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ABSTRACT
Purpose To investigate the diagnostic accuracy, 
feasibility and end- user experiences of an artificial 
intelligence (AI)- based, automated diabetic retinopathy 
(DR) screening model in real- world, Australian primary 
care and endocrinology clinics.
Methods In a pragmatic trial conducted across five 
sites including general practice and endocrinology 
clinics, from August 2021 to June 2023, patients aged 
≥50 years, and those aged ≥18 years with diabetes 
were screened using an AI- integrated, non- mydriatic 
fundus camera. The AI instantly analysed the retinal 
images for referable DR. Patients detected with 
referable DR or ungradable images were referred to 
eyecare professionals. The accuracy of the AI grading 
was assessed against gold standard human grading. 
A satisfaction survey was administered among the 
participants and care providers.
Results Among 863 participants enrolled (mean (SD) 
age: 62.6 (13.2) years; 53.0% women), the AI system 
achieved high accuracy of 93.3% (95% CI: 91.4% to 
95.5%) for referable DR detection, with a sensitivity 
of 83.7% (95% CI: 78.2% to 88.3%), specificity of 
96.1% (95% CI: 94.7% to 97.2%) and an area under 
the receiver operating characteristic curve of 0.899 
(95% CI: 0.874 to 0.924). The proportion of ungradable 
images was lower according to the AI grading (13.4%) 
compared with human grading (15.6%). Most patients 
(86%) and care providers (85%) expressed high 
satisfaction with the AI system.
Conclusions The AI- assisted DR screening model 
was accurate and well received by patients and staff 
in Australian primary care and endocrinology clinics. 
This opportunistic screening model holds promise for 
enhancing early DR detection in non- eyecare settings, 
potentially preventing vision loss due to DR on a 
considerable scale.

INTRODUCTION
Worldwide, 529 million people were estimated to 
be living with diabetes mellitus (DM) in 2021, with 
projections suggesting this number could more than 
double to 1.3 million by the year 2050.1 Among the 
complications of DM, diabetic retinopathy (DR) 

stands as a leading cause of preventable blindness 
among the adult working population.2–4

The 2016 Eye Health Survey in Australia 
reported that the prevalence of any DR and vision- 
threatening DR among adults aged 40 years and 
older was 39.4% and 9.5%, respectively.5 With 
increasing numbers of people with diabetes living 
longer, the prevalence of DR and associated visual 
impairment is on the rise.5 6 Without prompt treat-
ment, approximately half of people with prolif-
erative DR will be blind in 5 years due to disease 
progression.7 However, early detection of DR 
followed by appropriate treatment can prevent 
more than 90% of vision loss due to diabetes.8 9

To improve the accessibility of DR screening, the 
Australian Government recently committed signif-
icant funding to introduce new Medicare Benefits 
Schedule (MBS) item numbers and initiate a nation-
wide programme with a budget of approximately 
$A33 million over 5 years.10 This programme 

WHAT IS ALREADY KNOWN ON THIS TOPIC

 ⇒ Diabetic retinopathy (DR) is a major cause 
of preventable blindness. While artificial 
intelligence (AI)- based screening has shown 
promise, real- world evidence in non- eye care 
settings remains limited.

WHAT THIS STUDY ADDS

 ⇒ This pragmatic trial in Australia demonstrates 
that an AI- based automated DR screening 
system achieves high diagnostic accuracy 
(93.3%), with robust sensitivity and specificity, 
and is well accepted by both patients and 
care providers in Australian primary care and 
endocrinology clinics.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ These findings support integrating AI- based 
DR screening into routine clinical workflows, 
potentially enhancing early detection of DR 
and informing future research and health policy 
decisions.
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supports the provision of equipment and training to enable DR 
screening by non- eye care professionals using retinal imaging. 
While retinal imaging is an effective screening methodology, 
image capture is dependent on a dedicated and skilled tech-
nician.11 Additionally, accurate interpretation of the images 
requires clinical experts such as ophthalmologists or optom-
etrists.12 These scenarios pose a significant challenge to the 
sustainability of this point- of- care screening model, as evidenced 
by the low rate of MBS item number claims (November 2016–
March 2018=1236 claims) despite ready availability of retinal 
cameras.13 14

There is a need for an automated methodology for early 
detection of DR among patients at risk, reducing the depen-
dency on technicians for image acquisition and eye profes-
sionals to interpret the images. Recent studies have reported that 
artificial intelligence (AI) algorithms can accurately diagnose 
morphology- dependent diseases such as DR, with comparable 
or slightly better performance compared with human image 
graders.15–17 However, the real- world accuracy of these models 
and the satisfaction levels of patients and care providers remain 
underexplored.

To address this critical gap and enhance uptake, we devel-
oped a system integrating automated fundus photography, AI 
and automation enabling self- testing opportunistic screening 
for DR. This automated screening system is less dependent on 
technicians for image acquisition and can interpret the retinal 
image findings independently of eye care professionals. This 
addresses existing gaps in the interpretative capability of non- 
eye care professionals, while also overcoming the many issues 
associated with the delayed interpretation and communication 
of imaging results that impend the sustainability of current 
models. This study differentiates itself from previous research by 
implementing a fully automated AI- based DR screening system 
within primary care and endocrinology clinics, including an 
aboriginal medical service, thus addressing gaps in accessibility 
and early detection in diverse real- world settings. The overall 
aim of this study was to evaluate the real- world effectiveness and 
feasibility of this automated screening system in endocrinology 
and primary care settings.

MATERIALS AND METHODS
We conducted a multicentre, pragmatic trial between August 
2021 and June 2023 involving patients attending two general 
practice clinics (GP- 1 and GP- 2) and two endocrinology clinics 
(ENDO- 1 and ENDO- 2) in Victoria and an aboriginal medical 
service (ABG) in Western Australia (WA).

Participants
In the GP clinics (GP- 1 and GP- 2) and one of the endocrinology 
clinics (ENDO- 1) in Victoria and the Aboriginal medical centre 
(ABG) in WA, patients were recruited while waiting for their 
physician/endocrinologist consultation. These sites (group A) 
included all patients aged 50 years or older and those aged 
18 years or older with a diagnosis of type 1 or type 2 diabetes 
(online supplemental table 1). The screening system GP- 1, GP- 2 
and ENDO- 1 used an AI algorithm incorporated with an auto-
mated, non- mydriatic fundus camera mounted in a kiosk (Reti-
Cam- 3100, Chongqing, China, online supplemental figure 1A). 
In the other two sites (ENDO- 2 and ABG), the screening system 
incorporated the same AI algorithm with smaller, portable and 
automated fundus cameras (MediWorks -FC162, Shanghai, 
China, online supplemental figure 1B).

At ENDO- 2 (group B), the inclusion criteria were modified 
to recruit patients aged 18 years or older with suboptimally 
controlled diabetes, defined by one or more of the following: 
haemoglobin A1c (HbA1c) ≥9.0% in the past 6 months, a 
diabetes diagnosis of 10+ years or type 2 diabetes with insulin 
dependence for 3+ years. This ensured participants in this 
site had established diabetes with poor glycaemic control for 
comparative screening outcomes. Due to logistical reasons, 
eligible patients at ENDO- 2 were preidentified and scheduled 
for screening at an off- site location.

AI-enabled automated system for DR screening
The AI system’s development and validation have been previ-
ously described in detail.18 19 It was trained on over 200 000 
retinal images from diverse clinical settings graded by 21 ophthal-
mologists who achieved a substantial intraobserver agreement 
(kappa ≥0.70). Referable DR was defined as more than mild 
NPDR (non- proliferative DR) and/or diabetic macular oedema 
(DMO) following the guidelines of the National Health Services 
(NHS) diabetic eye screening.20 Deep learning models were then 
developed using the Xception (RetiCam- 3100) and Inception- v3 
(MediWorks -FC162) architectures.

The fundus camera provided audio prompts to guide patients 
for correct positioning and focus. Once correctly focused, the 
camera automatically captured a macula centred image with a 
50° field of view, of each eye. Images were immediately anal-
ysed by the AI system and results were delivered via a QR code 
printed from the system, allowing patients to receive an elec-
tronic grading report on their mobile device. On scanning the QR 
code, the patient’s mobile device received an electronic grading 
report including retinal images and referral recommendations.

Reference standard grading
To assess the AI model’s accuracy, all images were manually 
graded for referable DR by two NHS certified graders using the 
NHS diabetic eye screening guidelines.20 Manual grading served 
as the reference standard, defining referable DR as moderate 
NPDR or worse and/or DMO. Disagreements between the 
graders were adjudicated by a senior (ophthalmologist) grader. 
Participants identified as false negatives (instances where manual 
grading reported DR but AI did not) were contacted through a 
phone call and advised to consult an eye care professional.

Study procedure
The study team explained the purpose and procedure of the study 
to eligible patients and invited them to participate. Interested 
participants received detailed information, and those who gave 
informed consent were enrolled. Demographic, systemic and 
ocular information was recorded for each participant. Distance 
visual acuity was assessed and documented for every participant 
using the WHOeyes app21 on a tablet. In group A sites, images 
were captured only if a good quality image was obtained within 
three attempts. In group B site, we modified the protocol and 
captured images of both eyes from all patients regardless of 
clarity. Screening and any assistance required were documented. 
Participants completed a survey on ease of use, satisfaction and 
feasibility of the system. Care providers at the three Victorian 
sites (GP- 1, GP- 2 and ENDO- 1) were interviewed for feedback 
on the AI- based screening system.

Participant referral
In group A clinics, patients identified with referable DR by the AI 
system were referred to an eye specialist at the discretion of the 
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physician. Patients carried the printed QR code to their consulta-
tion, and the physicians could also access the results via an online 
portal. In the group B clinic, where the screening occurred at a 
different location, patients who received an AI referral recom-
mendation were issued a referral letter to take to their local eye 
care professional.

Participant follow-up
Participants who received a referral were contacted by phone 
or email 3 months after the screening, to assess their adherence 
to the referral and gather details of their consultation with an 
optometrist or ophthalmologist. A minimum of three attempts 
was made to obtain this information.

Statistical analysis
All study data were manually entered and managed using REDCap 
electronic data capture tool (REDCap Solutions, UYSA), hosted 
at the CERA. Deidentified data were downloaded from REDCap 
and imported into Stata/IC V.17.0 for statistical analysis. Images 
missing reference standard grading were excluded from the 
accuracy analysis. Retinal images deemed ungradable by the AI 
system were classified as a positive index test for referable DR, in 
line with current Australian referral guidelines, that recommend 
referral if the fundus is not viewable during screening.22 Diag-
nostic accuracy was assessed by estimating sensitivity, specificity, 
accuracy, area under the receiver operating characteristic curve 
(AUROC), positive predictive value and negative predictive value 
with 95% CI. A subgroup analysis based on study sites was also 
performed. Factors affecting false positive or false negative AI 
grading were assessed using logistic regression. Responses to the 
patients and providers survey were analysed to assess the level 
of patient satisfaction and acceptance of the screening system.

RESULTS
Among the eligible participants invited to participate in the 
study from the five study sites, 863 patients provided consent 
and underwent AI- based eye screening. The system successfully 
captured images from 655 (75.9%) patients. Images of both eyes 
were captured from 546 (83.4%) patients and images of only 
one eye were captured from 109 (16.6%) patients. The primary 
reasons for unsuccessful imaging included smaller pupil size, 
patients’ inability to keep eyes still or lack of cooperation due 
to discomfort. Figure 1 illustrates the enrolment flow chart and 
study process.

The 863 participants had a mean (SD) age of 62.6 (13.2) and 
53.0% were women. Table 1 presents the patient characteristics 
including the prevalence of systemic and ocular illnesses. Diabetes 
was self- reported in 57.8% of the participants with a mean (SD) 
duration of 17.4 (11.9) years and hypertension was self- reported 
in 40.8%. In terms of ocular conditions, 4.60% of the partici-
pants reported glaucoma, 2.20% age- related macular degenera-
tion (AMD) and 8.0% DR. Cataract and distance refractive errors 
were reported by 25.9% and 43.2% of patients, respectively.

Eye level outcomes
A total of 1201 images were included in the analysis. According 
to human grading, 221 (18.4%) eyes had referable DR while Figure 1 Flow chart of enrolment and study procedures.

Table 1 Participant characteristics

Characteristics n (%)

Age (mean±SD) 62.6 (13.2)

Gender

  Male 457 (53.0)

  Female 406 (47.0)

Hypertension

  No 511 (59.2)

  Yes 352 (40.8)

Diabetes

  No 364 (42.2)

  Yes 499 (57.8)

Diabetes duration (mean (SD)) 17.4 (11.9)

Diabetes duration

  Up to 5 years 89 (17.7)

  >5 to 10 years 71 (14.3)

  >10 to 20 years 158 (31.8)

  >20 to 30 years 119 (23.9)

  Above 30 years 62 (12.3)

Visual acuity

  Normal 811 (94.0)

  Mild VI 39 (4.57)

  Moderate VI 12 (1.30)

  Severe VI 0

  Blindness 1 (0.13)

Glaucoma

  No 797 (93.2)

  Yes 39 (4.6)

  Unsure 19 (2.2)

Age- related macular degeneration

  No 827 (95.8)

  Yes 19 (2.2)

  Unsure 17 (2.0)

Cataract

  No 610 (70.7)

  Yes 222 (25.9)

  Unsure 29 (3.4)

Refractive error

  No 480 (55.7)

  Yes 373 (43.2)

  Unsure 10 (1.2)

Diabetic retinopathy

  No 762 (88.3)

  Yes 69 (8.0)

  Unsure 32 (3.7)

VI, visual impairment.
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the AI- based grading detected referable DR in 223 (18.6%) 
eyes. The proportion of ungradable images according to human 
grading was 15.6% (n=187), whereas the proportion was 
13.4% (n=161) as per the AI grading. In the group A clinics, 
the proportion of ungradable images by human grading and AI 
grading was 9.41% (n=85) and 8.08% (n=73), respectively. 
But in the group B clinic, where images were captured from all 
patients irrespective of image quality, these proportions were 
34.2% (n=102) and 29.5% (n=88), respectively.

Diagnostic accuracy of AI at image level
The diagnostic accuracy parameters for AI in detecting referable 
DR, compared with the human grading, are provided in table 2. 
Overall, the AI system demonstrated a sensitivity of 83.7% (95% 
CI: 78.2% to 88.3%), specificity of 96.1% (95% CI: 94.7% to 
97.2%), accuracy of 93.3% (95% CI: 91.4% to 95.5%) and 
an AUROC of 0.899 (95% CI: 0.874 to 0.924). In the group 
B clinic, where all the patients had confirmed diabetes, the AI 
system showed a higher sensitivity of 90.4% (95% CI: 83.5% to 
95.1%). The specificity, accuracy and AUROC for this site were 
85.2% (95% CI: 79.3% to 90.0%), 87.2% (95% CI: 85.1% to 
89.2%) and 0.878 (95% CI: 0.841 to 0.916), respectively.

Factors associated with false positive outcome included older 
age (p<0.0001), diabetes (p=0.019) and presence of refrac-
tive error (p=0.014). False negative outcomes were associated 
with older age (p=0.002), diabetes (p=0.014), hypertension 
(p=0.001) and the presence of cataract (p=0.007). Among the 
23 false negatives, 18 were ungradable due to severe cataract 
or small pupil size, leading to their misidentification as non- 
referable DR by the AI. In the remaining five cases with gradable 
images, the AI failed to detect small retinal lesions, including 
patchy haemorrhages and hard exudates. Figure 2 illustrates 
sample images with disagreement between the AI and human 
grading.

Individual-level outcomes
Out of the 655 patients, human grading identified 145 (22.1%) 
with referable DR while AI- based grading identified 133 (20.3%). 
The proportion of persons with ungradable images according to 
the human grading and AI- based grading was 14.8% (n=97) for 
human grading and 12.7% (n=83) for AI grading. In group A 
clinics, ungradable image rates were 9.29% (n=47) for human 
grading and 7.31% (n=37) for AI grading (online supplemental 

table 2). In group B clinic, these proportions were 33.6% (n=50) 
and 30.9% (n=46), respectively. The aboriginal medical centre 
in group A had higher proportions of ungradable image rates 
of 38.2% (human) and 39.7% (AI) compared with 4.8% and 
2.28% in the other group A clinics.

Diagnostic accuracy of AI at person level
The overall diagnostic accuracy of AI across all five sites showed 
a sensitivity of 82.1% (95% CI: 74.8% to 87.9%), specificity 
of 97.3% (95% CI: 95.4% to 98.5%), accuracy of 93.9% (95% 
CI: 91.8% to 95.6%) and AUROC of 0.897 (95% CI: 0.865 
to 0.929) (table 3). For the group B clinic, the sensitivity was 
90.0% (95% CI: 80.5% to 95.9%), specificity 92.4% (95% CI: 
84.2% to 97.2%), accuracy 91.3% (95% CI: 85.5% to 95.3%) 
and AUROC 0.912 (95% CI: 0.866 to 0.958).

Participant referral and follow-up
Of the 655 patients screened, 236 (36.0%) received a referral 
recommendation from the AI grading to consult an eye specialist. 

Table 2 Diagnostic accuracy of AI in detecting referable DR (image 
level)

Overall Group B clinic

Value (95% CI) Value (95% CI)

Sensitivity 83.7% (78.2% to 88.3%) 90.4% (83.5% to 

95.1%)

Specificity 96.1% (94.7% to 97.2%) 85.2% (79.3% to 

90.0%)

Accuracy 93.8% (92.3% to 95.1%) 87.2% (85.1% to 

89.2%)

PPV 83.0% (77.4% to 87.7%) 79.4% (71.4% to 

86.0%)

NPV 96.3% (94.9% to 97.4%) 93.4% (88.5% to 

96.7%)

AUROC 0.899 (0.874 to 0.924) 0.878 (0.841 to 0.916)

AI, artificial intelligence; AUROC, area under the receiver operating characteristic 

curve; DR, diabetic retinopathy; NPV, negative predictive value; PPV, positive 

predictive value.

Figure 2 Representative images where human graders and the AI 
algorithm disagreed. A- B. False negatives, in these moderate NPDR 
cases, Al failed to detect lesions such as retinal hemorrhages and 
hard exudates. C- D. False positives. C is a normal fundus with some 
pigmentation and nerve fibre reflection. D is a mild NPDR case with 
early- stage AMD. E. A case of vitreous opacity can be graded by human 
graders, but was deemed ungradable by Al. F. An ungradable case by 
human graders due to severe cataract (details not visible in >50% 
of the fundus), but incorrectly graded as negative by Al. AI, artificial 
intelligence; AMD, age- related macular degeneration; NPDR, non- 
proliferative diabetic retinopathy.
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Of these, 99 (41.9%) patients were referred due to ungrad-
able retinal images. With a minimum of three attempts, 181 
(76.7%) of the referred patients were contacted. Among them, 
86 (47.5%) adhered to the referral recommendation. Out of 
these 86 patients, 28 (32.6%) were confirmed to have DR by the 
specialist. Of the remaining patients 23 had cataract, 7 had glau-
coma, 2 had AMD and 6 had other unspecified eye conditions. 
Nine patients were unsure of their diagnosis, and 11 patients 
had no eye conditions. Notably, 36 (42%) of those who adhered 
to the referral recommendation were initially referred due to 
ungradable images. Their diagnoses included DR (9), cataract 
(8), glaucoma (2), AMD (1), other conditions (2), unsure (3) and 
no diagnosis (11).

Patient satisfaction survey
Overall, 73% of patients were satisfied with the automated DR 
screening while 13% were neutral (online supplemental table 3). 
A total of 86% found the screening system easy to use. Patients 
recognised the benefits of the system as 77% of patients agreed 
they would re- use the system and over 78% would recommend 
the screening to friends and family. Despite the positive feed-
back, 43% of patients preferred not to pay out- of- pocket for 
this service. Of those willing to pay, 7% were willing to pay 
US$1–US$10, 26% would pay US$11–US$50 and 17% would 
pay US$51–US$100.

Care providers’ feedback
Across the three study sites (GP- 1, GP- 2 and ENDO- 1), 21 
care providers including physicians, clinical staff and practice 
managers participated in the interview. Overall, 76.2% were 
satisfied with the AI- based eye screening system (online supple-
mental table 4). The providers found the system to be conve-
nient as 76% of them felt that the report and recommendation 
generated by the AI system was clear and easy to understand and 
71% felt that the underlying AI technology and the approach 
was clear and explainable to the patients. The presence of the 
AI system was seen as beneficial by 85% of providers, who felt 
it improved their ability to conduct eye screening and would 
recommend it to their patients.

DISCUSSION
Our pragmatic trial conducted in Australian primary care and 
endocrinology settings evaluated the effectiveness and feasibility 

of AI based, automated DR screening in multiple real- world, 
non- eye care settings. Our findings indicate that the AI system 
demonstrated high sensitivity and specificity for detecting refer-
able DR, both at image and individual levels, compared with 
the reference standard human grading. The system was also well 
received by both patients and care providers. These findings 
suggest that integrating AI technology into primary care and 
endocrinology clinics can significantly enhance the early detec-
tion of DR, potentially preventing vision loss among patient 
with diabetes.

Similar studies in the past have reported comparable levels of 
diagnostic accuracy for AI systems. The AI algorithm provided 
slightly lower sensitivity and a higher specificity and accuracy 
compared with a recent systematic review and meta- analysis of 
AI- based DR screening in real- world settings that reported the 
following pooled accuracy, sensitivity and specificity of 81%, 
94% and 89%.15 Our results are comparable with similar studies 
such as the AI- based DR screening study conducted by Abràmoff 
et al16 in primary care clinics in the USA and a European study 
conducted by Tufail et al17 in a community- based screening 
programme. Our results also align with the findings from studies 
using large research databases such as EyePACS, Mesidor- 223 
and Singapore Integrated Diabetic Retinopathy Programme24 to 
train and validate deep learning algorithms for DR detection.

In the first four sites (group A), which included an aborig-
inal medical centre, we recruited all consented patients above 
50 years of age and those 18 years or older with diabetes. This 
broader inclusion, regardless of diabetes status, was intended to 
reflect an opportunistic screening model that aligns with how 
such technology might be deployed in routine primary care. 
However, in the fifth site (group B), we recruited patients with 
established diabetes and poor glycaemic control, resulting in a 
cohort at higher risk of DR. This difference in participant profile 
contributed to the variation in AI diagnostic performance, with 
significantly higher accuracy observed in group B. Diabetes dura-
tion and HbA1c levels are established independent risk factors 
for DR.25 It has been reported that the proportion of DR cases 
among patients with diabetes substantially increases from 25% 
to 80% as the duration of diabetes increases from 5 years to 15 
years.26 In this context, the higher diagnostic accuracy among 
patient cohorts with prolonged, severe diabetes indicates that 
AI- based DR screening may perform more efficiently among 
patients with long- standing or poorly controlled diabetes. None-
theless, since many GPs do not have systems in place to screen 
exclusively based on diabetes status, broader inclusion may still 
offer value for opportunistic detection and enhance scalability of 
AI screening models in real- world settings.

Our analysis identified several factors associated with false 
positive and false negative outcomes in AI- based detection of 
referable DR such as older age, presence of diabetes and refrac-
tive errors, which is in concurrence with previous studies.23 27 
These findings underscore the complexity of image analysis and 
the importance of patient demographics in AI model perfor-
mance.28 Addressing these factors is critical for refining the AI 
model to enhance its accuracy. For instance, the association of 
false negatives with severe cataracts and small pupils suggests the 
potential benefit of incorporating advanced image preprocessing 
techniques.29

We noticed significant differences in the proportions of 
ungradable images between group A and group B clinics. In the 
group B site (ENDO- 2), where images were included from all 
participants regardless of quality, the proportion of ungradable 
images was significantly higher. In contrast, in group A clinics, 
images were not captured for patients with unfavourable eye 

Table 3 Diagnostic accuracy of AI in detecting referable DR (person 
level)

Overall Group B clinic

Value (95% CI) Value (95% CI)

Sensitivity 82.1% (74.8% to 87.9%) 90.0% (80.5% to 

95.9%)

Specificity 97.3% (95.4% to 98.5%) 92.4% (84.2% to 

97.2%)

Accuracy 93.9% (91.8% to 95.6%) 91.3% (85.5% to 

95.3%)

PPV 89.5% (83.0% to 94.1%) 91.3% (82.0% to 

96.7%)

NPV 95.0% (92.8% to 96.7%) 91.3% (82.8% to 

96.4%)

AUROC 0.897 (0.865 to 0.929) 0.912 (0.866 to 0.958)

AI, artificial intelligence; AUROC, area under the receiver operating characteristic 

curve; DR, diabetic retinopathy; NPV, negative predictive value; PPV, positive 

predictive value.
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conditions or when non- cooperative. Notably, at the aboriginal 
medical centre, despite using the group A inclusion criteria, the 
proportion of ungradable images was around 40% compared 
with just 4.8% across the other three group A clinics. Recruit-
ment at this site was also considerably lower, potentially 
reflecting cultural preferences and community- specific barriers 
to participation. While the screening process was supported 
by Aboriginal Health Workers and integrated into clinic work-
flows, the findings underscore the importance of cultural safety, 
trust and tailored communication strategies in ensuring effective 
implementation. This disparity highlights how patient popula-
tion characteristics, local workflows and cultural context signifi-
cantly influence the quality and success of AI- based screening in 
specific settings, particularly those serving Indigenous communi-
ties. Targeted strategies are needed to improve image quality and 
uptake in such circumstances.30 31

The demographic profile of our study participants, with 63% 
aged 60 years or above and a notable absence of severe visual 
impairment or blindness, may have influenced the observed 
lower compliance rates to referral recommendations, which is 
consistent with previous studies.5 17 Older age has been consis-
tently associated with challenges in healthcare engagement and 
adherence to medical advice including eye referrals.32 33 Studies 
suggest that older adults may encounter barriers such as mobility 
limitations, transportation issues and competing health priorities 
which can affect their willingness and ability to follow through 
with recommended specialist appointments.33 34 Furthermore, 
the relatively low prevalence of severe visual impairment or 
blindness (0.13%) among the participants might have led to the 
perception of lower urgency for immediate eye care follow- up, 
contributing to reduced adherence rates.

Even though the compliance rate was lower than desired, the 
AI systems’ referral recommendations led to the identification 
of a substantial number of patients with various eye diseases 
corroborating the system’s potential utility in real- world settings. 
However, the lower compliance in our study, possibly due to 
ocular and systemic comorbidities owing to older age, is consis-
tent with prior studies.32 33 Furthermore, the high percentage 
of ungradable images among referred patients could also be a 
possible reason for lower compliance. However, this highlights 
the need for improved image capture techniques or supplemen-
tary diagnostic tools to reduce the number of ungradable images 
and ensure more accurate initial screenings.28 29 These findings 
emphasise the importance of tailored patient education strate-
gies and personalised communication approaches to improve 
compliance rates. The enhancement of engagement strategies 
and clear explanation of the significance of follow- up eye care 
could help increase adherence.32–34 Integrating patient feedback 
and addressing logistical barriers may further enhance the effec-
tiveness of AI- based DR screening programmes in diverse health-
care settings.

Strengths and limitations
Our study has several notable strengths. It is one of the first prag-
matic trials to evaluate the diagnostic accuracy and feasibility 
of an AI- based DR screening system in non- eye care settings in 
Australia. The inclusion of diverse settings, including GP clinics, 
endocrinology clinics and an aboriginal medical service, enhances 
the generalisability of the findings across varied real- world envi-
ronments. The study demonstrated high sensitivity, specificity 
and AUROC aligning with similar previous studies underscoring 
the robustness and reliability of the AI system. Additionally, we 
used a mixed- methods approach, incorporating feedback from 

both patients and the care providers, providing a comprehen-
sive evaluation of the AI system’s acceptability and practicality 
in routine clinical practice. The AI system and fundus cameras 
used in the study are listed on the Australian Register of Ther-
apeutic Goods, supporting its regulatory readiness for clinical 
implementation. While precise costs depend on configuration, 
hardware choice and service model, previous research reports 
that integrating AI- based DR screening in primary care settings 
is a highly cost- saving strategy in Australia.35

However, there are several limitations to be acknowledged. 
The compliance rate to referral recommendations was subop-
timal, potentially impacting the follow- up outcomes. The study 
population was predominantly older, and very few patients had 
severe visual impairment or blindness, which may have influ-
enced the perceived urgency of follow- up care and compliance 
rates. False negatives in our study are concerning, as they result 
in missed diagnoses, compromising the effectiveness of the 
screening system. Even though most false negatives were due to 
ungradable images, the missed cases among the gradable images 
highlight the necessity for ongoing improvements in the AI algo-
rithm to enhance its sensitivity and reduce the risk of undetected 
DR. Furthermore, a considerable proportion of retinal images 
were ungradable, potentially due to conditions influenced by 
older age such as cataracts and small pupil size indicating the 
need for improved imaging techniques or complementary diag-
nostic tools.

Although the same AI algorithm was deployed across all sites, 
two different fundus camera models were employed. Variations 
in hardware and user interface design may have influenced 
image quality and ungradable image rates. This real- world vari-
ability introduces some heterogeneity that should be considered 
when interpreting pooled accuracy estimates. While subgroup 
analyses were conducted, we acknowledge that pooling data 
across diverse sites—each with variations in inclusion criteria, 
workflows and population profiles—may obscure important 
differences in AI performance. For instance, the high rate of 
ungradable images in Group B suggests that site- specific factors 
meaningfully affect screening outcomes. These heterogeneities 
highlight the importance of contextual interpretation of pooled 
metrics and support the need for further stratified analysis in 
future implementation research.

Even though this study was designed as a pragmatic trial with 
implementation in varied non- eyecare settings, we acknowledge 
that certain features—such as the use of a structured protocol, 
reference standard, human grading and standardised data collec-
tion—reflect characteristics of an explanatory design. These 
elements ensured internal validity but may limit the replication 
of real- world variability in workflow adherence, image capture 
conditions and follow- up. Future studies should assess AI perfor-
mance under less controlled, routine clinical conditions to better 
inform large- scale implementation.

CONCLUSIONS
This pragmatic trial demonstrated that an AI- based DR 
screening system is effective and feasible in non- eye care settings 
in Australia. With high diagnostic accuracy, the AI system shows 
promise for early detection of referable DR in primary care 
and endocrinology clinics. Positive feedback from both patients 
and care providers supports its integration into routine clin-
ical practice. Future research should focus on improving image 
quality and compliance to referral recommendations, as well as 
exploring long- term outcomes and cost effectiveness. By inte-
grating a fully automated AI- based DR screening in primary 
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care and endocrinology clinics, our approach addresses gaps in 
accessibility and early detection, showcasing the feasibility of 
this method in diverse real- world settings. This highlights the 
potential for broader implementation of AI- based DR screening 
to prevent vision loss on a large scale.
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