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ABSTRACT
Objectives  To assess and compare the diagnostic 
accuracy of non-ophthalmologist-led diabetic retinopathy 
screening (DRS) at health and wellness centres (HWCs) 
and offline artificial intelligence (AI)-assisted community-
based screening, using specialist grading as the reference 
standard in India.
Design, settings and participants  Pragmatic diagnostic 
accuracy study in primary healthcare settings. The 
settings included HWCs and community-based screening 
sites in rural Block Boothgarh, Mohali District, Punjab, 
India. A total of 600 people with diabetes aged ≥30 
years were enrolled across three screening models: 
(1) non-ophthalmologist-led DRS at the HWC, (2) AI-
assisted smartphone-based DRS in the community and 
(3) standard referral-based care. Retinal images were 
captured using non-mydriatic fundus cameras and 
independently graded by two masked human graders; 
a senior retina specialist resolved any disagreements. 
The AI was assessed for its ability to detect diabetic 
retinopathy (DR) and referable diabetic retinopathy (RDR). 
Diagnostic performance metrics were reported.
Results  The non-ophthalmologist-led model 
demonstrated 86.4% sensitivity (95% CI 65.1% to 
97.1%) and 94.3% specificity (95% CI 88.5% to 97.7%) 
for DR detection, with an ungradability rate of 8%. 
For RDR, sensitivity reached 95.8% (95% CI 78.9% to 
99.9%) and specificity was 93.1% (95% CI 88.0% to 
96.5%). The offline AI-assisted model achieved 93.3% 
sensitivity (95% CI 68.1% to 99.8%) and 85.1% specificity 
(95% CI 76.9% to 91.2%) for RDR, but with a higher 
ungradability rate (38%), mainly due to cataracts and 
poor image quality. Both approaches effectively identified 
referable cases; however, the non-ophthalmologist-led 
model demonstrated greater accuracy and operational 
feasibility.
Conclusions  This study demonstrates that non-
ophthalmologist-led DRS at HWCs can enhance access to 
primary care. Offline AI-enabled screening demonstrates 
potential for community use but is currently limited by 
image quality and binary classification outputs. Integrating 
both approaches may strengthen DRS coverage in 
resource-limited settings.
Clinical trials registry of India  CTRI/2022/10/046283.

INTRODUCTION
Diabetic retinopathy (DR) is a major microvas-
cular complication of diabetes and a rapidly 
growing global public health concern.1 In 
India, the prevalence of DR is estimated at 
18% among people with diabetes, signifi-
cantly higher than the global average of 
9.3%.2 3 The global diabetes burden is 
projected to reach 700 million by 20454 and 
requires early detection of DR through scal-
able and efficient screening. This is critical 
to prevent vision loss and reduce long-term 
healthcare costs.5 6

Despite its importance, diabetic retinop-
athy screening (DRS) remains insufficient in 
many low-resource settings.1 Conventional 
models, which rely on trained graders, are 
costly, time-consuming and challenging to 
scale.1 6 In contrast, artificial intelligence 
(AI)-based DRS offers automated, rapid 
and cost-effective screening with the poten-
tial to reach underserved populations more 

STRENGTHS AND LIMITATIONS OF THIS STUDY
	⇒ Conducted in real-world primary and community 
healthcare settings in rural Punjab, enhancing the 
pragmatic relevance of the findings.

	⇒ A non-ophthalmologist was formally trained and 
certified at a tertiary retina centre to perform retinal 
imaging, demonstrating the feasibility of task shift-
ing in resource-limited contexts.

	⇒ Both benchtop and handheld non-mydriatic fundus 
cameras were evaluated, allowing comparison of 
screening performance across facility-based and 
community-based delivery models.

	⇒ The offline artificial intelligence provided only a bi-
nary referable diabetic retinopathy (RDR)/non-RDR 
output, without grading severity or diabetic macular 
oedema, and excluded ungradable images, thereby 
limiting its applicability in populations with a high 
cataract burden or small pupils.
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efficiently.7–9 Community-based smartphone AI retinal 
imaging offers a potential pathway to reach individuals in 
their homes.10 11 Offline AI systems may offer particular 
advantages in remote settings, where limited connectivity 
and non-mydriatic (without pupil dilation) image quality 
can compromise diagnostic accuracy.7 12 While AI algo-
rithms have demonstrated over 90% sensitivity and speci-
ficity in tertiary settings, their application in primary and 
community care remains underexplored.13 14 Real-world 
evaluation is therefore essential to assess effectiveness 
across clinical settings with varying disease prevalence, 
image quality and patient characteristics that may differ 
from those in the training dataset.15 16 These challenges 
can lead to misclassification and incorrect referrals, 
limiting the effectiveness of AI in primary and commu-
nity care.17

This diagnostic accuracy study compares DRS perfor-
mance across primary healthcare settings: (1) health 
and wellness centre (HWC)18 (2) community (home) 
and (3) standard referral-based screening. It assesses the 
sensitivity and specificity of DR and referable diabetic 
retinopathy (RDR) detection and evaluates the feasibility 

of deploying AI-integrated smartphone fundus cameras 
operated by non-ophthalmologists.

METHODS
This study adhered to the Standards for Reporting Diag-
nostic Accuracy Studies guidelines to ensure method-
ological rigour and transparent reporting of diagnostic 
accuracy findings.19 An overview of the study design is 
presented in figure 1.

Study design and participants
This diagnostic accuracy assessment is embedded within 
a larger pragmatic trial guided by the Reach, Effective-
ness, Adoption, Implementation, Maintenance imple-
mentation framework, which systematically evaluates the 
real-world implementation, adoption and effectiveness of 
DRS strategies in primary care settings.20 While the prag-
matic trial explores a comprehensive range of outcomes, 
including screening coverage, follow-up compliance 
and integration within primary health systems, this 
paper focuses exclusively on the diagnostic accuracy 

Figure 1  Study flow chart. AI, artificial intelligence; AWS, Amazon Web Services; DRS, diabetic retinopathy screening; HWC, 
health and wellness centre; NPV, negative predictive value; PPV, positive predictive value; PwDM, people with diabetes mellitus; 
REAIM, Reach, Effectiveness, Adoption, Implementation, Maintenance; Sen, sensitivity; Spe, specificity.
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of AI-assisted and non-ophthalmologist-led screening 
approaches (online supplemental figure 1).

This study was conducted in primary healthcare settings 
at Block Boothgarh, Mohali, Punjab, India, between 
February 2023 and January 2024. It enrolled people with 
diabetes mellitus (PwDM) aged ≥30, excluding those 
with conjunctivitis, red eyes or active ocular inflamma-
tion, precluding image quality and patient cooperation.20 
Participants (n=600) were allocated to each arm: Arm I—
non-ophthalmologist-led screening at HWC Khijrabad, 
Arm II—AI-assisted screening in the community (home) 
and Arm III—standard care (referral counselling without 
active screening) in a community setting. Following 
screening, participants diagnosed with RDR were referred 
to the district hospital in Arms I and II. The referral was 
based on the reference standard grading. In contrast, all 
participants in Arm III were referred irrespective of their 
screening results. This study will solely present the results 
of the diagnostic accuracy test. The reach, implementa-
tion and adoption, as well as screening outcomes and 
referral follow-up, will be reported separately.

Patient and public involvement
Patients or the public were not involved in this research’s 
design, conduct, reporting or dissemination.

Sample size
Sample size estimation was based on a binary outcome (DR: 
yes/no), assuming equal group allocation, alpha=0.05 
(1.96), power=0.80 (beta=0.20),21 with expected DR 
prevalence: p1=0.16, q1=0.84 (human grading),22 and 
p2=0.28, q2=0.75 (AI screening).23 Based on prior studies 

evaluating DRS interventions in similar settings, the 
dropout rate was estimated at 15%. Therefore, the final 
required sample size was 600 PwDM to account for poten-
tial participant attrition and ungradable images.

Image acquisition and training
A non-ophthalmologist with a bachelor’s degree in optom-
etry acquired fundus images after a structured 15-day 
training programme at Postgraduate Institute of Medical 
Education and Research’s Advanced Eye Centre retina 
clinic. The training covered image acquisition using two 
non-mydriatic fundus cameras: Forus 3 Nethra Classic 
(benchtop),24 25 and Remidio NM FOP 10 (smartphone-
based, integrated with offline Medios AI).26 27 The Forus 
camera was used at HWCs, while the portable fundus on 
phone (FOP) was preferred in community settings due to 
its mobility and battery backup26 (figure 1).

The non-ophthalmologist captured 320 retinal images 
(80 participants) in a retina clinic for proficiency assess-
ment during the training. Their performance was eval-
uated based on predefined quality metrics,28 ensuring 
that at least 90% of captured images met the gradability 
criteria. Participants were instructed to retake images if 
the initial captures were inadequate. Additional manu-
facturer-led training supplemented this learning. On-site 
training was conducted at HWC, where 30 test images 
were captured before recruitment and were excluded 
from the final sample.

At HWC Khijrabad, darkroom conditions were opti-
mised by covering the windows, using black chart paper 
and installing thick curtains. In community settings, 

Table 1  Sociodemographic characteristics of the study participants (arm-wise and overall)

Characteristics
Overall
(N=600)

Arm I
(HWC, N=200)

Arm II
(community, N=200)

Arm III
(community, N=200)

Age (years), mean±SD 58.22 (11.52) 57.9 (11.41) 58.22 (11.45) 58.55 (11.74)

Age (years), median (IQR) 59 (50–65) 56.5 (50–65) 60 (50–67) 60 (50–65)

Age categories (years), n (%)

 � ≤40 46 (7.65) 10 (5) 19 (9.5) 17 (8.5)

 � 41–50 119 (19.80) 53 (26.5) 32 (16) 34 (17)

 � 51–60 181 (30.12) 56 (28) 61 (30.5) 64 (32)

 � 61–70 177 (29.45) 56 (28) 64 (32) 57 (28.5)

 � >70 78 (12.98) 25 (12.5) 24 (12) 28 (14)

Gender, n (%)

 � Male 245 (40.77) 84 (42) 73 (36.5) 88 (44)

 � Female 355 (59.23) 116 (58) 127 (63.5) 112 (56)

Diabetes duration (years), n (%)

 � ≤5 286 (48.31) 96 (50) 92 (46.23) 98 (49)

 � 5.1–10 170 (28.72) 53 (27.6) 62 (31.16) 54 (27)

 � 10.1–15 89 (15.03) 29 (15.1) 28 (14.07) 32 (16)

 � ≥15.1 47 (7.94) 14 (7.29) 17 (8.54) 16 (8)

HWC, health and wellness centre.
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smartphone-based imaging was performed in dimly lit 
areas of participants’ households. Basic demographic 
data, including age, sex and diabetes duration, were 
collected before imaging.

Reference standard grading
Data confidentiality was ensured by anonymising all 
patient identifiers before image storage and analysis. 
Deidentified images were securely uploaded and stored 
on a cloud-based platform (Amazon Web Services (AWS)). 
Fundus images were deidentified and uploaded to a secure 
cloud-based platform, AWS, for remote grading. Three 
masked human graders (HGs) independently graded the 
image: a certified optometrist (HG1), an ophthalmol-
ogist (HG2) and a senior retina specialist (HG3). HG3 
adjudication identified discrepancies between HG1 and 
HG2, establishing a consensus agreement for finalising 
DR grading decisions (figure 1).

The graders affiliated with different institutions were 
blinded to each other’s and AI diagnoses to prevent 
bias. DR lesions were classified as either DR or no DR, 
with further grading into mild non-proliferative diabetic 
retinopathy (NPDR), moderate NPDR, severe NPDR or 
proliferative DR, following the International Classifica-
tion of Diabetic Retinopathy (ICDR).29 Diabetic macular 
oedema (DME) was defined as retinal thickening within 
one disc diameter of the foveal centre.25 RDR included 
moderate NPDR and above or any DME. Images were 
considered gradable if at least 80% of the retina was visible 
and the third vascular branch could be assessed.28 Partic-
ipants with ungradable images were also included for 
referral to a higher centre for ophthalmological opinion. 
Both eye- and patient-level analyses were conducted.

AI grading workflow
The Medios offline deep-learning AI software was used 
to automate the detection of DR. The AI algorithm 
was embedded within the smartphone fundus camera 
control app, enabling real-time analysis.23 26 The non-
ophthalmologist ran the AI algorithm offline postimage 
acquisition, generating two outputs: ‘no signs of DR 
detected’ (non-RDR) or ‘signs of DR detected’ (RDR). 
AI-based grading preceded HG assessment. Misclassified 
cases were identified post hoc, and their characteristics 
were analysed to assess potential failure points in AI-based 
detection.

Statistical analysis
Data were collected electronically using Research Elec-
tronic Data Capture30 and exported for analysis in 
STATA V.15 SE.31 Continuous variables were summarised 
as means and SD. The diagnostic accuracy of AI and 
human grading was assessed via 2×2 contingency tables 
comparing each method to the reference standard. Sensi-
tivity, specificity, positive predictive value (PPV) and nega-
tive predictive value (NPV) were computed with 95% CIs. 
Inter-rater agreement between AI and HGs was evaluated 

using Cohen’s kappa. Statistical significance was set at 
p<0.05.

RESULTS
Table  1 presents the sociodemographic characteristics 
of the study population. Of the 600 participants, 355 
(59%) were female. The mean age was 58.2±11.5 years, 
with a median of 59 years (IQR 50–65). Most participants 
(60%) were aged 51–70 years, and nearly half (48%) had 
diabetes for ≤5 years. Arm I had a notably higher propor-
tion of participants aged 41–50 (26.5%) than Arms II and 
III (16% and 16.9%, respectively).

DRS outputs
Table 2 presents the DRS outputs across HWC and commu-
nity settings. Arm I had a lower proportion of ungradable 
images (8.3%) than Arm II (38%). AI in Arms II misclas-
sified 38 ungradable images as DR, primarily due to poor 
image quality, necessitating their exclusion from the final 
analysis (n=362). Among the eyes screened, 40 were iden-
tified for referral in both Arms I and II. The AI system did 
not provide DME grading; in Arm I, DME was detected in 
5.7% of eyes.

Table 2  DR screening outputs at HWC and community 
settings (eye-wise analysis)

Screening output
Arm I
(HWC, N=400)

Arm II*
(community, N=362)

Image gradability, n (%)

 � Gradable 367 (91.75) 224 (62)

 � Ungradable 33 (8.25) 138 (38)

DR, n (%)

 � Yes 110 (28.72) 40 (17.86)

 � No 257 (70.03) 184 (82.14)

DR grades, n (%)

 � Mild NPDR 70 (63.64) –

 � Moderate NPDR 31 (28.18) –

 � Severe NPDR 6 (5.45) –

 � PDR 3 (2.73) –

DME, n (%)

 � Yes 21 (5.72) –

 � No 346 (94.28) –

Referral pattern, n (%)

 � Referral 40 (10.9) 40 (17.86)

 � Non-referral 327 (89.1) 184 (82.14)

*Arm II screening was conducted by the Medios AI algorithm, 
which does not provide DR grades.
DME, diabetic macular oedema; DR, diabetic retinopathy; HWC, 
health and wellness centre; NPDR, non-proliferative diabetic 
retinopathy; PDR, proliferative diabetic retinopathy.
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Diagnostic performance of DR and RDR at HWC
Table 3 presents the diagnostic performance of HG-based 
DRS at the HWC. The sensitivity for DR detection was 
86.4% (95% CI 65.1% to 97.1%), with a specificity of 
94.3% (95% CI 88.5% to 97.7%). The PPV and NPV 
were 86.3% (95% CI 75.1% to 92.9%) and 86.5% (95% 
CI 81.2% to 90.4%), respectively. The inter-rater agree-
ment (kappa) for DR diagnosis was moderate (κ=0.68, 
p<0.001), while the agreement for RDR was substantial 
(κ=0.75, p<0.001).

For RDR detection, sensitivity was 95.8% (95% CI 78.9% 
to 99.9%), and specificity was 93.1% (95% CI 88.0% 
to 96.5%). The high specificity suggests minimal false 
positives (FPs), supporting the reliability of HG-based 
screening for RDR identification in primary care settings. 
The high NPV (99.3%) further indicates the system’s 
strength in ruling out RDR among screened individuals.

Diagnostic performance of DR and RDR in community settings
In Arm II, the sensitivity for DR detection decreased 
from 80.95% (95% CI 58.01% to 94.5%) to 73.33% 
(95% CI 44.90% to 92.21%) when misclassified images 
were excluded. Similarly, for RDR detection, sensitivity 
decreased from 93.33% (95% CI 68.05% to 99.83%) 

to 88.89% (95% CI 51.75% to 99.72%) after excluding 
misclassified images. Notably, specificity increased for DR 
and RDR, indicating a lower FP rate in AI-based detection 
after misclassified images were excluded. The AI algo-
rithm exhibited weak inter-rater agreement (kappa) for 
diagnosing DR and RDR (table 4).

DISCUSSION
This study is the first to evaluate the diagnostic accuracy 
of a DRS programme across primary healthcare centres, 
HWC and community settings in a real-world context. 
Implementing DRS at HWCs aligns with India’s broader 
healthcare strategy of integrating eye care services 
into primary care.32 33 Nearly 70% of India’s popula-
tion resides in rural areas, and the ophthalmologist-to-
population ratio remains critically low at approximately 
1 per 100 000 individuals.23 However, establishing and 
sustaining such programmes requires significant invest-
ments in infrastructure, resource allocation and work-
force training to capture high-quality images and attain 
high proficiency levels.34 This study demonstrates that a 
non-ophthalmologist trained in a structured programme 

Table 3  Diagnostic accuracy of human grader-based DR screening at the health and wellness centre (per patient analysis)

Diagnostic 
parameter Sensitivity (95% CI)

Specificity
(95% CI)

PPV
(95% CI)

NPV
(95% CI) Accuracy (95% CI)

Kappa
(p value)

DR 86.36%
(65.09% to 97.09%)

94.26%
(88.54% to 
97.66%)

86.27%
(75.06% to 
92.92%)

86.47%
(81.20% to 
90.43%)

86.41%
(80.60% to 91.01%)

0.68
(<0.001)

RDR 95.83%
(78.88% to 99.89%)

93.12%
(88.03% to 
96.52%)

67.65% 
(54.02% to 
78.8%2)

99.33% 
(95.63% to 
99.90%)

93.48% (88.89% to 
96.59%)

0.75
(<0.001)

DR, diabetic retinopathy; NPV, negative predictive value; PPV, positive predictive value; RDR, referable diabetic retinopathy.

Table 4  Diagnostic accuracy of artificial intelligence-based DR screening in community settings (per patient analysis, with 
and without misclassified images)

Diagnostic 
parameter

DR RDR

Including misclassified 
images

Excluding misclassified 
images

Including misclassified 
images

Excluding 
misclassified images

Sensitivity (95% CI) 80.95%
(58% to 94.5%)

73.33%
(44.90% to 92.21%)

93.33%
(68.05% to 99.83%)

88.89%
(51.75% to 99.72%)

Specificity
(95% CI)

87.13%
(79% to 92.96%)

93.62%
(86.62% to 97.62%)

85.05%
(76.86% to 91.20%)

91%
(83.60% to 95.80%)

PPV
(95% CI)

56.67%
(43.05% to 69.35%)

64.71%
(44.37% to 80.82%)

46.67% (35.32 to 58.37) 47.06%
(31.38% to 63.34%)

NPV
(95% CI)

95.65%
(90% to 98.12%)

95.65%
(90.47% to 98.08%)

98.91% (93.19 to 99.84) 98.91%
(93.47% to 99.83%)

Accuracy
(95% CI)

86.07%
(78.63% to 91.67%)

90.83%
(83.77% to 95.51%)

86.07%
(78.63% to 91.67%)

90.83%
(83.77% to 95.51%)

Kappa
(p value)

0.58
(<0.001)

0.63
(<0.001)

0.55
(<0.001)

0.57
(<0.001)

DR, diabetic retinopathy; NPV, negative predictive value; PPV, positive predictive value; RDR, referable diabetic retinopathy.
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can achieve high diagnostic accuracy in detecting DR, 
supporting the feasibility of task shifting in primary care 
settings.35

Unlike previous studies that used specialised optom-
etrists, reporting sensitivities of 73%,36 and specificities 
of 97%,37 our study employed a non-ophthalmologist 
trained in retinal imaging at a tertiary centre and an 
HWC. This approach achieved a sensitivity of 86.36% 
(95% CI 65.09% to 97.09%) and a specificity of 94.26% 
(95% CI 88.54% to 97.66%). As reported in previous 
studies, image quality significantly influences screening 
performance.38 39 Poor-quality images remain a signif-
icant challenge in non-mydriatic imaging. Operator 
training influences them, and uncontrolled environ-
mental conditions in community-based settings exacer-
bate the problem.38–40

Ungradable images increase false negatives (FNs), 
reduce sensitivity and may hinder the effectiveness of 
DRS programmes.40 The situation becomes more prob-
lematic when non-mydriatic systems are used in regions 
with a high prevalence of cataracts.34 In this study, 
ungradability rates were 8% in a darkroom-controlled 
HWC setting but substantially higher (38%) in home-
based screenings, exceeding the 18–30% range reported 
in other low- and middle-income countries (LMICs) 
studies.26 34 Factors such as patient age, diabetes duration 
and ocular opacities like cataracts contributed to image 
gradability issues.41 While pupillary dilation is known 
to enhance image quality in DRS,42 this study opted for 
non-mydriatic imaging due to logistical constraints, the 
absence of ophthalmologists and concerns over patient 
discomfort.26 34 Although staged mydriasis with 1% tropi-
camide may be considered to enhance image quality for 
ungradable images, it is not staged mydriasis.43 Online 
supplemental table 1 presents a cross-tabulation of cata-
ract status and ungradable images across three study arms.

Online supplemental table 2 compares DRS method-
ologies across different healthcare settings. This study’s 
HWC-based screening demonstrated high diagnostic 

accuracy, with a sensitivity of 86.36% and specificity of 
94.26%. By contrast, slit-lamp examinations in tertiary 
settings exhibit variable performance, with sensitivities 
ranging from 67% to 73% and specificities ranging from 
77% to 90%.36 37 44 45 These findings highlight the poten-
tial of non-mydriatic imaging as a scalable approach for 
DRS in primary care.

Additionally, this study evaluated an offline AI-based 
DRS algorithm deployed via a smartphone fundus camera 
in community settings. This approach offers a potential 
solution to the shortage of trained ophthalmologists, 
particularly in rural and underserved regions.46 The 
Medios AI offline algorithm generated screening results 
without internet connectivity, a crucial advantage in 
resource-limited settings. Prior studies in India23 46 47 have 
assessed the accuracy of offline AI-based DRS, though 
methodological differences limit direct comparisons. 
Table 5 presents the diagnostic performance of the Medios 
AI algorithm across different studies. Sensitivity is a crit-
ical parameter for patient safety, as AI-based screening 
must effectively identify PwDM requiring referral.48

Our findings indicate that offline AI screening in 
primary care settings met and exceeded Food and Drug 
Administration (FDA) regulatory thresholds, achieving 
an RDR sensitivity of 93.33% (>85%) and specificity of 
85% (>82.5%). A study by Natarajan et al23 46 reported 
100% sensitivity for RDR detection when ungradable 
images were included, though specificity dropped from 
88.4% to 81.9%. Some studies have reported higher sensi-
tivity for mydriatic imaging compared with non-mydriatic 
approaches for DR detection,3 10 17 while others have 
found no significant difference, with sensitivity remaining 
at 86% (95% CI 85% to 87%) even after dilation.34

While the effectiveness of automated AI for detecting 
DR is best evaluated in diverse clinical or population 
settings,46 which was beyond the scope of our study. 
Despite its promise, AI-based DRS must account for 
misclassification risks, particularly FPs. In this study, 
while RDR detection exceeded FDA thresholds, the AI 

Table 5  Comparison of offline AI performance for referable diabetic retinopathy detection in different healthcare settings

AI software Settings Pupil status Image capturing Sensitivity (%) Specificity (%)

FDA cut-off 85 82.5

Present study:
including misclassified 
images

Medios AI Primary 
(community)

Non-dilated Community 
optometrist

93.33 85.05

Present study:
excluding misclassified 
images

Medios AI Primary 
(community)

Non-dilated Community 
optometrist

88.89 91

Sosale et al26 Medios AI Tertiary Dilated Trained technician 98.8 86.7

Natarajan et al23 Medios AI Primary
(dispensary)

Dilated Healthcare worker 100 88.4

Jain et al46 Medios AI Primary
(dispensary)

Dilated Healthcare worker 100 89.55

AI, artificial intelligence; FDA, Food and Drug Administration.
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algorithm misclassified 19/200 cases (9.5%) as RDR. 
In our research, image ungradability was primarily 
attributed to cataract (online supplemental table 1), 
meiosis, older age, macular scars and the inability to 
control daylight conditions at home (table 2). FP cases 
can burden healthcare systems by increasing unneces-
sary referrals and patient anxiety.49 Conversely, FNs pose 
a greater risk because they result in missed treatment 
referrals, increasing the likelihood of preventable vision 
loss.46 50 In some cases, images labelled as ungradable 
were still identified by the Medios platform as showing 
‘signs of retinopathy detected’ (online supplemental 
figures 2 and 3). The AI system in this study demon-
strated a high NPV of 99%, minimising FN-related 
screening failures and aligning with previous Indian 
screening studies.23 46 While AI has strong diagnostic 
potential, its integration into clinical workflows must be 
carefully planned to strike a balance between sensitivity 
and specificity, while minimising disruption to health-
care services.51 52

A key strength of this study is its demonstration of the 
feasibility of DRS at HWCs, supporting India’s broader 
goal of integrating eye care into primary healthcare. 
AI-based screening may provide a scalable solution to 
standardise DR detection and reduce intergrader vari-
ability.53 AI’s ability to process large volumes of images 
rapidly enhances efficiency. In LMICs such as India, 
where internet connectivity and power supply are incon-
sistent, offline AI algorithms may ensure uninterrupted 
screening programmes.26 49 Future research should 
explore AI’s integration into public health systems, 
including its potential to supplement or replace HGs. 
However, AI misclassification of ungradable images as DR 
could lead to unnecessary referrals and patient anxiety, 
particularly in populations with high rates of cataracts, 
small pupils and advanced age.40

This study has limitations, including a relatively small 
sample size for community-based screening. While the 
sample size may limit generalisability, it provides valu-
able preliminary data on AI performance in primary 
care settings, which future large-scale studies can build 
on. This study did not explore the integration of DRS 
into HWCs as outlined in India’s comprehensive eye 
care guidelines.32 Although the overall sample size was 
adequate, the small number of DR/RDR cases in some 
arms, particularly Arm II, produced wide CIs and reduced 
the precision of the sensitivity estimate. Prior research 
has reported high ungradability rates (38%) for non-
mydriatic imaging in Indian populations, mainly due to 
cataract comorbidities and smaller mesopic pupil sizes, 
which may necessitate pupillary dilation for accurate RDR 
detection.54 Furthermore, the offline AI version used in 
this study does not grade DR severity based on the ICDR 
scale. This limits its clinical applicability, as management 
and referral decisions differ across stages of NPDR, high-
lighting the need for algorithms capable of multigrade 
classification. Additionally, repeated non-mydriatic 
imaging was challenging during community screenings 

due to pupillary constriction caused by the camera flash, 
which degraded image quality.

CONCLUSION
The study employs a comprehensive DRS strategy in 
primary healthcare facilities, demonstrating the diag-
nostic accuracy of non-ophthalmologist-led screening 
at HWCs using non-mydriatic fundus cameras. These 
findings highlight the need for further research on 
training and involving Community Health Officers55 in 
DRS. Our study also underscores the effectiveness of AI 
in screening for PwDM in primary care, achieving high 
sensitivity and specificity for DR and RDR detection. 
Handheld fundus cameras in these settings meet US 
FDA diagnostic thresholds, supporting their feasibility 
for broader implementation. From a patient perspective, 
expanding DRS will enable earlier diagnosis and timely 
intervention and prevent the debilitating effects of sight 
loss. Further algorithm training on ungradable images is 
recommended to optimise AI performance and reduce 
FP referrals, rather than relying solely on AI-based deci-
sions. While non-ophthalmologist grading and AI-assisted 
screening demonstrate strong diagnostic accuracy, a cost-
effectiveness analysis is needed to inform evidence-based 
policy decisions on scaling DRS interventions.
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