated to quantify the effect size. Area under the
receiving operator curve (AUC)was quantified to assess the performance of
rpCVD andWHOCVD in predicting 10-year incident CVD events. Two-
sided P values less than 0.05 were considered statistically significant. Par-
ticipants’ and clinicians’ responses to the satisfaction questionnaire were
demonstrated in Likert Scales and the answers to open-ended questions
were analysed thematically. Ranking survey data were presented using
stacked bar charts. Statistical analysis was performed using Stata Version 16
(College Station, Texas, USA) andMicrosoft Excel (Microsoft Cooperation,
USA). The trial was registered under registration number
ACTRN12623001174673 at the Australian New Zealand Clinical Trial
Registry (ANZCTR).

Data availability
The data that support the findings of this study are not openly
available due to ethics regulations. However, data access requests for
future research will be considered by the corresponding author on a
case-by-case basis and subject to relevant institutional and ethical
approvals. Data are located in controlled access data storage at the
Centre for Eye Research Australia.

Code availability
The code employed for data analysis can be obtained by contacting the
corresponding author upon request.
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Fig. 4 | Overview of the study protocol and system. a Flowchart of the testing protocol. b Illustration of the automated rpCVD system.
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