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Abstract

Background: Deep learning systems for diabetic retinopathy (DR) grading are usually
reported through accuracy and area under the curve, yet clinical use depends on whether a
model’s confidence can be trusted. Problem: calibration and confidence-based triage are
rarely evaluated on large, naturally imbalanced five-grade datasets. Objective: to quan-
tify how temperature scaling and Monte Carlo (MC) Dropout change the reliability of an
EfficientNet-BO DR grader and to convert calibrated confidence into auto-clear/human-
review operating points. Materials: A total of 12,522 DDR fundus photographs on the
five ICDR grades, only 1.9% of them severe non-proliferative DR. Methods: Methods in-
cluded five-fold cross-validation grouped by near-duplicate images, with inner calibration
splits; overall and per-grade expected calibration error (ECE); clustered bootstrap; com-
parison with other calibration maps, loss functions and backbones; Grad-CAM and LIME.
Results: Macro-F1 was 0.705 (95% CI 0.691-0.718). Temperature scaling reduced ECE from
0.186 to 0.078 without changing any prediction, but grade-specific maps were needed to
bring per-grade ECE below 0.01. Mutual information from MC-Dropout flagged errors
better than confidence (AUROC 0.748 vs. 0.650). At a no-DR threshold of 0.80, 30.1% of
images were auto-cleared with a 1.46% referable-DR false-clear rate. Conclusions: One tem-
perature corrected most top-label miscalibration but not the grade-level error caused by
class weighting; the triage thresholds need external validation before clinical use.

Keywords: diabetic retinopathy; deep learning; calibration; uncertainty quantification;
Monte Carlo dropout; class imbalance; explainable AL clinical triage; EfficientNet;
DDR dataset

1. Introduction
1.1. Background

Diabetic retinopathy (DR) is the leading cause of preventable blindness among
working-age adults worldwide, and its prevalence continues to rise in step with the global
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burden of diabetes mellitus [1,2]. Treatment works best when retinopathy is caught early,
because laser photocoagulation, anti-VEGF injections and timely referral can all stop sight-
threatening progression. The difficulty is volume. Hundreds of millions of people with
diabetes should be photographed every year, and there are far too few ophthalmologists
and trained graders to read those images, a shortage felt most in low- and middle-income
countries. This capacity gap has motivated more than a decade of intensive research
into automated, deep-learning-based DR screening, with convolutional neural networks
(CNNs) now routinely reported to match or exceed human-grader agreement on binary
referable/non-referable screening tasks and, increasingly, on the finer-grained five-class
International Clinical Diabetic Retinopathy (ICDR) severity scale (no DR; mild, moderate,
and severe non-proliferative DR; and proliferative DR) [3-5]. Prospective deployment
within national screening programmes has also been reported [6], and retinal foundation
models pretrained on very large unlabelled image collections now extend these results
across several ocular and systemic conditions [7].

The apparent success of these systems, however, is disproportionately reported through
a narrow lens: an aggregate accuracy or area-under-the-curve (AUC) figure computed on
a single train/test split, frequently on a class-balanced or near-balanced benchmark. This
convention hides two features of real screening data. The first is imbalance. Most screened
eyes have no retinopathy or only mild disease, and the severe and proliferative cases that a
programme exists to find are uncommon, so a model can post a high overall accuracy and still
do poorly on the grades that matter. The second is that an accuracy figure says nothing about
whether the model recognises its own mistakes. A classifier that outputs a 99% confident
but wrong prediction is, from a deployment-safety standpoint, categorically worse than one
that outputs the same wrong prediction with 55% confidence and is consequently flagged
for human review. This property, whether a model’s predicted confidence is a trustworthy
estimate of its probability of being correct, is called calibration [8,9], and it is largely absent
from the DR-grading literature, which continues to report classification metrics computed
on raw, uncalibrated softmax outputs.

1.2. Problem Statement

We see three gaps. (i) Calibration is seldom measured. Deep networks are known
to be miscalibrated, usually over-confident, as a by-product of the depth, normalisation,
label smoothing and long training that make them accurate [9,10], yet DR papers report
accuracy, sensitivity, specificity and AUC far more often than expected calibration error
(ECE), the Brier score or a reliability diagram. (ii) Uncertainty quantification is treated
as a niche add-on rather than an integral evaluation axis. Where uncertainty is reported
at all, it is typically demonstrated qualitatively on a handful of sample images rather
than benchmarked, at the full test-set level, against the specific clinical question of how
many cases can be safely auto-cleared without human review [11,12]. (iii) Imbalance is
mentioned in most papers but seldom examined with macro-averaged metrics, per-class
results and resampling-based intervals together. Studies that do report per-class metrics
seldom couple them with confidence intervals wide enough to communicate the genuine
statistical uncertainty introduced by rare classes such as severe non-proliferative DR, which
in the dataset used here constitutes under 2% of all images [13].

Collectively, these gaps mean that a clinician, health system, or regulator reading a
typical DR-grading paper cannot answer the question that actually determines whether
the system is deployable: at what confidence threshold can this model’s output be trusted
enough to skip human review, and how many sight-threatening cases would be missed at
that threshold?
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Parts of this question have been studied before; the whole of it has not. Uncertainty-
based referral in DR has been studied for the binary referable /non-referable decision [14-16];
those studies show that referring uncertain cases improves accuracy on the retained cases,
but they do not report whether the probabilities themselves are calibrated, nor how many
images could be released without review at a stated false-clear rate. Calibration studies in
medical imaging [17] usually report a single top-label ECE, which cannot show whether
rare grades are calibrated, and they rarely ask how the remedy chosen for class imbalance
changes calibration. Finally, DR studies almost never state whether images of the same
eye can fall on both sides of a train/test split, a point that affects every number reported.
It therefore remains unknown how calibration, uncertainty and an auto-clear rule behave
together on an imbalanced five-grade task, and which of the available tools is responsible
for which part of the reliability gain.

1.3. Objective and Contributions

This study addresses the gap directly by conducting a class-imbalance-aware, calibration-
centred evaluation of a convolutional DR-grading pipeline on the DDR dataset, a large,
publicly available, naturally imbalanced five-class ICDR grading benchmark. Rather than
proposing a new architecture, the contribution of this work is methodological and evalua-
tive, in line with the TRIPOD + Al recommendation that calibration be reported alongside
discrimination [18]: a rigorous, statistically grounded protocol for calibration, uncertainty
quantification, triage-oriented deployment analysis, and dual explainability, applied un-
der stratified five-fold cross-validation with bootstrap confidence intervals throughout.
Concretely, this paper contributes the following;:

1. A five-fold cross-validation benchmark, stratified by grade and built from groups
of near-duplicate images, of an EfficientNet-BO DR-grading classifier on 12,522 DDR
images, reporting the full complement of discrimination metrics (accuracy, macro-
/micro-/weighted-F1, balanced accuracy, MCC, per-class precision/recall/specificity,
ROC-AUC, and PR-AUC) alongside group-clustered bootstrap 95% confidence inter-
vals, per-grade intervals and fold-level variability statistics.

2. A paired ablation of three inference-time confidence strategies (raw softmax, post hoc
temperature-scaled softmax, and temperature-scaled Monte Carlo Dropout) applied to
the same trained weights, with paired bootstrap confidence intervals and McNemar’s
test isolating how much of the reliability gain comes from single-parameter rescaling
versus stochastic forward-pass uncertainty estimation. Temperature scaling is further
compared with vector scaling, Dirichlet calibration and isotonic regression are fitted
on the same calibration split.

3. A confidence-stratified triage curve that converts calibrated confidence into an opera-
tional quantity: the fraction of images that could be auto-cleared at a given threshold,
together with the referable-DR and any-DR miss rates within the auto-cleared subset.
Few DR-grading studies report this, although it is the number a screening service
needs. Each operating point is reported with Wilson and clustered-bootstrap confi-
dence intervals, per-fold values, and a threshold chosen on the calibration split and
tested on the outer fold.

4. Grad-CAM, a gradient-based saliency method, and LIME, a model-agnostic local
surrogate, applied to a systematic sample of correct and misclassified images from
every grade, with measured stability, faithfulness and agreement between the two.

5. A paired training-recipe comparison on the same folds (plain, focal and class-balanced
cross-entropy, oversampling, early stopping, and ResNet-50 and ViT-B/16 backbones),
showing how the imbalance remedy trades discrimination, calibration and triage safety
against one another.
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6. A transparent accounting of what this study does not claim: no structured clinical
metadata (age, HbAlc, blood pressure, body-mass index) were available for the DDR
cohort, and no synthetic metadata were fabricated to simulate a multimodal fusion
pipeline; the metadata-conditioned Shapley-value analysis originally scoped for a cross-
attention fusion architecture is consequently reported as not applicable in this data
release and is explicitly deferred to future work pending access to a retinal-imaging
cohort with genuine linked systemic clinical variables (Section 6.2).

We do not claim that temperature scaling, MC-Dropout, Grad-CAM or LIME is new,
and integration alone is not offered as the contribution. What the paired design adds is a
set of measured findings that earlier DR studies did not report. Three findings follow from
it. Because the confidence variants share weights and folds, each change can be traced to
one tool: on DDR, a single temperature removes most top-label miscalibration, the rare
grades need class-specific maps, and MC-Dropout helps to rank errors but not calibrate.
The training-recipe comparison then shows that class weighting, the usual way of protecting
rare grades, is itself the main cause of grade-level miscalibration, even though it gives the
safest auto-clear rule; which post hoc step a programme needs depends on this trade-off.
Finally, the triage results give the workload and false-clear rate of a five-grade output with
intervals, a threshold chosen on separate data, and the ceiling of the no-DR probability
that caps automation for this model. These are observations about known methods on an
imbalanced five-grade task, not a new algorithm.

1.4. Structure of the Paper

Section 2 reviews work on DR grading, calibration, uncertainty estimation, explainabil-
ity and selective classification. Section 3 describes the data, the grouped cross-validation, the
network and its training, the calibration and uncertainty methods, the statistics, the expla-
nation methods and how cost was measured. Section 4 gives the results: training behaviour,
discrimination, calibration, triage, errors, explanations, variability and cost. Section 5 con-
tains the ablations, covering the three confidence variants, other calibration maps, the
number of MC-Dropout passes, and other training recipes and backbones. Section 6 states
the conclusions, limitations and future work. The Supplementary Materials hold the fold-
level tables, calibration bins, the full triage table, all explanation panels and the files needed
to reproduce the analysis.

2. Related Work
2.1. Deep Learning for Diabetic Retinopathy Grading

Gulshan et al. [3] were the first to show that a convolutional network could detect
referable DR as well as ophthalmologists; they trained Inception-v3 on a large private
set of adjudicated photographs and tested it on several independent sets. Gargeya and
Leng [19] and Ting et al. [4] subsequently reported comparably strong discrimination
on binary and multi-class formulations using deep residual and Inception-family archi-
tectures across multi-ethnic screening cohorts. Public datasets such as EyePACS/APTOS,
Messidor-2, IDRiD and DDR later made it possible to repeat such work and to compare
architectures directly. Li et al. [13] introduced the DDR dataset specifically to address a
limitation of earlier benchmarks: DDR combines ICDR severity grading with lesion-level
segmentation annotations from Chinese screening centres, and its class distribution is left
deliberately unrebalanced, making it one of the more realistic large-scale public benchmarks
for studying imbalance-aware DR grading. The EfficientNet family of Tan and Le [20],
scaled jointly in depth, width and resolution, is now widely used for DR grading because
it gives more accuracy per FLOP than VGG- or ResNet-style networks, which is why we
use EfficientNet-B0. Other groups have gone beyond retrospective image-level grading.
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Dai et al. [5] developed a system that detects DR across the full severity spectrum with
lesion-aware sub-networks trained on large screening cohorts, Ruamviboonsuk et al. [6]
reported a prospective, multisite evaluation of real-time screening in a national programme,
and Zhou et al. [7] introduced RETFound, a self-supervised foundation model for retinal
images that improves label efficiency across ocular and systemic prediction tasks. Vision
transformers [21], the encoder used by RETFound, and EfficientNetV2 [22] are further
options, both more costly to run than EfficientNet-B0. Lightweight detectors aimed at the
small lesions of early DR [23], portable screening and grading systems built for use outside
specialist centres, as shown for glaucoma [24], and external validation of severity grading
and referable-risk stratification on independent fundus data [25] continue this move toward
practical use.

Even so, most DR-grading papers give one accuracy or AUC figure per model, from one
held-out split, with no cross-validated spread, no per-class intervals and, most importantly
here, no check of whether the softmax probabilities are calibrated. Two models with the
same AUC can behave quite differently once their confidence is used to decide which images
a person must read, as it is in any triage workflow. Published results are also hard to compare
directly. Some studies used large, privately adjudicated datasets with external test sets [3,4],
while others reported results on public benchmarks with a single split [13,19]. Endpoints
range from binary referable DR to the full five-grade scale, ungradable images are handled
in different ways, and few papers state whether images of one patient or eye were kept on
one side of the split. An accuracy figure from one design therefore cannot be set beside one
from another; calibration and per-grade results travel better between designs.

2.2. Calibration of Deep Neural Network Classifiers

Guoetal. [9] demonstrated, across a range of modern image-classification architectures,
that increasing network depth and width, the trend that has driven accuracy improvements
over the past decade, has been accompanied by a corresponding worsening of calibration,
with deep networks becoming systematically overconfident even as their raw accuracy
improves. They also showed that temperature scaling, which divides the logits by one
scalar fitted on a held-out split, removes most of this error. Because the transformation
is monotonic it cannot move the arg-max, so predictions and discrimination metrics are
untouched. Temperature scaling has since become the baseline against which Platt scaling,
isotonic regression, Dirichlet calibration and focal-loss training are judged. Calibration
failures have been reported for dermoscopy, chest radiograph and histopathology classifiers,
but for DR grading, ECE and the Brier score are still rarely given next to discrimination.
Minderer et al. [10] found that architecture matters a great deal, with vision transformers
among the best-calibrated recent models, and focal loss [26] can improve calibration during
training without any post hoc step. In medical imaging, Rajaraman et al. [17] reported that
calibrating models trained on class-imbalanced data improved their performance at the
decision threshold, while Van Calster et al. [8] argued that poorly calibrated risk estimates
can mislead clinical decisions even when discrimination is high.

These methods differ in what they can and cannot correct. Temperature scaling has
one parameter, so it cannot overfit a small calibration set, but it applies the same correction
to every class and cannot repair class-specific miscalibration. Vector scaling, matrix scaling
and Dirichlet calibration [27] learn class-specific corrections, at the price of 2K to K2 + K
parameters that must be estimated from the calibration split; with rare grades, this is a real
constraint. Isotonic regression [28] is non-parametric and flexible, but it needs more data per
class and produces step-shaped probability maps. Training-time approaches such as focal
loss [26,29] or class-balanced loss [30] change the classifier itself, so their effect on calibration
cannot be separated from their effect on discrimination. How calibration is measured also
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matters. Equal-width ECE changes with the number of bins and is biased when bins hold
few samples, and top-label ECE ignores every class except the predicted one [31]. With
five grades and heavy imbalance, a small top-label ECE can sit alongside badly calibrated
probabilities for the rare grades. We come back to both issues in Sections 4.5 and 5.5.

2.3. Uncertainty Quantification via Monte Carlo Dropout and Deep Ensembles

Uncertainty quantification methods for deep networks have been reviewed exten-
sively [11,12]. Gal and Ghahramani [32] showed that dropout, first proposed as a regu-
lariser, can be read as approximate Bayesian inference: if dropout stays on at test time and
the image is passed through the network several times, the passes form a Monte Carlo
sample of the predictive distribution. Its mean gives the prediction and its spread or en-
tropy the epistemic uncertainty, at a small fraction of the cost of a full Bayesian network
or an ensemble. Lakshminarayanan et al. [33] proposed deep ensembles, in which several
independently initialised networks are trained, as a competing, typically better-calibrated
but substantially more computationally expensive alternative. The present study adopts
MC-Dropout specifically because its computational overhead (a configurable number of
stochastic forward passes through a single trained network) is far more compatible with
the deployment latency budget realistic for a screening tool than training and maintaining
an ensemble of independently trained networks, while still yielding a usable per-image
uncertainty signal; the entropy and mutual-information decompositions used here follow
the standard MC-Dropout formulation summarised in Section 3.6. Ovadia et al. [34] later
found deep ensembles to be the most reliable of the methods they compared under dataset
shift. In DR specifically, Leibig et al. [14] showed that referring the most uncertain MC-
Dropout predictions for expert review improved performance on the retained cases, Ayhan
etal. [15] found that model uncertainty was associated with expert-assessed diagnostic dif-
ficulty, and Band et al. [16] benchmarked Bayesian deep learning methods for DR detection
under distribution shift. These studies established uncertainty-based referral for binary DR
detection but did not evaluate calibration and triage jointly on a five-grade task or isolate
the contribution of MC-Dropout relative to temperature scaling.

The methods above also differ in which part of the model’s uncertainty they capture.
Deep ensembles sample over complete, independently trained networks. MC-Dropout
samples only over the layers that contain dropout, so its estimate depends on where dropout
is placed. Test-time augmentation measures sensitivity to input perturbation rather than to
the weights. None of these methods guarantees good calibration after a change of camera,
population or image quality: Ovadiaetal. [34] and Band etal. [16] found that calibration and
uncertainty quality degraded under dataset shift for every method tested, with ensembles
degrading least. The results of the present study therefore describe in-distribution behaviour
on DDR and are not evidence of calibration after deployment elsewhere.

2.4. Explainability in Medical Image Classification

Grad-CAM, proposed by Selvaraju et al. [35], produces a coarse, class-discriminative
localisation map by weighting the final convolutional feature maps by the gradient of the
target class score with respect to those feature maps, and has become a near-default sanity
check for CNN-based medical image classifiers because it is architecture-agnostic (requiring
only that the network expose convolutional feature maps) and requires no retraining.
LIME, proposed by Ribeiro et al. [36], instead perturbs interpretable input components
(superpixels, in the image domain) and fits a local, inherently interpretable surrogate model
(typically sparse linear regression) to the perturbed predictions, yielding a locally faithful
but model-agnostic explanation together with a goodness-of-fit statistic (R?) that Grad-CAM
does not provide. Prior DR-grading studies have applied one or the other of these methods,
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almost always Grad-CAM alone, to illustrate that the network attends to lesion-bearing
retinal regions (microaneurysms, haemorrhages, exudates, neovascularisation) rather than
spurious image artefacts. Evaluations of saliency methods in medical imaging have found
that heatmaps often localise abnormalities less accurately than human annotations and can
fail randomisation and repeatability tests [37,38], and a review of explainable Al in medical
image analysis identified the limited evaluation of explanation quality as a central open
problem [39]. The present study applies both methods on matched examples spanning
all five ICDR grades, including a genuine misclassification, and additionally reports the
LIME surrogate R? per class as a quantitative, if indirect, proxy for how locally linear (and
therefore how straightforwardly explainable) the network’s decision boundary is for each
severity grade.

2.5. Retinal Foundation Models and Selective Classification

Retinal foundation models pre-trained on large unlabelled fundus collections, such
as RETFound [7], have improved label efficiency and cross-dataset generalisation for DR
and for other ocular and systemic conditions. Their published evaluations centre on dis-
crimination across tasks and datasets; calibration and selective referral were not primary
endpoints. Because larger pre-trained encoders are often better calibrated in-distribution
than small convolutional networks [10], they are an obvious comparison for the calibration
findings reported here, but they also cost far more computation per image (Section 4.11),
and transformer backbones are known to need training recipes different from those of con-
volutional networks [21]. We therefore treat foundation-model backbones as an extension
of the present paired design (Section 6.3) rather than as part of it.

Selective classification gives the triage question a formal frame. A selective classifier
abstains on part of its input, and its quality is described by the risk—coverage curve: the
error rate on accepted cases is a function of the fraction accepted [40]. In clinical work, the
abstained cases go to a person. Deferral can also be learned so that model and clinician each
handle the cases they do best [41], and how uncertainty is shown to the clinician is a design
problem in itself [42]. Our triage rule is a one-sided selective classifier that accepts only
images it judges normal; Section 4.6 gives both the threshold and the risk—coverage results.

2.6. Summary of Gaps and Motivation for the Present Study

In short, earlier work shows that deep CNNs5s, EfficientNet among them, discriminate
DR grades well; that modern networks tend to be miscalibrated and that temperature scaling
corrects much of this cost-effectively; that MC-Dropout gives per-image uncertainty at
modest cost; and that Grad-CAM and LIME show different aspects of a network’s decisions.
We did not find a study that tests all of these together, with stratified cross-validation,
bootstrap intervals and per-class reporting on a large five-grade dataset with its natural
imbalance, and that then turns calibrated confidence into a stated triage rule. That is the
aim of the present work. Table 1 lists the main contribution of each reviewed study and its
relation to ours.

Table 1. Reviewed studies: what each contributed and how it relates to the present work.

Study

Relation to the

Focus Main Contribution Present Study

Gulshan et al. [3]

Sets the clinical benchmark
for referable DR; the present
study adds calibration and
five-grade triage on

public data

Specialist-level referable-DR
detection on large
adjudicated data, tested on
several external sets

Referable-DR detection
with Inception-v3 on large,
privately adjudicated data
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Table 1. Cont.

Study

Focus

Main Contribution

Relation to the
Present Study

Gargeya and Leng [19]

Automated DR detection
with a deep CNN

Automated DR detection
with a deep CNN, validated
on public datasets

Per-grade results and
calibration, outside that
study’s scope, are
reported here

Ting et al. [4]

Multi-ethnic screening for
DR and related
eye diseases

One system validated across
multi-ethnic populations
and several eye diseases

Shows the value of external
validation, which the present
study lacks (Section 6.2)

Lietal. [13]

DDR public five-grade
benchmark with
baseline networks

Released DDR and
benchmarked networks for
grading, lesion segmentation
and lesion detection

Supplies the data; calibration,
uncertainty and triage
analyses are added here

Dai et al. [5]

DR detection across the
severity spectrum with
lesion-aware sub-networks

Detection across the full
severity spectrum with
lesion-aware sub-networks
on large cohorts

Lesion-aware design targets
the mild-grade weakness
found here; triage was

not examined

Ruamviboonsuk et al.

[6]

Prospective real-time
screening in a
national programme

Prospective real-time
deployment in a national
screening programme

Provides the prospective
evidence that retrospective
studies, including this
one, cannot

Zhou et al. [7]

RETFound self-supervised
retinal foundation model

Self-supervised retinal
foundation model with
strong label efficiency
and generalisation

Candidate backbone for
testing whether the
calibration findings transfer
(Section 6.3)

Tan and Le [20]

EfficientNet compound
scaling on ImageNet

EfficientNet compound
scaling with high accuracy
per parameter

Basis for the backbone choice
(Section 3.3)

Guo etal. [9]

Miscalibration of modern
networks;
temperature scaling

Showed that modern
networks are miscalibrated
and that temperature scaling
corrects most of the error

Variant B of the ablation,
tested here under a 26.6:1
grade imbalance

Minderer et al. [10]

Calibration across modern
architecture families

Showed that calibration
depends strongly on
architecture and pre-training

Motivates the
second-backbone
comparison (Section 5.7)

Rajaraman et al. [17]

Calibration for
class-imbalanced medical
image classification

Showed that post hoc
calibration helps
class-imbalanced
medical classifiers

Extended here to a five-grade
retinal task, per-grade
calibration and triage

Gal and Ghahramani
[32]

MC-Dropout as
approximate
Bayesian inference

Framed test-time dropout as
approximate
Bayesian inference

Variant C of the ablation

Lakshminarayanan et al.
[33]

Deep ensembles for
predictive uncertainty

Deep ensembles: strong
uncertainty estimates at
higher training and
inference cost

Reference method for a
future comparison with
MC-Dropout
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Table 1. Cont.

Study

Focus

Main Contribution

Relation to the
Present Study

Leibig et al. [14];
Ayhan et al. [15]

MC-Dropout uncertainty

for DR referral and
diagnostic difficulty

Uncertainty-based referral
improved accuracy on
retained cases and tracked
expert-judged difficulty in
binary DR

The same idea is tested here
on five-grade output,
alongside calibration

Benchmark of Bayesian

Benchmark of Bayesian deep

Shows that calibration can

Band et al. [16] deep learning for DR learning for DR detection degrade under shift; external
detection under shift under distribution shift validation is still needed here
Grad-CAM Class-discriminative saliency

Selvaraju et al. [35]

class-discriminative
saliency

from gradients of
convolutional features

Used on a systematic sample
in Section 4.8

Ribeiro et al. [36]

LIME local surrogate
explanations

Model-agnostic local
surrogate explanations

Used alongside Grad-CAM,
with stability and
faithfulness checks

Ovadia et al. [34]

Uncertainty methods
under dataset shift

Large benchmark of
calibration and uncertainty
under dataset shift

Supports reading the present
results as in-distribution only

Geifman and
El-Yaniv [40]

Selective classification

Formalised selective
classification and the
risk—coverage trade-off

Frame for the triage and
risk—coverage analyses
(Section 4.6)

Kull et al. [27]

Dirichlet calibration

Class-specific multiclass
calibration maps

Compared with temperature
scaling in Section 5.5

Dvijotham et al. [41]

Deferral to clinicians

Learned deferral between Al
and clinicians based on
complementary strengths

A more advanced deferral
design than the threshold
rule studied here

3. Materials and Methods
Figure 1 outlines the six stages of the study. The input is the set of 12,522 graded

DDR photographs (stage 1), which are cropped, resized, normalised and, for training only,
augmented (stage 2). All experiments use five-fold cross-validation stratified by grade and
built from groups of near-duplicate images, and each development partition is split again
into inner training and calibration sets (stage 3). An EfficientNet-B0 classifier is trained on
the inner training set (stage 4), and its logits are turned into three confidence estimates: raw
softmax, temperature-scaled softmax and temperature-scaled MC-Dropout (stage 5). The
pooled out-of-fold predictions are then evaluated for discrimination, calibration, statistical
significance, explanations and cost, and the calibrated no-DR probability decides between
auto-clearance and human review (stage 6). Sections 3.1-3.12 describe each stage in turn.

3.1. Dataset and Preprocessing

This study uses the DDR (Diabetic Retinopathy grading) dataset [13], a publicly avail-
able collection of colour fundus photographs graded according to the five-level International
Clinical Diabetic Retinopathy (ICDR) severity scale: grade 0 (no apparent DR), grade 1
(mild non-proliferative DR), grade 2 (moderate non-proliferative DR), grade 3 (severe
non-proliferative DR), and grade 4 (proliferative DR). After the images marked ungradable
in the dataset’s own quality labels were removed, 12,522 graded images remained. Table 2
and Figure 2 give the class counts. We kept the imbalance on purpose: grades 0 and 2 make
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Figure 1. Proposed calibration- and triage-centred framework for five-grade DR assessment. (1) DDR
fundus images; (2) preprocessing; (3) five-fold cross-validation, stratified by grade and grouped
by near-duplicate images, with an inner calibration split, so that the outer test fold never influences
training, monitoring, or temperature fitting; (4) EfficientNet-BO classifier; (5) the three confidence-
estimation variants compared in the ablation study; (6) evaluation of the pooled out-of-fold pre-
dictions, including the confidence-stratified triage rule that auto-clears an image when its no-DR
probability is at or above the threshold .

Table 2. Number of images per ICDR grade in the 12,522-image DDR set. The imbalance ratio between
the most- and least-frequent class (grade 0 vs. grade 3) is 26.6:1.

ICDR Grade n (Images) % of Dataset
0 (No DR) 6266 50.04%
1 (Mild NPDR) 630 5.03%
2 (Moderate NPDR) 4477 35.75%
3 (Severe NPDR) 236 1.88%
4 (Proliferative DR) 913 7.29%
Total 12,522 100.00%

Before resizing, each fundus image was converted from BGR to RGB and cropped to
the bounding box of pixels with grayscale intensity above 7 to remove the black border.
All images were then brought to 384 x 384 pixels and normalised with ImageNet channel
statistics (mean 0.485, 0.456, 0.406; standard deviation 0.229, 0.224, 0.225), matching the
ImageNet-pretrained backbone. Stochastic geometric and photometric augmentation was
applied on the fly to training images only, in the following order: random resized cropping
to 384 x 384 (scale 0.85-1.0, aspect ratio 3/4—4/3), horizontal and vertical flipping (each with
p = 0.5), random rotation within +15°, and colour jitter (brightness and contrast factors in
[0.88,1.12], saturation factor in [0.92, 1.08], hue unchanged). Calibration-split and test-fold

https://doi.org/10.3390/biocengineering13111304


https://doi.org/10.3390/bioengineering13111304

Bioengineering 2026, 13, 1304

11 of 45

Number of images

images received only deterministic resizing to 384 x 384 and normalisation. No test-time
augmentation was used.

DDR class distribution
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Figure 2. Class distribution of the 12,522 DDR images. No DR and moderate NPDR dominate,
while mild and severe NPDR are rare, which is why the evaluation in this paper is built around
class imbalance.

3.2. Cross-Validation Protocol

All results in this paper come from out-of-fold (OOF) predictions under five-fold
cross-validation (k = 5). Folds were stratified on the five-level ICDR grade, so that each
fold keeps the class ratio of Table 2, and were built from groups of near-duplicate images
rather than from single images (described below), so that no group is split between training
and testing. A fixed random seed (2026) governed the fold split, weight initialisation and
augmentation sampling. Within each round, the four development folds were split again,
by group and stratified by grade, into an inner training partition (8585-8586 images) and
an inner calibration partition (1431 images; Supplementary Table S2); the held-out outer
fold (25042505 images) served only as the test partition. The inner calibration partition
was used for epoch-level monitoring, for fitting the temperature and the other calibration
maps (Sections 3.5 and 5.5), and for choosing a triage threshold in the sensitivity analysis
of Section 4.6, so the outer test fold never influenced training, monitoring or calibration.
Because every image belongs to exactly one outer test fold, concatenating the five test-fold
predictions yields one OOF prediction for each of the 12,522 images, produced by a model
that saw neither that image nor any near-duplicate of it. All pooled metrics in Section 4 are
computed on this OOF set (Supplementary Data S1, with the split assignments in Data S2)
unless stated as fold-level or bootstrap statistics.

DDR releases an image identifier and a grade for each image but no patient identifier,
and the original description reports 13,673 images from 9598 patients [13], so some patients
contribute more than one image. Since a split by patient was not possible, we removed
the most direct source of leakage, which is repeated or near-identical photographs of the
same eye. Each image was reduced to two 256-bit perceptual hashes (a DCT-based pHash
and a gradient-based dHash) computed on the high-pass-filtered green channel of the
border-cropped image, where the vessel pattern specific to each eye dominates. Two images
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were linked when both hashes differed by at most 24 bits. This threshold sits in the gap
between a small low-distance mode and the main distribution of nearest-neighbour distances
(Supplementary Figure S1), and the matched pairs were checked visually (Supplementary
Figure S2). Linked images were merged into groups, and the outer folds and inner splits
were formed with stratified group k-fold splitting. The audit found 175 near-duplicate
pairs involving 317 images (2.5%), most of them in the no-DR grade (276 images), forming
12,359 groups of at most four images; four groups contained images with different grades
(Supplementary Table S3). Under the image-level split used in the first version of this paper,
140 of the 175 pairs, involving 255 images, had one image in training and the other in testing,
so all results reported here were recomputed with the group-aware split. The grouping
cannot link the two different eyes of one patient, whose photographs are not near-identical;
that remaining dependence is discussed in Sections 3.9 and 6.2 [43].

3.3. Model Architecture

The classification backbone is EfficientNet-B0, a compound-scaled convolutional net-
work built from mobile-inverted-bottleneck (MBConv) blocks with squeeze-and-excitation
attention, initialised from ImageNet-pretrained weights. The final global-average-pooled
feature vector (1280-dimensional for EfficientNet-B0) is passed through a projection head
(a 1280-to-256 linear layer, layer normalisation, GELU activation and dropout with p = 0.30)
and then a linear layer projecting to five logits, one per ICDR grade; a softmax non-linearity
converts these logits to a categorical probability distribution at inference time (Equation (1)).
The complete model contains 4,337,281 trainable parameters (4.34 million) and requires
approximately 2.26 GFLOPs per 384 x 384 forward pass (Section 3.12, Table 8), making
it substantially lighter than the ResNet-50/Inception-v3-class backbones used in much of
the earlier DR-grading literature while retaining comparable or superior ImageNet-transfer
accuracy, per the original EfficientNet scaling study [20].

exp(zc)

p. = softmax(z), = —;
D=0 &P (2k)

,c€{0,1,2,3,4} (1)

Figure 3 shows the network in detail. A stem convolution reduces the 384 x 384 input
to 192 x 192. Seven MBConv stages then brings the resolution down to 12 x 12 while the
channel count grows from 16 to 320, and a final 1 x 1 convolution expands the output to
1280 feature maps (Figure 3a). Inside each MBConv block, a 1 x 1 convolution expands
the channels, a depthwise k x k convolution follows, squeeze-and-excitation reweights the
channels, and a second 1 x 1 convolution projects them back; an identity shortcut is added
when the stride is 1 and the channel count does not change (Figure 3b) [20]. Global average
pooling, dropout, and a fully connected layer then map the features to five logits, which
feed the three confidence heads described in Sections 3.5 and 3.6 (Figure 3c).

EfficientNet-BO was chosen for three reasons. First, the study’s question concerns
the confidence pipeline, and a paired comparison of confidence variants needs one fixed
backbone. Second, the model is meant for screening sites with ordinary hardware. At
4.34 million parameters and 2.26 GFLOPs, EfficientNet-B0 is among the least expensive
ImageNet-pretrained networks with competitive transfer accuracy [20], against about 24 mil-
lion parameters for ResNet-50 [44], 8 million for DenseNet-121 [45] and about 300 million
for the ViI-Large encoder of RETFound [7,21]. Third, the 20-pass MC-Dropout analysis
multiplies inference cost when implemented naively, which a larger backbone would make
harder to run across all five folds. Because calibration depends on architecture and pre-
training [10], the paired design was repeated with a ResNet-50 and a ViT-B/16 backbone
trained under the same recipe and folds (Section 5.7).
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MBConv1 omits the expansion layer. Kernel size k and repeat count follow panel (a).

Figure 3. Network architecture. (a) EfficientNet-B0 at 384 x 384 input: operator, kernel size, number
of repeats, output resolution and channels for each stage, followed by the classification head, whose
dropout stays active at test time for MC-Dropout. (b) An MBConv block with squeeze-and-excitation.
(c) The three confidence heads, all fed by the logits of one trained network, and where each is
used (calibration, error detection, triage). Stage configuration follows the original EfficientNet-B0
specification [20].

3.4. Training Procedure

Each of the five fold-specific models was trained independently from the same
ImageNet-pretrained initialisation for 12 epochs with a mini-batch size of 16 and shuffled
training batches. The loss was a class-weighted cross-entropy between the ground-truth
grade and the softmax output, with label smoothing of 0.05 (Equation (2)). Class weights
were recomputed for each fold from the inner-training labels as w, = Kinc, c=0,1,..,K-1,
where N is the number of inner-training images, K = 5 is the number of grades, and n_c
is the count of grade c. Optimisation used AdamW (initial learning rate 3 x 10~#, weight
decay 1 x 107*) with a cosine-annealing schedule (T_max = 12 epochs), stepped once per
epoch. We used mixed precision (torch.cuda.amp) on the GPU, fixed every random seed at
2026 and set cuDNN to deterministic mode. After each epoch, we logged the training loss
and the loss and metrics on the calibration split (Section 4.1, Figure 4). Every fold ran all
12 epochs without early stopping, and the weights from the last epoch, not from the best
calibration-split epoch, became the fold model.

L =-Y . ylog(p.) (2)

We used class-weighted cross-entropy in the main model for practical reasons: it has
no extra parameters, every image is seen in every epoch, and the class mix of the calibration
split stays as it is. Because the imbalance remedy affects both minority-grade performance
and calibration, the main model was compared in Section 5.7 with four alternatives trained
on the same folds: plain cross-entropy, focal loss with v = 2 [29], class-balanced loss with
B =0.999 [30], and square-root inverse-frequency oversampling with plain cross-entropy.
Label smoothing of 0.05 was kept in all cross-entropy variants.
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Figure 4. Training loss and inner-calibration-split loss per epoch for each of the five cross-validation
folds (dotted line: epoch of lowest calibration-split loss) and raw-model expected calibration error on
the calibration split (bottom right). Calibration-split loss flattens from about epoch 7, while training
loss keeps falling, indicating mild overfitting in the later epochs.

The final-epoch weights were kept by design rather than the epoch with the low-
est calibration-split loss. In this protocol the calibration split is already used to fit the
temperature; using it again to choose the checkpoint would make two decisions on the
same 1431 images and would bias the post hoc calibration estimate in favour of the chosen
checkpoint. To test this choice, a further model was trained for up to 20 epochs with early
stopping on a separate monitoring split (10% of the inner training partition, formed by
group, patience of four epochs), keeping the weights with the lowest monitoring-split
negative log-likelihood (Section 5.7).

3.5. Post Hoc Calibration by Temperature Scaling

Following Guo et al. [9], a single scalar temperature parameter T > 0 was fitted, per
fold, on that fold’s inner calibration partition (1431 images) by minimising the negative
log-likelihood of the temperature-scaled softmax output (Equation (3)) with respect to T
alone, holding all network weights fixed. Because dividing every logit by the same positive
scalar T is a strictly monotonic transformation, temperature scaling cannot change the
arg-max class and therefore leaves accuracy, sensitivity, specificity, and every other discrete-
decision metric numerically identical to the uncalibrated model (confirmed here: raw and
temperature-scaled arg-max predictions agree for all 12,522 images); its only effect is to
reshape the magnitude of the predicted probabilities themselves, which is precisely the
quantity that calibration metrics (Section 3.7) are sensitive to. The five fitted temperatures
were close to one another (T = 0.625-0.707; Supplementary Table S2). Because a temperature
below 1 divides the logits by a fraction, which amplifies their spread and consequently
sharpens the resulting softmax distribution, this fitted range indicates that the raw network
was systematically, moderately under-confident in aggregate. Over-confidence is the failure
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usually reported for deep classifiers [9,10]; under-confidence is less common, and the
reliability diagram in Figure 10 shows it clearly (Section 4.5).

T _ exp(7)
Y exp(7)

For comparison (Section 5.5), three class-specific maps were fitted on the same calibra-

(3)

tion split: vector scaling (a per-class scale and bias on the logits, 10 parameters), Dirichlet
calibration with off-diagonal L2 regularisation on the log-probabilities (30 parameters) [27],
and one-vs-rest isotonic regression followed by renormalisation [28]. Unlike temperature
scaling, these maps can change the predicted grade.

3.6. Monte Carlo Dropout Uncertainty Quantification

For the MC-Dropout variant [32], dropout layers were kept active (in training mode)
at inference time, and M = 20 independent stochastic forward passes were performed
per image, yielding M sampled probability vectors {pV), ..., p™)} per image. The pre-
dictive (posterior-mean) probability used for the MC-Dropout classification decision and
for temperature-scaled calibration is the sample mean across passes (Equation (4)). Two
complementary per-image uncertainty scalars were derived from the M samples: the pre-
dictive entropy of the mean distribution (Equation (5)), which conflates aleatoric (data)
and epistemic (model) uncertainty, and the mutual information between the predicted
label and the model posterior (Equation (6)), which isolates the epistemic component by
subtracting the expected entropy of the individual stochastic passes from the entropy of

their mean. 1
— M
Pe= 17 Dy P M =20 (4)
— 4 _ —
H[p] = -) _ PlogP, (5)
_ 1 M "
I=H[p] - 5:). . H[p"] (6)

The mean confidence used for the confidence-stratified triage analysis (Section 3.11) is
max,(p,) for the temperature-scaled MC-Dropout variant, unless otherwise specified.

The order of operations was as follows. The temperature T was fitted once per fold on
the deterministic (dropout-off) logits of the calibration split. At test time, each of the M
passes divided its logits by that T before the softmax, and Equations (4)—(6) were computed
from the M temperature-scaled probability vectors; T was not refitted for the MC-Dropout
output. Batch-normalisation and stochastic-depth layers stayed in inference mode. In
this network, the only dropout layer is the one in the projection head (p = 0.30), so the
MC samples express uncertainty in the head given fixed backbone features. The method
is therefore closer to last-layer MC-Dropout than to sampling over the whole network,
and because the backbone uses no random numbers at inference, the backbone features
can be computed once and only the head repeated, which gives exactly the same output
distribution (Section 4.11). For each image, 100 passes were stored; the main analysis uses
the first M = 20, and the effect of M was checked by drawing M = 5, 10, 20, 30 and 50 passes
at random from the stored ones, three times each (Section 5.6).

3.7. Evaluation Metrics

Let TP,, FP,, FN,, and TN, denote, respectively, the true-positive, false-positive, false-
negative, and true-negative counts for class ¢ computed in a one-vs-rest manner from
the pooled 12,522-image OOF confusion matrix. Precision, recall (sensitivity), specificity,
and the F1-score for class c are defined in the standard way (Equations (7)-(10)); macro-
averaged metrics take the unweighted mean of the per-class value across all five classes,
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deliberately giving the rare severe-NPDR class (1.9% of the data) equal weight to the
majority no-DR class (50.0%). We chose macro-averaging on purpose. Micro- or support-
weighted averages are dominated by the large classes and would hide the minority-class
failures this study is looking for.

R
Precision, = > T ID (7)
c c
TP,
Recall, = —TPC TN (8)
N
SpecificityC = m (9)
c c

_ 2-Precision,-Recall,

F1, (10)

" Precision, + Recall,

Balanced accuracy (Equation (11)) is the mean per-class recall and, like macro-F1, is
insensitive to class prevalence. The Matthews correlation coefficient (MCC) is computed
with Gorodkin’s multiclass generalisation [46] (Equation (12)), where ¢ is the number of
correctly classified samples, s is the total number of samples, p; is the number of samples
predicted as class k, and #; is the number of samples whose true class is k. MCC uses the
whole confusion matrix and stays near zero for a chance-level classifier regardless of class
prevalence, which makes it one of the more balanced single summaries for imbalanced
multiclass problems [47].

1
Balanced Accuracy = 5 Zj_o Recall, (11)

cs = Xy Pt
(CEPIAICES W

Receiver-operating-characteristic (ROC) and precision-recall (PR) curves were com-

MCC =

(12)

puted per class in a one-vs-rest formulation by sweeping the decision threshold over each
class’s predicted probability; the corresponding areas under these curves (ROC-AUC and
PR-AUC) were macro-averaged across classes. PR-AUC is reported alongside ROC-AUC
because, for the rare severe-NPDR class in particular, ROC-AUC can remain misleadingly
high even when precision is poor, since the very large number of true negatives from the
other four classes dominates the false-positive-rate denominator; PR-AUC, which does not
include true negatives in its computation, is the more discriminating metric for rare-class
performance [48].

3.8. Calibration Metrics: Expected Calibration Error, Brier Score, and Negative Log-Likelihood

Expected calibration error (ECE) [9] partitions the [0, 1] confidence range into B = 15
equal-width bins and, within each bin b, compares the bin’s mean predicted confidence,
conf(b), to its empirical (observed) accuracy, acc(b), weighting each bin’s absolute mis-
calibration by the fraction of the N = 12,522 test samples it contains (Equation (13)). The
multiclass Brier score (Equation (14)) is the mean squared Euclidean distance between the
predicted probability vector and the one-hot ground-truth vector across all samples and
classes and, unlike ECE, is a strictly proper scoring rule, meaning it is uniquely minimised
by reporting one’s true belief, which makes it robust to certain pathological binning arte-
facts that can affect ECE. Negative log-likelihood (Equation (15)) is reported as a third,
complementary calibration-sensitive quantity that is particularly sensitive to confidently
wrong predictions, since log(p) diverges toward —co as the probability assigned to the
true class approaches zero. Top-label ECE describes only the probability of the predicted
class. To examine each grade separately, as recommended for imbalanced problems [31],
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a class-wise ECE was also computed for each grade c: the same 15-bin formula applied,
one-vs-rest, to the predicted probability of grade ¢ against the indicator that the true grade
is c. Because ECE depends on the binning scheme, top-label ECE was also recomputed with
10 and 20 equal-width bins and with 15 equal-mass bins, each holding the same number of
images [31].

_ B Ny
ECE=) Kylace(b) — conf(b)| (13)
) 1 N 4 2
Brier = ﬁzizl Zcz()(Pi,c - yi,c) (14)
1 N
NLL = _NZizl logpi,yi (15)

3.9. Statistical Inference: Bootstrap Confidence Intervals and Cross-Validation Variability

Two distinct, complementary sources of statistical uncertainty are reported throughout
Section 4: (a) bootstrap resampling variability, computed by resampling the 12,359 near-
duplicate groups of the pooled OOF prediction set with replacement 1000 times, so that
near-duplicate images are always drawn together, and recomputing each metric on every
resample to obtain an empirical 95% confidence interval (2.5th-97.5th percentile), which
quantifies how much a given point estimate would be expected to fluctuate under repeated
sampling of a test set of the same size from the same underlying population; and (b) cross-
fold variability, computed as the mean and standard deviation of each metric across the
five independently trained fold models, which instead quantifies sensitivity to the specific
train/validation partition and to stochastic training dynamics (weight initialisation, batch
ordering, augmentation sampling). The bootstrap procedure is summarised in Algorithm 1.
Paired comparisons between confidence variants (Section 5) use the same procedure with
identical resampled indices applied to both variants. Both procedures rest on assumptions
that should be stated. The bootstrap holds the five trained models fixed, so it describes
test-set sampling variability for these models, not the variability that retraining would add.
Grouping by near-duplicate images removes the dependence between repeated photographs
of one eye, but the two eyes of one patient may still appear as separate groups, so the intervals
may remain somewhat narrow; a patient-clustered bootstrap would need identifiers that
DDR does not release. The cross-fold statistics capture variability from retraining and from
the partition, but over only five models from a single partition, so their standard deviations
are themselves imprecise. We report the two sources side by side rather than combining
them into one interval. Per-grade intervals are reported in Table 4, and binomial proportions
for the triage analysis are given with Wilson score intervals [49].

Algorithm 1. Bootstrap confidence interval estimation for a pooled OOF metric

1. Given: OOF predictions and ground-truth labels for all N = 12,522 images; a metric
function £(-); number of resamples R = 1000.
2. forQ =1toR:

a. Draw G groups with replacement from the G = 12,359 near-duplicate groups and
collect every image of the drawn groups.

b. Compute {(-) on the resampled predictions/labels; store the result r,.
3. Report the empirical mean of {ry, ..., rz} and the [2.5th, 97.5th] percentile interval as
the point estimate and 95% confidence interval, respectively.

3.10. Explainability Methods: Grad-CAM and LIME

Gradient-weighted class activation mapping (Grad-CAM [35]) was computed at the
last module of the EfficientNet-B0 feature extractor (torchvision features[—1]). This module
is the final 1 x 1 convolution-batch normalisation-SiLU block, which maps 320 to 1280 chan-
nels and outputs a 12 x 12 spatial map for a 384 x 384 input. Gradients were back-propagated
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from the pre-softmax logit of the predicted DR grade. For a target class c, the importance
weight a¢ of feature map A* is the global-average-pooled gradient of the class score y° with
respect to that feature map (Equation (16)); the resulting class-discriminative localisation
map is a ReLU-rectified weighted combination of the feature maps (Equation (17)), up-
sampled to the input resolution and overlaid on the original fundus image. Grad-CAM
was computed for a systematic sample of 110 test images: for each grade, ten correctly
and ten incorrectly classified images drawn at random, plus the ten most confident errors,
each explained by the fold model for which it was a test image. Per-image statistics were
the fraction of the image above a 0.5 activation threshold, the share of activation energy
outside the circular fundus mask, whether the activation peak lay inside the fundus, and

1 oy
W = ZZ‘ Z]&T%Z (16)

LGrad-cam = ReLU ( Z r ag AL ) (17)
LIME [36] was applied by segmenting each image into 54-58 interpretable superpixels,

normalised spatial entropy.

generating a perturbation neighbourhood by randomly occluding subsets of superpixels,
recording the trained network’s probability for the target class on each perturbed image, and
fitting a proximity-weighted sparse linear surrogate over the binary superpixel-presence
vector. The 12 highest-weighted superpixels were retained for visualisation. For each
grade, the most confident correct image and the most confident misclassified image were
explained (ten images), each with its own fold model. Each explanation was repeated with
three sampling seeds and once on a copy darkened by 10%, and we report stability (IoU,
Dice and Spearman correlation between explanation maps), faithfulness (the drop in class
probability when the explained superpixels are removed, compared with removing the
same number of random superpixels, and the drop when only the explained superpixels are
kept), and the IoU between the LIME region and an equally sized region of the Grad-CAM
map. The surrogate’s coefficient of determination (R?), the fraction of local perturbation-
response variance explained by the linear surrogate, is reported per class in Section 4.8
as an indirect indicator of how locally linear, and therefore how readily interpretable, the
network’s decision boundary is near each example.

3.11. Confidence-Stratified Triage Protocol

To translate calibrated model confidence into a concrete, clinically interpretable de-
ployment recommendation, a triage-oriented evaluation was performed by sweeping a
no-DR-class confidence threshold t € {0.50, 0.60, 0.70, 0.80, 0.90, 0.95} over the temperature-
scaled, MC-Dropout posterior probability assigned to the no-DR class. For each threshold T,
an image is a candidate for auto-clear (safe to release without mandatory human grading)
if its predicted no-DR probability is at or above T; all other images are routed to human
review. Within the auto-cleared subset at each threshold, two safety-relevant miss rates
are computed: the any-DR false-clear rate (the fraction of auto-cleared images that in fact
carry any non-zero DR grade) and the more clinically consequential referable-DR false-clear
rate (the fraction of auto-cleared images that in fact carry a referable grade, defined here
as moderate NPDR or worse, i.e., ICDR grade > 2). This protocol directly operationalises
the deployability question posed in Section 1.2 by reporting, at each operating point, the
workload reduction achievable (the auto-clear fraction) against its associated safety cost
(the referable-DR miss rate), rather than reporting accuracy alone. Because every thresh-
old tested is at least 0.5, any auto-cleared image is also predicted as no DR by arg-max.
Separately, the ability of three per-image uncertainty scores (one minus the maximum
confidence, predictive entropy, and mutual information) to identify misclassified images
was measured by the area under the ROC curve for error detection. The threshold grid was
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fixed before the results were examined and no threshold was tuned on the outer test folds,
so the triage curve evaluates a pre-specified grid rather than selecting an operating point.
Each false-clear rate is reported with a Wilson score interval [49] and a group-clustered
bootstrap interval, and the referable-DR false-clear count is also expressed as a share of all
referable-DR images. The T = 0.80 rule was applied to each outer fold separately to check
its stability. We also kept threshold choice and testing apart: on each fold’s calibration split,
we took the lowest T whose referable-DR false-clear rate on that split was 1% or less and
used it without change on that fold’s test images. Finally, three uncertainty-based rules
were compared with the no-DR threshold at the same workload (the number of images
cleared at T = 0.80): among images predicted as no DR, clear those with the lowest mutual
information or the lowest predictive entropy; and among images with a no-DR probability
of at least 0.70, clear those with the lowest mutual information. Risk—coverage curves [40]
and the area under them (AURC; lower is better) were computed for each uncertainty score.

3.12. Computational Environment and Efficiency Measurement

All experiments were executed on a single NVIDIA GeForce RTX 5080 Laptop GPU
(PyTorch 2.11.0, CUDA 12.8) with a fixed random seed (2026); the software and hardware
environment and the full training configuration are given in Supplementary Table S1. Model
complexity was quantified with an operation-counting profiler on a single 384 x 384 forward
pass, giving the parameter count and floating-point operations (GFLOPs, computed as
2 x multiply—accumulate operations). Inference latency and throughput were measured for
the deterministic forward pass at batch sizes of 1 (single-image, point-of-care use) and 16
(batched screening-centre use), reporting mean and 95th-percentile latency. The M = 20 MC-
Dropout procedure was timed directly on the same GPU and at the same batch sizes, with
15 warm-up and 50 timed runs, together with peak GPU memory. Two implementations
were timed: the one used for the analysis, which repeats the complete forward pass M
times, and an equivalent one that computes the backbone features once and repeats only
the dropout layer and head. We also timed 100 real images end to end, from reading the file
to the prediction, and recorded the training time of every fold for all models in Section 5.7.

4. Results and Discussion
4.1. Training Dynamics

Figure 4 shows the per-epoch training loss and inner-calibration-split loss for each of
the five folds, together with the raw-model calibration-split ECE. All folds behaved alike.
Training loss fell monotonically in every fold, from 1.513-1.534 at epoch 1 to 0.877-0.910
at epoch 12. Calibration-split loss fell more slowly, from 1.207-1.297 to 1.024-1.092, and
reached its minimum before the final epoch in all five folds (epochs 7, 10, 9, 8 and 7). The
widening gap between a still-falling training loss and a flat held-out loss is the usual sign of
mild overfitting in the second half of training. It did not produce fold-to-fold instability
in the OOF metrics (Section 4.9, Table 6), but raw calibration drifted: the calibration-split
ECE moved from 0.087-0.219 at epoch 1 to 0.177-0.202 at epoch 12 and rose in three of
the five folds. The temperature was fitted to this final-epoch state, so Section 4.5 corrects
exactly this drift; the early-stopping model in Section 5.7 shows whether starting from a
better-calibrated checkpoint would have changed anything.

4.2. Overall Discrimination Performance

Table 3 reports the pooled OOF discrimination and calibration metrics for the three con-
fidence variants: the raw deterministic softmax output, the temperature-scaled deterministic
output, and the temperature-scaled MC-Dropout output. As expected from Section 3.5, the
three variants are nearly indistinguishable on every discrimination metric: overall accuracy
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is 83.02%, 83.02% and 83.01%; macro-F1 is 0.7054, 0.7054 and 0.7046; balanced accuracy is
0.7704, 0.7704 and 0.7691; and MCC is 0.7378, 0.7378 and 0.7377. The metrics that move are
the calibration-sensitive ones, discussed in Section 4.5. ROC-AUC and PR-AUC change very
slightly (macro ROC-AUC 0.934 raw versus 0.932 calibrated) even though no prediction
changes, because each fold has its own temperature and pooling the five folds changes how
probabilities rank across images, which is what AUC measures.

Table 3. Pooled out-of-fold (n = 12,522) performance across the three confidence-computation variants
evaluated in this study. Discrimination metrics (top block) are essentially unchanged across variants,
as expected for monotonic probability transformations; calibration metrics (bottom block) improve
substantially with temperature scaling and are essentially unchanged by MC-Dropout. Class-wise
ECE is the mean of the one-vs-rest ECE of the five grades (Section 3.8).

Temp-Scaled +

Metric Raw Softmax  Temp-Scaled MC-Dropout
Accuracy 0.8302 0.8302 0.8301
Macro-F1 0.7054 0.7054 0.7046
Balanced accuracy 0.7704 0.7704 0.7691
MCC 0.7378 0.7378 0.7377
ROC-AUC (macro, OvR) 0.9342 0.9319 0.9327
PR-AUC (macro) 0.7386 0.7380 0.7393
ECE (15-bin) 0.1863 0.0781 0.0779
Brier score (multiclass) 0.3215 0.2827 0.2827
Negative log-likelihood 0.6763 0.6278 0.6239
Class-wise ECE (macro) 0.1127 0.0770 0.0778

Figure 5 shows the row-normalised confusion matrix on the pooled out-of-fold set, with
counts. The diagonal is strongly dominant for no DR, moderate NPDR and proliferative
DR (recall 0.88, 0.79 and 0.88) but weaker for mild NPDR (0.61) and severe NPDR (0.68).
Figure 6 shows the off-diagonal error rates. Errors are concentrated between neighbouring
stages: mild NPDR was classified as no DR in 20% of cases and as moderate NPDR in
17%, severe NPDR was classified as moderate NPDR in 24%, and moderate NPDR was
classified as mild NPDR in 9%. Errors that skip a grade are uncommon, and no image of
a referable grade was deemed no DR, except 263 moderate-NPDR and 4 proliferative-DR
images (Section 4.3). This ordinal pattern explains why macro-F1 (0.705) trails balanced
accuracy (0.769) and why the two rarest classes dominate the discussion in Section 4.3.

4.3. Per-Class Performance and the Cost of Class Imbalance

Table 4 and Figure 7 give precision, recall (sensitivity), F1 and specificity for each grade,
with group-clustered bootstrap 95% intervals. Specificity is uniformly high (0.923-0.990),
which follows from the one-vs-rest formulation and the abundance of true negatives for
every class, and should not be read as evidence of strong minority-class performance.
Precision is the more informative figure. It is 0.87 or higher for no DR (0.934), moderate
NPDR (0.885) and proliferative DR (0.872), but only 0.296 (95% CI 0.272-0.319) for mild
NPDR and 0.404 (0.357-0.452) for severe NPDR. When the model predicts mild NPDR it
is correct about three times in ten, and when it predicts severe NPDR about four times in
ten. The width of the severe-NPDR intervals, about ten percentage points for precision and
twelve for recall, shows how little information 236 images carry, which is why per-grade
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intervals are reported throughout. Supplementary Table S5 adds the per-grade ROC-AUC
and class-wise ECE with their intervals.
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Figure 5. Row-normalised confusion matrix on the pooled 12,522-image out-of-fold set. Each row
sums to 1.0 and represents the distribution of predicted grades for a given true grade. Counts are
given in brackets.
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Figure 6. Per-true-class off-diagonal error-rate heatmap, isolating misclassification mass by removing
the (necessarily dominant) diagonal cells. Errors concentrate overwhelmingly on ICDR-adjacent
grades, consistent with the ordinal structure of the severity scale.
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Table 4. Per-class precision, recall (sensitivity), F1-score, and specificity for the temperature-scaled
MC-Dropout variant, pooled out-of-fold (n = 12,522), with group-clustered bootstrap 95% confidence
intervals in brackets. Mild and severe NPDR, 6.9% of the data together, have much lower precision and
F1 than the other three grades, although their recall is similar or higher; this is where the imbalance
costs the most.

ICDR Grade Precision Recall (Sens.) F1-Score Specificity Support (n)
0.934 0.882 0.907 0.938
NoDR (0.927-0.940) (0.873-0.890) (0.902-0.912) (0.932-0.943) 6266
. 0.296 0.614 0.399 0.923
Mild NPDR (0.272-0.319) (0.578-0.654) (0.372-0.425) (0.918-0.927) 630
0.885 0.786 0.832 0.943
Moderate NPDR 7 go4) (0.773-0.797) (0.823-0.841) (0.937-0.948) 4477
0.404 0.682 0.508 0.981
Severe NPDR 357 0 452) (0.621-0.741) (0.458-0.553) (0.978-0.983) 236
o 0.872 0.882 0.877 0.990
Proliferative DR ) a5, 0 899) (0.861-0.902) (0.861-0.893) (0.988-0.992) o13
1.0
0.8
5]
S 0.6
n
3
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(o]
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I Precision [ Sensitivity [ Fl-score [ Specificity

Figure 7. Per-class precision, sensitivity, F1-score and specificity with 95% intervals (Table 4). Speci-
ficity is high for every grade, while precision and F1 are low for mild and severe NPDR.

Recall is not the main weakness for the two minority classes. Mild-NPDR recall (0.614)
and severe-NPDR recall (0.682) are lower than moderate-NPDR recall (0.786) but far higher
than their own precision, even though severe NPDR contributed only about 160 images
to each fold’s inner training partition. The model flags rare-grade cases reasonably well;
its weakness is that it over-assigns images from the large neighbouring grades to the rare
ones. Part of this pattern is caused by the class weighting itself: up-weighting rare grades
moves the decision boundary toward them. The training-recipe comparison confirms this
(Section 5.7): with plain cross-entropy, precision rose to 0.470 for mild and 0.598 for severe
NPDR, but recall fell to 0.403 and 0.428. In a screening programme, the weighted model
therefore produces extra false alarms on the minority-grade pathway rather than outright
missed cases; a programme focused on grader workload might prefer a different balance,
for example, through grade-specific decision thresholds or a second-stage classifier for the
flagged subset.
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Not every error has the same clinical cost, so errors were also grouped by direction
(Supplementary Table S12). The errors that matter most are referable eyes called non-
referable. For severe NPDR, this happened in 4 of 236 images (1.7%, 95% CI 0.7-4.3%);
56 of the 75 severe-NPDR errors were down-graded to moderate NPDR, which is still
referable, although in many programmes it carries a less urgent referral. For proliferative
DR, 11 of 913 images (1.2%, 0.7-2.1%) were called non-referable. The largest pool of missed
referable disease is moderate NPDR, of which 673 images (15.0%, 14.0-16.1%) were called
mild or no DR. In the opposite direction, 240 no-DR images (3.8%) were called referable.
Taken as a binary referable /non-referable decision, the model reached a sensitivity of 0.878
(0.870-0.887) and a specificity of 0.948 (0.943-0.953). Mutual information separated correct
from wrong predictions less well within the minority grades (AUROC 0.620 for mild and
0.682 for severe NPDR) than within proliferative DR (0.870) or no DR (0.817), so the
uncertainty signal is weakest where the class imbalance is greatest.

4.4. Discrimination via Roc and Precision-Recall Curves

Figures 8 and 9 show the one-vs-rest ROC and precision-recall curves for the five
grades. Every grade has an ROC-AUC of at least 0.88, the two minority grades included
(0.888 for mild and 0.882 for severe NPDR). These values look reassuring only because
the false-positive rate is computed over the very many true negatives from the other four
grades. The precision-recall curves give a different picture: the mild and severe NPDR
curves lie well below those of no DR, moderate NPDR and proliferative DR over most of
the recall range, in line with the precision values in Table 4. Under the imbalance found in
screening data, ROC-AUC alone is not an adequate summary.
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——— Mild NPDR (AUC = 0.888)
——— Moderate NPDR (AUC = 0.947)
—— Severe NPDR (AUC = 0.882)
. —— PDR (AUC = 0.973)
0.6

0.0 0.2 0.4
False-positive rate

0.8 1.0

Figure 8. One-vs-rest ROC curves for each grade, pooled out-of-fold. Every grade reaches an AUC of
at least 0.88, but because the false-positive rate is dominated by true negatives under this imbalance,
the minority-grade curves should be read together with the precision-recall curves in Figure 9.
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Figure 9. One-vs-rest precision-recall curves per ICDR grade, pooled out-of-fold. Unlike the ROC
curves, the precision-recall curves clearly separate the majority grades (no DR, moderate NPDR,
proliferative DR) from the two minority grades (mild and severe NPDR), consistent with the precision
figures reported in Table 4. Dotted horizontal lines mark the prevalence of each grade, which is the
average precision of a random classifier.

4.5. Calibration Analysis

The calibration-metric block of Table 3 contains the central result. Temperature scaling
alone reduced ECE from 0.186 to 0.078, a 58% relative reduction (paired difference —0.108,
95% CI —0.112 to —0.100; Section 5.3), and reduced the Brier score from 0.322 to 0.283 and
negative log-likelihood from 0.676 to 0.628, without changing a single prediction. Adding
MC-Dropout after temperature scaling changed little: ECE 0.078 (difference —0.0002, not
significant), Brier score unchanged, and NLL slightly lower (0.624). For the top-label
probability, therefore, nearly all of the achievable improvement in this pipeline comes from
the single-parameter correction, not from Monte Carlo sampling. What MC-Dropout adds
is a per-image uncertainty score (Section 4.6). The raw model was under-confident rather
than over-confident (fitted temperatures 0.625-0.707), which is consistent with the class
weighting and label smoothing used in training [50]; the plain cross-entropy model in
Section 5.7 had a fitted temperature close to 1 (mean 0.97) and a raw ECE of only 0.030.

The top-label error that remains after scaling is not spread evenly (Figure 10a). Between
confidences of about 0.6 and 0.87, the calibrated model is still under-confident: in the
0.80-0.87 bin, for example, mean confidence is 0.830 and observed accuracy 0.940. In the top
bin, the pattern reverses: 1364 predictions (10.9% of the dataset) have a mean confidence
of 0.978 but an accuracy of only 0.777. This small group of confidently wrong predictions
is exactly what a single aggregate ECE can hide, and it is examined image by image in
Section 4.7. The bin-level values are given in Supplementary Table S8.

Calibration by grade. Top-label ECE does not show whether the rare grades are
calibrated (Figure 10b—f; Supplementary Table S6). Temperature scaling reduced the class-
wise ECE of all five grades, and none of the reductions had an interval that included zero:
no DR 0.176 to 0.115, mild NPDR 0.096 to 0.078, moderate NPDR 0.104 to 0.076, severe
NPDR 0.152 to 0.102 and proliferative DR 0.035 to 0.014. MC-Dropout moved none of these
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by more than 0.0012. The direction was the same for every grade, but the gain stopped
short where it counts: after scaling, severe NPDR still had seven times the class-wise ECE
of proliferative DR. The per-grade reliability curves show why. For mild and severe NPDR,
the predicted probabilities are systematically higher than the observed frequencies, so the
model over-states the chance of a rare grade, while it under-states the chance of no DR.
A single temperature rescales all grades together and cannot remove a bias that points in
different directions for different grades. Section 5.5 shows that grade-specific maps fitted
on the same calibration split remove most of it, and Section 5.7 shows that the bias comes
largely from class weighting.
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Figure 10. Reliability diagrams for the three confidence variants. (a) Top-label reliability: mean
confidence against observed accuracy in 15 equal-width bins. (b-f) Reliability for each grade: mean
predicted probability of the grade against how often that grade was actually present, in 10 bins, with
the class-wise ECE of variants A and B. Even after temperature scaling, the predicted probabilities of
mild and severe NPDR are well above the observed frequencies.

Sensitivity to binning. The raw-model ECE was 0.186 with 10, 15 and 20 equal-width
bins and 0.185 with 15 equal-mass bins; it does not depend on the binning because the raw
model is under-confident in almost every bin, so the binned gaps all have the same sign.
After temperature scaling, ECE was 0.078, 0.078, 0.080 and 0.078 under the four schemes,
and for the MC-Dropout variant 0.080, 0.078, 0.082 and 0.080 (Supplementary Table S7).
The reduction from raw to calibrated output, and the absence of any gain from MC-Dropout,
held under every scheme.

4.6. Uncertainty-Based Confidence-Stratified Triage

Table 5 and Figure 11a report the triage analysis of Section 3.11. At T = 0.50 on the
no-DR probability, 45.5% of the 12,522 images (5693) could be auto-cleared, but 3.72% of
the cleared images (212) were referable DR (grade > 2) and 5.53% (315) carried some DR.
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Raising the threshold to T = 0.80 reduced the auto-clear fraction to 30.1% (3772 images) and
the referable-DR false-clear rate to 1.46% (55 images; Wilson 95% CI 1.12-1.89%; clustered
bootstrap 1.07-1.88%). Measured against all 5626 referable-DR images, the 55 falsely cleared
cases are 0.98% (0.75-1.27%), so at this threshold the auto-clear step would leave about
99% of referable disease for human grading. Beyond t = 0.80, the auto-clear fraction falls to
zero: the highest no-DR probability assigned to any image is 0.895, so no image reaches
T = 0.90. For this model, therefore, no operating point combines a near-zero miss rate with
a large workload reduction, and t =~ 0.70-0.80 is the range in which the trade-off changes
most: 30—40% fewer images for full grading against a referable-DR false-clear rate of about
1.5-2.3%.

Table 5. Confidence-stratified triage operating points swept over the no-DR posterior-probability
threshold T (temperature-scaled MC-Dropout variant), pooled out-of-fold (N = 12,522). “Referable-
DR false-clear” counts images with true ICDR grade > 2 that were nonetheless auto-cleared at
that threshold; percentages are computed within the auto-cleared subset, and the ranges after the
semicolons are 95% Wilson score intervals. Clustered-bootstrap intervals and the share of all referable
images missed are given in Supplementary Table S9.

Referable-DR

Threshold T A;::;g(l);ar Auto-Clear n Hm;‘::c-tli{::iew ljalse-Clear A(I:Z-,}Z I; fFéllse:r(e:ile)ar
(n, % of Cleared)

0.50 45.5% 5693 54.5% 212 (3.72%; 3.26-4.25) 315 (5.53%; 4.97-6.16)
0.60 43.5% 5444 56.5% 170 (3.12%; 2.69-3.62) 257 (4.72%; 4.19-5.32)
0.70 40.0% 5006 60.0% 116 (2.32%; 1.94-2.77) 171 (3.42%; 2.95-3.96)
0.80 30.1% 3772 69.9% 55 (1.46%; 1.12-1.89) 77 (2.04%; 1.64-2.54)
0.90 0.0% 0 100.0% 0 (n/a) 0 (n/a)

0.95 0.0% 0 100.0% 0 (n/a) 0 (n/a)
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Figure 11. (a) Triage operating points: auto-cleared and human-review fractions and the referable-DR
false-clear rate within the cleared subset (with 95% Wilson intervals) as a function of the no-DR
probability threshold. No image reaches T = 0.90. (b) Risk-coverage curves: selective error rate when
only the images with the lowest uncertainty are retained, for three uncertainty scores; the dotted line
is the error rate with no abstention.
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A threshold-free view of uncertainty comes from comparing the uncertainty scores of
correct and incorrect predictions (Supplementary Figure S3). Misclassified images carried
higher MC-Dropout predictive entropy (median 0.762 versus 0.597 for correct predictions;
Mann-Whitney U test, p < 10-%°) and higher mutual information (median 0.0082 versus
0.0048). Used as error detectors, the scores differed clearly: mutual information identi-
fied misclassified images with an AUROC of 0.748 (95% CI 0.736-0.760), against 0.650
(0.634-0.666) for one minus the maximum confidence and 0.641 (0.624-0.655) for predictive
entropy (Supplementary Table S11). The risk—coverage curves (Figure 11b) show the same
ordering: the AURC was 0.093 for mutual information against 0.137 for confidence and
0.138 for entropy, and keeping the 70% of images with the lowest mutual information gave a
selective error rate of 8.3%, against 10.2% for confidence and 17.0% with no abstention. The
confidence curve also shows the confidently wrong group of Section 4.5: among the images
with the very highest confidence, the error rate is higher than at moderate confidence. This
is the clearest evidence that MC-Dropout carries information the calibrated confidence does
not. It agrees with binary DR studies in which referring the most uncertain predictions
improved performance on the retained cases [14,16].

Uncertainty around the operating points and their stability. The intervals in Table 5
describe sampling uncertainty only (Section 3.9). Applied to each outer fold separately,
the T = 0.80 rule auto-cleared 24.8-36.0% of images with a referable-DR false-clear rate of
1.20-1.88% (Supplementary Table 510), so the false-clear rate was more stable across folds
than the workload. To separate threshold selection from evaluation, a threshold was chosen
on each fold’s calibration split as the lowest T that kept the referable-DR false-clear rate
on that split at or below 1%. The chosen thresholds ranged from 0.70 to 0.85. Applied to
the outer test folds, they cleared 24.3% of images with a pooled referable-DR false-clear
rate of 1.31% (40 of 3047; 95% CI 0.97-1.78%), and the per-fold rates ranged from 0.35% to
2.13%. The 1% target was therefore not met on independent data: a threshold chosen on
1431 calibration images, of which fewer than a hundred are cleared referable cases near the
boundary, is itself uncertain. Any deployment threshold would need a larger selection set
and confirmation on external data.

Is a false-clear rate of about 1.5% acceptable? No single answer exists. The tolerance
depends on the screening interval, on whether auto-cleared patients are re-imaged in the
next round, on the share of cleared cases that are moderate rather than severe disease, and
on the sensitivity of the human graders the system would partly replace, which is itself
below 100%. In this study, all 55 referable images cleared at T = 0.80 were moderate NPDR;
no severe-NPDR or proliferative-DR image was cleared. A screening programme would set
its tolerance in advance; our results show what each tolerance costs in workload for this
model, not which tolerance is acceptable. The 0.70-0.80 range is therefore described here as
the region where the trade-off changes most, not as a recommended setting.

Can uncertainty make auto-clearance safer? Mutual information detected errors better
than confidence, yet the triage rule uses the no-DR probability. At the same workload as
T = 0.80 (3772 images), clearing the images predicted as no DR with the lowest mutual
information gave 83 referable-DR false clears (2.20%, 95% C1 1.78-2.72%), and clearing the
lowest-mutual-information images among those with a no-DR probability of at least 0.70
gave 74 (1.96%, 1.57-2.46%), against 55 (1.46%) for the probability threshold alone; ranking
by predictive entropy gave 52 (1.38%, 1.05-1.80%), no better than the threshold. Mutual
information is good at ranking which predictions are wrong overall, but for the narrower
question of whether an image is safe to release as normal, the calibrated no-DR probability
was the better rule. Because these comparisons fix the workload on the same pooled data,
they compare rules rather than select one.
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4.7. Per-Class Error Analysis and the Confidently-Wrong Tail

Of the 12,522 pooled OOF predictions, 2127 (16.99%) were misclassified by the
temperature-scaled MC-Dropout model. By true class, 960 errors (45.1%) came from
moderate-NPDR images, 741 (34.8%) from no-DR images, 243 (11.4%) from mild-NPDR
images, 108 (5.1%) from proliferative-DR images and 75 (3.5%) from severe-NPDR images,
a distribution driven largely, though not entirely, by class prevalence. The most frequent
misclassification was no DR predicted as mild NPDR (501 images), followed by moderate
NPDR predicted as mild NPDR (410), moderate NPDR predicted as no DR (263), no DR
predicted as moderate NPDR (226) and moderate NPDR predicted as severe NPDR (201).
Most errors therefore lie between neighbouring stages, as Figure 6 shows.

Many of these errors were made with high confidence, which matters for deployment.
The median confidence among misclassified images is 0.739, the 75th percentile is 0.875,
and 435 errors (20.5%) were made with a confidence above 0.90, including individual cases
with a confidence of 0.999. A rule that looks only at the model’s maximum confidence
would let these images through. This is why we check calibration (Section 4.5) and validate
the triage curve itself (Section 4.6) rather than trusting one confidence cut-off. Every error,
with its confidence and uncertainty, is listed in Supplementary Data S3.

4.8. Explainability Results: Grad-CAM and LIME

We looked at Grad-CAM maps for a systematic sample of 110 test images (Section 3.10;
Supplementary Table S17 and Figures S9 and 510). Figure 12 shows mild NPDR, the grade
with the weakest per-class results: four images the model got right and four it got wrong,
each explained by the fold model that tested it. Across the sample, attention was compact:
the median share of the image above a 0.5 activation threshold was 3.0% (interquartile range
2.3-4.9%), and the activation peak lay inside the fundus in 106 of 110 images (96.4%). Some
activation nevertheless landed outside the circular field of view: a median of 0.10 of the
activation energy (interquartile range 0.01-0.20) and 0.51 in one image. Correctly classified
mild, moderate and no-DR images had a larger outside share (median 0.15, 0.10 and 0.12)
than correctly classified severe and proliferative images (0.03 and 0.08), which suggests that
for the earlier grades the network sometimes relies on global image properties rather than
on local findings. In the misclassified mild-NPDR images, the activation lies on regions
without obvious lesions, consistent with mild NPDR being defined by microaneurysms,
small low-contrast findings that an image-level classifier without lesion supervision can
easily miss, and with benchmark evidence that saliency maps often localise pathology
imprecisely [37,38]. Detectors built for small DR lesions [23] are one way of giving a grader
the lesion-level evidence that this image-level classifier lacks.

LIME was applied to the most confident correct and the most confident misclassified
image of each grade (Figure 13; Supplementary Table S18 and Figure S11). The local
surrogate fitted moderately well (mean R? 0.50, 95% CI 0.40-0.59), better for correct (0.54)
than for misclassified images (0.46). The explanations were faithful to the model: removing
the 12 explained superpixels lowered the class probability by 0.77 on average, against 0.21
when the same number of random superpixels was removed (difference 0.56, 0.40-0.71).
They were only moderately stable to the random sampling of LIME itself (IoU between
seeds 0.50, Dice 0.65) but were stable to a 10% change in brightness (IoU 0.87). Agreement
with Grad-CAM was low: the IoU between the LIME region and an equally sized Grad-
CAM region was 0.17 and the pixel-wise rank correlation 0.09. The two methods therefore
highlight different parts of the image for the same prediction, which is a reason to report
both and a warning against reading either as a lesion map. Because the sample is small and
no lesion-level ground truth was used, these findings describe the explanations, not their
clinical correctness (Section 6.2).
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4.9. Cross-Validation Variability

Figure 14 and Table 6 summarise fold-level variability for the temperature-scaled MC-
Dropout variant (per-fold values for all variants in Supplementary Table S4). The headline
metrics were stable across the five folds: macro-F1 ranged from 0.680 to 0.721 (mean 0.706,
SD 0.016), balanced accuracy from 0.747 to 0.799 (mean 0.769, SD 0.021), MCC from 0.719
to 0.754 (mean 0.738, SD 0.014) and macro ROC-AUC from 0.928 to 0.940 (mean 0.933, SD
0.005). One fold scored lower on macro-F1, yet no fold stood out on MCC or ROC-AUC,
so the pooled results in Table 3 do not depend on a lucky split. Macro-F1 and balanced
accuracy show the widest spread, consistent with their dependence on the two rarest grades,
which have only about 47 severe-NPDR and 126 mild-NPDR images per test fold.

Correct Correct Correct
Predicted: Mild NPDR Predicted: Mild NPDR Predicted: Mild NPDR
Confidence 0.79 Confidence 0.80 Confidence 0.94

Outside fundus: 0.24 Outside fundus: 0.13 Outside fundus: 0.12

Misclassified Misclassified Misclassified
Predicted: No DR Predicted: Moderate NPDR Predicted: No DR
Confidence 0.43 Confidence 0.68 Confidence 0.68

Outside fundus: 0.05 Outside fundus: 0.02

]
© e ° =
IS =Y @ o

Grad-CAM activation
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F

Figure 12. Grad-CAM for true mild-NPDR test images: four correctly classified (top two rows)
and four misclassified (bottom two rows), each with the fundus image and the Grad-CAM overlay.
Titles give the predicted grade and its confidence; the number above each overlay is the share of
activation energy outside the fundus. Panels for the other grades and summary statistics are given in
Supplementary Figures S9 and S10 and Supplementary Table S17.

https://doi.org/10.3390/bioengineering13111304


https://doi.org/10.3390/bioengineering13111304

Bioengineering 2026, 13, 1304

30 of 45

Agreement

0.8

o
o

o
IS

0.2

0.0

(a) Stability

LIME explanation quality (n = 10 images)

(b) Faithfulness

(c) Agr

with Grad-CAM

Drop in class probability (mean + SD)

=
o

o
@

o
o

14
IS

o
o

o
o

0.767

0.208

0.275

1.0

0.8

0.6

LIME versus Grad-CAM

Seed
lou

Seed
Dice

Seed Brightness ~ Brightness  Brightness
lou

Spearman

ice Spearman

Explained
removed

Random
removed

kept

Only explained

loU

Dice

B Correct
mm Misclassified

Spearman

Figure 13. Quality of the LIME explanations (ten images: the most confident correct and the most
confident misclassified image of each grade). (a) Stability between sampling seeds and under a 10%
brightness change (IoU, Dice and Spearman correlation). (b) Faithfulness: drop in class probability
when the explained superpixels are removed, when the same number of random superpixels is
removed, and when only the explained superpixels are kept. (¢) Agreement between LIME and Grad-
CAM for correct and misclassified images. The individual explanations are shown in Supplementary
Figure S11.
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Figure 14. Fold-level variability over the five cross-validation folds (temperature-scaled MC-Dropout
variant) for macro-F1, balanced accuracy, MCC, macro ROC-AUC, macro PR-AUC and ECE. Dots are
individual folds.

Table 6. Cross-fold variability summary: mean, standard deviation, minimum, and maximum of each
headline metric across the five independently trained fold models (temperature-scaled MC-Dropout
variant; full per-fold, per-variant values in Supplementary Table S4).

Metric Mean SD Min Max
Macro-F1 0.7055 0.0160 0.680 0.721
Balanced accuracy 0.7691 0.0206 0.747 0.799
MCC 0.7379 0.0140 0.719 0.754
ROC-AUC (macro, OvR) 0.9325 0.0050 0.928 0.940
PR-AUC (macro) 0.7461 0.0161 0.719 0.758
ECE (15-bin) 0.0861 0.0086 0.074 0.094
Brier score 0.2827 0.0131 0.273 0.306

4.10. Bootstrap Confidence Intervals

Table 7 reports bootstrap 95% confidence intervals (1000 resamples of the 12,359 near-

duplicate groups) for the headline metrics of the temperature-scaled MC-Dropout variant,
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complementing the cross-fold variability in Section 4.9. The intervals are narrow relative to
their point estimates (for example, macro-F1 = 0.705, 95% CI 0.691-0.718; MCC = 0.738,
0.729-0.748) because of the large sample, but the per-grade intervals in Table 4 are much
wider for the rare grades, and the image-level independence assumed within groups may
still make them somewhat optimistic (Section 3.9).

Table 7. Group-clustered bootstrap (R = 1000 resamples) 95% confidence intervals for pooled out-of-
fold headline metrics, temperature-scaled MC-Dropout variant.

Metric Point Estimate 95% CI
Macro-F1 0.7046 [0.6910, 0.7180]
Balanced accuracy 0.7691 [0.7545, 0.7845]
MCC 0.7377 [0.7288, 0.7483]
ROC-AUC (macro, OvR) 0.9327 [0.9249, 0.9400]
PR-AUC (macro) 0.7393 [0.7221, 0.7583]
ECE (15-bin) 0.0779 [0.0739, 0.0849]
Brier score 0.2827 [0.2731, 0.2913]

4.11. Computational Efficiency

Table 8 lists model size and the inference cost we measured on an NVIDIA GeForce
RTX 5080 Laptop GPU. EfficientNet-B0 has 4.34 million parameters and needs 2.26 GFLOPs
for one 384 x 384 image. A deterministic pass took 8.54 ms per image at batch size 1
(95th percentile 11.08 ms; 117 images/s) and 1.00 ms at batch size 16 (999 images/s). The
M =20 MC-Dropout procedure, implemented as in the analysis with twenty complete for-
ward passes, took 107.2 ms per image at batch size 1 (95th percentile 124.6 ms; 9.3 images/s)
and 19.5 ms per image at batch size 16 (51 images/s), about 12 and 20 times the deterministic
cost (all measurements in Supplementary Table S16). Because the only dropout layer sits in
the projection head, the same output distribution is obtained by computing the backbone
once and repeating only the head; implemented this way, MC-Dropout took 8.14 ms per
image at batch size 1 and 1.08 ms at batch size 16, the same as a single deterministic pass, and
peak GPU memory at batch size 16 was 1467 MB in all three cases. Including reading the im-
age from disk and preprocessing, the end-to-end time per image at batch size 1 was 32.6 ms
for the deterministic pass and 35.9 ms for MC-Dropout, so file input and preprocessing,
not the network, dominate the cost. The cost usually attributed to MC-Dropout therefore
depends on where dropout is placed and how the passes are implemented. For comparison,
the ViT-Large encoder of RETFound [7] has roughly 300 million parameters [21], about
seventy times more than EfficientNet-B0. Removing repeated work is a familiar way of sav-
ing time in other computing problems, from graph search on supercomputers [51] to early
abandoning in dynamic time warping [52]; here, the repeated work is the backbone pass.

Table 8. Model complexity and inference-latency/throughput benchmarks (NVIDIA GeForce RTX
5080 Laptop GPU; all values measured; 15 warm-up and 50 timed runs).

Quantity Value
Parameters (millions) 4.337
GFLOPs (single 384 x 384 pass) 2.258
Latency, batch =1 (ms/image) 8.54
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Table 8. Cont.

Quantity Value

95th-percentile latency, batch = 1 (ms/image) 11.08

Throughput, batch = 1 (images/s) 1171

Latency, batch = 16 (ms/image) 1.00

Throughput, batch = 16 (images/s) 999.3

MC-Dropout (M = 20) latency, batch = 1, 20 full passes (ms/image) 107.19
MC-Dropout (M = 20) latency, batch = 16, 20 full passes (ms/image) 19.54
MC-Dropout (M = 20), backbone computed once, batch = 1 (ms/image) 8.14
MC-Dropout (M = 20), backbone computed once, batch = 16 (ms/image) 1.08

Peak GPU memory, batch = 16, deterministic/MC-Dropout (MB) 1467 /1467

End-to-end time incl. loading and preprocessing, batch =1,
deterministic/MC-Dropout (ms/image)

32.6/35.9

5. Ablation Study: Isolating the Contribution of Calibration and
Uncertainty Quantification

Because this study does not propose a new architecture, its ablation study is deliberately
framed around the axis of genuine methodological novelty identified in Sections 1 and 2:
the confidence-computation pipeline applied to a single, fixed, fold-matched backbone,
rather than a comparison of alternative network architectures. We compare three variants
on the same images, folds and trained weights: (A) the raw deterministic softmax; (B) the
same output after temperature scaling; and (C) temperature-scaled MC-Dropout, averaging
20 stochastic passes. Since nothing else differs, any change between them comes from how
confidence is computed at inference, not from the architecture, the data split or the random
seed. This is what an ablation should isolate.

The ablation addresses three questions that are easy to confuse. Classification depends
on the trained network, so A and B are identical by construction. Calibration depends
on the map applied to the outputs. Error detection depends on the score used to rank
images. Sections 4.6, 5.2 and 5.3 address these questions in turn. Section 5.5 then compares
temperature scaling with other calibration maps, Section 5.6 examines the number of MC-
Dropout passes, and Section 5.7 asks how much of the result depends on the classifier itself
by repeating the paired design with other training recipes and backbones.

5.1. Ablation Design

Variant A is the ablation baseline throughout this section. Variant B isolates the
least expensive possible calibration intervention, a single scalar fitted per fold. Variant C
isolates the additional, more expensive contribution of stochastic forward-pass uncertainty
estimation layered on the calibrated baseline. Each pairwise comparison between Pipelines
A and B, B and C, and A and C was performed using the same 12,522 matched images
and evaluated using two statistical approaches. The first was a paired bootstrap: we drew
1000 resamples of the near-duplicate groups, applied the same resample to both variants
and recomputed the difference in each metric, which gives a 95% interval for the paired
difference, deemed significant if it excludes zero. The second was McNemar’s test with
continuity correction on the per-image correct/incorrect outcomes of A and C, which asks
whether the two variants get different images right more often than chance would allow.
Table 9 gives the results.

https://doi.org/10.3390/bioengineering13111304


https://doi.org/10.3390/bioengineering13111304

Bioengineering 2026, 13, 1304

33 0f 45

Table 9. Paired ablation statistics on the 12,522 matched out-of-fold images. A = raw softmax;
B = temperature-scaled; C = temperature-scaled MC-Dropout. Differences are the later variant minus
the earlier; negative values indicate improvement for ECE, Brier score, and NLL. Intervals are from
1000 paired group-clustered bootstrap resamples.

95% CI (Paired Group-Clustered

Comparison Metric Paired Difference Bootstrap, R = 1000) Significant
Avs. B ECE —0.1082 [—0.1115, —0.0999] Yes
Avs. B Brier score —0.0387 [—0.0408, —0.0365] Yes
Avs. B NLL —0.0485 [—0.0547, —0.0420] Yes
Avs. B Macro-F1/BA/MCC 0 (identical predictions) n/a No
Bvs. C ECE —0.0002 [—0.0036, +0.0022] No
Bvs. C Brier score —0.0001 [—0.0003, +0.0002] No
Bvs. C NLL —0.0039 [—0.0048, —0.0031] Yes
Avs. C Macro-F1 —0.0008 [—0.0024, +0.0007] No
Avs. C Balanced accuracy —0.0013 [—0.0037, +0.0007] No
Avs. C MCC —0.0001 [—0.0015, +0.0012] No

5.2. Discrimination Metrics: Unchanged Across Variants

Temperature scaling left every prediction as it was, so A and Bagree on all 12,522 images,
and their discrimination differences are exactly zero. MC-Dropout altered the predicted
grade of 41 images (0.33%). Among these, 17 were wrong under variant A and right under
variant C, 18 were right under A and wrong under C, and six were wrong under both.
McNemar'’s test showed no difference between the error patterns (x? = 0.00, p = 1.00). The
paired intervals for the A versus C differences in macro-F1 (—0.0008; 95% CI —0.0024 to
+0.0007), balanced accuracy (—0.0013; —0.0037 to +0.0007) and MCC (—0.0001; —0.0015
to +0.0012) all include zero. MC-Dropout’s averaging therefore does not change which
images are classified correctly; it reshapes the confidence attached to them, which is the
expected behaviour for a Monte Carlo approximation of the same network.

5.3. Calibration Metrics: Where the Real Ablation Signal Lives

The calibration metrics carry the ablation signal (Table 9). Moving from variant A to
variant B reduced ECE by 0.108 (95% CI —0.112 to —0.100), class-wise ECE by 0.036 (—0.036
to —0.035), Brier score by 0.039 (—0.041 to —0.037) and negative log-likelihood by 0.049
(—0.055 to —0.042), all clearly significant. Moving from B to C produced no significant
change in ECE (—0.0002; —0.0036 to +0.0022) or Brier score (—0.0001; —0.0003 to +0.0002),
a small significant increase in class-wise ECE (+0.0008; +0.0006 to +0.0010) and a small
significant reduction in negative log-likelihood (—0.0039; —0.0048 to —0.0031). Almost all
of the calibration gain therefore comes from the single-parameter temperature step, not
from Monte Carlo sampling. MC-Dropout’s distinct contribution lies elsewhere: its mutual
information detected misclassified images with an AUROC of 0.748, against 0.650 for the
calibrated confidence (Section 4.6), an image-specific signal that a single global temperature
cannot supply.

5.4. Practical Recommendation Arising from the Ablation

Three practical recommendations follow. First, temperature scaling should be treated
as a minimum, near-zero-cost step before a DR-grading model’s probabilities are used
for any automated decision, given its 58% ECE reduction with no change in predictions.

https://doi.org/10.3390/bioengineering13111304


https://doi.org/10.3390/bioengineering13111304

Bioengineering 2026, 13, 1304

34 of 45

Second, when the probabilities of individual grades are used, for example to flag a possible
severe NPDR, a grade-specific map fitted on the calibration split should be added, because
one temperature leaves the rare grades poorly calibrated (Sections 4.5 and 5.5). Third,
MC-Dropout should be added when a per-image reliability signal is needed, and its value
lies in the mutual-information score rather than in further calibration. When dropout is
confined to the head, as here, the passes should reuse the backbone features, which removes
almost all of the extra inference cost (Table 8).

5.5. Comparison with Alternative Post Hoc Calibration Methods

Temperature scaling was compared with three class-specific maps fitted on the same cal-
ibration split of each fold (Section 3.5): vector scaling, Dirichlet calibration with off-diagonal
regularisation, and one-vs-rest isotonic regression (Table 10; Supplementary Table S13). For
top-label ECE, all three alternatives were clearly better than temperature scaling: 0.022 for
vector scaling, 0.018 for Dirichlet calibration and 0.009 for isotonic regression, against 0.078
(differences —0.056, —0.060 and —0.070, all with 95% confidence intervals excluding zero).
The difference was larger still for the rare grades. The class-wise ECE of severe NPDR fell
from 0.102 with temperature scaling to 0.004 with vector scaling and 0.003 with Dirichlet cal-
ibration, and that of mild NPDR from 0.078 to 0.005 and 0.006. Negative log-likelihood fell
from 0.628 to 0.382 and 0.375, and the Brier score from 0.283 to 0.193 and 0.192. Vector scal-
ing and Dirichlet calibration changed few predictions (macro-F1 0.709 and 0.706), whereas
isotonic regression, which renormalises five separate maps, raised macro-F1 to 0.726 but
had a higher class-wise ECE (0.013) and NLL (0.424) than the two parametric maps.

Table 10. Post hoc calibration maps fitted on the calibration split of each fold and evaluated on the
pooled out-of-fold predictions (n = 12,522). Class-wise ECE is the mean one-vs-rest ECE over the five
grades; mild and severe columns give the class-wise ECE of those grades. Confidence intervals are
given in Supplementary Table S13.

Class- Class- Class- Brier
Calibration Map Parameters ECE . Wise ECE, Wise ECE, NLL Macro-F1

Wise ECE . Score

Mild Severe

Temperature scaling 1 0.078 0.077 0.078 0.102 0.628 0.283 0.705
Vector scaling 10 0.022  0.009 0.005 0.004 0.382 0.193  0.709
Dirichlet (ODIR) 30 0.018 0.008 0.006 0.003 0.375 0.192 0.706
Isotonic, one-vs-rest non-parametric  0.009  0.013 0.016 0.006 0424 0.199 0.726
Temperature-scaled MC-Dropout 1 0.078 0.078 0.078 0.103 0.624 0.283 0.705

These results revise an interpretation of the first version of this paper. A single tem-
perature corrects the overall scale of the probabilities, which is enough for the top-label
confidence that drives the triage rule, but it cannot correct the grade-specific bias left by
class weighting (Section 4.5). Ten parameters were enough to remove most of that bias,
and the risk of overfitting a small calibration split did not materialise here: each split held
27 severe-NPDR images, yet the maps fitted on it transferred well to the outer test folds.
We therefore recommend temperature scaling as a minimum and a grade-specific map
whenever the probabilities of individual grades are reported or used.

5.6. Sensitivity to the Number of MC-Dropout Passes

M = 20 was set before the experiments. To check it, M passes were drawn at random
from the 100 stored passes per image, three times for each M (Figure 15; Supplementary
Table S14). The error-detection AUROC of mutual information rose from 0.679 with M = 5
to 0.721 with M = 10, 0.746 with M = 20, 0.758 with M = 30 and 0.767 with M = 50,
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with a standard deviation across repeats of at most 0.004. ECE (0.077-0.079), macro-F1
(0.704-0.705) and the referable-DR false-clear rate at T = 0.80 (1.43-1.48%) did not change
with M. The calibrated probabilities are therefore stable with as few as five passes, whereas
the uncertainty ranking keeps improving beyond 20 passes, at a diminishing rate. Because
the passes can reuse the backbone features (Section 4.11), using 50 passes instead of 20
would cost little, and we would recommend it for the error-detection use.

Sensitivity to the number of MC-Dropout passes (3 repeats per M)
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Figure 15. Sensitivity to the number of MC-Dropout passes (M), three random draws of M passes
from 100 stored passes per image. (a) Error-detection AUROC of mutual information; (b) ECE;
(¢) macro-F1; (d) referable-DR false-clear rate at T = 0.80. Shaded bands are 1 standard deviation
across draws; the dashed line marks M = 20, used in the main analysis.

5.7. Training Recipe and Backbone

The paired design of Sections 5.1-5.6 holds the trained network fixed. To ask how much
of the result depends on that network, the main model was compared with seven others
trained on the same group-aware folds (Table 11; Figure 16; Supplementary Table S15
and Figures S4-S8): four alternative imbalance remedies, early stopping on a separate
monitoring split, and two other backbones. Each was trained for all five folds and evaluated
with the same calibration and triage pipeline.

Imbalance remedy. The choice of remedy changed every part of the result. All four
alternatives gave a higher macro-F1 than class-weighted cross-entropy: 0.726 with plain
cross-entropy, 0.726 with focal loss, 0.735 with class-balanced loss and 0.728 with oversam-
pling (differences +0.021 to +0.030, all with confidence intervals excluding zero). They
did so by raising minority-grade precision at the cost of recall: with plain cross-entropy,
severe-NPDR recall fell from 0.682 to 0.428, and with class-balanced loss, which is a milder
re-weighting, to 0.593. Their calibration was much better before any correction (raw ECE
0.025-0.079 against 0.186) and after temperature scaling (0.018-0.030 against 0.078), and
their class-wise ECE was 0.014-0.032 against 0.078. The class weighting of the main model
is therefore the main source of its grade-level miscalibration. The same models, however,
were less safe for triage. Because they assign higher no-DR probabilities, they auto-cleared
42-47% of images at T = 0.80, but with referable-DR false-clear rates of 2.03-2.89%, against
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1.46% for the main model, and every one of these intervals lay above that of the main model.
No single remedy was best on all counts: class weighting protected rare-grade recall and
gave the safest auto-clear rule at a fixed threshold, while the unweighted or mildly weighted
losses gave better discrimination and calibration.

plain CE

focal loss

class-balanced loss

sqrt oversampling

early stopping

ResNet-50

A Macro-F1 A ECE (temp.-scaled MC-Dropout) A Class-wise ECE
_— —e— L gl
—_— —e— L g
—— —e— [ |
—e— —e— @
—_—0— H—@— L
—_— —o— i
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Difference from main model (95% Cl) }
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Figure 16. Paired differences from the main model (class-weighted cross-entropy) in macro-F1, ECE
after temperature scaling with MC-Dropout, and class-wise ECE, with 95% group-clustered bootstrap
intervals. Red points have intervals excluding zero. ViT-B/16 did not converge under the shared
recipe and is omitted (Table 11).

Checkpoint rule. Early stopping on a separate monitoring split selected epochs 12-18
(mean 15.2) out of a maximum of 20. It raised macro-F1 to 0.719 (+0.015, 95% CI +0.004 to
+0.026) and reduced class-wise ECE slightly (—0.009), but its top-label ECE after tempera-
ture scaling (0.084) did not differ from that of the main model (+0.006, —0.002 to +0.013).
Its triage behaviour was almost the same (31.6% cleared, 1.34% false-clear rate). The final-
epoch rule of the main model therefore did not distort the calibration findings, although
a slightly longer, monitored schedule gave a small gain in discrimination at 1.6 times the
training time.

Backbone. ResNet-50, with 24.0 million parameters, gave the same macro-F1 as
EfficientNet-B0O (0.706; difference +0.002, —0.009 to +0.012), higher minority-grade re-
call (0.710 for mild and 0.737 for severe NPDR), a slightly lower ECE after temperature
scaling (0.063 against 0.078), a similar class-wise ECE (0.082) and an almost identical triage
curve (32.1% cleared, 1.37% false-clear rate). The qualitative findings of this paper, namely
large miscalibration from class weighting, removal of most top-label errors by one tempera-
ture, and the need for a grade-specific map for the rare grades, held for both convolutional
backbones. ViT-B/16, trained at 224 x 224 pixels with the same optimiser, learning rate
and twelve-epoch schedule, did not converge: its training loss stayed between 1.73 and
1.87, and its macro-F1 was 0.179. This is a failure of the shared recipe for a transformer,
which normally needs a warm-up, a lower learning rate and a longer schedule [21], not
evidence about transformers as such; a fair transformer comparison is left to future work
(Section 6.3).

Cost. On the study GPU, five-fold training took 4.28 h for the main model, 4.10-4.62 h
for the other EfficientNet-BO recipes, 6.98 h with early stopping (more epochs) and 6.41 h
for ResNet-50 (Supplementary Table S15 and Figure S8). For a screening deployment,
EfficientNet-BO therefore offers the same reliability as ResNet-50 at about a fifth of the
parameters and two thirds of the training time.
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Table 11. Training recipes and backbones compared on the same group-aware folds (temperature-scaled MC-Dropout output unless stated). A macro-F1 is the paired
difference from the main model with a 95% group-clustered bootstrap interval. ECE is given for the raw output and after temperature scaling. The false-clear rate is
the share of referable-DR images among those auto-cleared at T = 0.80, with a 95% Wilson interval. Training time is the total for five folds. BO = EfficientNet-BO.

.. . . Referable
Model Params (M) Macro-F1 ) Precision, Mild/  Recall, Mild/ ECE Raw — Class-Wise ECE  Auto-Clear at 0.80 False-Clear Training (h)
(A vs. Main) Severe Severe Temp. at 0.80
?&a‘glghted CE 4 0.705 0.30/0.40 0.61/0.68 0.186 — 0.078 0.078 30.1% 1.46% (1.12-1.89)  4.28
0.726 (+0.022
BO, plain CE 4.34 [+0.009, 0.47/0.60 0.40/0.43 0.030 — 0.030 0.015 46.9% 2.71% (2.32-3.16)  4.48
+0.035])
0.726 (+0.021
B0, focal loss 4.34 [+0.008, 0.48/0.58 0.44/0.44 0.079 — 0.018 0.014 42.1% 2.03% (1.68-2.45) 4.31
+0.035])
BO, 0.735 (+0.030
class-balanced 4.34 [+0.020, 0.42/0.48 0.56/0.59 0.050 - 0.022 0.032 44.3% 2.58% (2.19-3.03) 4.10
loss +0.0401])
BO. sart 0.728 (+0.023
' 59 . 4.34 [+0.012, 0.42/0.56 0.46/0.50 0.025 - 0.029 0.019 45.5% 2.89% (2.49-3.36) 4.62
oversampling +0.036])
BO. carl 0.719 (+0.015
s cary 4.34 [+0.004, 0.32/0.52 0.56/0.56 0.196 — 0.084 0.069 31.6% 1.34% (1.03-1.75)  6.98
stopping +0.026])
0.706 (+0.002
ResNet-50 24.03 [—0.009, 0.30/0.38 0.71/0.74 0.184 — 0.063 0.082 32.1% 1.37% (1.05-1.78)  6.41
+0.012])
) 0.179 (—0.526
ViT-B/16, 224 px 86.00 [—0.540, 0.07/0.02 0.00/0.44 0.111 - 0.094 0.176 0.0% n/a 4.01
(not converged) ~0511])
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6. Conclusions and Future Work
6.1. Conclusions

We evaluated an EfficientNet-BO DR grader on the 12,522-image DDR dataset, with
its natural imbalance, using five-fold cross-validation built from groups of near-duplicate
images and inner calibration splits, and judged it on calibration, uncertainty and triage as
well as on discrimination. Five results are worth stating. First, discrimination is respectable
(macro-F1 0.705, 95% CI 0.691-0.718; balanced accuracy 0.769; MCC 0.738; macro ROC-AUC
0.933) but uneven: precision falls to 0.30 for mild and 0.40 for severe NPDR, a weakness
hidden by accuracy and ROC-AUC. Second, the raw network was poorly calibrated (ECE
0.186). One temperature removed most of the top-label error (ECE 0.078) without changing
any prediction, but the rare grades stayed poorly calibrated until a grade-specific map
was added (class-wise ECE below 0.01). Third, much of this miscalibration is caused by
the class weighting chosen to protect rare grades, which at the same time gives the safest
auto-clear rule; the imbalance remedy is therefore a trade-off, not a free improvement.
Fourth, MC-Dropout adds no calibration benefit, but its mutual information detects errors
better than confidence (AUROC 0.748 versus 0.650), and when dropout is confined to the
head it costs almost nothing at inference. Fifth, at T = 0.80 on the no-DR probability, 30.1%
of images were auto-cleared with a referable-DR false-clear rate of 1.46% (1.12-1.89%),
all of it moderate NPDR, and the model never assigned a no-DR probability above 0.895;
a threshold chosen on the calibration split for a 1% target gave 1.31% on the test folds.
These findings come from retrospective internal validation on one dataset and should be
kept apart from the clinical benefits they suggest. They show how calibration, uncertainty
and an auto-clear rule behaved for this model on DDR; they do not show that the same
operating points would be safe in a screening programme, which would need external
and preferably prospective validation that accounts for population and camera differences,
image quality, grader interaction and patient outcomes. On this basis, we recommend that
DR-grading studies report calibration overall and per grade as well as triage curves with
confidence intervals, alongside accuracy, and we do not recommend any specific threshold
for clinical use.

6.2. Limitations

Several limitations qualify the above conclusions and should be disclosed transpar-
ently. (i) Single-modality, image-only evaluation. No structured clinical metadata (age,
glycated haemoglobin, blood pressure, body-mass index) were available for the DDR co-
hort used in this study. Rather than fabricating synthetic patient metadata to simulate a
multimodal, cross-attention image-plus-metadata fusion architecture, an approach that
would risk conflating genuine methodological findings with artefacts of an invented data-
generating process, this study reports the metadata-conditioned Shapley-value (SHAP)
explainability analysis originally scoped for such a fusion architecture as not applicable
to the present data release, and defers a genuine multimodal evaluation to future work
conducted on a cohort with authentic, clinically linked systemic variables. (ii) Limited
backbone and single-dataset scope. The main analysis used EfficientNet-B0; ResNet-50
and ViT-B/16 were trained only under the same recipe (Section 5.7), the transformer did
not converge under it, and only one dataset (DDR) was evaluated. Generalisation of the
specific numerical findings (though plausibly not of the qualitative calibration/triage argu-
ment) to other backbones, other DR datasets, or other population case-mixes remains to be
established. (iii) The absence of pixel-level lesion ground truth for this DDR grading sub-
set precluded quantitative Grad-CAM localisation-fidelity metrics (IoU, Dice, localisation
precision/recall); the explainability findings in Section 4.8 describe the stability, faithfulness
and agreement of the explanations, not their clinical correctness. DDR does provide a
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separate subset with pixel-level lesion annotations, and comparing attribution maps with it
is planned (Section 6.3). (iv) Single-institution/single-population data source. DDR was
collected from Chinese screening centres; calibration behaviour in particular is known to be
sensitive to distribution shift [34] between training and deployment populations, and the
calibration and triage findings reported here should be re-validated, not merely assumed to
transfer, before deployment on a different population. (v) Training-configuration scope.
Twelve training epochs per fold, while sufficient to reach the validation-loss plateau docu-
mented in Figure 4, is a comparatively modest training budget by contemporary standards;
a longer schedule, learning-rate warm restarts, or stronger regularisation might shift the
raw-model calibration starting point (Section 4.5) and is a natural target for follow-up work;
early stopping on a separate monitoring split changed discrimination slightly but not the
calibration findings (Section 5.7). (vi) Patient-level dependence. DDR releases no patient
identifiers. Grouping by near-duplicate images removed repeated photographs of the same
eye from both sides of each split, but the two eyes of one patient may still fall into different
folds, which may make the reported discrimination and calibration slightly optimistic and
the bootstrap intervals somewhat narrow. (vii) No external validation. All results come
from internal cross-validation on DDR, whose images were collected at Chinese screen-
ing centres with several camera types. Calibration is known to degrade under changes
of population, camera, field of view and image quality [16,34], and the temperature and
the class-specific maps fitted here would need refitting, or at least checking, on each new
population; the auto-clear threshold is the quantity most sensitive to such a shift, because
it depends on the tail of the no-DR probability. Validation on independent datasets such
as APTOS 2019, IDRiD, Messidor-2 or EyePACS is therefore required before any of the
operating points can be transferred. (viii) Limited MC-Dropout scope. Dropout acts only
in the projection head, so the samples reflect head uncertainty given fixed features; deep
ensembles were not compared. (ix) Triage thresholds not externally confirmed. A threshold
chosen on the calibration split did not meet its 1% target on the test folds (1.31%), and
the acceptable false-clear rate is a programme decision outside the scope of this study. (x)
Small explanation samples. LIME was applied to ten images and Grad-CAM to 110, without
lesion-level ground truth. (xi) Single run per recipe. Each training recipe was run once
on one partition; repeated cross-validation with different seeds would separate partition
variability from training variability.

6.3. Future Work

Building on the limitations above, six extensions are recommended. First, external
validation of the calibration maps and of the triage curve on independent datasets (APTOS
2019, EyePACS, Messidor-2, IDRiD) and, ideally, on a prospectively collected population
with patient-level identifiers, together with an analysis of the workload and miss-rate
trade-off in a real screening workflow, is required before any operating point in Table 5
could be recommended. Second, the paired protocol should be repeated with transformer
and foundation-model backbones [7,21,22] trained with recipes suited to them (warm-
up, lower learning rates, longer schedules), since the shared recipe used here was not
adequate for ViI-B/16. Third, because class weighting improved rare-grade recall and triage
safety but harmed calibration, combinations should be tested, for example, class-balanced
loss followed by a grade-specific calibration map, or grade-specific decision thresholds
chosen on the calibration split. Fourth, Grad-CAM and LIME maps should be compared
quantitatively with the DDR lesion annotations (IoU, Dice, pointing game and region-level
AUROC) over a larger, systematically sampled set. Fifth, deep ensembles [33] should be
compared with MC-Dropout on error detection, since their higher cost may be justified if
they identify unreliable predictions substantially better. Sixth, a retinal-imaging cohort with
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genuine, clinically documented systemic variables (age, HbAlc, blood pressure, body-mass
index and, ideally, cardiovascular outcomes) would allow the image-plus-metadata fusion
architecture and its SHAP-based attribution, deferred here, to be evaluated on real rather
than simulated data [53,54]. Lesion supervision could also be added through multi-task
training, in the way collaborative segmentation has been used to support a second task in
surgical video [55]. Finally, moving a screening tool from a study into routine care depends
on how medical-device firms and health systems adopt and transfer such technology [56,57],

and this should be planned alongside technical validation.

Table 12 lists each supplementary item. All items were recomputed for this revision

from the group-aware rerun of the full pipeline.

Table 12. Index of Supplementary Materials and their source files.

Item Content Source File
Table S1 Software, hardware, data and environment.json; run_config.json;
training configuration requirements.txt
Partition sizes per fold and grade, and split_summary_group.csv;
Table S2 ) e
fitted temperatures all_oof_predictions_r0.csv
Table S3 Near-duplicate audit: summary and images leakage_audit.json; near_duplicates_by_grade.csv

per grade

Figures S1 and S2

Nearest-neighbour hash distances and
examples of matched pairs

nearest_neighbour_hash_distance_300dpi.png;
near_duplicate_examples_300dpi.png

Fold-level metrics for the three

Table S4 ' i fold_metrics_all_experiments.csv
confidence variants
Table S5 Per—grade metrllcs with 95% per_class_metrics_ci.csv
confidence intervals
Table S6 Class-wise ECE per grade. and variant with tableS10_classwise_ece_ci.csv
95% confidence intervals
Table S7 ECE under four binning schemes tableS11_ece_binning.csv
Table S8 Top-label reliability bins reliability_bins_toplabel.csv
Triage operating points with Wilson and . . : :
Table S9 bootstrap intervals triage_operating_points_ci.csv
. triage_per_fold.csv;
Table 510 Iriage per fold, threshold chosen on the triage_threshold_selected_on_calibration_split.csv;

calibration split, rules at matched workload

triage_rules_matched_workload.csv

Table S11 and Figure S3

Error detection, risk—coverage and uncertainty
of errors by grade

error_detection_and_aurc_ci.csv;
uncertainty_of_errors_by_grade.csv

Direction of errors by true grade; referable-DR

error_direction_by_grade.csv;

Table 512 binary metrics referable_dr_binary_ci.csv
Table 513 Calibrat.i on maps with 95% tableS13_calibration_methods_ci.csv
confidence intervals
Sensitivity to the number of L
Table S14 MC-Dropout passes tableS14_mc_passes_sensitivity.csv
Table S15 and Training recipes and backbones: full experiment_comparison.csv;

Figures 54-58

comparison and training time

training_time_summary.csv; ablation_figures

Table S16

Measured inference latency, throughput
and memory

latency_measured.csv
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Table 12. Cont.
Item Content Source File
Table S17 and Grad-CAM systematic sample: statistics and gradcam_systematic_sample.csv;
Figures S9 and S10 panels for all grades gradcam_grade*_montage_300dpi.png
. LIME stability and faithfulness; lime_metrics_summary.csv;
Table 518 and Figure S11 individual explanations lime_correct_and_misclassified_300dpi.png
Out-of-fold predictions; split assignments; all all_f)of_p redictions_r0.csv;
Data S1-S3 . i 1 splits_group_repeat0.csv;
misclassified images .
all_errors_sorted_by_confidence.csv
Code S1 Training and evaluation notebook and DDR_Revision_Training.ipynb; preprocessing.py

preprocessing script

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/bioengineering13111304/s1, Table S1: Software, hardware and training
configuration; Table S2: Images per grade in each partition of each fold, and the temperature fitted
on each calibration split; Table S3: Near-duplicate audit (part a: summary; part b: images with at
least one near-duplicate, by grade); Figure S1: Distance from each image to its nearest other image
(maximum of the pHash and dHash Hamming distances, of 256 bits; logarithmic count axis). A small
mode of near-identical images is separated from the main distribution, and the dashed line marks the
24-bit threshold; Figure S2: The eight matched pairs with the largest hash distance below the threshold
(each row: the two images, their file names, grades, and distance). These are the least similar pairs that
were merged, and all show the same eye; Table S4: Fold-level metrics for the three confidence variants
(CW-ECE = class-wise ECE, macro-averaged); Table S5: Per-grade metrics of variant C with 95%
confidence intervals; Table S6: Class-wise ECE (15 bins, one-vs-rest) per grade and variant, and the
paired change from temperature scaling (B — A) and from MC-Dropout (C — B); Table S7: Top-label
ECE under four binning schemes; Table S8: Top-label reliability bins of variant C (15 equal-width
bins; empty bins omitted); Table S9: Triage operating points on the no-DR probability of variant C
(n = 12,522; 5626 referable-DR images); Table S10a: The T = 0.80 rule applied to each outer fold;
Table S10b: Threshold chosen on each fold’s calibration split (lowest T with a referable-DR false-clear
rate < 1% on that split) and applied unchanged to the fold’s test images; Table S10c: Uncertainty-based
auto-clear rules compared with the no-DR probability threshold at the same workload; Table S11a:
Error detection and risk—coverage (500 clustered bootstrap resamples). With no abstention, the
error rate is 0.170; Table S11b: Confidence and mutual information (MI) of correct and misclassified
images by true grade; Figure S3: Distribution of MC-Dropout predictive entropy (left) and mutual
information (right) for correctly classified and misclassified images; Table S12a: Direction of errors
by true grade (n / grade total, %, Wilson 95% CI); Table S12b: Referable DR (grade > 2) as a
binary decision from the predicted grade; Table S13a: Calibration maps fitted on the calibration
split of each fold, evaluated on the pooled out-of-fold predictions (95% CI, 500 clustered bootstrap
resamples); Table S13b: Paired differences from temperature scaling (95% CI); Table S14: Sensitivity
to the number of MC-Dropout passes (mean * SD over three random draws of M passes from 100
stored passes per image); Table S15a: Full comparison of training recipes and backbones on the same
folds (C = temperature-scaled MC-Dropout; A = paired difference from the main model with 95%
clustered bootstrap interval); Table S15b: Training time on an NVIDIA GeForce RTX 5080 Laptop
GPU (five folds); Figure S4: Macro-F1, balanced accuracy, ECE of variant C and macro class-wise
ECE for each model; Figure S5: ECE of the raw output (A), after temperature scaling (B) and after
temperature-scaled MC-Dropout (C) for each model; Figure S6: Precision and recall for mild and
severe NPDR for each model; Figure S7: Auto-clear fraction and referable-DR false-clear rate (95%
Wilson interval) at T = 0.80 for each model. ViT-B/16 cleared no images; Figure S8: Training time by
model: (a) total for five folds, (b) per fold with individual folds, (c) per epoch; Table S16: Measured
inference cost of the main model on an NVIDIA GeForce RTX 5080 Laptop GPU (15 warm-up and
50 timed runs; end-to-end rows include reading and preprocessing 100 real images); Table S17:
Grad-CAM statistics for the systematic sample of 110 test images, by true grade and correctness
(each image explained by its own fold model; misclassified groups include the ten most confident
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errors); Figure S9a: Grad-CAM for true No DR test images: up to four correctly classified and four
misclassified images (top: fundus; bottom: overlay; number above each overlay: share of activation
energy outside the fundus); Figure S9b: Grad-CAM for true Moderate NPDR test images: up to four
correctly classified and four misclassified images (top: fundus; bottom: overlay; number above each
overlay: share of activation energy outside the fundus); Figure S9c: Grad-CAM for true Severe NPDR
test images: up to four correctly classified and four misclassified images (top: fundus; bottom: overlay;
number above each overlay: share of activation energy outside the fundus); Figure S9d: Grad-CAM
for true Proliferative DR test images: up to four correctly classified and four misclassified images (top:
fundus; bottom: overlay; number above each overlay: share of activation energy outside the fundus);
Figure 510: Grad-CAM activation energy outside the fundus (left) and area above 0.5 (right) by true
grade and correctness; Table S18: LIME explanation quality for ten images (most confident correct
and most confident misclassified image per grade); Figure S11: Individual LIME explanations: fundus
image, LIME region (12 top superpixels), LIME attribution map and Grad-CAM for the ten explained
images, with true and predicted grades on the left; Data S1: Out-of-fold probabilities of all variants
and calibration maps, uncertainty scores, fold, temperature and near-duplicate group for each of the
12,522 images; Data S2: Fold and partition (inner training, calibration, outer test) of every image, with
its near-duplicate group; Data S3: The 2127 misclassified images with confidence and uncertainty,
sorted by confidence; Code S1: Training and evaluation notebook (DDR_Revision_Training.ipynb)
and stand-alone preprocessing script used for training and inference (preprocessing.py).
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