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A B S T R A C T

Background: Timely identification and treatment of Diabetic Retinopathy (DR) is critical in avoiding vision loss. DR screening is challenging, especially in resource- 
limited areas where trained ophthalmologists are scarce. AI solutions show promise in addressing this challenge. In this study, the performance metrics of an AI 
solution (MadhuNetrAI) developed in India was evaluated for referring and grading DR.
Methods: MadhuNetrAI was developed de novo by the All India Institute of Medical Sciences (AIIMS) and Wadhwani AI (WIAI). It was tested on 1078 fundus images 
(from AIIMS Delhi and an unannotated subset of publicly available EyePACS images) against two ophthalmologists and an adjudicator serving as independent gold- 
standard annotators, wherein the disease status of the patients remained unknown.
Findings: MadhuNetrAI demonstrated high sensitivity (93⋅2 %; CI: 89⋅5 %–95⋅6 %) and specificity (95⋅3 %; CI: 93⋅7 %–96⋅6 %) in detecting referable DR (moderate, 
severe, proliferative DR). The area-under-the-curve for referring DR against the gold standard was 0⋅97 (CI: 0⋅95–0⋅99) indicating excellent diagnostic performance. 
The agreement in grading DR severity was high (kappa = 0⋅89, CI: 0⋅86–0⋅91). The model performed comparably in detecting DR too.
Interpretation: MadhuNetrAI’s ability to grade DR severity and identify referrable cases could bring DR patients to care much earlier. Further research and clinical 
trials are needed to ensure its reliability and generalizability across diverse populations and image qualities.
Funding: MadhuNetrAI was developed by technical and programmatic teams at WIAI, with inputs and contributions by the clinical team at AIIMS, and funded by 
USAID. The authors have no financial or non-financial conflicts of interest to disclose.

Introduction

Diabetic retinopathy (DR) is a severe microvascular complication of 
diabetes mellitus (DM), particularly for individuals with prolonged or 
poorly managed diabetes, and one of the leading causes of vision loss 
worldwide associated with blindness in almost four million people [1]. 
The prevalence of DR in South-East Asia Region (SEAR), has been re
ported to vary across different regions, depending on factors such as the 
degree of urbanization, the presence of migrant populations, and racial 
demographics [2,3]. In India, where over 77 million people are afflicted 

by diabetes, the prevalence of DR has reached alarming levels, with 
approximately three million people aged 40 years and above having 
vision-threatening DR [4]. The universally accepted strategy to curb this 
public health problem is to implement an efficient screening strategy 
with easily accessible diagnostic methods preventing visual impairment 
in patients with diabetes [5].

Traditionally, ophthalmologists rely on fundus examinations or 
fundus photography to diagnose DR by evaluating retinal images [6]. 
However, these methods are heavily dependent on the availability of 
trained ophthalmologists, especially for grading DR severity. 
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Consequently, a significant portion of the population, particularly in 
low- and middle-income countries (LMICs), face challenges in accessing 
timely DR detection and management. This is especially relevant in 
SEAR, where only 4 out of 10 reported countries have achieved an 
adequate ophthalmologist-population ratio (1:100,000) [7]. Moreover, 
the urban-rural distribution is highly disproportionate, with most oph
thalmologists located in urban areas [7]. In a country like India, where a 
vast majority of the population resides in rural areas, the lack of trained 
ophthalmologists creates an undue burden on the health institutions 
(such as tertiary care centres and speciality hospitals) where such fa
cilities are available, making timely DR detection and grading a formi
dable challenge. This problem can be overcome by instituting a 
screening and referral mechanism in rural and poorly connected com
munities that does not depend on the need for a trained 
ophthalmologist.

Addressing this screening gap is imperative, and artificial intelli
gence (AI) holds great promise in addressing the diagnostic obstacles 
posed by DR in resource-limited settings [8]. AI algorithms have 
demonstrated remarkable abilities to analyze medical images and pro
vide accurate diagnoses [9,10]. Neural network-based diagnostic algo
rithms have been successfully tested for detecting retinal pathologies as 
well, e.g. retinal layer segmentation [11], intraretinal fluid in case of 
macular oedema [12,13], and, in general, for analyzing Optical Coher
ence Tomography (OCT) scan images [14]. AI, especially deep learning, 
has enabled the development of autonomous screening tools for DR as 
well achieving accuracy levels comparable to human experts in some 
cases [15,16]. For instance, Idx-DR, an AI model approved by the FDA, 
demonstrated high sensitivity and specificity in detecting referable DR 
and is widely recognized for its real-world clinical application, setting a 
precedent for AI’s potential to scale DR screening efforts [17]. Past 
studies have also shown that AI-driven models such as those developed 
by EyePACS and Google have achieved over 90 % sensitivity and spec
ificity in detecting referable DR across diverse datasets, including the 
Messidor-2 and EyePACS-1 datasets [15,16]. Thus, utilizing AI for 
detecting and grading DR can enhance access to timely and dependable 
assessments, bridging the gap between patient needs and the limited 
availability of ophthalmologists [18]. Such AI solutions can serve as a 
valuable tool for timely detection, particularly in resource-poor settings 
like India, where widespread adoption of smartphones and portable 
imaging devices make telemedicine a viable option [19].

Despite promising results, AI-driven DR screening tools face several 
challenges. One primary limitation is variability in performance due to 
differences in image quality and device types used for fundus photog
raphy. For instance, while models like Idx-DR and EyeArt have 
demonstrated effectiveness in controlled environments, real-world 
deployment often presents challenges in maintaining consistent image 
quality across different camera types [17,18]. Furthermore, ethical 
concerns regarding fairness and bias in AI systems, especially when 
deployed in low- and middle-income countries (LMICs), necessitate 
more robust training datasets that capture diverse demographic and 
clinical characteristics [20,21].

Against this backdrop, an indigenous AI solution (MadhuNetrAI) was 
developed by Wadhwani AI (WIAI), the AI Unit of the Ministry of Health 
and Family Welfare (MoHFW), Government of India (GoI). The AI model 
is based on a Convolutional Neural Network (CNN) backbone that in
gests the retinal fundus image to produce an encoded representation of 
the fundus and its features, which are then ordinally regressed to obtain 
a DR grade as its output. To our knowledge, this is the first AI solution 
developed in India that determines not only referable cases of DR, but 
also the severity grade of DR according to the International Classifica
tion of Diabetic Retinopathy as No Apparent DR (Grade 0), Mild Non- 
proliferative DR (Grade 1), Moderate Non-proliferative DR (Grade 2), Se
vere Non-proliferative DR (Grade 3), and Proliferative DR (Grade 4) [22]. 
This development addresses a critical gap in the Indian healthcare 
landscape, promising to enhance timely detection and intervention 
strategies for DR.

Development of the AI solution

The development stages of the AI solution (MadhuNetrAI) for 
screening DR encompassed several crucial phases. Initial data sourced 
42,967 fundus images from open-source datasets EyePACS [23] (n =
35,126), APTOS [24] (n = 3662), and ODIR-5k [25] (n = 4179). The 
data was evenly split across these datasets in a ~80:10:10 ratio for 
model training, validation, and testing. Model training involved itera
tive optimization of the model’s learnable parameters to satisfy the 
objective of grading DR severity. The validation set aids in tuning the 
hyperparameters of the model to achieve optimal performance. Finally, 
the test set is used to evaluate the efficacy of the trained model. The 
process flow envisioned for the AI solution for the screening of DR is 
depicted in Fig. 1.

As with every screening tool, the clinical utility of this AI solution 
needs to be rigorously evaluated and compared to established diagnostic 
standards to ensure its reliability and safety across different settings. 
This study presents an inaugural evaluation of the AI solution for 
screening DR by the All India Institute of Medical Sciences (AIIMS), with 
input from experienced ophthalmologists to assess the tool’s perfor
mance in this context.

Further, evaluating AI solutions on images from different kinds of 
cameras is essential to ensure that these technologies are device- 
agnostic, demonstrating their effectiveness and reliability across a 
broad spectrum of imaging equipment. Several studies from India have 
validated device-agnostic AI for DR screening, demonstrating effec
tiveness across traditional fundus cameras and smartphone-based de
vices [8,26]. Although these reports highlight AI’s potential to enhance 
accessible and scalable eye screening solutions, they are often developed 
and disseminated through commercial channels. In contrast, Madhu
NetrAI was developed as a not-for-profit initiative and is not commer
cially marketed. The present manuscript signifies the first installment in 
a series dedicated to evaluating the performance of the AI solution from 
diverse sources.

Study objective

The primary objective of the study was to assess the predictive ac
curacy of an AI solution (MadhuNetrAI) to classify fundus images for DR, 
as referable and non-referable. The study aimed to benchmark the AI 
solution’s predictive performance against the established gold standard 
(GS) annotation provided by expert ophthalmologists. Secondary ob
jectives were to study the performance metrics of the model in grading 
the severity of DR and to assess the inter-rater variability between the 
annotations performed by two ophthalmologists and that between the 
humans and AI solution.

Materials and methods

Ethics approval

The use of data for this study received approval from the Institutional 
Review Board at AIIMS Delhi (approval reference number is IEC-628/ 
05⋅08⋅2022, OP-24/06⋅10⋅2023). Ethical considerations encompassed 
patient confidentiality and adherence to established ethical principles 
and standards for human research in accordance with the Declaration of 
Helsinki.

Study design

The study adopted a blinded comparison design to evaluate the AI 
solution’s predictive accuracy. A diverse set of fundus images was 
evaluated. Prospectively, each image was independently assessed by the 
AI solution and two expert ophthalmologists (‘annotators’) from AIIMS 
Delhi with at least five years of domain expertise. The annotators 
assigned one of the five internationally recognized grades of DR to each 
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fundus image. Any grade above Zero was considered DR (mild, moder
ate, severe, proliferative DR), and grades above One were considered 
‘referrable, which includes moderate, severe, proliferative DR’. The 
diagnosis provided by the annotators served as the reference GS anno
tation. If there was any disagreement between the two annotators 
regarding any fundus image – either related to the diagnosis/grading or 
its inclusion in the study – a senior ophthalmologist (~20 years of 
domain expertise), the ‘adjudicator’, evaluated the same image, and the 
opinion was considered final. The annotators and adjudicator under
went rigorous training on the annotation protocol to ensure standardi
zation. They independently conducted the annotation of the fundus 
images using an exclusive password-protected online tool specifically 
developed for the purpose. They were also blinded to the demographic 
and clinical information of the patients (e.g., the age of the patient, 
whether the patient was diabetic or not etc.). The Standards for 
Reporting of Diagnostic Accuracy (STARD) guidelines were followed 
[27].

Data source

The study involved a retrospective analysis of dilated posterior pole 
fundus images sourced from the Department of Ophthalmology 
(Rajendra Prasad Centre for Ophthalmic Sciences) at AIIMS Delhi and 
publicly available subset of unannotated images from EyePACS. All 
images captured at AIIMS were macula-centered and obtained using a 
non-mydriatic Zeiss tabletop fundus camera (Model: FF450 Plus IR) with 
a 50◦ field of view, ensuring uniformity in image quality and charac
teristics for this subset of data. However, for the images sourced from 
EyePACS, the specifications of the capturing devices including the field 

of view and type of camera were not available. As EyePACS is an open- 
source dataset comprising images collected in diverse clinical settings, 
the possibility of variations in the type of retinal capturing devices may 
not be overruled. These images collectively, without patient identifiers, 
provided the foundation for assessing the AI solution’s performance. In 
total, 3117 fundus images were reviewed (2339 from AIIMS and 778 
from EyePACS), of which 1078 (34⋅6 %; 555 from AIIMS and 523 from 
EyePACS) were used in the final analysis. The process of reviewing 
fundus images to determine inclusion in the evaluation study is depicted 
via a flowchart in Fig. 2. Only images that could be reliably graded by 
humans, including those with slight haziness, minimal vitreous hae
morrhage, or cataracts, were included in the study. The criteria for 
excluding fundus images were: lack of consent from the patient 
regarding the use of their fundus images, presence of significant media 
opacities/artefacts, other ophthalmologic pathologies and poorly 
focused images that affected the ability to identify the retinal lesions. 
Based on the above criteria, a total of 704 images were excluded from 
the evaluation study.

Sample size

Given the uncertainty over the expected prevalence of DR among the 
obtained fundus images, we could not perform a sample size estimation 
for the diagnostic test accuracy. Nevertheless, we conducted a post-hoc 
power calculation based on the proportion of fundus images that were 
identified as having DR by the GS annotators (30 %). We also assumed a 
sensitivity and specificity of 80 % each, an alpha (α) error of 5 %, and the 
Farrington-Manning Score Test, which assumes asymptotic normality 
for comparison [28]. Based on the aforementioned parameters, the post- 

Fig. 1. Proposed process flow of screening patients for Diabetic Retinopathy using the AI solution.

Fig. 2. Flowchart depicting the selection of fundus images for evaluation.
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facto statistical power (1 – β error) for sensitivity and specificity on a 
sample of 1078 fundus images turned out to be 72 % and 100 %, 
respectively. The power calculation was performed using the Proc Power 
procedure in SAS v9⋅4.

Statistical analysis

Statistical analyses included calculating sensitivity, specificity, pos
itive predictive value (PPV), and negative predictive value (NPV) for the 
AI-predicted DR grades against the GS annotations for detecting and for 
determining referable cases of DR. Cohen’s simple kappa statistic was 
employed to evaluate the inter-rater agreement on DR diagnosis (pre
sent/absent) between the AI solution and the GS annotation. We also 
analyzed the receiver operating characteristic (ROC) curve to determine 
the area under the curve (AUC). The same analyses were repeated for 
‘referable’ DR (grades Zero or One vs grades Two, Three or Four).

The overall predictive accuracy regarding the exact grade of DR was 
assessed by percent agreement (calculated as the ratio of the number of 
times the AI solution agrees with the GS annotation to the total number 
of annotations), and Cohen’s quadratic weighted kappa statistic (used as 
a conservative estimate since it factors in the agreement that occurred by 
chance). The level of agreement as per simple or quadratic weighted 
kappa statistic was interpreted as per the following scale: slight agree
ment = up to 0⋅2, fair ≥0⋅2–0⋅4, moderate ≥0⋅4–0⋅6, substantial 
≥0⋅6–0⋅80, and almost perfect agreement ≥0⋅8 [29,30].

We also compared the agreement (or disagreement) between the 
diagnoses provided by the GS. This approach served to gauge the 
reproducibility of screening results across evaluations by expert oph
thalmologists, thus indirectly assessing the precision of the AI tool. This 
proxy comparison allowed us to approximate the reliability of the 
diagnostic outputs without conducting a formal test/retest procedure.

We also assessed the correlation in DR grading between the AI so
lution and the GS annotation using Spearman’s Rank Correlation test. 
For these comparisons, a p-value less than or equal to 0⋅05 was 
considered significant. All statistical analyses were performed using SAS 
v9⋅4.

Role of the funding source

The funding agency of the study had no role in the study design, data 
collection, data analyses, data interpretation, or writing of the report. 
The authors have no financial or non-financial conflicts of interest to 
disclose.

Results

In total, 1078 fundus images were determined gradable by the an
notators and used for evaluation. Regarding the establishment of the GS 
annotation, the two grading annotators had an agreement on 846 (78⋅5 

%) of the fundus images (for both the diagnosis of DR and its grading). 
For the rest of the 232 images (21⋅5 %), consultation was sought with the 
adjudicator, and their opinion was considered final. The summary of 
annotation findings on DR diagnosis is presented in Fig. 3.

Of the evaluated fundus images, approximately one-third (n = 324, 
30⋅1 %) were determined to be DR (Among the 555 images from AIIMS, 
228 were DR; among the 523 images from EyePACS, 96 were DR) by the 
ophthalmologists, whereas 32⋅4 % (n = 349) were predicted as DR by 
the AI solution. The sensitivity, and specificity (and 95 % Confidence 
Interval (CI)) of the AI solution in determining the presence of DR 
against the gold standard annotation are 90⋅1 % (86⋅9 %–93⋅4 %), and 
92⋅4 % (90⋅6 %–94⋅3 %) respectively (Table 1). Moreover, the simple 
kappa coefficient of 0⋅81 (95 % CI: 0⋅77–0⋅85) suggested an ‘almost 
perfect’ agreement between the AI solution and the gold standard an
notators for detecting DR.

The Youden’s index and overall predictive accuracy of the AI solu
tion in determining the presence of DR were also reasonably high, at 
0⋅83 and 91⋅7 % (95 % CI: 89⋅9 %–93⋅3 %), respectively. The AUC from 
ROC curve analysis (Fig. 4) was 0⋅95 (95 % CI: 0⋅93–0⋅97), indicating 
that the model is highly capable of determining the presence/absence of 
DR. A Somers’ D value of 0⋅83 (95 % CI: 0.79–0.86) suggests that the AI 
solution predicted the gold standard annotations very well. The sensi
tivity of 93⋅2 % (95 % CI: 89.5 %–95.6 %), specificity of 95⋅3 % (95 % CI: 
93.7 %–96.6 %), and overall predictive accuracy (94⋅8 % (95 % CI: 93.3 
%–96.0 %) of the AI solution in determining the referable cases of DR are 
depicted in Supplementary Table 1.

A sensitivity analysis was performed by adjusting the referral 
threshold to evaluate the model performance where only severe non- 
proliferative DR and proliferative DR were considered as referable 
cases. The model achieved a sensitivity of 89.3 % (95 % CI: 77.1 %–90.7 
%) and specificity of 95.9 % (95 % CI: 94.6 %–97.1 %) in this case. When 
only PDR cases were considered for referral, the sensitivity dropped to 
55.9 % (95 % CI: 45.0 %–66.0 %) and specificity 99.0 % (95 % CI: 98.3 
%–99.6 %). These findings suggest that while focusing solely on pro
liferative DR reduces the number of referrals substantially, it may risk 
missing a significant number of severe cases as depicted in Fig. 5. This 
limitation is likely attributable to the smaller sample size, and im
provements in this metric are observed as the sample size increases 
(refer to Supplementary Document 1). To the best of our knowledge, 
there are no published discussions addressing this surprising observa
tion. It is possible that, for this reason, even AI models currently provide 
only a basic classification — detecting DR or categorizing cases as 
referable or non-referable DR. We conjecture that a key reason for the 
model showing subpar performance in patients with proliferative DR, 
would be the presence of only fine abnormal blood vessels (which is 
indicative of proliferative DR) in the absence of other features of pro
liferative DR such as extensive and well-formed vascular networks, 
extensive retinal haemorrhages, preretinal haemorrhage, mild vitreous 
haemorrhage etc.

Fig. 3. Summary of annotation findings to establish the gold standard for diabetic retinopathy diagnosis (N = 1078).
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The high value of the kappa coefficient (0⋅86; 95 % CI: 0⋅83–0⋅90) 
and AUC of 0⋅97 (95 % CI: 0⋅95–0⋅99) (Supplementary Fig. 1) also 
suggested almost perfect agreement between the GS annotators and AI 
solution. For both the models (DR detection and referrable DR), the 
operating point of the model can potentially be chosen in consultation 
with public health experts to balance sensitivity and specificity. This will 
ensure that the model can identify as many cases of DR as possible 
without producing too many false positives.

Regarding the grading of DR, the quadratic weighted kappa coeffi
cient was 0⋅89 (95 % CI: 0⋅86–0⋅91), and the overall predictive accuracy 
compared to the gold standard annotation was 81⋅0 % (95 % CI: 78.6 %– 
83.3 %). The performance of the AI solution in determining the grade of 
DR is presented in Table 2. The Cochran Mantel Haenszel (CMH) statistic 
of the association between disease classification by the AI and the gold 
standard annotation was strongly significant (CMH statistic: 850; p- 
value <0⋅0001). This finding is also corroborated by a high coefficient in 
Spearman Rank correlation (rho (ρ): 0⋅87 (95 % CI: 0.85–0.88); p-value 
<0⋅0001).

Tables 3 and 4, respectively, depict the extent of agreement on DR 
diagnosis and DR grading between the gold standard annotators. 
Cohen’s simple kappa coefficient for DR diagnosis was 0⋅85 (95 % CI: 
0⋅82–0⋅89) and the quadratically weighted kappa coefficient for DR 
grading was 0⋅92 (95 % CI: 0⋅90–0⋅94).

Discussion

This study provides a structured framework for the evaluation of an 
AI solution’s (MadhuNetrAI) accuracy in classifying DR images as 
referable/non-referable and unlike other reported models, also in 

grading the severity of DR and its level of agreement with human ex
perts. Our observations shed light on its potential role in DR screening 
and patient care, as well as limitations in regard to classification of 
higher severity grades. The measures of predictive accuracy were 
notably high, signifying the AI solution’s robustness in correctly 
detecting the presence or absence of DR. Further, we found that the 
inter-rater agreement on DR detection and grading between expert 
ophthalmologists (GS annotators) was of a similar extent to that between 
the AI solution and the GS annotations.

These findings are significant for several reasons. First, they suggest 
that the AI solution has the potential to overcome the challenges of DR 
screening in settings, where access to ophthalmologists is limited [7]. 
Second, while some limitations were observed in detecting the severity 
grade in most advanced stages, the AI solution’s overall performance 
remains comparable to other AI-based [15–17] DR screening solutions 
in detecting both DR and referrable cases, which is important for 
ensuring that patients receive the appropriate treatment and care. Third, 
the high inter-rater agreement between the AI solution and the GS 
annotation suggests potential for assisting in DR screening workflows. 
Finally, it can be considered that the discrepancy between the AI solu
tion and the GS annotation is not greater than the variation that exists 
among human experts. Given that the primary use of the AI solution will 
be for screening and subsequent referral of potential cases who would 
need advanced medical care, the performance of this AI solution in its 
current form can be considered adequate.

Importantly, we found that the accuracy measures performed even 
better when the referral threshold was set at Grade 2 and above, in 
accordance with the referral criteria for DR [31]. This suggests that 
aligning the AI solution with established international referral guide
lines could enhance its real-world applicability and optimize patient 
triage for timely ophthalmological evaluation. Point-of-care DR 
screening could be particularly helpful in triaging two types of patients: 
those who do not need specialist referrals and those with referrable DR 
[32]. In the current study, as per the GS annotators, the proportion of 
patients who may have required referral was 24⋅5 %, not much different 
from a prior study that also evaluated an AI solution for DR [33]. The 
results assume a greater significance as our AI solution exhibits superior 
performance in determining the cases that need referrals. Successful 
screening, through automated analysis of fundus images, of such 
‘referrable’ patients would allow for accelerated treatment and pre
vention of potentially vision-threatening disease. Another strength of 
the AI solution is that it is able to grade DR severity in addition to 
detecting its presence. This is important because the severity of DR de
termines the ability to differentiate referrable from non-referable DR 
along with the type of treatment and monitoring that patients require.

The implications of this AI tool extend far beyond the evaluation 
context, especially in India, where the burden of diabetes and its ocular 
complication, DR is substantial. AI-based screening models have 
demonstrated strong potential to address critical shortages in trained 
ophthalmologists by automating image analysis with high sensitivity 
and specificity, thus offering a scalable solution to improve early 
detection rates in at-risk populations [15,16]. For instance, systems like 
Idx-DR, have demonstrated high sensitivity in detecting referable DR, 
reinforcing the feasibility of deploying AI tools at the primary care level 

Table 1 
Performance of the AI model in determining the presence of diabetic retinopathy (N = 1078).

Gold standard annotators’ (Ophthalmologists’) diagnosis of presence of DR Total

Yes No

n Row (%)a Column (%)b n Row (%)a Column (%)b

AI prediction on presence of DR Yes 292 83⋅7 % 90⋅1 % 57 16⋅3 % 7⋅6 % 349
No 32 4⋅4 % 9⋅9 % 697 95⋅6 % 92⋅4 % 729

324 754 1078

a % out of all AI predictions.
b % out of all gold standard annotation diagnoses.

Fig. 4. ROC curve analysis on the predictive capacity of the AI model to detect 
diabetic retinopathy (N = 1078).
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to reduce referral bottlenecks [17]. Similarly, EyeArt, validated in a 
large-scale study across multiple sites, achieved a sensitivity of 91 % and 
specificity of 88 %, reinforcing AI’s capacity to identify referable DR 
cases effectively [20]. Furthermore, recent reviews underscore the 
importance of device-agnostic performance in AI solutions for 
telemedicine-based DR screening, allowing for broader adaptability 
across various imaging devices and settings [20,34]. In this evaluation, 
MadhuNetrAI demonstrated accuracy levels comparable to these estab
lished models, suggesting its viability as a robust, reliable tool for DR 
screening within the unique socio-economic landscape of India. More
over, as noted in other studies, ensuring that AI models are trained on 
diverse datasets that represent the heterogeneity of LMIC populations is 
critical for enhancing generalizability and mitigating biases [21]. Our 
findings align with global trends in AI-driven healthcare interventions, 
which emphasize the need for adaptable, scalable solutions capable of 
bridging healthcare gaps, especially in regions facing a rapid rise in DR 

Fig. 5. Sensitivity analysis for referability of diabetic retinopathy at different thresholds (N = 1078).

Table 2 
Performance of the AI model in determining the grade of diabetic retinopathy (N = 1078).

Gold standard annotators’ (Ophthalmologists’) diagnosis of DR grade

DR absent (%)a Mild NPDR (%)a Moderate NPDR (%)a Severe NPDR (%)a Proliferative DR (%)a Total

AI prediction of DR grade DR absent (0) 697 (92⋅4) 23 (38⋅3) 5 (3⋅3) 0 (0) 4 (4⋅3) 729
Mild NPDR (1) 45 (6⋅0) 11 (18⋅3) 6 (4⋅0) 0 (0) 3 (3⋅2) 65
Moderate NPDR (2) 12 (1⋅6) 25 (41⋅7) 102 (67⋅1) 3 (15⋅8) 8 (8⋅6) 150
Severe NPDR (3) 0 (0) 1 (1⋅7) 34 (22⋅4) 11 (57⋅9) 26 (28⋅0) 72
Proliferative DR (4) 0 (0) 0 (0) 5 (3⋅3) 5 (26⋅3) 52 (55⋅9) 62
Total 754 60 152 19 93 1078

NPDR – non-proliferative DR.
a % out of all gold standard annotations.

Table 3 
Comparison of DR diagnoses made by two gold standard annotators (ophthalmologists) (N = 1078a).

Annotator 1’s diagnosis of presence of DR Total

Yes No

n Row (%)b Column (%)c n Row (%)b Column (%)c

Annotator 2’s diagnosis of presence of DR Yes 267 89⋅3 % 90⋅2 % 32 10⋅7 % 4⋅8 % 299
No 29 4⋅4 % 9⋅8 % 629 95⋅6 % 95⋅2 % 658

296 661

a 121 images were not graded (deemed ungradable or indeterminate) by either one of the annotators, but eventually deemed to be gradable by the adjudicator.
b % out of all diagnoses by annotator 2.
c % out of all diagnoses by annotator 1.

Table 4 
Extent of (dis)agreement on DR grading between the gold standard annotators 
(N = 1078).

Grades of DR Perfect agreement Gold standard annotator

Annotator 1 Annotator 2

[n (%)a] [n (%)a] [n (%)a]

DR Absent (0) 629 (58⋅3) 679 (63⋅0) 720 (66⋅8)
Mild NPDR (1) 27 (2⋅5) 54 (5⋅0) 63 (5⋅8)
Moderate NPDR (2) 115 (10⋅7) 160 (14⋅8) 146 (13⋅5)
Severe NPDR (3) 11 (1⋅0) 15 (1⋅4) 28 (2⋅6)
Proliferative DR (4) 64 (5⋅9) 89 (8⋅3) 75 (7⋅0)
Not gradedb – 81 (7⋅5) 46 (4⋅3)
Total graded 846 (78⋅5) 997 (92⋅5) 1032 (95⋅7)

a % out of all annotated fundus images (N = 1078).
b Deemed ungradable or indeterminate) by either annotator.
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incidence [20].
Another factor essential to evaluating the utility of AI models is their 

adaptability across different devices and clinical settings. While AI- 
based automated DR screening models have demonstrated high diag
nostic performance, their implementation across a broad array of device 
types remains limited, particularly in resource-constrained environ
ments [35]. However, in the primary care setting of the LMICs, it is 
crucial for an AI system to be device-agnostic, and user-friendly 
[8,26,34], as the intended setting and user population may consist of 
a variety of cameras, technicians and staff without any prior experience 
in retinal imaging. Given the simple steps required for implementing 
MadhuNetrAI, we believe it could perform well at primary or secondary 
care sites. As a way forward, we plan to evaluate the performance of the 
AI solution on different cameras used in LMICs including handheld, the 
implementation feasibility, and ease of use of the AI solution in primary 
and secondary care settings with staff having no prior retinal imaging 
experience.

Deploying AI in healthcare settings presents ethical and operational 
challenges, such as algorithmic bias and data representativeness, which 
are critical considerations for scalability and impact. While several AI 
models have shown effectiveness in DR screening, few have been vali
dated on diverse patient populations, which can lead to potential biases 
[21]. In a healthcare landscape marked by high heterogeneity in terms 
of demographics and socioeconomic status, MadhuNetrAI stands out for 
being trained on a dataset that includes images from a wide array of 
sources, addressing some of the limitations identified in other models. 
By focusing on validating the model for varied Indian contexts, Mad
huNetrAI aligns with current ethical frameworks that emphasize fairness 
and inclusivity in AI deployment [17]. This emphasis positions Madhu
NetrAI as a tool not only for improved diagnostic accuracy but also as a 
potential agent of health equity.

However, despite its promise, there are inherent limitations. The AI 
solution’s performance is contingent on the quality and diversity of the 
training data. Moreover, the performance may vary in diverse popula
tion groups and diverse image qualities, necessitating contextual fine- 
tuning and validation in varying clinical environments. For instance, 
the evaluation study obtained the fundus images from a tertiary care 
centre (AIIMS, New Delhi) and open-source data. This could limit the 
generalizability of the study findings as the predictive accuracy may 
vary in other settings, such as primary care clinics or remote areas. 
Additionally, a limitation of this dataset is that we do not know the 
disease status of the participants, as the dataset did not contain any 
associated metadata. Furthermore, we did not track whether both eyes 
from the same individual were included, which may affect the gener
alizability of the findings and the potential correlations between the eyes 
of the same patient. Further, we used single-field macula-centered im
aging, which, while practical for large-scale deployment in resource- 
limited settings, may result in under-detection of peripheral DR le
sions. However, such cases are likely few in the context of a screening 
program aimed at expanding access through low-cost devices and 
outreach to peripheral health centers. Another potential limitation, 
similar to other AI solutions, could be variations in the image quality and 
resolution depending on the imaging device used to capture the fundus 
images. Variations in image quality typically also happen due to varying 
degrees of patient cooperation and operator skills, as is often the case 
with assessments conducted with actual patients. Discarding the poor 
quality of images may have some bearing in real-world settings, where 
image quality can vary. Ungradable images, lower-quality images from 
mobile attachments, or differences in image centering (e.g., macula- 
centered vs. disc-centered) could lead to poor or unreliable model per
formance. We also acknowledge that the algorithm is currently trained 
only to detect DR. Further work is needed to focus on detecting other 
retinal disorders including diabetic macular edema. The model also 
shows reduced sensitivity at higher severity grades (3 and 4), increasing 
the risk of missing truly referable cases. This is likely due to stricter 
thresholding and the low prevalence of severe cases in the dataset, 

which limits the model’s learning. These factors highlight the impor
tance of careful threshold selection, with grade 2 potentially offering a 
better balance between sensitivity and specificity for effective screening. 
Lastly, a relatively modest sample size (1078 images) was used in the 
current evaluation. However, we have subsequently analyzed a larger 
dataset (2566 images) — a superset of the images analyzed in this study 
— which shows significant improvement in the model’s performance 
metrics, sensitivity analysis, and performance across individual severity 
grades as presented in Supplementary Document 1, reinforcing the po
tential of the AI solution. Nevertheless, it is critical to recognize that 
effective DR screening can only be impactful when robust systems for 
referral and treatment are in place.

In conclusion, this evaluation study underscores the potential of the 
MadhuNetrAI solution in revolutionizing DR screening, especially in 
resource-constrained settings. The findings have great public health 
relevance and potentially important implications for the diabetic reti
nopathy screening program in India. While some reduction in sensitivity 
is noted at higher grades, this observation suggests opportunities for 
further refinement. Further validation through population-based studies 
diverse demographics and various types of cameras are imperative to 
ensure broader applicability and generalizability across the geographies.

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.gloepi.2025.100209.

Research in context

Evidence before this study

Diabetic retinopathy (DR) is one of the leading causes of vision 
impairment, especially in South-East Asia Region (SEAR) where coun
tries like India, Bangladesh and Indonesia have the highest prevalence of 
diabetes. Early screening and referral for treatment can prevent irre
versible blindness, but many countries in SEAR do not have access to 
trained ophthalmologists. Artificial Intelligence technologies have been 
leveraged to provide reliable analysis by analyzing medical images, 
including that for retinal pathologies. These solutions can improve ac
cess to timely assessments, especially in resource-limited settings like 
India, where telemedicine is becoming increasingly popular.

Added value of this study

The AI solution evaluated in this study showed high diagnostic ac
curacy and agreement with human experts for DR screening. These 
findings suggest that the AI solution can help overcome the challenges of 
DR screening in resource-poor settings and can detect the grades of DR 
accurately. Overall, the performance of this AI solution is adequate for 
screening and referring potential cases in need of advanced medical 
care.

Implications of all the available evidence

This AI solution has the potential in India and other resource-poor 
settings to help overcome the lack of access to specialized ophthalmic 
services by empowering healthcare providers in remote locations with 
tools to efficiently screen and refer potential cases for better care. By 
making DR screening more accessible and affordable, this AI solution 
can also reduce the burden on referral care centres. However, its 
implementation feasibility and performance on diverse cameras in pri
mary and secondary care settings need to be assessed in future research.
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