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ABSTRACT

Background: Diabetic retinopathy (DR) remains a major cause of preventable visual loss, while access to trained retinal graders and
ophthalmologists is uneven. Deep learning systems can classify color fundus photographs at the point of screening and may enable earlier
referral before progression to vision-threatening disease. Objective: To synthesize high-quality external and clinical validation evidence for
deep learning detection of actionable DR and to estimate pooled sensitivity and specificity. Methods: A focused systematic review was
conducted for peer-reviewed external, prospective, pivotal and post-deployment validations published through December 2025. The
quantitative synthesis included eight independent validation cohorts from six Q1-journal reports in which sensitivity, specificity and 95%
confidence intervals were available for referable, moderate-or-worse or more-than-mild DR. Sensitivity and specificity were logit
transformed and pooled separately using DerSimonian-Laird random-effects models. Heterogeneity was summarized with 12. Results:
Across the eight cohorts, sensitivity ranged from 87.0% to 95.5% and specificity from 85.0% to 98.5%. Pooled sensitivity was 90.5% (95%
CI, 88.8%-91.9%; 12=52.5%), while pooled specificity was 93.9% (95% CI, 90.8%-96.1%; 12=98.2%). Leave-one-out analyses produced
pooled sensitivity estimates of 90.1%-90.8% and specificity estimates of 92.7%-94.7%, indicating stable average performance but
substantial threshold-related heterogeneity in specificity. Later real-world and post-deployment studies continued to report sensitivities
above 90% for sight-threatening or severe DR, although ungradable images, disease threshold, camera type and workflow design materially
affected performance. Conclusion: Deep learning analysis of fundus photographs provides high sensitivity and generally high specificity
for identifying actionable DR, supporting its use as a screening and referral technology. The principal implementation challenge is no longer
whether these systems can detect disease, but how programs manage operating thresholds, image gradability, population shift and false-
positive referral burden.
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1. Introduction Landmark external validation studies demonstrated expert-level

Diabeti . i ) ) I licati discrimination. Gulshan et al. reported area under the receiver
labetic retinopathy 1s a progressive microvascular complication operating characteristic curve values of 0.991 and 0.990 on

of diabetes and a major cause of preventable visual impairment. EyePACS-1 and Messidor-2, respectively [3]. Ting et al

S:regr}ln(ig blsf effeCFlve bec.ause bretlngll abnoinllalltles can be subsequently validated a multi-disease deep learning system in
1dentified betore patients notice substantial visual loss, creating an multiethnic populations, reporting 90.5% sensitivity and 91.6%

interval i,n which referral, systemic risk-factor managernent and specificity for referable DR in the primary Singapore dataset [4].
ophthalmic treatment can prevent or delay irreversible damage [1]. These findings moved the field from proof of concept toward
The global burden of DR is expected to increase as the prevalence clinical deployment

and duration of diabetes rise [2].
The transition to autonomous screening introduced a more difficult

question: whether high retrospective accuracy persists in real
clinical workflows. The IDx-DR pivotal study demonstrated 87.2%
sensitivity and 90.7% specificity for more-than-mild DR in
primary-care offices and supported the first US regulatory
clearance of an autonomous Al diagnostic system [5]. Prospective
validations in India, Africa, the United Kingdom, the United States
and Thailand later confirmed strong performance but also exposed
substantial variation in specificity, image gradability and referral
burden [6-11].

Traditional screening depends on acquisition of retinal images
followed by interpretation by trained graders, optometrists or
ophthalmologists. This model can perform well in organized
national programs but is difficult to scale where specialist capacity
is limited. Deep learning changed this landscape by enabling
convolutional neural networks to learn retinal features directly
from large image datasets and output a probability of clinically
relevant disease.
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A comprehensive 2025 evidence synthesis of regulator-approved
systems reported pooled sensitivity and specificity close to expert
grading, while identifying disease threshold, image gradability,
pupil dilation, reference standard and socioeconomic setting as
major sources of heterogeneity [12]. The present review was
designed as a focused, chronologically appropriate synthesis for a
2026 volume, emphasizing landmark external and clinical cohorts
with transparent confidence intervals. The primary aim was to
estimate pooled sensitivity and specificity for actionable DR
detection from fundus images and to interpret the sources of
performance variation most relevant to screening implementation.

2. Methods

This systematic review and meta-analysis followed the principles
of PRISMA 2020 reporting for evidence synthesis [13]. The review
focused on deep learning systems that analyzed color fundus
photographs for screening-level identification of actionable DR.
'Actionable DR' was operationalized as referable DR, moderate-or-
worse DR or more-than-mild DR, reflecting thresholds intended to
trigger specialist evaluation before progression to advanced vision-
threatening disease.

PubMed and publisher archives of major ophthalmology, diabetes,
digital-medicine and general medical journals were searched for
studies published through 31 December 2025. Search concepts
combined diabetic retinopathy with deep learning, artificial
intelligence, fundus, retinal photographs, validation, sensitivity,
specificity, screening and autonomous diagnosis. Reference lists of
landmark studies and high-quality systematic reviews were
additionally checked for eligible validation cohorts.

Studies were eligible for quantitative pooling when they were
external, prospective, pivotal or clinical validations; used human
expert grading or an adjudicated reference standard; evaluated an
actionable DR threshold; and reported sensitivity and specificity
with 95% confidence intervals. Development-only datasets,
internal cross-validation, conference abstracts, studies without
extractable uncertainty measures and reports focused exclusively
on unrelated retinal conditions were excluded from pooling.
Separate cohorts within the same publication were retained when
they represented distinct populations and independent validation
datasets.

Study-level sensitivity and specificity were transformed to the logit
scale. Standard errors were approximated from the published 95%
confidence intervals. Separate univariate random-effects models
were fitted using the DerSimonian-Laird estimator because paired
2x2 tables were not uniformly available across all selected cohorts.
Pooled estimates were back-transformed to proportions. Cochran Q
and 12 described heterogeneity. Leave-one-out analyses assessed
the stability of pooled values. This approach does not replace a
hierarchical bivariate diagnostic-accuracy model and that limitation
was considered when interpreting the results.

Methodological interpretation was informed by QUADAS-2
domains, particularly patient selection, reference-standard quality,
prespecification of operating thresholds, image gradability and
applicability to real screening populations [14]. Because the
included reports varied in threshold definition and handling of
ungradable images, heterogeneity was treated as a clinically
meaningful result rather than merely a statistical nuisance.

The review eligibility and quantitative-analysis framework is
summarised in Table 1.

3. Results

The quantitative synthesis included eight validation cohorts from
six reports. The cohorts spanned North America, Europe,
Singapore, India and sub-Saharan Africa and represented both
retrospective external validation and prospective pivotal or clinical
evaluations. Disease thresholds were closely related but not
identical: four cohorts used referable DR, two used moderate-or-
worse DR, and two used more-than-mild DR.

Sensitivity estimates were consistently high, ranging from 87.0% in
Messidor-2 to 95.5% in the pivotal EyeArt evaluation. Specificity
varied more widely, from 85.0% for EyeArt to 98.5% for
Messidor-2. This variation reflected not only model discrimination
but also different operating points, definitions of a positive
screening result, disease prevalence, treatment of ungradable
images and intended workflow.

The random-effects pooled sensitivity was 90.5% (95% CI, 88.8%-
91.9%), with moderate heterogeneity (12=52.5%). In contrast,
pooled specificity was 93.9% (95% CI, 90.8%-96.1%) with very
high heterogeneity (I12=98.2%). Leave-one-out analysis showed
that sensitivity was highly stable: omitting any single cohort
changed the pooled estimate only between 90.1% and 90.8%.
Specificity remained between 92.7% and 94.7%, showing that the
overall conclusion of high specificity was stable even though
between-study variability was substantial.

The validation cohorts included in the quantitative meta-analysis
are presented in Table 2.

The meta-analytic summary is presented in Table 3.

The random-effects meta-analysis of sensitivity for actionable
diabetic retinopathy is shown in Figure 1.

The random-effects meta-analysis of specificity for actionable
diabetic retinopathy is shown in Figure 2.

3.1 External and real-world evidence beyond the pooled cohorts

Several high-quality studies were not combined in the primary
meta-analysis because their outcome thresholds or reporting
structures were not directly comparable, but they strengthen the
clinical interpretation. Li et al. externally validated a deep learning
algorithm for vision-threatening referable DR across multiethnic
Australian cohorts and reported 92.5% sensitivity and 98.5%
specificity [6]. Ruamviboonsuk et al. analyzed more than 25,000
gradable images in Thailand and found 97% sensitivity and 96%
specificity for referable DR, outperforming regional human graders
in sensitivity while producing a modest increase in false positives
[9].

Prospective EyeArt deployment in the United Kingdom reported
95.7% sensitivity for referable retinopathy across approximately
30,000 patients, but specificity was markedly lower when
nonreferable disease and technical failures were handled
conservatively as positive screening outcomes [11]. This illustrates
why specificity must be interpreted within the intended screening
workflow rather than as a property of the neural network alone.

Later evidence confirmed that performance can remain strong after
deployment. Ruamviboonsuk et al. reported 91.4% sensitivity and
95.4% specificity for vision-threatening DR during a real-time
multisite national screening program in Thailand [15]. In 2025,
Brant et al. evaluated a postdeployment sample from an Al system
that had screened more than 600,000 patients in India; sensitivity
and specificity for sight-threatening DR were 95.9% and 94.9%,
respectively [16]. A regulator-focused systematic review published
online in December 2025 synthesized 82 studies and found pooled
sensitivity/specificity of approximately 0.93/0.90 per patient and
0.92/0.93 per eye, broadly consistent with the present focused
meta-analysis [12].

3.2 Sources of heterogeneity

Clinically important sources of variation in deep-learning DR
screening are summarised in Table 4.

4. Discussion

The principal finding is that deep learning systems provide
consistently high sensitivity for clinically actionable DR across
diverse populations and clinical contexts. A pooled sensitivity of
approximately 90% means these systems are suitable for screening
roles in which the central objective is to identify patients who
require further retinal assessment. The narrow leave-one-out range
indicates that this conclusion is not dependent on one unusually
strong study.
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Specificity is also high on average, but it is far less transportable
between programs. The 12 value above 98% reflects genuine
workflow differences. Gulshan's early external datasets used
operating points optimized for high specificity, whereas pivotal
autonomous systems prioritized the avoidance of missed disease.
EyeArt's lower specificity in its pivotal evaluation is therefore not
evidence that the system is intrinsically poor; it reflects a different
threshold and intended-use philosophy.

This trade-off matters because false negatives and false positives
have asymmetric consequences. Missing referable disease can
delay sight-saving assessment. Excess false-positive referrals
consume specialist capacity and can undermine the economic
rationale for automation. The optimal operating point is therefore
context dependent. A low-resource program with limited
ophthalmologists may require higher specificity than a system
where referral capacity is abundant, provided that sensitivity
remains clinically acceptable.

The evidence also demonstrates the importance of external
validation. Performance in EyePACS or another curated dataset
cannot be assumed to transfer automatically to community
screening. Camera type, pupil size, cataract, technician experience
and local disease patterns alter the input distribution. Prospective
studies in India, Zambia, Thailand and the United States are
therefore more informative for implementation than development
accuracy alone.

Ungradable images deserve separate treatment. A system that
labels every technically inadequate image as positive will preserve
safety but appear less specific. Conversely, excluding all
ungradable images from analysis can inflate apparent performance.
High-quality reporting should therefore provide disease-
classification accuracy together with an explicit imageability or
gradability rate and describe the clinical pathway for rejected
images.

The field has now moved into post-market surveillance. Brant et al.
showed that an algorithm could maintain strong performance after
hundreds of thousands of real-world screenings, while also
documenting that ungradability increased with older age [16]. This
is the type of evidence required for mature Al diagnostics because
algorithms are deployed into environments in which camera
calibration, acquisition protocols and patient populations can drift
over time.

The present pooled estimates are concordant with the much larger
regulator-approved-system review published online at the end of
2025 [12]. That study used hierarchical bivariate methods and
hundreds of thousands of examinations, making it statistically more
comprehensive. The value of the present analysis is different: it
provides a transparent synthesis of landmark high-quality cohorts
and shows directly how a small set of widely cited external
validations produces the same clinical conclusion while exposing
large specificity heterogeneity.

Strengths and Limitations

The review prioritizes high-quality Q1-journal evidence, clinically
relevant external validation, explicit confidence intervals and
actionable screening thresholds. It also separates pooled diagnostic
performance from implementation factors such as gradability and
operating thresholds.

The main limitation is that the quantitative model pools sensitivity
and specificity separately rather than fitting a hierarchical bivariate
diagnostic-accuracy model because paired 2x2 data were not
uniformly available from all selected cohorts. Several cohorts also
used closely related but nonidentical disease thresholds, which
contributes to heterogeneity. The analysis should therefore be
interpreted as a focused synthesis of landmark validation
performance rather than a replacement for the larger device-level
meta-analysis. Publication and selective-reporting bias cannot be
excluded, and some studies involved systems developed by or
evaluated with participation from commercial technology groups.

Conclusion

Deep learning analysis of color fundus photographs has achieved
reproducibly high diagnostic performance for early identification
of clinically actionable diabetic retinopathy. Across eight external
and clinical validation cohorts, pooled sensitivity —was
approximately 90.5% and pooled specificity approximately 93.9%.
Sensitivity was comparatively stable, whereas specificity varied
substantially because screening thresholds, ungradable-image
handling, imaging protocols and intended referral pathways
differed between programs. These systems are therefore best
understood not as universally interchangeable classifiers but as
configurable components of screening programs. Safe
implementation requires local validation, explicit operating
thresholds, transparent gradability reporting, referral-capacity
planning and continuing post-deployment audit. When these
conditions are met, deep learning can expand access to timely DR
screening while preserving specialist resources for patients most
likely to benefit.
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Table 1. Review eligibility and quantitative-analysis framework

Publication
Technology
Clinical threshold
Validation
Reference standard

Meta-analysis

Inclusion criterion

Peer-reviewed, published through 31 Dec 2025

Deep learning/Al applied to color fundus images

Referable, moderate-or-worse or more-than-mild DR
External, prospective, pivotal or real-world clinical validation
Expert or adjudicated human grading

Sensitivity, specificity and 95% CI extractable

Exclusion criterion Reason

2026 onward

Non-image Al or OCT-only systems
Lesion detection without referral threshold
Training/internal validation only
Unverified labels

Insufficient uncertainty data

Chronological evidence cutoff

Maintains a consistent screening modality
Focuses on actionable screening

Reduces optimism bias

Clinical comparability

Allows transparent random-effects pooling
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Table 2. Validation cohorts included in the quantitative meta-analysis

Gulshan 2016 EyePACS-1 [3] us Retrospective external Referable DR 90.3 (87.5-92.7) 98.1 (97.8-98.5) High-specificity operating point
Gulshan 2016 Messidor-2 [3] France Retrospective external Referable DR 87.0 (81.1-91.0) 98.5 (97.7-99.1) Independent camera/population
Ting 2017 SIDRP [4] Singapore Primary validation Referable DR 90.5 (87.3-93.0) 91.6 (91.0-92.2) Multiethnic screening program
Abramoff 2018 IDx-DR [5] US primary care Prospective pivotal More-than-mild DR 87.2 (81.8-91.2) 90.7 (88.3-92.7) Autonomous intended-use trial
Gulshan 2019 Aravind [8] India Prospective Moderate-or-worse DR 88.9 (85.8-91.5) 92.2 (90.3-93.8) Real clinical acquisition
Gulshan 2019 Sankara [8] India Prospective Moderate-or-worse DR 92.1 (90.1-93.8) 95.2 (94.2-96.1) Independent Indian site
Bellemo 2019 Zambia [7] Zambia Prospective clinical Referable DR 92.3 (90.1-94.1) 89.0 (87.9-90.3) External African validation

Ipp 2021 EyeArt [10] US multisite Prospective pivotal More-than-mild DR 95.5(92.4-98.5) 85.0 (82.6-87.4) Regulatory pivotal study
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Table 3. Meta-analytic summary

Pooled estimate 95% ClI _ Leave-one-out pooled range

Sensitivity 90.5% 88.8-91.9% 52.5% 90.1-90.8%
Specificity 8 93.9% 90.8-96.1% 98.2% 92.7-94.7%
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Table 4. Clinically important sources of variation in deep-learning DR screening

m Likely effect on sensitivity Likely effect on specificity Implementation implication

Any DR, referable DR and sight-threatening DR define different Lower thresholds often increase false Set threshold according to referral capacity

Disease threshold - Lower thresholds may increase detection I .. A
positive classes positives and clinical objective

Report gradability separately from disease

Ungradable images Systems may reject, refer or classify low-quality images differently Conservative referral protects sensitivity Can markedly reduce apparent specificity classification

Sensitivity-prioritized points increase Prespecify operating point before

Operating point Probability threshold trades false negatives against false positives capture Specificity falls as threshold is lowered deployment
. . . - . . L . . e . . .. Validate on intended cameras and acquisition
Camera and image protocol Field of view, dilation and device quality alter visible lesions Poor images can reduce sensitivity Artifacts can trigger false positives staff
Reference standard Single graders and adjudicated specialist panels differ Misclassified ground truth distorts estimates = Misclassification also changes specificity ;ZZ?féudlcated or standardized expert
. . .. . . . .. . .. Conduct local external validation and post-
Population shift Ethnicity, cataract burden, age and disease prevalence differ May alter lesion recognition and gradability =~ May alter false-positive patterns market audit
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Figure 1. Random-effects meta-analysis of sensitivity for actionable diabetic retinopathy
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Figure 1. Random-effects meta-analysis of sensitivity for actionable diabetic retinopathy.

Error bars show published 95% confidence intervals; the diamond represents the pooled estimate.
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Figure 2. Random-effects meta-analysis of specificity for actionable diabetic retinopathy
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Figure 2. Random-effects meta-analysis of specificity for actionable diabetic retinopathy.
Between-study heterogeneity was substantially greater for specificity than for sensitivity.

How to cite: Bennett S (2026). Diagnostic Accuracy of Deep Learning Models for Early Diabetic Retinopathy Detection From Fundus Images:
A Systematic Review and Meta-Analysis. Journal of Multidisciplinary Research and Integrated Sciences, 6(1).

© 2026 Journal of Multidisciplinary Research and Integrated Sciences (JMRIS). Open access under CC BY 4.0.

10|Page



