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Abstract

Diabetic retinopathy (DR) and diabetic macular
edema (DME) are leading causes of preventable
blindness worldwide. Automated screening tools
are critical for timely detection at scale, particu-
larly in low-resource settings where access to oph-
thalmologists is limited. We propose DRDME-
Net, a deployment-driven joint learning framework
that formulates DR grading as an ordinal regression
task and DME detection via a continuous surrogate,
rather than conventional classification. This design
yields stable risk scores tightly aligned with oper-
ational clinical decision-making thresholds. Eval-
uation on facility and community cohorts demon-
strates that DRDME-Net achieves strong perfor-
mance across severity boundaries. Insights from an
initial feasibility pilot further demonstrate its scala-
bility in real-world workflows. These results high-
light the potential of DRDME-Net to expand equi-
table access to timely detection, reduce preventable
vision loss, and provide a practical template for in-
tegrating Al into population screening initiatives.

1 Introduction

Diabetic retinopathy (DR) and diabetic macular edema
(DME) are microvascular complications of diabetes, posing
a major global health challenge due to its potential to cause
irreversible vision loss and blindness. Estimates show that
the global population with diabetes will grow from about 589
million in 2024 to:853 million by 2050 [International Dia-
betes Federation, 2025]. Among people with diabetes, an
estimated 23% have DR, with about 6.2% having vision-
threatening DR (VTDR) and 4.1% having DME. The bur-
den is especially high in low- and middle-income countries
(LMICs) [Teo er al., 2021]. Because DR and DME progress
silently, timely screening and treatment are critical.

The growing disease burden has widened the gap between
the number of patients requiring regular eye screenings and
trained specialist ophthalmologists who are unavailable in
low-resource settings. Against the WHO recommendation of
one ophthalmologist per 50,000 people [World Health Orga-
nization, 2007], Africa has an estimated three ophthalmolo-
gists per million people, compared to more than 50 per mil-
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Figure 1: ICDRDME [2003] defined DR severity scales.

lion in‘high-income countries [Umar et al., 2024]. In India, a
country where 70% of the population lives in rural areas, the
ophthalmologist-to-population ratio in urban areas is approx-
imately 1:25,000, while in rural areas, it plummets to nearly
1:219,000 [Souza et al., 2012]. Geographic, economic, and
workforce constraints coupled with a lack of awareness fur-
ther limit access to timely eye care, underscoring the need for
scalable and affordable screening solutions.

DR threatens overall retinal integrity and visual function,
and progresses through a series of 4 clinically defined stages,
defined by the International Clinical DR and DME (IC-
DRDME) Severity Scale [Wilkinson er al., 2003] as shown
in Figure 1. The initial stage is non-proliferative diabetic
retinopathy (NPDR) and the most advanced stage is prolifer-
ative diabetic retinopathy (PDR). Together with the absence
of retinopathy (No DR), these stages form the five diagnostic
grades used in this study. DME is a distinct but frequently co-
occurring condition that affects the part of the retina respon-
sible for sharp, central vision. Effective screening systems
must therefore assess both DR severity and the presence of
DME to support appropriate referral and treatment decisions.

Our goal is to develop a population-level screening so-
lution that delivers clinically actionable predictions in low-
resource settings lacking specialist ophthalmologists, facili-
tating timely detection and referral. Towards this, we intro-
duce DRDME-Net, a unified deployment-driven framework
that formulates DR and DME as ordinal regression tasks.
Rather than independent classification, this approach captures
the graded continuum of DR severity, while treating DME as
an ordered risk prediction via a continuous surrogate to en-
sure stable thresholding. To overcome the fact that public
datasets rarely contain annotations for both conditions simul-
taneously, we design a transfer learning multi-task framework
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that leverages partially labeled datasets, enabling effective
training without wasting valuable labels. To systematically
assess performance across clinically relevant boundaries, we
introduce GM@B (geometric mean of sensitivity and speci-
ficity across DR grade boundaries), exposing critical clini-
cal decision risks often hidden by global metrics. Finally,
evaluating on real-world facility and community cohorts, we
demonstrate that DRDME-Net matches or outperforms mas-
sive foundation models, proving that architectural efficiency,
rather than sheer scale, is the key technical insight for ro-
bust screening and equitable Al deployment. This work was
developed through multidisciplinary collaboration, with clin-
icians guiding labeling and evaluation, machine learning re-
searchers conceiving and developing the models, and stake-
holders informing deployment and ethical considerations.

By enabling cost-effective, scalable screening for DR and
DME in settings with limited specialist access, this work di-
rectly advances SDG 3 (Good Health and Well-being) and
supports universal health coverage. By extending screening
to underserved and rural populations, it contributes to SDG 10
(Reduced Inequalities). Preventing avoidable vision loss fur-
ther supports SDG 1 (No Poverty) and SDG 8 (Decent Work
and Economic Growth) by preserving productivity and liveli-
hoods. Finally, the use of Al-driven digital health infrastruc-
ture within public screening programs aligns with SDG 9 (In-
dustry, Innovation and Infrastructure). Collectively, this work
operationalizes the “Leave No One Behind” principle by pri-
oritizing equitable access to vision-saving care.

2 Related Work

The journey toward automated DR and DME grading began
with traditional machine learning methods that predated the
deep learning era. These approaches were based on multi-
stage pipelines that involved extensive image preprocessing,
followed by hand-crafted feature extraction and subsequent
classification [Bogacsovics et al., 2022]. While these meth-
ods were foundational and showed promising results, their
performance was heavily dependent on-the quality of the
hand-crafted features. This process required substantial do-
main expertise from engineers and often struggled with the
high variability and subtle nature of early-stage DR lesions,
which can be difficult to define programmatically. The lack
of robustness to variations in image quality, camera type,
and patient population limited their generalization capabili-
ties, paving the way for a new paradigm.

The introduction of deep learning improved diagnostic ac-
curacy and eliminated the need for a separate feature ex-
traction step, leading to a streamlined and effective auto-
mated screening process. A convolutional neural network
(CNN) trained on ~130,000 fundus images could detect
“referable DR” (defined as Moderate NPDR or worse) on
par with human graders in DR screening, suggesting viability
for resource-limited settings [Gulshan et al., 2016]. How-
ever, many such systems focus on binary referral decisions,
which lack the granularity required for effective patient man-
agement. Grading across all DR severity levels, alongside
reliable DME detection, remains clinically important [AAO
Retina / Vitreous Panel, 2017].

Recent work has adopted ordinal approaches (treating DR
grade as a continuous score [Vijayan and Venkatakrishnan,
2023]). We build on this to jointly predict DME, provid-
ing integrated multi-disease screening. Further, we evaluate
boundary-level performance rather than only global metrics
like accuracy or kappa, allowing more clinically meaningful
assessment of severe DR cases while validating our approach
on real-world data, rather than solely on open-source datasets,
demonstrating practical utility. Multi-task networks to jointly
predict DR and DME are relatively rare. However, CANet [Li
et al., 2020] represents a leading task-specific model. While
it employs dual attention modules for DR and DME predic-
tion, our approach uses a shared backbone with a lightweight
linear head, offering a simpler and more computationally ef-
ficient design. Despite its simplicity, we show that DRDME-
Net achieves robust ordinally consistent predictions across
DR grades and DME, and is well-suited for low-resource de-
ployment, including on smartphone-based screening systems.

Recently, large retinal® foundation models such as
FLAIR [Silva-Rodriguez ef al., 2025] and RETFound [Zhou
et al., 2023] have been proposed for multiple ophthalmic
tasks. However, their size and computational demands limit
practicality in low-resource screening environments. Because
most standard baselines cannot jointly predict both diseases,
comparing against CANet and these state-of-the-art foun-
dation models provides a rigorous benchmark to assess the
performance-efficiency trade-offs of our approach.

Finally, FDA-approved commercial systems such as Eye-
Art [Vought er al, 2023], IDx-DR [Savoy, 2020], and
AEYE [Rom et al., 2022] have validated the feasibility of
automated DR screening. But their deployment in LMICs is
inhibited by cost, camera dependence, limited DR severity
grading, and incomplete DME assessment. Our work com-
plements these efforts by focusing on severity-aware, camera-
agnostic screening validated in facility and community set-
tings under realistic operational constraints.

3 Methods

Let D = {(x, i, mi,a;)}}, denote the training dataset of
N images, where z; € R¥*Wx3 ig a retinal fundus image
with height H, width W, and three color channels (RGB),
y; € {0,1,..., K — 1} is the corresponding DR severity
grade with K denoting the number of ordinal categories,
m; € {0,1} indicates the presence of DME, and a; € {0,1}
indicates whether the DME annotation is available for x;.

We learn a function fy : REXW>3 o R2 fy(z;) =
(zi,8;), parameterized by 6, that maps an input image x;
to scalar logits z;,s; € R for DR ordinal regression and
DME detection respectively. The function fy consists of a
CNN backbone that outputs a spatial feature map ®(z;) €
RM *w'>xd where h/,w' are reduced spatial dimensions and
d is the feature depth. A pooling operator P(-) aggregates
®(z;) into a feature vector ¢(x;) = P(®(x;)) € RY, which
is then passed through two independent linear layers: z; =
w' ¢(x;) +band s; = v’ ¢(x;) + ¢ where w,v € R? and
b, c € R are learnable parameters.

We employ the Smooth L1 loss [Girshick, 2015], defined



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

CNN backbone

Preprocessing

—> Pooling —

Thresholding
Regressor DR Prediction
S TL T2 T3 T4 0-NoDR
| tett 1 - Mild NPDR
bR N 2 - Moderate NPDR
ra<e ‘< 3 - Severe NPDR
- 223 T3 | 4 - Proliferative DR |
J
\\ |TDME
s 0 - No DME
» DME + Grade =0 1-DME
$ < TDME
—
DME Prediction
Regressor

Figure 2: Overview of the proposed approach. Input retinal fundus images are preprocessed before being passed through a CNN backbone.
Independent regression heads generate continuous severity scores for DR and DME. These logits are then mapped to one of the five discrete
DR grades and to a binary label that is suggestive of the presence of DME via thresholds.

for a prediction p and target ¢ as:

0.5(p — )%/,
where 5 > 0 controls the transition point between quadratic
and linear penalization. This formulation captures the ordinal
nature of DR severity while being less sensitive to outliers,
which can be interpreted as mislabeled or ambiguous samples
whose features do not perfectly align with their assigned hard
label, than mean squared error. We also employ the Smooth
L1 loss for DME rather than the conventional binary cross-
entropy. While the binary label of “DME present / absent”
guides clinical referral [Tan et al., 2017], treating this as a
regression problem is a practical engineering regularization
strategy. Binary cross-entropy encourages class separation
and can yield overconfident, threshold-sensitive predictions.
In contrast, a continuous surrogate score maps fundus images
to an ordered risk continuum rather than as unrelated classes.
This smoother score distribution can improve calibration near
decision boundaries and support stable tuning of operational
thresholds across diverse deployment settings.

We define Lpr = SmoothL1(z;, y; ) for DR severity grad-
ing. Since DME annotations are not available for all im-
ages, we employ an annotation-aware masking strategy for
DME detection. Specifically, the DME loss is defined as
LpME = a; - SmoothL1(s;, m;), such that only samples with
available DME annotations (a; = 1) contribute to the DME
loss, while unannotated samples (a; = 0) are ignored. The
overall multi-task objective is defined as:

L = AprLpR + ADMELDME; (2)
where Apr and Apmg are scalar hyperparameters that control
the relative contribution of DR severity grading and the DME
prediction, respectively.

At inference time, the continuous scalar prediction z; is
discretized into clinically aligned DR grades using a set of

otherwise,

SmoothL1(p,t) = { (1

monotonically increasing thresholds {71, 72, ..., Tk —-1}:
07 z; < T1,
Ui =14k, T < 2 < Tpg1, k=1,...,K—2 (3)

K—-1, 2z >7K 1.

The continuous prediction:s; is converted into a binary deci-
sion using a tunable threshold 7puE to enable referrals:

1y = 1[s; > Tome ] 4

Here, ¢; and r; denote the predicted DR grade and DME
status, respectively, for the input image x;. Figure 2 illustrates
the overall approach.

4 Experiments

4.1 Setup

Datasets. We aggregate 91,622 retinal fundus images from
15 publicly available datasets for training as shown in Ta-
ble 1. All images are stored as three-channel RGB fundus
photographs. Each dataset is split into training (90%) and
validation (10%) subsets, stratified to preserve the distribu-
tion of DR severity grades. For external evaluation, we use
4,704 images as unseen test sets sourced and annotated at
AIIMS Delhi. This dataset captures a diverse national de-
mographic, reflecting true real-world low-resource screening
conditions comprising a facility-based cohort and 19 commu-
nity vision centres acting as regional nodal hubs. Following
the ICDRDME scale and to align with clinical screening prac-
tice, two annotators independently assigned a DR grade on a
0—4 scale (Figure 1) and indicated the presence of DME for
each retinal fundus image. Disagreements were reviewed by
an adjudicator. 23,410 images across 4 public datasets have
the presence or absence of DME annotated, while all of the
images in the evaluation dataset have DME annotated.

Implementation Details. The aggregated datasets are from
heterogeneous sources and imaging devices, resulting in
varying resolutions and aspect ratios. We preprocess each im-
age by cropping black borders, padding the shorter dimension
to enforce a 1:1 aspect ratio, and resizing to 512 x 512 x 3. All
images are then z-score normalized using the mean and stan-
dard deviation of the training set. To improve generalization,
we apply standard augmentations while training, including
horizontal/vertical flips and random adjustments of bright-
ness and contrast. The CNN backbone is EfficientNetV2-S
(ENV2-S), initialized with ImageNet (IN) pretrained weights.



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

DR Grade DME
0 1 2 3 4 Yes
Training Datasets (Public)

Dataset

Images

EyePACS [2009] 35126 258102443 5292 873 708 X
APTOS [2019] 3534 1796 344 932 184 278 X
ODIR [2019] 4179 2816 460 745 144 14 x
DDR [2019] 12522 6266 630 4477 236 913 X
IDRiD [2018] 516 168 25 168 93 62 294
DeepDRiD [2022] 806 243 161 162 160 80 x
Messidor-2 [2014] 1744 1017 270 347 75 35 151
Jichi [2017] 9939 6561 0 2113 460 805 x
SUSTech-SYSU [2020] 1151 631 24 365 73 58 X
UoA-DR [2017] 30 0 0 0 0 30 x
STARE [2000] 15 0 0 0 0 15 x
UNA, Paraguay [2021] 751 187 4 80 280 200 X
1000x39 [2021] 159 38 18 49 39 15 X
BRSET [2024b] 16266 15183 158 451 78 396 401
mBRSET [2024a] 4884 3750 272 568 82 212 423

Subtotal (Training) 91622 64466 4809 15749 2777 3821 1269

Evaluation Datasets (Proprietary)
3568 1372 117 1243 162 674 1517
1136 753 131 200 7 45 193

Facility cohort
Community cohort

Subtotal (Evaluation) 4704 2125 248 1443 169 719 1710

Table 1: Distribution of images across DR severity grades and DME
labels. Training consists of 15 public datasets and evaluation com-
prises proprietary facility and community cohorts. DR severity
grades are encoded as 0: No DR, 1: Mild NPDR, 2: Moderate
NPDR, 3: Severe NPDR, 4: Proliferative DR. The total number of
annotated DME images in the training datasets are 23,410.

The network is trained in a multi-task setting using a weighted
sum of Smooth L1 losses (8 = 1) for the DR and DME heads,
with task weights A\pg = 1.5 and A\pyg = 0.5. Optimiza-
tion is performed using AdamW for 100 epochs with an ini-
tial learning rate of 10—, reduced by a factor of 10 every 10
epochs via StepLR scheduling. The DR thresholds were set
asT, = 0.5, = 1.5,73 = 2.5, 74 = 3.5, while the DME
decision threshold may be tuned on the validation set to max-
imize the Youden index. All experiments were conducted on
one Tesla V100 GPU with 32 GB of memory.

Evaluation Metrics. For DR severity grading, we report
the Quadratic-weighted Cohen’s Kappa (QK), which penal-
izes larger disagreements more heavily and is well aligned
with the ordinal nature of DR. While prior work on DR grad-
ing has primarily reported global metrics such as accuracy
or QK, these aggregate measures can obscure clinically crit-
ical weaknesses at specific severity boundaries. We there-
fore introduce GM@B, the geometric mean of sensitivity
(SN) and specificity (SP) at each DR grade boundary, de-
fined as GM@B = +/SN@B - SP@B, where a boundary
B € {1,2,3,4} defines the positive class as y > B. GM@B
highlights whether a model maintains balanced performance
at the clinically relevant decision thresholds, which is cru-
cial for screening deployment. For DME detection, we re-
port the area under the receiver operating characteristic curve
(AUC) and the precision-recall curve (AUPR). 95% confi-
dence intervals (CI) were estimated using the percentile boot-

strap method with 1000 resamples. All metrics are reported
as percentages. Since the proposed system is intended for
population-level screening, we emphasize a holistic interpre-
tation of metrics rather than prioritizing a single number, to
ensure both reliability and clinical safety.

4.2 Ablation Studies

We conduct ablation studies to examine key modeling choices
with the goal of identifying configurations that are robust,
stable, and suitable for deployment in low-resource screen-
ing environments. Rather than optimizing for marginal gains
in aggregate metrics, we focus on performance trade-offs
and boundary-specific reliability at clinically relevant operat-
ing points, reflecting practical constraints in population-level
screening where simplicity and consistency often outweigh
small improvements in performance.

Loss Functions

We explore several alternatives to the Smooth L1 formulation
(Section 3). Unless stated otherwise, all models share the
same backbone, optimizer, and training schedule, with fixed
DR discretization thresholds to isolate the effect of the loss.
To address class imbalance, we evaluate a class-weighted
Smooth L1 variant, where class weights are inversely pro-
portional to their frequencies in the training set, and vary the
transition parameter 3 to examine sensitivity to the quadratic—
linear trade-off. We additionally include MSE and L1 losses
as regression baselines.

Our primary formulation treats DR grading as an ordinal
regression problem, which explicitly accounts for the inher-
ent ordering among severity grades. To assess the impact
of this choice, we experiment with the conventional K class
classification formulation (X = 5 for DR), optimized with
cross-entropy (CE) [Huang et al., 2023], which treats grades
as independent categories and ignores ordinal structure. For
instance, misclassifying Severe NPDR as PDR is penalized
equally to misclassification as No DR, despite the former be-
ing clinically much closer. We additionally tested focal loss
and ordinal-specific losses such as CORAL [Cao er al., 2020]
and CORN [Shi ez al., 2023].

Results in Table 2 show that differences in mean QK across
loss functions are modest, with some ClIs overlapping, indi-
cating that global DR grading performance is relatively in-
sensitive to the specific loss choice. However, boundary-
specific metrics reveal clearer distinctions. Regression-based
losses, particularly Smooth L1 variants, exhibit more con-
sistent GM @B performance across clinically relevant sever-
ity thresholds, whereas classification-based objectives such
as CE and focal loss show increased variability, especially
at higher-grade boundaries. For DME detection, all losses
achieve high AUC, but AUPR varies substantially, reflect-
ing differences in precision under class imbalance. Over-
all, class-weighted Smooth L1 offers a favorable balance be-
tween stable DR boundary performance and robust DME de-
tection. Given the intended deployment in screening settings
where reliability across severity thresholds is critical, we sub-
sequently adopt this configuration, referred as DRDME-Net.
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Loss Function

DR Severity

DME Detection

QK

GM@1

GM@2

GM@3

GM@4

AUC

AUPR

Cross entropy (CE) 86.8 (85.7-87.9)
Class-weighted CE  88.5 (87.6-89.5)

Focal (v=1)

86.4 (85.3-87.4)

88.3 (87.3-89.1)
91.2 (90.5-91.8)
89.8 (88.9-90.5)

90.3 (89.5-91.2)
91.4 (90.6-92.2)
90.3 (89.4-91.1)

87.0 (85.1-88.8)
90.8 (89.2-92.2)
89.4 (87.9-91.0)

90.7 (88.5-92.6)
93.1 (91.2-94.7)
89.5 (87.2-91.4)

99.3 (98.6-99.6)
98.8 (96.8-99.7)
99.3 (98.6-99.7)

92.0 (88.0-95.3)
91.5 (87.0-95.3)
93.1 (89.5-95.9)

CORAL [2020]
CORN [2023]

89.0 (88.1-89.8)
89.6 (88.6-90.4)

90.3 (89.4-90.9)
91.3 (90.5-91.9)

91.7 (90.8-92.4)
92.1 (91.3-92.8)

84.8 (82.8-86.7)
87.6 (85.9-89.4)

90.4 (88.2-92.4)
89.3 (87.1-91.4)

99.3 (98.4-99.6)
98.9 (97.2-99.7)

92.1 (88.0-95.2)
93.1 (89.6-96.0)

L1
MSE

Smooth L1 (=1

Class-weighted
Smooth L1

88.7 (87.8-89.6)
89.3 (88.5-90.1)
90.1 (89.2-90.9)

89.4 (88.5-90.2)

91.3 (90.6-91.9)
90.8 (90.0-91.3)
91.0 (90.2-91.7)

91.2 (90.4-91.8)

91.0 (90.1-91.8)
90.3 (89.3-91.1)
91.2 (90.3-92.0)

91.1 (90.2-91.9)

90.5 (88.8-91.9)
92.0 (90.5-93.3)
88.8 (87.0-90.4)

90.8 (89.2-92.2)

89.8 (87.5-91.9)
90.7 (88.7-92.6)
89.5 (87.2-91.6)

90.1 (87.9-92.2)

98.2 (96.4-99.2)
99.4 (99.0-99.6)
99.5 (99.1-99.6)

99.5 (99.1-99.7)

79.4 (70.6-87.8)
89.9 (83.9-94.7)
91.7 (87.5-95.0)

92.3 (88.0-95.8)

(DRDME-Net)

Table 2: Loss function ablations for joint DR severity grading and DME detection on the validation set. Results are reported as mean (95%
bootstrap CI). All runs use the same backbone, training protocol, and fixed DR discretization thresholds. The model trained with class-

weighted Smooth L1 loss is referred as DRDME-Net.

DR Thresholds
The choice of thresholds {71,...,7x—1} used to discretize
continuous DR predictions is critical, since they directly gov-
ern the balance between sensitivity and specificity at each dis-
ease severity boundary. We first consider the simplest option
of using fixed, evenly spaced thresholds. An alternative strat-
egy is to tune these thresholds post-training on the valida-
tion set to optimize the evaluation metric QK. This approach
can yield marginal performance improvements but risks over-
fitting to the validation distribution and may not generalize
well to external datasets. A more principled alternative is
to learn thresholds jointly with the model. Cumulative link
models (CLMs) [Vargas et al., 2020] provide such a frame-
work wherein the network produces a latent continuous score,
while the thresholds defining the grade boundaries are treated
as learnable parameters. Different link functions can be used
to model the probability of each ordinal category. This re-
moves the need for heuristic post-hoc tuning and allows the
model to adapt its decision boundaries during training.
Results in Table 3 show that tuned thresholds for QK per-
forms similarly to fixed thresholds, indicating that our model
is relatively insensitive to small shifts in boundary placement.

CLM variants, while able to jointly estimate thresholds, con-
sistently yield lower QK and struggle particularly at bound-
ary 3 (Moderate NPDR vs. VITDR). Interestingly, GM@B
highlights these deficiencies more clearly than QK alone, un-
derscoring the value of evaluating per-boundary trade-offs.
Overall, threshold choice does influence fine-grained calibra-
tion, but fixed empirical thresholds remain a simple and reli-
able default for regression-based DR grading.

Alternative Training Strategies

Finally, we compare DRDME-Net against alternative train-
ing strategies, including single-task models trained indepen-
dently, and a sequential transfer learning approach in which a
DR-trained backbone is frozen and adapted for DME.

As summarized in Table 4, the single-task DR model
achieves marginally higher QK and GM @B values than the
joint formulation, but at the cost of losing DME capabil-
ity. The sequential approach preserves DR performance but
shows a marked degradation in DME detection, particularly
in AUPR, indicating limited transfer when the backbone is
frozen. In contrast, our jointly trained model (DRDME-Net)
delivers balanced performance across both tasks within a sin-

Metric DRDME-Net Tuned QK CLM-logit CLM-probit CLM-loglog  CLM-cloglog CLM-cauchit
DR Severity
Thresholds {05, 1.5, {0.73,1.55, {0.31,1.26, {0.31,0.83, {0.31,0.99, {0.31,0.75, {0.30, 1.35,
2.5,3.5} 2.53,3.59} 4.56,6.12} 2.99,3.90} 3.47,4.49} 2.74,3.65} 4.50,6.29}
QK 89.4 (88.5-90.2) 89.8 (88.9-90.6) 87.9 (86.9-88.8) 87.6(86.6-88.5) 87.3 (86.4-88.2) 87.3(86.3-88.1) 87.5(86.4-88.4)
GM@1 91.2 (90.4-91.8) 91.3 (90.5-91.9) 88.9 (88.0-89.7) 88.7(87.9-89.5) 89.6(88.7-90.3) 88.6(87.7-89.4) 88.0 (87.1-88.9)
GM@2 91.1 (90.2-91.9) 90.8 (89.9-91.7) 91.9 (91.2-92.7) 92.0 (91.3-92.7) 91.9 (91.2-92.6) 92.1 (91.4-92.8) 92.0 (91.2-92.7)
GM@3 90.8 (89.2-92.2) 90.6 (89.1-92.1) 80.8 (78.5-83.0) 77.6 (75.2-80.0) 76.2 (73.9-78.6) 77.5(75.3-79.9) 84.3 (82.4-86.4)
GM @4 90.1 (87.9-92.2) 89.6(87.3-91.8) 90.3 (88.2-92.4) 90.5 (88.4-92.4) 87.2(85.1-89.5) 92.6 (90.8-94.2) 88.3 (86.0-90.5)
DME Detection
AUC 99.5 (99.1-99.7)  99.5 (99.1-99.7)  99.5(99.1-99.8) 99.3 (98.6-99.7) 99.0 (97.8-99.7) 99.4 (98.9-99.7) 98.9 (97.4-99.6)
AUPR 92.3 (88.0-95.8) 92.3 (88.0-95.8) 94.4 (91.4-96.9) 92.8 (89.1-95.9) 92.9 (89.4-95.7) 93.0(89.2-95.9) 92.7 (89.0-95.6)

Table 3: Comparison of different strategies for threshold selection in DR grading on the validation set. Fixed thresholds are defined em-
pirically. Tuned thresholds are optimized post-hoc for QK on the validation set. CLM denotes cumulative link models with different link

functions, which jointly learn thresholds during training.
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DR Severity DME Detection
Approach
QK GM@l GM@2 GM@3 GM@4 AUC AUPR
DRDME-Net 89.4 (88.5-90.2) 91.2 (90.4-91.8) 91.1(90.2-91.9) 90.8 (89.2-92.2) 90.1 (87.9-92.2) 99.5 (99.1-99.7) 92.3 (88.0-95.8)
DR only 90.1 (89.2-90.9) 91.6 (90.9-92.2) 91.5(90.7-92.3) 91.8 (90.3-93.1) 90.6 (88.3-92.5) X X
DME only X X X X X 99.4 (99.0-99.6) 91.2 (87.4-94.6)
Sequential 90.1 (89.2-90.9) 91.6 (90.9-92.2) 91.5(90.7-92.3) 91.8 (90.3-93.1) 90.6 (88.3-92.5) 97.7 (97.0-98.3) 68.9 (59.9-77.0)

Table 4: Comparison of alternative training strategies for DR severity grading and DME detection on the validation set using the
EfficientNetV2-S backbone. Single-task models are trained independently for each task, while the sequential approach first trains for DR and
subsequently reuses the frozen backbone for DME with the addition of another linear head.

gle architecture. Given the overlapping CIs and the substan-
tial reduction in deployment complexity, the joint formulation
offers a favorable trade-off between performance and practi-
cality for low-resource screening environments.

4.3 Results Summary

Baselines. To contextualize our results, we compare
DRDME-Net against a set of simple baselines (Table 5).
Naive strategies such as predicting the median grade or
prevalence-weighted random sampling from the label distri-
bution yield near-zero QK, highlighting the difficulty of the
task. Shallow 3-layer CNNs (3 x 3 kernels and ReLU, us-
ing 16, 32, and 64 channels respectively, with 2 x 2 max-
pooling for the first two layers, followed by global average
pooling and a linear layer) achieve only marginal improve-
ments, struggling to capture the fine-grained retinal features
needed for reliable grading. Even with a strong CNN back-
bone, performance remains limited under frozen IN features
or default random initialization, emphasizing the importance
of domain-specific transfer learning and tailored loss formu-
lations. By contrast, DRDME-Net achieves a substantial gain
in both QK and GM @B, underscoring the value of our ordi-
nal regression framework for clinically meaningful DR sever-
ity prediction. For DME detection, these baselines similarly
underperform, while DRDME-Net achieves strong discrimi-
nation, consistent with its joint training objective.

Evaluation and Benchmarking. We evaluate our best-
performing model DRDME-Net on both the facility and com-
munity test sets (Table 1) representing distinct clinical set-
tings. Because most standard baselines do not support joint
prediction, we benchmark against a sufficient set of state-of-
the-art paradigms: CANet [2020] reimplemented and trained
on our data, alongside foundation models FLAIR [2025]

DR Severity DME
Approach
QK GM@B AUC / AUPR

Median predictor 0 {0,0,0,0} 50.0/5.1
Random (weighted) 0 {45.1,41.8,25.5,24.0} 52.4/5.5
3-layer CNN (ordinal) 29.7 {50.0,60.9,33.7,8.8}  80.5/34.9
ENV2-S (frozen IN)  37.1 {60.6,64,63.9,50.6}  59.8 /7.4
ENV2-S (default init)y 24.5 {46.5,55.9,27.6,7.2} 74.6/26.1

DRDME-Net 89.4 {91.2,91.1,90.8,90.1} 99.5/92.3

Table 5: Baseline results for DR severity grading and DME detection
on the validation set. CIs are omitted due to large performance gaps.

(zero-shot) and RETFound [2023] (finetuned on our dataset).
As shown in Table 6, DRDME-Net achieves consistently
strong DR severity agreement and stable boundary-specific
performance, while maintaining high DME detection perfor-
mance across both cohorts. In facility settings, DRDME-Net
performs competitively against other models in terms of QK
and GM @B, despite being substantially smaller. Foundation
models such as FLAIR and RETFound exhibit competitive
performance at certain boundaries, but show greater variabil-
ity. In the more challenging community cohort, which reflects
real-world screening conditions, DRDME-Net upholds its ro-
bustness, with less degradation in DR grading performance.
Table 7 further shows that DRDME-Net maintains con-
sistent performance across camera types and sex, suggest-
ing robustness to image acquisition devices and demographic
factors commonly encountered in screening programs. Fi-
nally, Table 8 highlights that these gains require a signifi-
cantly lower computational and memory footprint than foun-
dation models. Notably, training DRDME-Net takes less than
1 GPU-day on a single Tesla V100, ensuring highly acces-
sible reproducibility. Together, these results underscore the
suitability of DRDME-Net as the backbone of a real-world
screening system capable of population-scale deployment.

5 Learnings from Pilot

DRDME-Net has been piloted as part of an initial feasibil-
ity study yielding several practical insights. While the model
generalizes well across both facility and community cohorts,
broader validation across diverse populations, disease preva-
lences, and imaging protocols remains important. As with
most clinical Al systems, reliance on human-annotated labels
introduces noise and limits the capture of subtle or emerging
phenotypes. The current pilot operates on single-image in-
puts, whereas clinical diagnosis often integrates multi-field
or longitudinal information. Although temporal data are
available within our application, incorporating multi-view or
multi-timepoint signals would increase complexity and may
be less compatible with high-throughput screening work-
flows. In practice, threshold-based referral strategies remain
clinically oriented and operationally viable, but require peri-
odic recalibration as guidelines evolve.

From an operational standpoint, input validation is
handled through a two-stage pipeline consisting of a
lightweight MobileNet-based classifier followed by Maha-
lanobis distance-based out-of-distribution detection to miti-
gate misuse. The system does not explicitly model image
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Model DR Severity DME Detection
QK GM@l1 GM@2 GM@3 GM@4 AUC AUPR
Facility cohort
DRDME-Net 90.5 (89.5-91.4) 96.0 (95.2-96.6) 92.4 (91.5-93.1) 87.8 (86.5-88.9) 90.3 (88.6-91.7) 96.2 (95.6-96.7) 94.0 (92.8-95.0)
CANet 84.9 (83.4-86.3) 96.4 (95.7-96.9) 92.0 (91.0-92.8) 83.3 (81.5-84.7) 82.5(80.4-84.2) 96.7 (96.2-97.1) 94.8 (93.7-95.7)
FLAIR 86.2 (85.0-87.3) 83.9 (82.4-85.3) 93.9 (93.1-94.6) 86.2(85.0-87.4) 84.9(83.1-86.7) 91.0(90.1-91.9) 84.8 (82.8-86.6)
RETFound 85.8 (84.6-86.9) 90.8 (89.6-91.8) 92.9(92.0-93.7) 84.3 (82.8-85.6) 81.2(78.9-82.9) 95.9 (952-96.6) 93.8 (92.4-95.1)
Community cohort

DRDME-Net 84.6 (82.0-87.1) 88.4 (86.6-89.9) 93.2 (91.7-94.6) 89.2 (83.3-94.4) 85.5(77.0-92.3) 98.9(98.5-99.3) 94.8 (92.5-96.7)
CANet 79.8 (75.9-83.4) 91.8(90.0-93.4) 89.6(87.8-91.2) 77.6(68.2-85.4) 74.3(63.9-82.9) 98.0(97.3-98.6) 92.3 (89.5-94.5)
FLAIR 77.3 (73.7-80.6)  88.3 (86.0-90.3) 93.2 (91.5-94.8) 92.9 (91.8-94.0) 93.0(88.6-96.1) 94.2 (92.8-95.4) 70.1 (62.8-76.6)
RETFound 80.9 (77.8-83.7) 83.9 (81.6-85.8) 93.2(91.6-94.7) 89.4 (83.7-93.6) 82.6(74.0-90.4) 97.5(95.7-98.8) 93.5 (90.8-95.7)

Table 6: Evaluation results of DRDME-Net on unseen facility and community cohorts for DR severity grading and DME detection. We
benchmark against CANet [2020] reimplemented and trained on our data, and retinal foundation models FLAIR [2025] (zero-shot) and

RETFound [2023] (finetuned on our dataset).

DR Severity DME
Images
QK GM@B AUC / AUPR

Camera Type

Zeiss FF450+ 2640 88.2 {96.1,91.5,85.8,89.9} 94.4/93.3
Remidio FOP 1700 89.4 {91.1,94.7,92.0,88.5} 99.0/96.2
Forus 3nethra 364 88.4 {93.7,98.7,94.1,94.0} 99.5/94.1
Sex Stratified

Male 1504 90.5 {92.3,91.4,91.4,89.9} 97.9/96.0
Female 1247 90.4 {91.8,92.8,93.7,93.2} 99.0/96.3

Table 7: Performance of DRDME-Net across camera types and strat-
ified by sex (when information available).

Model Parameters (million) Size (MB) GFLOPs
DRDME-Net 20.18 77.57 119.74
CANet 31.09 118.92 171.57
FLAIR 132.87 508.55 258.56
RETFound 304.15 1160.25 621.05

Table 8: Model complexity comparison. We report parameter count,
storage footprint, and computational cost (GFLOPs).

gradability (such as image being too blurry to grade or miss-
ing anatomical features) yet, instead relying on operator train-
ing and point-of-capture quality checks. Future iterations
would benefit from automated image quality assessment to
flag ungradable cases and prompt repeat acquisition.

Our target deployment environment involves fully offline,
on-device inference on PCs and smartphones with 2-4 GB
RAM and no dedicated accelerators. These constraints are
common in community screening setups where cameras lack
integrated edge inference. In such settings, latency, energy
consumption, and memory footprint are the primary bottle-
necks, especially since devices are operated by community
health workers running multiple applications concurrently.
Under these conditions, we have focused on maintaining a
single shared-feature model (DRDME-Net) to minimize both
computational load and memory footprint while supporting
dual-task screening. DRDME-Net infers seamlessly in the

background in under 5 seconds per patient, while patient de-
mographics are recorded. This design choice aligns with our
intended use case towards offline, high-volume screening in
LMICs, where several hundreds of images may be processed
daily and network access is intermittent or unavailable.

6 Conclusions

In this work, we presented DRDME-Net, a joint frame-
work for DR severity grading and DME detection, designed
with clinical alignment and real-world deployment in mind.
Rather than pursuing marginal gains in aggregate metrics, we
emphasize robustness across clinically meaningful decision
boundaries and feasibility under strict operational constraints.
Through comprehensive ablations, we demonstrated the
advantages of modeling DR as a continuous severity spec-
trum and formulating DME detection as a regression-style
task. Our analysis revealed that global metrics are rela-
tively insensitive to many modeling choices, while boundary-
specific metrics such as GM @B provide more actionable in-
sights into clinical reliability. To our knowledge, GM @B has
not been systematically reported in prior DR screening liter-
ature, yet it provides valuable insight into boundary-specific
performance that global metrics alone may miss. Despite its
smaller footprint, DRDME-Net generalizes well to facility
and community cohorts and across different cameras, while
more efficient than large foundation models. Together, these
findings highlight the promise of ordinal and regression-
based formulations in medical Al, particularly for conditions
like DR and DME where disease progression is gradual.
Insights from pilots reinforce that successful clinical Al
systems must balance model performance with usability,
throughput, and governance. Offline operation, limited hard-
ware, label noise, and evolving clinical practices all shape
model design decisions in ways that are often underrepre-
sented in benchmark-driven research. Overall, this work ar-
gues for a shift in emphasis from narrowly optimized models
toward reliable and deployable systems that can operate ef-
fectively at scale. We hope these findings inform future ef-
forts in clinical machine learning, particularly those targeting
population-level screening in resource-limited environments.
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