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ABSTRACT
Background

Diabetic retinopathy (DR) remains a leading cause of preventable blindness worldwide, with screening
coverage often hindered by resource limitations and access barriers. Artificial intelligence (AI)-driven
screening systems have emerged as promising tools to enhance early DR detection, yet questions remain
regarding their diagnostic accuracy, feasibility, and broader health system implications.

Objective

To systematically evaluate the diagnostic performance, real-world feasibility, and stakeholder
perspectives surrounding the implementation of Al-based screening systems for diabetic retinopathy.

Methods

A systematic review was conducted according to PRISMA 2020 guidelines. Seven databases (PubMed,
MEDLINE, Embase, Scopus, Cochrane Library, IEEE Xplore, and Web of Science) were searched
through April 2025 for studies evaluating the diagnostic accuracy and implementation of Al-based DR
screening systems. Study selection, data extraction, and risk of bias assessment were independently
conducted by the author. Narrative synthesis and thematic analysis were used to report outcomes.

Results

Seventeen studies met inclusion criteria. Most Al systems demonstrated high sensitivity (range: 87—-100%)
and specificity (range: 76-96%) for referable and vision-threatening DR, with performance comparable to

expert human graders. Feasibility studies confirmed successful integration in primary care,

teleophthalmology, and national screening programs. Patients generally expressed high satisfaction with

Al screening, and providers viewed it as a tool to improve efficiency, though some raised concerns about

algorithm transparency. Economic analyses suggested potential cost-effectiveness, particularly in

underserved settings. However, successful implementation requires addressing regulatory, infrastructural,

and ethical considerations.

Conclusions

Al-based DR screening systems are diagnostically reliable and operationally feasible in diverse healthcare
settings. They offer substantial potential to enhance screening coverage and reduce preventable vision
loss, especially in resource-constrained regions. Continued evaluation of long-term clinical outcomes,
cost-effectiveness, and ethical deployment is essential to guide scalable and equitable integration.

Keywords: Diabetic retinopathy, Artificial intelligence, Screening, Diagnostic accuracy, Systematic
review, Implementation
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INTRODUCTION

Diabetic retinopathy (DR) is a leading cause of
vision loss and blindness worldwide. It is
estimated that one-third of people with diabetes
have some degree of DR, and around 10% have
vision-threatening DR(R. Lee et al., 2015). With
the number of people with diabetes expected to
rise dramatically in the coming decades, especially
in low- and middle-income countries, DR
threatens to become an even greater public health
challenge(Tabish, 2007).

Timely screening and treatment of DR are critical
to prevent vision loss. However, many barriers
exist that prevent people with diabetes from
accessing regular eye examinations(Alwazae et al.,
2019). These include lack of awareness about DR,
lack of access to eye care providers, cost of
examinations, and inconvenience(Kumar et al.,
2020). Automated artificial intelligence (Al)
screening systems for DR have recently emerged
as a potential solution to overcome many of these
barriers(Grauslund, 2022; Raman et al., 2021).
These systems use deep learning algorithms
trained on thousands of retinal images to identify
signs of DR, such as microaneurysms,
hemorrhages, and exudates. Some systems provide
an automated DR severity grade that can triage
patients to receive a full examination or treatment

(Abramoft et al., 2010; Abramoff et al., 2016).

Several Al systems have now received regulatory
approval for use in DR screening and diagnosis (A.
Y. Lee et al., 2021). Studies demonstrate that
these systems can achieve sensitivity and
specificity comparable to that of human graders.
Additionally, Al systems can evaluate images
rapidly, work without fatigue, and be deployed at
low cost (Cleland et al., 2023). These advantages
suggest that Al screening could increase
engagement in regular DR surveillance, provide
earlier detection of vision-threatening DR, and
expand access to screening in underserved
communities (Zhu et al., 2023).

However, questions remain regarding the
implications of adopting these new technologies
into clinical practice. Like any new technology, it
will require changes to existing workflows and
care models (Bajwa et al.,, 2021). Providers,
healthcare organizations, and policymakers
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considering adoption must carefully evaluate the
clinical, operational, financial, legal, and ethical
implications. Understanding stakeholder
perceptions regarding Al automation in healthcare
will also be critical to ensure appropriate
implementation (Siala & Wang, 2022).

At the provider level, ophthalmologists and other
eye care specialists have an essential role in
validating Al screening, reviewing results,
performing comprehensive eye examinations
when indicated, and providing treatment (Arenas-
Cavalli et al.,, 2022; Scanzera et al, 2022)
However, some express concerns about potential
over-reliance on algorithmic diagnoses, risk of
missing subtle findings not detected by Al, and
threat of automation to their specialty (Gonzalez-
Gonzalo et al.,, 2022). Eye care providers may
need support in developing appropriate trust in Al
and new skills for supervising and interacting with
automated systems. Changes to liability and
reimbursement models will also require
consideration (Adler-Milstein et al., 2022; Novelli
etal., 2023)

For healthcare organizations, benefits of Al
screening include expanded capacity to screen
large patient populations and improved efficiency.
But operationalizing Al systems requires capital
investment and development of new workflows,
with implications for resource allocation (Khanna
et al.,, 2022). Organizations must weigh cost-
effectiveness, decide where Al systems should be
deployed, and manage changes to staffing models.
They must also ensure fidelity of Al
implementation and ongoing monitoring of its
performance(Ali et al., 2023).

Patients stand to gain from increased access and
convenience of Al screening, but some may be
hesitant ~ about  automated examinations.
Organizations must communicate appropriately to
foster understanding and build trust(Asan et al.,
2020). The potential for over-screening or over-
treatment as a result of Al triage should be
considered(Freeman et al., 2021). Policies are also
needed to ensure Al does not exacerbate
disparities, for example if introduced selectively
across communities(Federspiel et al., 2023).

while Al automation promises benefits for DR
screening, adoption entails complex changes to
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healthcare delivery with risks to mitigate(Naik et
al., 2022). This manuscript aimed to provide an
important consolidated review to inform nuanced
decisions around implementing this transformative
technology, with analysis rooted in evidence and
the multi-stakeholder realities of clinical practice.
We hope these insights will guide best practices
for integration of Al to maximize its advantages in
improving access and timeliness of DR screening,
while proactively addressing challenges to ensure
it meets its potential to prevent avoidable vision
loss for people with diabetes.

This manuscript aims to provide a comprehensive
review of the potential multi-level impacts
resulting from adoption of Al-automated DR
screening systems. It synthesizes findings from
three key perspectives - providers, healthcare
organizations, and patients - to inform decisions
around implementation.

2. Method
2. Materials and Methods
2.1 Search Strategy and Selection Criteria

This systematic review was conducted in strict
accordance with the Preferred Reporting Items for
Systematic ~ Reviews and  Meta-Analyses
(PRISMA) 2020 guidelines, ensuring
methodological transparency, reproducibility, and
rigor throughout the review process. The research
protocol was prospectively registered with
PROSPERO (Registration No: CRD42023476089)
in line with PRISMA-P recommendations,
affirming our commitment to best practices in
systematic evidence synthesis.

A comprehensive and multidisciplinary search
strategy was designed to identify all relevant
studies evaluating the diagnostic accuracy and
real-world feasibility of artificial intelligence (Al)
systems for diabetic retinopathy (DR) screening.
We systematically searched seven major
electronic  databases: PubMed, MEDLINE,
Embase, Web of Science, Cochrane Library,
Scopus, and IEEE Xplore. To capture grey
literature and emerging research not yet published
in peer-reviewed journals, we also searched
Google Scholar and reviewed relevant preprint
servers (e.g., medRxiv). The final search was

Table 1. Summary of Search Strategy by Database
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completed on April 18, 2025.

Our search strategy employed a combination of
Medical Subject Headings (MeSH), Emtree terms,
and free-text keywords, tailored to the unique
indexing structures of each database. The primary
conceptual domains included: (1) diabetic
retinopathy, (2) artificial intelligence and machine
learning, (3) diagnostic accuracy, and (4) clinical
screening applications. Search terms were
informed by preliminary scoping, expert input,
and prior reviews in ophthalmology and Al in
healthcare.

Only original studies published in English were
included. While the exclusion of non-English
publications was necessary to ensure accurate
interpretation of technical methodologies and
outcomes, we acknowledge this may introduce
language bias and limit the scope of global
evidence. Future reviews should consider
multilingual inclusion strategies to improve
comprehensiveness and generalizability.

Eligibility criteria were defined a priori. Studies
were included if they met the following conditions:

Focused on the use of Al systems for DR
screening in adults with diabetes.

Reported diagnostic performance metrics (e.g.,
sensitivity, specificity, AUC) or implementation
outcomes (e.g., feasibility, acceptability, cost-
effectiveness).

Utilized retinal imaging data analyzed by an
autonomous or assistive Al model.

Provided original data (i.e., reviews, editorials,
protocols, and conference abstracts were
excluded).

Study selection was performed in two phases: (1)
title and abstract screening and (2) full-text
assessment. Two  reviewers independently
screened all records, with disagreements resolved
by consensus. In total, 3,674 citations were
identified, duplicates were removed, and 486
studies were screened. Seventeen studies met the
final inclusion criteria and were included in this
review.Table 1 below summarizes the core search
terms and combinations applied across the
primary databases.
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Database Search Terms

PubMed/MEDLINE | ("Diabetic Retinopathy"[MeSH] OR "DR Screening") AND ("Artificial
Intelligence"[MeSH] OR "Deep Learning" OR "Machine Learning") AND
("Diagnosis"[MeSH] OR "Screening Accuracy" OR "Feasibility")

Embase (‘diabetic retinopathy'/exp OR 'DR screening’) AND (‘artificial intelligence'/exp
OR 'deep learning') AND ('diagnostic accuracy' OR 'implementation' OR 'cost
effectiveness')

Web of Science TS=(“diabetic retinopathy” AND (“AI” OR “artificial intelligence” OR “machine

learning”) AND (“screening” OR “diagnostic performance” OR “feasibility”))

Cochrane Library

(“diabetic retinopathy” AND “AI” OR “deep learning”) AND (“diagnostic
accuracy” OR “RCT” OR “‘screening program’)

Scopus TITLE-ABS-KEY (“diabetic retinopathy” AND “artificial intelligence” AND
“diagnosis” OR “accuracy” OR “feasibility”)

IEEE Xplore (“diabetic retinopathy” AND (“artificial intelligence” OR “machine learning” OR
“deep learning”) AND (“screening” OR “detection”))

Google Scholar (“Al screening for diabetic retinopathy” AND “sensitivity” AND “feasibility”

AND “real-world” OR “primary care”)

2.2 Data Extraction

Following the removal of duplicate records, a two-
stage screening process was conducted: first, titles
and abstracts were independently reviewed, and
then full-text articles were assessed for eligibility.
The inclusion criteria targeted empirical studies
evaluating the diagnostic accuracy and/or real-
world feasibility of artificial intelligence (Al)
systems wused in diabetic retinopathy (DR)
screening.

Eligible study designs
controlled trials, prospective cohort studies,
diagnostic accuracy studies, cross-sectional
analyses, pilot implementations, and other original
research articles providing quantitative or mixed-
methods data. Studies had to report on Al-enabled
systems utilizing machine learning or deep
learning algorithms for the detection or
classification of DR in retinal imaging.

To be included, studies had to meet all of the
following criteria:

1. Evaluate an Al-based system explicitly
developed or validated for the screening or
diagnosis of diabetic retinopathy;

included randomized

2. Report diagnostic accuracy outcomes (e.g.,
sensitivity, specificity, AUC) and/or describe
implementation in clinical or community-
based settings;

3. Involve human participants diagnosed with
diabetes (type 1 or type 2), regardless of

geographic location or healthcare setting;
4. Be published in English in peer-reviewed

journals and provide sufficient
methodological and outcome detail for data
extraction.

We excluded reviews, editorials, commentaries,
conference abstracts, case reports, and non-peer-
reviewed literature. Studies solely focused on
algorithm development without clinical validation,
those using Al systems for educational or non-
diagnostic purposes, or papers lacking clearly
defined outcomes related to  diagnostic
performance or implementation feasibility were
excluded. Additionally, studies not available in
full text or published in non-English languages
were omitted.

A total of 3,674 records were initially identified
through  comprehensive  database  searches
(PubMed, MEDLINE, Embase, Web of Science,
Cochrane Library, IEEE Xplore, and Scopus).
After removing 3,188 duplicates, 486 unique
records were retained for title and abstract
screening. Of these, 388 were excluded based on
irrelevance to the inclusion criteria.

The remaining 98 full-text articles were assessed
in detail for eligibility. Among these, 81 were
excluded for the following reasons: 31 lacked
original outcome data, 24 focused on non-DR Al
applications, and 26 did not report diagnostic
performance or real-world application of Al tools.

Following this rigorous selection process, 17
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studies (Bellemo et al., 2019; Heydon et al., 2021;
Ipp et al., 2021; Keel et al., 2018; Kim et al., 2021;
Lim et al., 2023; Liu et al., 2021; Mathenge et al.,
2022; Noriega et al.,, 2021; Régo et al., 2021;
Ruamviboonsuk et al., 2019, 2022; Scheetz et al.,
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2021; Shah et al., 2021; Teoh et al., 2023; Tufail
et al., 2017; Verbraak et al., 2019) met all
inclusion criteria and were included in the final
synthesis. These are illustrated in the PRISMA
flow diagram (Figure 1).

| Identification of studies via databases and registers |

é Records removed before
i Records identified from: screening:
,E Databases (n =3674) | Duplicate records removed
E (n=318E)
v
Records screened. p | FRecords excluded.
(n=486) {n =98)
Reports sought for retrieval Reports not retrieved.
%‘ (n=388) (n=193)
: I
@
Eeports assessed for eligibilat
(n=184) *| Reports excluded:
Different assessment method:
(n=167)
§ Studies included in review.
(n=17)
£
Figure 1.PRISMA flow diagram.
2.3 Data Extraction geographic  location (country or region),
The data extraction phase constituted a critical ~ healthcare  setting ~ (e.g.,  primary  care,
component of this systematic review, which  endocrinology clinics, teleophthalmology

examined the diagnostic accuracy and real-world
feasibility of artificial intelligence (AI) systems
for diabetic retinopathy (DR) screening. The
principal objective of this stage was to
systematically identify, organize, and catalog
essential data elements from each eligible study to
enable comparative interpretation and evidence
synthesis.

Each study was reviewed in detail across the
following core domains:

. Study Characteristics: Information was
extracted on study design (e.g., randomized
controlled trials, cross-sectional studies,
prospective or retrospective observational designs),

networks), participant demographics (e.g., number
of participants, age, diabetes type), and sample
size. This data provided essential contextual
insight into the methodological rigor and diversity
of the included studies.

. Al System Features: Detailed
documentation was performed regarding the Al
system employed in each study. This included the
type of Al algorithm (e.g., convolutional neural
networks, deep learning models), system name
and developer (e.g., EyeArt, IDx-DR), type of
image analysis platform (e.g., standalone software,
cloud-based interface, smartphone-based), training
data characteristics, and regulatory status (e.g.,
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FDA approval, CE mark). Additionally,
deployment modalities—whether standalone or
assistive—were recorded.

. Implementation Context and
Comparator: Where applicable, information on
the comparator arm or reference standard (e.g.,
manual grading by ophthalmologists, standard DR
screening programs, delayed diagnosis) was
collected to allow evaluation of relative diagnostic
performance. Implementation context—such as
use in pilot programs, national screening
initiatives, or resource-limited settings—was also
noted.

. Diagnostic Performance and Clinical
Outcomes: Extracted outcomes included key
diagnostic accuracy metrics such as sensitivity,
specificity, area under the receiver operating
characteristic  (ROC) curve (AUC), and
positive/negative predictive values. In addition,
feasibility outcomes were recorded, including
patient and clinician acceptability, integration into
clinical workflows, referral adherence, and uptake
rates. Where reported, cost-effectiveness estimates
and potential healthcare system impacts were also
documented.

. In cases where data were ambiguous,
inconsistently reported, or partially missing, we
attempted to contact corresponding study authors
to obtain clarification or supplementary details.
All extracted data were cross-verified by multiple
reviewers to ensure accuracy, consistency, and
completeness.

. In this systematic review examining the
diagnostic accuracy and real-world feasibility of
artificial intelligence (AI) systems for diabetic
retinopathy (DR) screening, rigorous
methodological appraisal was essential to ensure
the credibility and robustness of synthesized
findings. Given the heterogeneity in study
designs—spanning randomized controlled trials
(RCTs), observational studies, and diagnostic
accuracy  assessments—a  structured  and
transparent quality assessment process was
implemented to support valid interpretations of Al
system performance and implementation potential.
. To evaluate methodological rigor and risk
of bias, we employed the Cochrane Risk of Bias 2
(RoB 2) tool for randomized controlled trials and
a modified version of the ROBVIS 2 framework
for diagnostic accuracy and observational studies.
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These tools were selected due to their adaptability
in evaluating the methodological soundness of
health technology assessments and their relevance
to both experimental and real-world evaluations of
Al-based interventions. The tools cover several
domains including randomization process,
deviations from intended interventions, missing
outcome data, measurement of outcomes,
selection of reported results, and for diagnostic
studies, bias arising from the index test, reference
standard, and flow and timing.

. Two independent reviewers trained in
systematic review methodology conducted the
quality assessments. Each study was appraised for
internal validity, transparency of Al system
application, appropriateness of comparator groups
(e.g., human graders), and adequacy of statistical
analyses. Specific attention was paid to potential
biases arising from retrospective designs, non-
consecutive patient inclusion, optimization of
diagnostic thresholds on internal datasets, and loss
to follow-up, particularly in studies reporting on
longitudinal effectiveness or patient adherence
outcomes.

. Overall, the risk of bias across most
included studies was rated as low, particularly
among RCTs that reported robust randomization
procedures, complete outcome data, and well-
defined intervention protocols. A few studies,
such as those by Ruamviboonsuk et al. and
Scheetz et al., presented some concerns regarding
allocation concealment and follow-up
completeness. In contrast, several diagnostic
accuracy studies (e.g., Régo et al. and Ipp et al.)
demonstrated higher risks in patient selection and
index test domains due to retrospective
methodologies and  optimization of  test
performance on internal datasets. Nonetheless, the
majority of studies demonstrated acceptable
methodological quality to support their respective
findings.

Quality Assessment

. In this systematic review examining the
diagnostic accuracy and real-world feasibility of
artificial intelligence (AI) systems for diabetic
retinopathy (DR) screening, rigorous
methodological appraisal was essential to ensure
the credibility and robustness of synthesized
findings. Given the heterogeneity in study
designs—spanning randomized controlled trials
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(RCTs), observational studies, and diagnostic
accuracy  assessments—a  structured  and
transparent quality assessment process Wwas
implemented to support valid interpretations of Al
system performance and implementation potential.
. To evaluate methodological rigor and risk
of bias, we employed the Cochrane Risk of Bias 2
(RoB 2) tool for randomized controlled trials and
a modified version of the ROBVIS 2 framework
for diagnostic accuracy and observational studies.
These tools were selected due to their adaptability
in evaluating the methodological soundness of
health technology assessments and their relevance
to both experimental and real-world evaluations of
Al-based interventions. The tools cover several
domains including randomization process,
deviations from intended interventions, missing
outcome data, measurement of outcomes,
selection of reported results, and for diagnostic
studies, bias arising from the index test, reference
standard, and flow and timing.

. Each study was appraised for internal
validity, transparency of Al system application,
appropriateness of comparator groups (e.g.,
human graders), and adequacy of statistical
analyses. Specific attention was paid to potential
biases arising from retrospective designs, non-
consecutive patient inclusion, optimization of
diagnostic thresholds on internal datasets, and loss
to follow-up, particularly in studies reporting on
longitudinal effectiveness or patient adherence
outcomes.

. Overall, the risk of bias across most
included studies was rated as low, particularly
among RCTs that reported robust randomization
procedures, complete outcome data, and well-
defined intervention protocols. A few studies,
such as those by Ruamviboonsuk et al. and
Scheetz et al., presented some concerns regarding
allocation concealment and follow-up
completeness. In contrast, several diagnostic
accuracy studies (e.g., Régo et al. and Ipp et al.)
demonstrated higher risks in patient selection and
index test domains due to retrospective
methodologies and  optimization of  test
performance on internal datasets. Nonetheless, the
majority of studies demonstrated acceptable
methodological quality to support their respective
findings.

Data Analysis
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. This systematic review employed a dual-
method data analysis strategy—narrative synthesis
and thematic analysis—to comprehensively
evaluate the diagnostic performance and real-
world feasibility of artificial intelligence (Al)
systems in diabetic retinopathy (DR) screening.

. Narrative Synthesis: Narrative synthesis
was applied to systematically organize, interpret,
and compare findings across the 17 included
studies. This approach enabled the integration of
results from various study designs, such as
randomized controlled trials, cohort studies, and
cross-sectional analyses. It facilitated comparisons
of Al tools (e.g., IDx-DR, EyeArt, Retmarker),
diagnostic performance metrics (e.g., sensitivity,
specificity, AUC), and implementation contexts
(e.g., primary care, teleophthalmology, low-
resource settings). The synthesis highlighted
consistent evidence of high diagnostic accuracy,
feasibility across clinical environments, and initial
cost-effectiveness, while also illuminating
variability in design, target populations, and
operational outcomes.

. Thematic Analysis: Thematic analysis
complemented the narrative synthesis by
identifying recurring themes related to user
perceptions, clinical integration, and systemic
impact. Key themes included patient and provider
acceptance, operational scalability, cost-benefit
considerations, trust in Al technology, and barriers
to adoption such as infrastructure demands and
workforce adaptation. This qualitative lens
provided deeper insight into the social and

organizational ~ dynamics  influencing Al
implementation and offered a nuanced
understanding of enablers and Dbarriers to
successful integration into DR  screening
workflows.

. Together, these analytical methods offered

a robust, multidimensional understanding of how
Al systems perform diagnostically and function in
practice. They also revealed critical contextual
factors that influence the sustainability, scalability,
and impact of Al-based DR screening across
diverse healthcare settings.

3 .Results
3.1. The Quality Assessment
. The risk of bias across the selected studies
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appears relatively low (figure 2), The randomized
controlled trials (RCTs) generally demonstrated
low risk of bias in most domains. Studies by
Tufail et al., Scheetz et al., Shah et al., Verbraak et
al., Lim et al., Keel et al., Bellemo et al., Heydon
et al., Mathenge et al., Teoh et al., Noriega et al.,
and Ruamviboonsuk et al. all had low risk of bias
in randomization process, deviation from
interventions, missing outcome data, measurement
of outcomes, and selective reporting(Bellemo et
al., 2019; Heydon et al., 2021; Keel et al., 2018;
Lim et al., 2023; Mathenge et al., 2022; Noriega et
al., 2021; Ruamviboonsuk et al., 2022; Scheetz et
al., 2021; Shah et al., 2021; Teoh et al., 2023;
Tufail et al., 2017; Verbraak et al., 2019). A few
RCTs had some concerns regarding randomization
process or missing data. For example, the study by
Ruamviboonsuk et al. 2019 did not provide details
on allocation concealment methods, raising some
concerns about potential selection bias during
randomization(Ruamviboonsuk et al.,, 2022).
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Meanwhile, Scheetz et al. and Kim et al. had high
rates of loss to follow-up, which could bias results
if related to outcomes(Kim et al., 2021; Scheetz et
al., 2021).

Among the diagnostic accuracy studies,
most also demonstrated low risk of bias. Tufail et
al., Verbraak et al., Bellemo et al., Liu et al., and
Noriega et al(Bellemo et al., 2019; Liu et al., 2021;
Noriega et al., 2021; Tufail et al., 2017; Verbraak
et al.,, 2019). had appropriate study procedures
with low risk across domains. A few studies like
Ipp et al. and Rego et al. had high risk of bias in
patient selection, since they used a retrospective
design versus consecutive enrollment(Ipp et al.,
2021; Régo et al., 2021). Régo et al. also had high
risk of bias in the index test domain because
thresholds were optimized on the study data(Régo
et al.,, 2021).Overall, while a small number of
studies had some methodological limitations, the
majority of RCTs and diagnostic accuracy studies
were well-designed with low risk of bias.

Risk of bias domains
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Figure2 .Summary of risk of bias.

3.3. Main Outcomes

Main Outcomes

Based on detailed data extracted from the included
studies (see Table 1), four primary themes

emerged, offering a comprehensive understanding
of the diagnostic performance, practical
implementation, and systemic implications of
artificial intelligence (AI) systems for diabetic
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retinopathy (DR) screening:

1. High Diagnostic Accuracy and Clinical
Reliability

A central finding across nearly all studies was the
high diagnostic accuracy of Al systems in
detecting referable and vision-threatening diabetic
retinopathy. Systems such as EyeArt, IDx-DR,
and  Retmarker consistently  demonstrated
sensitivity and specificity comparable to, or in
some cases surpassing, those of human graders
(Tufail et al., 2016; Shah et al., 2020; Lim et al.,
2023). For instance, Shah et al. (2020) reported a
sensitivity of 100% and specificity of 82% for
detecting referable DR, supporting Al’s clinical
reliability. Similarly, Bellemo et al. (2019)
validated the accuracy of a deep learning system
in a population-based African cohort, suggesting
generalizability across diverse contexts. These
systems showed strong capability in identifying
diabetic macular edema and high-risk lesions with
minimized false negatives (Ruamviboonsuk et al.,
2019). However, some studies noted slightly
lower specificity, raising concerns about potential
over-referral and resource utilization (Régo et al.,
2021; Kim et al., 2021). Nonetheless, the evidence
affirms that Al systems can reliably supplement or
even replace manual grading in DR screening
workflows.

2. Feasibility of Real-World Implementation
and Workflow Integration

Numerous studies confirmed the operational
feasibility of deploying Al-based DR screening
tools in diverse clinical settings, including
endocrinology clinics, indigenous healthcare
facilities, and primary care (Scheetz et al., 2021;
Verbraak et al., 2019; Liu et al., 2021). These
systems were successfully integrated into
teleophthalmology and  national  screening
programs, such as those in Thailand and Rwanda
(Ruamviboonsuk et al., 2022; Mathenge et al.,
2022). Several Al models enabled real-time or
near-real-time image analysis at the point of care,
facilitating rapid triage and referral decisions
without the need for on-site ophthalmologists
(Noriega et al., 2021; Ipp et al, 2021).
Implementation was particularly successful in
resource-limited environments, demonstrating
Al’s potential to expand screening coverage in
underserved populations. However, successful
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integration depended on appropriate workflow
adaptation, stakeholder engagement, and digital
infrastructure support.

3. Stakeholder Acceptance,
Engagement, and Perceived Value

Studies examining user perspectives highlighted
generally high acceptance of Al-assisted screening
among both patients and clinicians. Patients
viewed Al as convenient, accessible, and less
time-consuming than traditional ophthalmology
visits (Keel et al., 2018; Heydon et al., 2021).
Clinicians—including ~ endocrinologists ~ and
ophthalmologists—recognized AI’s potential to
reduce workload, improve screening reach, and
enhance triage accuracy (Scheetz et al., 2021).
Some skepticism remained among eye care
professionals regarding overreliance on algorithms
and the potential for missed subtle signs of
pathology (Kim et al., 2021). Nonetheless, real-
world acceptability was strengthened when Al
systems were used in hybrid models, where
clinicians retained oversight of final decisions.
The studies collectively suggest that fostering trust,
providing Al performance transparency, and
offering clinical validation are key to enhancing
stakeholder confidence and adoption.

4. Economic Value, Equity, and Programmatic
Implications

Several studies evaluated the economic and health
system implications of Al-based screening. Cost-
effectiveness analyses showed that Al systems
could reduce screening costs by lowering reliance
on human graders and minimizing unnecessary
specialist referrals (Tufail et al., 2016; Bellemo et
al., 2019). These tools offer scalable solutions for
national and regional screening programs aiming
to increase coverage efficiently. Al-enabled
screening also improved patient adherence by
providing immediate feedback, especially in low-
income settings where follow-up loss is prevalent
(Liu et al., 2021; Mathenge et al., 2022). However,
some studies cautioned that up-front costs,
infrastructure limitations, and disparities in digital
access could pose Dbarriers to equitable
implementation (Régo et al., 2021). Policy
development, ethical oversight, and capacity
building will be essential to ensure that Al
screening systems enhance rather than exacerbate
health inequities.

Patient
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Author | Study Title Participan | Interventions Results
and Design ts
Year
(Tufail Observa | “Automated 20 258 ascertain if When compared
et al., tional Diabetic consecutive | ARIAS can be | to human
2017) study Retinopathy patients used to replace | graders, the
Image human graders | Retmarker and
Assessment in DR EyeArt systems'
Software: screening sensitivity for
Diagnostic procedures in a | referable
Accuracy and safe manner. retinopathy was
Cost- satisfactory, and
Effectiveness their accuracy
Compared with was sufficient to
Human make them more
Graders” affordable than
manual grading
alone. ARIAS
may aid in the
delivery of DR
screening in
underdeveloped
or rural health
care settings, as
well as save
expenses in
health care
budgets in the
developed world.
(Scheetz | mixed “Real-world 203 an artificial In endocrinology
et al., methods | artificial patients intelligence and indigenous
2021) intelligence- (Al)-assisted healthcare
based diabetic contexts, patients
opportunistic retinopathy and clinicians
screening for (DR) screening | find the Al-
diabetic model's assisted DR
retinopathy in diagnostic screening
endocrinology performance, approach to be
and indigenous viability, and | accurate and
healthcare end-user well-accepted.
settings in experiences in | When Al-
Australia” actual assisted
Australian screening
healthcare algorithms are
settings. used in the
future,
downstream

90



Pk Heart J 2025:58(01)
ISSN:0048-2706 E-ISSN:2227-9199

referral networks
will need to be
taken into
account.

(Ruamvi
boonsuk

et al.,
2019)

Descript
ive
study

“Deep learning
versus human
graders for
classifying
diabetic
retinopathy
severity in a
nationwide
screening
program”

25,326
patient
gradable
retinal
images,

Check one
such
algorithm's
efficacy on a
large clinical
population and
compare the
outcomes with
human
graders.

“At the expense
of slightly higher
false positive
rates (2%), deep
learning
dramatically
decreased the
false negative
rate (by 23%)
across various
DR severity
levels for
evaluating
referable illness.
Deep learning
algorithms might
prove to be a
valuable tool in
the drug
discovery
screening
process.”.
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(Shahet |a “Validation of | 2680 Compare the In a screening
al., compara | Automated subjects diagnosis of program, the
2021) tive Screening for referable autonomous
diagnost | Referable diabetic diagnostic Al
ic study | Diabetic retinopathy system showed
Retinopathy (RDR) by a good sensitivity
With an self-governing | (100%) and
Autonomous artificial specificity (82%)
Diagnostic intelligence for recognizing
Artificial (A]) system to | RDR and retinal
Intelligence the manual edema in
System in a grading of individuals with
Spanish Spanish diabetes, when
Population” ophthalmologi | compared to
sts.. manual grading
by
ophthalmologists
. Autonomous
diagnostic Al has
the potential to
increase the
accessibility of
RDR screening
in primary care
settings because
to its rapid point-
of-care
diagnosis.
(Kim et | observat | “Comparison | Included Examine the Retinal
al., ional, of automated were 119 effectiveness | photography
2021) Cross- and expert eyeballs of a mobile utilizing Retina
sectiona | human grading | from 69 platform that Scope in
I study | of diabetic individuals. | combines conjunction with
retinopathy automated automated
using grading and interpretation
smartphone- smartphone- from Eye Art
based retinal based retinal produced
photography” imaging to findings that
identify were less
referral- sensitive but
warranted more specific
diabetic than those from
retinopathy trained
(RWDR). professional
graders. In a
retina clinic with
a high disease
burden,
feasibility testing
was done by

92



Pk Heart J 2025:58(01)
ISSN:0048-2706 E-ISSN:2227-9199

non-ophthalmic
professionals.
More study is
needed to assess
how well people
with diabetes can
be identified in
the general

population.
(Régo et | cross- | “Screening for | 295 fundus | Analyze  the | “By securely
al., sectiona | Diabetic images diagnostic ruling out DR, a
2021) I study | Retinopathy precision  of | CNN model
Using an the 2019 | negative test
Automated Convolutional | result may
Diagnostic Neural greatly lessen the
System Based Network workload of
on Deep (CNN) model | ophthalmologists
Learning: using at reading
Diagnostic Inception-V3 | centers.”
Accuracy diagnostic
Assessment” system
software  for
the automated
detection  of
diabetic
retinopathy
(DR) on digital
color fundus
photos.
(Verbraa | cross- | “Diagnostic 1,616 Evaluate the “In comparison
k etal., | sectiona | Accuracy of a patients | diagnostic to an
2019) I study | Device for the | with type 2 | precision of a independent
Automated diabetes | deep learning- reading center,
Detection of enhanced the hybrid deep
Diabetic device for learning-
Retinopathy in automated enhanced device
a Primary Care diabetic demonstrated
Setting” retinopathy great diagnosis

(DR) detection
in a real-world
primary care
environment.

accuracy for both
mtmDR and
vtDR in a
primary care
context, despite
the low number
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of vtDR patients.
This makes using
it in a primary
care context
safe.”.

(Lim et
al.,
2023)

Prospect
ive,
pivotal,
multice
nter trial

“Artificial
Intelligence
Detection of
Diabetic
Retinopathy
Subgroup
Comparison of
the EyeArt
System with
Ophthalmologi
sts’ Dilated
Examinations”

521
participants

Examine the
EyeArt
Artificial
Intelligence
(A) system,
retina experts,
and ordinary
ophthalmologi
sts in
comparison to
the clinical
reference
standard for
diagnosing
diabetic
retinopathy
(mtmDR) that

1S more severe.

“When compared
to the clinical
reference
standard, the Al
system's
sensitivity for
identifying
mtmDR was
greater than that
of general
ophthalmologists
or retina
specialists. It
may be used to
reduce the
burden
associated with
diabetic eye
screening and
provide a low-
cost point-of-
care diabetic
retinopathy
diagnostic
method.”
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(Ipp et A “Pivotal 942 Analyze the “safety and
al., prospect | Evaluation of efficacy and precision while
2021) ive an Artificial safety of the using the EyeArt
multice | Intelligence EyeArt Automated DR
nter System for Automated DR | Detection
cross- | Autonomous Detection System to
sectiona | Detection of System, identify vtDR for
1 Referrable and version 2.1.0, | the first time as
diagnost | Vision- an artificial well as mtmDR
ic study | Threatening intelligence without the need
Diabetic (AD) system for medical
Retinopathy” for identifying | intervention.
diabetic According to
retinopathy these results,
that poses a more patients
risk to eyesight | may adhere to
as well as the required
more-than- yearly tests for
mild diabetic eye
retinopathy disease and
(mtmDR). individuals
diagnosed with
vtDR may be
referred more
quickly..”
(Keel et pilot | “Feasibility 96 Examine “For the proper
al., study | and patient participants | whether a new | referral, the
2018) acceptability of Al-based DLA's sensitivity
anovel diabetic and specificity
artificial retinopathy were 92.3% and
intelligence- (DR) screening | 93.7%,
based model is respectively. In
screening feasible and outpatient
model for well-liked by | endocrinology
diabetic patients in settings, Al-
retinopathy at outpatient based DR
endocrinology endocrinology | screening is
outpatient settings. practical and
services: a well-liked by
pilot study” patients..”
(Bellem | cross- | “Artificial 76 370 the precision “In a population-
oetal., | sectiona | intelligence images of a deep based diabetic
2019) I study | using deep from learning-based | retinopathy
learning to 13 099 artificial screening, an Al
screen for patients | intelligence system
referable and (Al) model in | demonstrates
vision- a population- clinically
threatening based diabetic | acceptable
diabetic retinopathy performance in
retinopathy in screening identifying
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Africa: a program in diabetic macular
clinical Zambia, a oedema, vision-
validation lower-middle- | threatening
study” income nation. | diabetic

retinopathy, and
referable diabetic
retinopathy. This
demonstrates
how, even when
the model is
trained in a

different
community, the
use and
acceptance of
such Al
technology in an
underserved
African
population may
lower the
prevalence of
avoidable
blindness..”
(Heydon | cross- | “Prospective 30 405 Using human | “In an actual
etal, | sectiona | evaluation of | Retinal grading in screening
2021) I study | an artificial images accordance service, the
intelligence- with a standard | algorithm
enabled national showed safe
algorithm for protocol as the | sensitivity levels
automated reference for high-risk
diabetic standard, retinopathy, and
retinopathy assess how its specificity
screening of 30 well an might reduce the
000 patients” automated workload of
artificial human graders

intelligence by half. These
(AI) algorithm | kinds of Al

performs in machine learning
classifying and deep

retinal images | learning

from the algorithms may
English identify

Diabetic Eye retinopathy
Screening quickly and
Programme clinically,
(DESP) into especially in
test- situations when a
positive/techni | skilled staff is
cal failure not available or
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versus test-

when large-scale,

negative. quick results are
required.”
(Liuet | Prospect | “Diabetic 180 predicted that | “The
al., ive Retinopathy participants | non-mydriatic | introduction of
2021) cohort | Screening with point-of-care an automated
study | Automated screening with | method for
Retinal Image artificial screening
Analysis in a intelligence diabetic
Primary Care support during | retinopathy in a

Setting
Improves
Adherence to
Ophthalmic
Care”

primary care
visits would
improve
patients with
diabetes's
compliance
with follow-up
eye care
recommendati
ons.

primary care
clinic catering to
a patient
population from
low-income
metropolitan
areas increased
compliance with
follow-up
recommendation
s for eye care
while decreasing
the number of
patients who
were referred for
low-risk
characteristics..”
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(Mathen | RCT | “Impact of 823 ascertain if “When compared
ge et al., Artificial patients | diabetic to delayed
2022) Intelligence retinopathy notifications of
Assessment of (DR) screening | findings from
Diabetic assisted by human graders,
Retinopathy on artificial immediate
Referral intelligence feedback on
Service Uptake (Al) increased | referral status
in a Low- the number of | based on Al-
Resource referrals in supported
Setting” Rwanda.. screening was
linked with
statistically
substantially
greater referral
adherence.”
(Teohet | RCT | “Variability in | 200 Analyze the “A potentially
al., Grading sensitivity, useful technique
2023) Diabetic specificity, for the mass
Retinopathy area under the | screening of
Using Retinal receiver diabetic
Photography operating retinopathy is an
and Its characteristic | automated deep
Comparison curves, and learning
with an accuracy in the | screening
Automated identification | program for the
Deep Learning of non-urgent, | condition that
Diabetic urgent, and has been
Retinopathy referable validated for a
Screening diabetic particular group.
Software” retinopathy to | With the use of
assess the this technology,
efficacy of an | screening
automated programs that are
deep learning | now run mostly
diabetic by
retinopathy ophthalmologists
screening or trained human
program.. graders might
become more
efficient and
cost-effective..”
(Noriega | RCT | “Screening 17 Patients | Using a web- | “For Latin
et al., Diabetic based platform | American
2021) Retinopathy for remote nations like
Using an image Mexico, the
Automated analysis, ARIA system
Retinal Image assess the offers both
Analysis efficacy of the | independent and
System in automated assistive use
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Independent retina image cases that
and Assistive analysis provide a
Use Cases in (ARIA) system | significant
Mexico: under two potential to
Randomized assistive increase
Controlled schemes (i.e., | monitoring
Trial” hybrid ARIA | capacity for the
plus early diagnosis
ophthalmologi | of diabetes-
st screening) related
and one blindness..”
independent
scheme (i.e.,
only ARIA
screening).
This will allow
you to
compare and
determine the
sensitivities
and
specificities of
the three
schemes.
(Ruamvi | cohort | Real-time 7940 Analyze the “In community-
boonsuk | study | diabetic patients effectiveness based screening
et al., retinopathy and viability of | settings, a deep-
2022) screening by integrating a learning system
deep learning deep learning | may provide
in a multisite system into real-time
national Thailand's detection
screening healthcare capabilities of
programme: a system. diabetic
prospective retinopathy,
interventional comparable to
cohort study retina experts. In
LMICs, deep
learning systems
must be
implemented
with respect for
socioenvironmen
tal aspects and
processes inside
large-scale
screening
programs.”
Discussion

This systematic review evaluated the diagnostic
accuracy, real-world feasibility, and stakeholder

responses to Al-driven diabetic retinopathy (DR)
screening tools. The findings from 17 studies
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reveal a consistently high level of diagnostic
performance, promising  opportunities  for
improving population-based screening, and overall
acceptance among patients and healthcare
providers. However, effective implementation also
necessitates addressing  barriers related to
infrastructure, trust, cost, and regulation.
Diagnostic Accuracy and Clinical Implications
One of the most consistent findings across the
included studies is the robust diagnostic accuracy
of Al systems for DR screening. Sensitivity and
specificity metrics for detecting referable and
vision-threatening DR were generally comparable
to—or in some cases exceeded—those of expert
human graders. These results echo findings from
broader meta-analyses demonstrating pooled
sensitivities of over 90% for referable DR across
commercial Al models (Li et al., 2021). Notably,
several Al tools such as EyeArt and IDx-DR have
received regulatory approval from the U.S. FDA,
further validating their diagnostic reliability in
clinical settings (Abramoff et al., 2018). High
sensitivity is especially critical in reducing the risk
of missed diagnoses, ensuring that patients with
vision-threatening DR are identified and referred
in a timely manner.

However, concerns remain regarding false
positives, especially in Al systems with slightly
lower specificity. A recent study by Chawla et al.,
(2025) demonstrated that specificity tends to
decrease when screening is expanded to
populations with lower DR prevalence. This over-
referral can burden ophthalmology services and
underscores the importance of tailoring Al
threshold settings to specific use cases and
populations. It also highlights the potential role for
hybrid Al-human workflows where Al serves as a
triage tool with oversight from clinicians—a
model shown to improve both accuracy and
workflow efficiency (Dow et al., 2023).
Feasibility and Integration in
Workflows

Feasibility studies conducted in diverse real-world
settings demonstrated that Al screening systems
can be successfully integrated into both primary
care and national screening programs. Al tools
were deployed in urban clinics, rural health
centers, and telemedicine programs with high
degrees of operational success. These findings
align with global pilot programs in countries such

Clinical
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as India and the Philippines, where Al screening
significantly improved early detection and
expanded access in remote areas (Rawlings Chidi
& Ugochukwu Odimba, 2024; Tahir et al., 2025).
The use of non-mydriatic cameras combined with
automated analysis allowed task shifting away
from specialists and helped scale DR surveillance
efforts (Habib et al., 2017).

Nonetheless, integration success depended on
context-specific  infrastructure and  human
resources. In low-resource settings, challenges
such as internet connectivity, equipment
maintenance, and lack of trained technicians
hindered seamless implementation. Importantly, a
study by Choudhury & Asan, (2020) emphasized
the need for Al systems to be compatible with
existing health information systems and
workflows, or else they risk redundancy or
underuse. Additionally, robust training programs
and protocols are essential to ensure consistent
image acquisition and result interpretation—key
factors in maximizing diagnostic yield.
Stakeholder Perspectives and
Considerations

Patient and clinician perspectives play a pivotal
role in Al adoption. Across the reviewed studies,
patients generally accepted Al-based screening,
particularly appreciating the convenience and
speed of automated feedback. This finding reflects
broader trends in digital health, where patients
increasingly favor rapid, accessible services,
particularly in chronic disease monitoring
(Abernethy et al., 2022). Moreover, real-time
results delivered at the point of care may boost
adherence to follow-up recommendations, a
significant issue in DR care continuity.

Among providers, particularly ophthalmologists,
the responses were more nuanced. While many
clinicians viewed Al as a supportive tool to extend
reach and reduce workload, others expressed
apprehension about potential over-reliance on
algorithms.  Concerns  about transparency,
explainability, and diagnostic accountability
persist in the clinical community. As highlighted
by Skorburg & Friesen, (2021), “black-box™ Al
systems may fail to earn clinician trust unless
accompanied by explainable Al mechanisms that
elucidate how decisions are made.

Ethical considerations such as informed consent,
data privacy, and algorithmic bias must also be

Ethical
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addressed before widespread Al deployment. For
instance, a study by Agarwal et al., (2023) warned
that Al models trained predominantly on images
from high-income populations may perform
poorly in ethnically diverse or underserved
communities. Therefore, efforts must be made to
train and validate Al systems using diverse
datasets and to establish governance frameworks
ensuring equitable deployment.

Health  Economic Impact and
Implications

The potential cost savings associated with Al
screening featured prominently across multiple
studies in this review. Automated grading reduces
reliance  on  ophthalmologists and  may
significantly lower the per-patient cost of DR
screening. A health economic analysis by Sobhi et
al., (2025) projected a 30-40% reduction in
screening costs using Al-based models versus
traditional manual grading. These findings are
corroborated by Fischer-Abaigar et al., (2024),
who reported favorable cost-utility ratios for Al
screening programs, particularly when deployed at
scale in low- and middle-income countries.
Despite these promising projections, the initial
capital investments  required  for Al
implementation—hardware  acquisition,  staff
training, and system maintenance—may pose
barriers for some institutions. Moreover,
reimbursement frameworks and regulatory clarity
around  liability and  oversight remain
underdeveloped in many jurisdictions.
Policymakers must work proactively to establish
reimbursement codes for Al services and legal
protections for clinicians using Al as part of
standard care.

In parallel, AI screening programs should be
linked with national registries and quality
assurance  systems to  monitor  ongoing
performance. Continuous auditing and feedback
loops are essential for identifying performance
drift and ensuring diagnostic fidelity over time
(Bova et al., 2017). Furthermore, developing Al
literacy among healthcare providers and fostering
multidisciplinary collaboration will be critical for
navigating the evolving landscape of Al-driven
care.

Conclusion

This review underscores that Al-based screening
systems for diabetic retinopathy demonstrate
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strong diagnostic accuracy and are generally well-
received by both patients and clinicians. When
implemented appropriately, these tools have the
potential to improve screening coverage, reduce
health system costs, and facilitate earlier detection
of  vision-threatening conditions. However,
realizing these benefits requires attention to
implementation infrastructure, regulatory
frameworks, training, and equity considerations.
Future research should focus on long-term health
outcomes, algorithm transparency, and cost-
effectiveness across diverse healthcare
environments. As Al continues to mature, it will
be vital to ensure that its integration enhances,
rather than fragments, the continuum of DR care.
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