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Abstract

Background: Diabetic retinopathy (DR) affects about 25% of people with diabetesin Canada. Early detection of DR isessential
for preventing vision loss.

Objective:  We evaluated the real-world performance of an artificial intelligence (Al) system that analyzes fundus images for
DR screening in a Quebec tertiary care center.

Methods: We prospectively recruited adult patients with diabetes at the Centre hospitalier de I’ Université de Montréal (CHUM)
in Montreal, Quebec, Canada. Patients underwent dua-pathway screening: first by the Computer Assisted Retinal Analysis
(CARA) Al system (index test), then by standard ophthalmological examination (reference standard). We measured the Al
system's sensitivity and specificity for detecting referable disease at the patient level, along with its performance for detecting
any retinopathy and diabetic macular edema (DME) at the eye level, and potential cost savings.

Results: This study included 115 patients. CARA demonstrated a sensitivity of 87.5% (95% Cl 71.9-95.0) and specificity of
66.2% (95% CI 54.3-76.3) for detecting referabl e disease at the patient level. For any retinopathy detection at the eyelevel, CARA
showed 88.2% sensitivity (95% Cl 76.6-94.5) and 71.4% specificity (95% CI 63.7-78.1). For DME detection, CARA had 100%
sensitivity (95% CI 64.6-100) and 81.9% specificity (95% CI 75.6-86.8). Potential yearly savings from implementing CARA at
the CHUM were estimated at CAD $245,635 (US $177,643.23, as of July 26, 2024) considering 5000 patients with diabetes.
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Conclusions: Our study indicates that integrating a semiautomated Al system for DR screening demonstrates high sensitivity
for detecting referable disease in areal-world setting. This system has the potential to improve screening efficiency and reduce

costs at the CHUM, but more work is needed to validate it.

(JMIR Diabetes 2024;9:€59867) doi: 10.2196/59867
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Introduction

Diabetes mellitusis a prevalent metabolic disease affecting 5.7
million Canadians, or 14% of the population, in 2022. This
number is expected to increase to 7.3 million by 2032 [1].
Diabetic retinopathy (DR) is a common complication of the
disease, affecting up to 25% of patients in Canada [2]. DR is
also the leading cause of vision loss in people of working age
and is associated with increased mortality [3]. Detection of DR
at an early stage, when it can be treated with the best prognosis,
iscrucial in preventing vision loss [4].

Diabetes Canada recommends annual to biennial DR screening
by an ophthalmologist or an optometrist for al people with
diabetes [3]. Despite this recommendation, up to a third of
diabetic patients go unscreened in Ontario, for example [5].
Demographic and socioeconomic factors, such as low income
and immigration, arethe main risk factorsfor being unscreened
[5]. Numerous Canadian provinces have implemented more
inclusive DR screening programs through DR telescreening
(DRTS) [6-10].

In Quebec, significant progress has been made in devel oping
DRTS pathways for patients with diabetes in distant regions
[11]. However, inlarge urban centers, only aminority of patients
benefit from such access [6]. For most patients, screening is
carried out in optometry clinics, resulting in out-of-pocket
expenses, as these services are not covered by the provincial
health insurance program [12]. Many patients are referred to
consult with an ophthalmologist at a hospital. However, this
care process is usualy inefficient, with numerous obstacles to
effective screening [6].

The recent demonstrations of artificial intelligence (Al)-based
grading systems for DR have sparked interest into their
integration in pre-established DRTS care pathways in Quebec

https://diabetes.jmir.org/2024/1/€59867

[11,13]. These systems can integrate existing DRTS pathways
in 2 ways: a semiautomated manner, where they replace the
preliminary triage currently performed by level 1 trained graders
[14]. Alternatively, they can operatein afully autonomousway,
which would not require any human oversight [15].

In this study, we share findings from incorporating a
semiautomated Al model into the care strategy for diabetic
patients at amajor tertiary care center in Quebec. We report on
the prospective clinical validation of thisAl system, showcasing
itsreal-world performance at both the patient and eyelevelsfor
detecting retinopathy and diabetic macular edema (DME). We
also perform an economic analysisto estimate the potential cost
savings achievable with the implementation of the Al system.

Methods

Study Design

The Centre hospitalier de |’ Université de Montréal (CHUM) is
atertiary and quaternary care teaching hospital and one of the
two major health care networksin Montreal, Quebec, Canada.
It serves 500,000 patients annually. At the CHUM, patientswith
diabetes are managed by the endocrinology service in
specialized clinics, with DR screening conducted either
externally or within the ophthalmology department, depending
on patient and physician choice.

To improve the patient experience and increase screening
uptake, we implemented an Al-based DRTS pathway within
the CHUM. To evaluate our approach, we designed a silent
prospective clinical validation trial. All recruited patients were
screened through 2 parallel pathways. screening by an Al-based
system called Computer Assisted Retinal Analysis (CARA),
followed by standard of care screening by a CHUM
ophthalmol ogist who was masked to the output of CARA. The
study pathway is described in Figure 1.
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Figurel. Overview of thesilent prospective clinical validation study. Adult patients with diabetes were recruited from CHUM's endocrinol ogy service.
After consenting, fundus photography was obtained on the same day. The fundus images were then transferred through the cloud to the prospective
validation pipeline. The images were automatically analyzed by the CARA agorithm. Before generating the report, a trained grader employed by the
service provider would grade the CARA-processed images. Within a month, with the outputs of CARA masked, the patients were referred to receive
standard of care screening with an ophthalmologist at the CHUM. To determine the discriminative performance of CARA, the outputs from the silent
prospective validation were compared to the ophthalmologist exam (standard reference). CARA: Computer Assisted Retinal Analysis, CHUM: Centre

hospitalier de |’ Université de Montréal; DR: diabetic retinopathy.
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Study Population

Patients who attended the diabetes clinic of the endocrinology
service between September 2018 and January 2019 were
recruited. All patients were new patients to the department of
ophthalmology. Previous DR diagnosis, past retinal disease, or
intraocular surgery was not exclusionary.

CARA: A Semiautomated Al Model for DR Detection

The CARA system, asemiautomated Al devel oped by Diagnos
Inc.inMontreal, isaclinically inspired machine learning (ML)
algorithm designed to detect retinopathy and maculopathy. As
a traditional ML model, CARA required the handcrafting of
feature extractors that transform pixel values of aretinal image
into feature vectorsfor an ML classifier [16,17]. Thisisdifferent
from deep learning approaches which became prominent after
the development of CARA [17,18]. CARA identifies specific
lesions in retinal images, including dark lesions like
microaneurysms and hemorrhages, as well as bright lesions
such as hard exudates and cotton wool spots[19,20].

The agorithm uses a multistep process involving image
enhancement, laterality determination, vascular network, optic
nerve and fovea detection, and lesion identification. A fina
output is reached by aweighted combination of image quality,
the highest probability of bright and dark lesions, and image
conformity. This output is reviewed by a Diagnos Inc senior
grader before being sent to the CHUM, marking the process as
semiautomated. The senior grader, an ophthalmologist with 12
years of grading experience, was employed by Diagnos Inc.
The CHUM was not informed of any formal auditing or quality
assessment methods used by Diagnos Inc.

CARA received approva from the US Food and Drug
Administration asaclass || medical devicein 2011 through the
510(k) pathway. It was intended as a software platform to
visualize, store, and enhance color fundus images through
computerized networks, but was not certified for diagnosing
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DR at that time. Prior to this current study, CARA had shown
a93% sensitivity and 71% specificity in retinopathy detection
across an international data set of 509 eyes (personal
communication with Diagnos Inc). Our study served as afirst
prospective clinical validation study for the CARA service.

Fundus Photography

On recruitment day, in the endocrinology clinic, 45-degree,
nonstereoscopic color fovea-centered fundus photographs were
obtained by atechnician, without pupillary mydriasis, using the
Centervue DRS camera (Hillrom, Chicago, United States). A
single image was obtained per eye as CARA was designed to
make classifications from single-field images. At the time of
the study's design, there were no Canadian recommendations
in that regard, but this approach seemed reasonable as
single-field imageswere being used in the Scottish DR screening
services, for example[21]. The acquired images were uploaded
to the CARA platform for them to be processed by the ML
algorithm. The generation of Al outputs was carried out
asynchronously and the patient, the referring endocrinologist,
and all eye care providers were masked to the output of the Al
system.

Ophthalmologist Examination (Standard Reference)

Within amonth of recruitment, patientswere referred to undergo
screening by an ophthalmologist using dlit lamp examination,
typically witha78 or 90D lens. Fundus photography and optical
coherence tomography were not routinely carried out. Each
patient's grading was performed by a single attending
ophthalmologist, with the study including a total of 28
ophthalmologists with diverse subspeciaties and levels of
experience (Multimedia Appendix 1). No specific grading
training was administered; however, al participating
ophthalmol ogists were board-certified by the Royal College of
Physicians and Surgeons of Canada. They were expected to
have the competence to diagnose and grade DR, as it is
considered an objective (#3.1.2.4.2.2) of ophthalmology training
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by the Roya College[22]. Using standardized case report forms,
the ophthalmol ogists graded each eye using the Scottish Diabetic
Retinopathy Grading Scheme [23,24]. Standardized imaging
examples were available as needed. This represented the
standard reference to which the Al model was compared to.
Disease Definition

In a DR screening program, individuals with no or mild DR
undergo annual monitoring, while those with more than mild
(mtmDR), and thosewith DME arereferred for evaluation [25].
Accordingly, numerous pivotal trialsof Al-based DR screening
models have focused on their ability to detect mtmDR [13,15].
The intended use of CARA, however, was as a tool to detect
any retinopathy (including mild disease) and DME. This
included, according to the Scottish Diabetic Retinopathy
Grading Scheme: R1, R2, R3, and R4 for retinopathy grading,
and M1 and M2 for DME grading [23]. This is equivalent to
level 1 triaging responsibility as defined by the CR2N
Tele-Retina Steering Committee [14].

For each patient, we determined if they were referable by
mapping the retinopathy and DME labels to “retinopathy or
DME present” (referable) or “retinopathy and DME absent”
(not referable), taking the worst of the 2 eyes to correspond to
the outputs of the Al system at the patient level. Patients without
referral outputs for both eyes were considered “inconclusive.”

Economic Analysis

We conducted an economic evaluation to estimate the costs of
adopting the CARA system for screening 5000 annual patients
with diabetes at the CHUM, analyzed from ahealth care system
perspective. The direct costs of screening, and costs for
inconclusive outputs and fal se positive referralswere considered
in the analysis. All values are presented in Canadian dollars.

https://diabetes.jmir.org/2024/1/€59867
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Outcomes and Statistical Analysis

The primary outcomes were the sensitivity and specificity of
the Al system to detect referable disease at the patient level.
The secondary outcomes were first, the sensitivity and
specificity of the Al system for the detection of retinopathy and
DME at the eye level, and second, the cost savingsin Canadian
dollars should the system be implemented.

Sensitivity, specificity, positive predictive value, and negative
predictive value for each of retinopathy and DME detection
were computed from the confusion matrices. We used the
Wilson score interval method to calculate 95% Cl. The study
follows the Standards for Reporting of Diagnostic Accuracy
(STARD) checklist [26].

Ethical Considerations

Patients were enrolled only if they understood the study and
provided informed consent. This research complied with the
Declaration of Helsinki. Departmental approval was obtained,
and an ethical waiver was granted by the CHUM given the
silent, noninterventional nature of the study. All data was
deidentified.

Results

Patient Flow

Between September 2018 and January 2019, the endocrinology
service referred 133 patients to the study, of which 115 (230
eyes) underwent fundus imaging and received CARA outputs.
Multimedia Appendix 2 presents demographics of the 18
excluded patients, showing no significant differencesfrom those
included. Figures 2 and 3 illustrate recruitment at the patient
and eye levelsfor retinopathy and DME, respectively.
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Figure 2. STARD (Standards for Reporting of Diagnostic Accuracy) flowchart at the patient level. Referable disease was defined as “retinopathy or
DME present” and not referable was defined as “ retinopathy and DME absent”, taking the worst of the two eyesto correspond to the outputs of the Al
system at the patient level. CARA: Computer Assisted Retinal Analysis, DME: diabetic macular edema.
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Figure 3. STARD (Standards for Reporting of Diagnostic Accuracy) flowchart at the eye level. Using the Scottish Diabetic Retinopathy Grading
Scheme, retinopathy was defined as the presence of any retinopathy (corresponding to R1, R2, R3, and R4). DME was defined as the presence of M1
or M2. CARA: Computer Assisted Retinal Analysis; DME: diabetic macular edema.
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Study Cohort

Patient demographics and characteristics are summarized in
Table 1. The majority of patients were male (57.4%) with a
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mean age of 55.4 (SD 15.6) years. Most patients were White
(60.9%). While the type of diabetes was the most often
unspecified (43.5%), type 2 diabetes (36.5%) was more common
than type 1 (20.0%).
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Table 1. Patient demographics for the patients included in the study.

Antaki et al

Demographic Value (N=115)
Sex, n (%)
Male 66 (57.4)
Female 49 (42.6)
Age (years)
Mean (SD) 55.4 (15.6)
Range 20-90
Diabetestype, n (%)
Typel 23(20)
Type2 42 (36.5)
Unspecified® 50(43.9)
Ethnicity, n (%)
White 70 (60.9)
Middle-Eastern 17 (14.8)
Hispanic 13(11.3)
Black 11 (9.6)
Unknown 4(3.5)

Djabetes subtype not specified on the study referral form.

Performance for Detecting Referable Patients

The primary outcome was model performance at the patient
level. For the 100 patients with analyzable data, the confusion
matrix demonstrating the performance of CARA for referable
patient detectionisshown in Figure4A. CARA had asensitivity
of 87.5% (95% CI 71.9-95.0) and a specificity of 66.2% (95%
Cl 54.3-76.3). There were 4 fase negatives with mild
background retinopathy (R1) not requiring treatment. No cases
of vision-threatening retinopathy were missed.

Inconclusive outputs occurred in 13% (15/115) patients. Reasons
varied, including imageability issues like small pupil (n=5),
uncooperative patient (n=1), and media opacity (n=2), along
with ungradable model outputs dueto processing errorsor unmet
decision thresholds (n=7). Multimedia Appendix 3 describes
the demographics of this patient cohort, noting older age in
patients with inconclusive outputs (69.5 vs 53.3, P<.001). In
this group, 8 patients (53.3%) had referable disease, including
3 cases of DME but no cases of severe nonproliferative or
proliferative retinopathy.

Figure 4. Confusion matrices showing the discriminative performance of CARA (Computer Assisted Retinal Analysis) at the patient level (referral)
and eye level (retinopathy and DME [diabetic macular edema] detection) for patients with analyzable outputs. At the patient level (n=115), 100 had
analyzable outputs, and 15 were inconclusive. At the eye level, from 230 eyes, 32 and 40 eyes had inconclusive Al outputs for retinopathy and DME,
respectively, and 1 eye lacked an ophthalmologist's grading (DME). This resulted in 198 and 189 eyes with analyzable outcomes for retinopathy and

DME, respectively.
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Performance for Detecting Disease at the Eye L evel

The confusion matrix demonstrating the performance of CARA
for retinopathy detection is shown in Figure 4B. CARA had a
sensitivity of 88.2% (95% Cl 76.6-94.5) and a specificity of
71.4% (95% CI 63.7-78.1). Among the 32 eyes with an
inconclusive CARA output for retinopathy, 17 eyes had
retinopathy (53.1%) and 15 did not (46.9%).

Table 2. Summary of the discriminative performance of CARA?,

Antaki et al

The confusion matrix demonstrating the performance of CARA
for DME detection is shown in Figure 4C. CARA had a
sensitivity of 100% (95% Cl 64.6-100) and a specificity of
81.9% (95% CI 75.6-86.8). The remaining performance metrics
are summarized in Table 2. Among the 40 eyes with an
inconclusive CARA output for DME, 5 eyeshad DME (12.5%)
and 35 did not (87.5%).

Metric Patient level Eyelevel

Referable disease Retinopathy DMEP
Sensitivity (95% Cl) 87.5 (71.9-95.0) 88.2 (76.6-94.5) 100.0 (64.6-100)
Specificity (95% Cl) 66.2 (54.3-76.3) 71.4(63.7-78.1) 81.9 (75.6-86.8)

PPV® (95% ClI) 54.9 (41.4-67.7)

NPV (95% CI) 91.8(80.8-96.8)

51.7 (41.4-61.9) 17.5(8.8-32.0)

94.6 (88.7-97.5) 100.0 (97.5-100)

8CARA: Computer Assisted Retinal Analysis
PDME: Diabetic macular edema.

PPV Positive predictive value (precision).
INPV: Negative predictive value.

Economic Analysis

A detailed description of the assumptions and calculations
performed for the economic analysisisdescribed in Multimedia
Appendix 4. Implementing the Al system for screening could
result in ayearly savings of CAD $245,635 (US $177,643.23,
as of July 26, 2024) or CAD $49 (US $35.44) per patient, as
shown in Table 3.

These estimates are based on 5000 patients followed annually
at the diabetes clinic of the CHUM. The calculations are based
on specific costs per patient, the prevalence of diabetic
retinopathy among analyzable cases, the percentage of
inconclusive outputs by the Al system, and the Al system's
specificity. The final row highlights the total cost savings
achievable when employing the Al system for screening,
demonstrating a significant economic advantage over the current
standard of care.

Table 3. Cost comparison between standard of care and Al system screening for DRP screeni ng.

Cost component (CAD $°) Standard of care Al system
Direct screening cost 590,500 150,000
Cost for inconclusive outputs N/AD 76,765
Cost for false positive referrals N/A 118,100
Total cost 590,500 344,865
Cost savings N/A 245,635
Average cost per patient 118 69
Average cost savings per patient N/A 49

8Al: Artificial intelligence

PDR: Diabetic reti nopathy

CAs of July 26, 2024, CAD $1=US $0.7232)
dN/A: not applicable.

unnecessary examinations of patients without DR, allowing
resource all ocation to those who need more active management
[28]. In this work, we describe the outcomes of real-world
implementation of an Al-based DRTS for the screening of DR
in atertiary care hospital in Montreal.

Discussion

Principal Findings
Al-based telescreening is a promising approach that has the

potential toimprove community-based screening of DR [27,28].
When effective, Al-based DRTS systems can help reduce
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We carried out a silent prospective clinical validation study to
assess the performance of the CARA system prior to its
implementation in our local population [29]. Our cohort featured
an equitable sex distribution and a strong representation of
several visible minority groups in Montreal (Black,
Middle-Eastern, and Hispanic), which makes our findings
generalizableto the local population [30]. Theretention ratein
this study was notably high, with 86.5% completing the study.
While this hints at positive patient acceptance, further studies
will be needed for a conclusive understanding of patient
acceptability of thistechnology. Theliterature suggestsageneral
preference among patients for automated DR screening [31,32],
especialy when clinicians are involved in supervising the Al
system's decisions [33].

CARA identified patients for referral with 87.5% sensitivity
and 66.2% specificity. It detected retinopathy with 88.2%
sensitivity and 71.4% specificity, and DME with 100%
sensitivity and 81.9% specificity. These results meet the 85%
sensitivity benchmark obtained by several similar Al systems
designed for DR screening [34]. In the real-world setting, a
recent meta-analysis showed a pooled sensitivity of 91% (95%
Cl 87-94) and specificity of 92% (95% CI 88-94) for detecting
any retinopathy at the eye level [35]. For vision-threatening
DR, which includes DME, sensitivity was 99% (95% CI 95-100)
and specificity 92% (95% CI 74-98) [35]. CARA's performance

Antaki et al

in detecting retinopathy and DME is on par with other systems
in sensitivity but not in specificity, suggesting it effectively
identifies disease needing referral but may result in higher false
positive ratesthan desired. The performance gap between CARA
and the current state of the art may be partly due to the inherent
limitations of traditional feature-based models like CARA
[36,37]. In contrast, novel neural network—based models have
seen significant improvements in recent years, driven by
enhanced architectures and the avail ability of extensivetraining
data sets [38].

Despite the limited specificity, CARA could significantly reduce
the workload of the ophthalmology department at the CHUM
by filtering out patients without DR (Figure 5). While false
positives can create patient stress and costs [39], since
ophthalmol ogists eval uate these cases, they are unlikely to lead
to unnecessary treatments. A similar approach has been
successful in the Scottish DRTS program, where all images
undergo a first pass through an “autograder” algorithm [40].
With similar specificity to CARA, the Scottish system’s
automated grading has been shown to be safe [41], and has
reduced the burden of manual grading by up to one-third [42].
The current CARA service, inits semiautomated setup, however,
still requires grader oversight. Despite that, we expect it could
also reduce the burden of manual grading.

Figure5. Proposed clinical pathway for the artificial intelligence (Al) system implementation. In the current screening pathway, all patients are evaluated
by the department of ophthalmology. With Al system integration asalevel 1 triage agent, disease-free patientswould befiltered out, reducing unnecessary
referrals. Only those with referable disease or an inconclusive Al output would be directed to ophthalmology. False positives would re-enter the Al
screening pathway, while patients with any disease receive follow-up care in ophthalmology. CHUM: Centre hospitaier del’ Université de Montréal .
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Implementing CARA in our screening pathway could yield an
estimated first-year saving of approximately CAD $245,635
(US$177,643.23) for 5000 patients (CAD $49 [US $35.44] per
patient), considering direct screening costs and those related to
false positive and inconclusive outputs. Of note, the potential
costs associated with false negatives (missed cases) were not
considered in the analysis due to the lack of such data in our
context. The impact of the CARA system on quality-adjusted
life years also was not assessed. In the future, we will focuson
modeling the screening pathway with decision treesto calculate
the incremental cost-effectiveness of our approach, also
accounting for false negative cases.

https://diabetes.jmir.org/2024/1/€59867

6-12 months of ophthalmolo
( ) i oy R3, R4,
T M2
+ RO, MO | Ml'-VI)--- Active care
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Our study has several limitations and design flaws that have
become identifiable in hindsight. Firstly, the provision of the
CARA Al system asaservice provided to the CHUM introduced
several constraints to our study. We lacked control over the
model both before and during its implementation. The final
outputswere sent to us post grader assessment, without insights
into model failuresand ungradableimages. The semiautomated
nature of the pipeline meant that the performance metrics could
have been influenced by grader performance, which we are now
unable to measure retrospectively. Secondly, we employed
dilated fundus examinations as the reference standard instead
of using image-assisted evaluations with fundus photographs
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and optical coherence tomographic scans. This screening
method, common in Quebec, might not capture the full human

Antaki et al

specidlists, with a predefined arbitration process. The new trial
will leverage the screening pathways developed in this study

diagnostic accuracy achievable through amultimodal approach.
Due to these limitations, our findings should not be used as a
basis to support the approval of CARA as a software medical
device. Instead, this study should be viewed as a preliminary
trial that hel ped devel op pathwaysfor future, morerobust studies
involving Al in the DR screening process at CHUM.

and will aim to recruit 630 patients by December 2026.

Conclusions

In conclusion, we report findings from the first rea-word
implementation study of an Al-based DRTS system in the
province of Quebec and possibly in Canada [35]. Large-scale
implementation of CARA at CHUM would be expected to result
in cost savings and reduced waiting times. However, we are
currently investigating more advanced models that we aim to
validate more robustly. Once deployed, any model will require
routine audits to ensure model performance is maintained,
especially with changesin popul ation demographicsand disease
patternsover time[44,45]. Similarly, ensuring strict information
governance policies will be crucial for protecting patient data
and responsibly leveraging the benefits of Al systems.

Building on those learnings, we have designed a new clinical
trial to evaluate the real-world performance of afully automated
deep learning system called NeoRetina (Diagnosnc) [43]. This
new model uses neural networks, which represent the current
state of theart in Al. To have amore robust standard reference,
in addition to the routine ophthalmological evaluation of DR
and DME, masked grading of the sameretinal photographsused
by NeoRetinawill be performed. Theseimageswill be assessed
for quality and then graded by at least 2 fellowship-trained retina

Acknowledgments

We extend our sincere gratitude to Dave Bourgault (Direction du budget et de la performance économique) and Lucie Fuzeau
(Centre ambulatoire de médecine) for their instrumental support in the establishment and running of this project. We thank the
CHUM ophthalmol ogistsfor their expertise in examining patients, and the endocrinologistsfor their referrals. We are appreciative
of the patients who agreed to participate in this study, making this work possible. We thank Martine Henrichon and Martine
Loiselle (Department of Ophthalmology of the CHUM) for their invaluable clerical support.

Authors Contributions

IH, MCT, AB, and AP conceptualized the project. MLDJ provided logistical support. KH, MAR, and DG provided critical
expertise on study design. MCT collected the data. IH, MCT, and FA analyzed the results. FA wrote the manuscript, designed
the figures, and performed the statistical analyses. CB performed the economic analysis. AY O validated the results. MHD, PAK,
and AP provided supervision. All authors reviewed and edited the manuscript. All authors reviewed and approved the final
manuscript.

Conflicts of Interest

FA is supported by a Moorfields Eye Charity Springboard Award and a postdoctoral bursary from the Fonds de recherche du
Québec - Santé (FRQS). PAK has acted as a consultant for Google, DeepMind, Roche, Novartis, Apellis, and Bitfount, and isan
equity owner in Big Picture Medical. He has received speaker fees from Heidelberg Engineering, Topcon, Allergan, and Bayer.
He s supported by a Moorfields Eye Charity Career Development Award (R190028A) and a UK Research & Innovation Future
Leaders Fellowship (MR/T019050/1). These potential conflicts of interest are unrelated to the present work. Other authors have
no conflicts to declare.

Multimedia Appendix 1

Subspecialties, years of experience of the grading ophthalmologists, and numbers of images graded.
[PDF File (Adobe PDF File), 17 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Patient demographics of the 18 patients who were excluded from the study. After recruitment, 15 patients were lost to follow-up
and 3 patientswithdrew. There were no statistically significant differencesin the patient demographics. * The comparison between
the study cohort (n=115) and excluded group (n=18) was performed using Mann-Whitney U test for all continuous variables. For
categorical variables, we used the Chi-squared test. ** Diabetes subtype not specified on the study referral form.

[PDE File (Adobe PDF File), 20 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Patient demographics of the 15 patients with inconclusive Computer Assisted Retinal Analysis (CARA) outputs. The cohort of
patientswith inconclusive CARA outputswas significantly older than the one with analysable outputs (P< 0.001). * The comparison
between the cohort with analysable outputs (n=100) and the group with inconclusive outputs (n=15) was performed using

https://diabetes.jmir.org/2024/1/e59867 JMIR Diabetes 2024 | vol. 9 | €59867 | p. 9

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=diabetes_v9i1e59867_app1.pdf&filename=247c8fc6c209f41ec1a9bbeb0b00e68b.pdf
https://jmir.org/api/download?alt_name=diabetes_v9i1e59867_app1.pdf&filename=247c8fc6c209f41ec1a9bbeb0b00e68b.pdf
https://jmir.org/api/download?alt_name=diabetes_v9i1e59867_app2.pdf&filename=1c3997c4e7bf450e0746466d7b8c31d6.pdf
https://jmir.org/api/download?alt_name=diabetes_v9i1e59867_app2.pdf&filename=1c3997c4e7bf450e0746466d7b8c31d6.pdf
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR DIABETES Antaki et al

Mann-Whitney U test for al continuous variables. For categorical variables, we used the chi-squared test. ** Diabetes subtype
not specified on the study referral form.
[PDFE File (Adobe PDF File), 19 KB-Multimedia Appendix 3]

Multimedia Appendix 4

Cost parameters, assumptions and cal culations for the economic analysis. Al: artificial intelligence; FPR: false positive rate: pt:
patient.
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