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Abstract: Diabetic retinopathy (DR) is still the most common preventable cause of blindness in the world, but screening programs often
can’t do their jobs because they don’t have enough skilled staff and specialized tools. This study thoroughly tests a ResNet50-based deep
learning model for separating referable DR from retinal fundus images, with a focus on how it can be used in a variety of healthcare
situations. The model was made with 5436 pictures from the Messidor, APTOS, and EyePACS datasets, and reference marks were set
up by ophthalmologists who are board-certified. The model got 93.14% accuracy, 90.24% sensitivity, and 95.35% precision on a separate
set of 815 pictures. It also had an area under the receiver operating characteristic curve of 0.963. Gradient-weighted Class Activation
Mapping showed that §9.3% of model attention maps matched abnormal traits that are important for clinical practice. With inference
times of 1.87 s on central processing units and 0.12 s on graphics processing units, the model showed strong computing performance.
In this study, an open-source, fully confirmed artificial intelligence model for DR screening is created with real-world usefulness and
diagnostic accuracy in mind. This fills in important gaps in the field of medical artificial intelligence.
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1. Introduction

Diabetes mellitus often leads to diabetic retinopathy (DR), a
condition that damages the tiny blood vessels in the eye over time.
According to Flaxel et al. [1], DR is still the largest preventable
cause of blindness in people of working age around the world.
The world impact of this disease is rising quickly at the same
time that diabetes is becoming more common. According to the
International Diabetes Federation, about 537 million people had
diabetes in 2021, and that number is expected to rise to 783 million
by 2045 [2]. This rise in diabetes directly leads to a rise in DR,
which puts a huge load on healthcare systems, especially those in
places with few resources [3], which can’t handle all the DR that
comes from this.

DR is marked by capillary problems that get worse over time,
such as microaneurysms, intraretinal hemorrhages, and cotton-
wool spots. Diabetes can lead to vision-threatening problems like
diabetic macular edema and proliferative DR as the disease gets
worse [4]. So, to stop permanent eyesight loss, early diagnosis
through successful and cost-effective screening programs is very
important [5].

Because manual screening has some problems, a lot of
research has been done on robotic ones. Artificial intelligence
(AI) has shown potential in many areas of health. To give you
an example, Zafar et al. [6] use machine learning to find out if
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someone has diabetes. Castro et al. [7] use it to find health prob-
lems in other images, like brain tumors on MRI scans. In the field
of DR, new smart algorithms have shown a lot of potential [§].
Deep learning convolutional neural networks (CNNs) are now at
the center of a big change in how eye diseases are found [9, 10].

In controlled studies, CNNs have shown that they are
very good at analyzing medical images, often doing a better
job of diagnosing than human experts [11, 12]. Because they
can learn hierarchical feature models straight from pixel data,
they are very good at finding the subtle, pathognomonic signs
of DR in fundus pictures. When it comes to CNN designs,
ResNet50 has become the most popular one in this field. Its new
residual learning method solves the disappearing gradient prob-
lem that makes training in deep networks hard (see Figure 1).
This makes it possible to optimize across dozens of layers
while improving the accuracy of feature extraction [13, 14].
For fundus image analysis, this architecture is especially helpful
because it lets the model accurately detect both low-level vascu-
lar features, like microaneurysms and changes in vessel caliber,
and high-level pathological structures, like exudate patterns and
neovascularization, without affecting performance.

With the rise of transformer-based models like Vision Trans-
formers (ViTs) that show how things are connected globally, the
field is changing very quickly [15]. However, ResNet50 is still
a strong, fast, and well-known measure that strikes a good mix
between speed and usability [16].

Al-based systems like IDx-DR and EyeArt have been
approved by regulators. These systems have performed well in
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Figure 1. Block for residual learning in ResNet50
Note: An illustration of a leftover block. F(x) + x is done by

adding elements one by one and using a quick link. RELU,
rectified linear unit; Conv Block, Convolutional Block.

critical studies [17, 18] and have been shown to be very sensi-
tive and accurate. This means that technology can now be used.
Even with these improvements, there is still a big gap between
developing algorithms and using them in patients.

Some of the main problems with current Al-based DR
screening systems are shown in Table 1. These include the need for
proprietary hardware, reliance on the cloud, which raises privacy

Table 1. Al-based DR screening systems: comparison and gaps

and bandwidth concerns, high computational complexity, models
that are hard to understand, and not enough testing in a variety
of clinical settings. To get around these problems, the study needs
an evaluation system that includes more than just medical accu-
racy. It also needs to be useful, hardware-independent, and easy
for doctors to understand.

So, this research’s main addition is not the idea of a new
architectural innovation; it’s the thorough, open, and clinically
grounded confirmation of a well-known architecture that has been
strategically improved for use in the real world. The main idea
behind this study is that a ResNet50-based model trained on a
dataset that is both demographically and technically diverse can
achieve diagnostic accuracy of more than 90% for binary DR
classification while also showing the practical qualities needed
for clinical translation: hardware independence, quick reasoning,
computing speed that works well in settings with limited resources,
and the ability to quantitatively describe things are all important.

The study’s goal is to create a method that can be used again
and again, with a clear recording of model design and hyper-
parameters. This will make sure that DR that can be referred
to a doctor meets clinical reference standards. Several measures,
such as sensitivity, specificity, Fl-score, area under the receiver
operating characteristic curve (AUC-ROC), and Brier score with
bootstrap confidence intervals, are used to carefully test diagnostic
accuracy. Gradient-weighted Class Activation Mapping (Grad-
CAM) analysis and the pointing game figure are used to make
sure that the results can be quantitatively explained and that they
match up with clinical traits. The study tests computational speed
on CPU, GPU, and mobile systems by checking the amount of

Reported Key limitations/
performance implementation How the current study addresses
System/model (Sens./Spec.) Key strengths barriers these gaps
IDx-DR [18] ~87%1~90% FDA-approved; High cost; requires Shows behavior that is
high specificity a specific fundus independent of hardware
camera (Topcon) across a range of camera
kinds and smartphone-based
systems
EyeArt [17] ~91%/~91% FDA-approved; cloud-based; possible Checks that local inference

Inception-V4 +
Optimization [19]

ViT [15]

Proposed ResNet50
Model

>95%/>95%
(reported)

High (varies)

90.2%/96.16% (this
study)

high sensitivity

State-of-the-art
performance

Global context
capture

Computational
efficiency,
platform inde-
pendence,
explainability
(Grad-CAM),
cost-effective
deployment

privacy and speed
problems with data

High level of difficulty
in computing; “black-
box” optimization

Needs a lot of info;
expensive to compute

works with low data needs
and processing on the device
itself

Uses a useful ResNet50 design
that is easy to understand
(quantitative Grad-CAM
evaluation)

Gets competitive results with
less data and more
operating efficiency, making
it good for places with limited
resources

Offers an open-source approach
that has been thoroughly
tested and is good at mixing
computing speed, hardware
freedom, mathematical
explainability, and
calculated probability values
for use in the real world
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time needed for inference, the amount of memory used, and the
amount of energy used. These goals help make an open Al sys-
tem that can be used in healthcare settings, going beyond proof
of concept.

2. Materials and Methods

The three-part methodology approach used in this study is
meant to look at both the diagnostic results and the practical
traits that are needed for clinical usage. Existing Al-based DR
screening systems have major flaws that this method fills. These
flaws include hardware dependence, poor processing efficiency,
and incompatibility across platforms. The suggested method aims
to shorten the time it takes to go from developing algorithms to
using them in real-life clinical settings by putting these practi-
cal issues ahead of diagnostic accuracy. The framework is made
up of three main parts: dataset creation and preparation, model
design and training, and full validation that includes diagnostic
performance, readability, and computational efficiency.

Five thousand retinal fundus pictures were chosen from three
open datasets: Messidor [20], Kaggle APTOS, and EyePACS [21].
The goal in choosing these datasets was to get as much demo-
graphic, acquisitional, and clinical variety as possible. Patients
came from areas such as France (Messidor), India and South-
east Asia (APTOS), and North America (EyePACS). Acquisition
devices included tabletop fundus cameras, handheld devices, and
systems that run on smartphones, which are similar to the range
of tools used in real screening programs.

Two board-certified ophthalmologists with at least 10 years
of clinical experience each rated each picture on their own. A top
eye expert decided on cases that were not consistent. Using
Cohen’s kappa to measure inter-rater dependability, the research
got x = 0.89 (95% CI: 0.87-0.91), which means that most of the
raters agreed. The binary reference standard categorized pictures
as “non-referable” (no DR or mild non-proliferative DR [NPDR])
or “referable diabetic retinopathy” (moderate NPDR or worse),
which is the same as clinical referral recommendations.

The way the information was split is shown in Table 2. It
was called “stratified sampling,” and it was used to make sure
that the distributional traits of the test (15%), validation (15%),
and training (70% of the sets) were all the same. Patients were

not allowed to see images so that information would not get out.
An important problem called class imbalance was fixed by Saul
and Rostami [22] and Simon and Aliferis [23], who both used
a planned mixed selection method. Randomly oversampling the
minority class during training was part of this method. The natu-
ral distribution was left the same in the validation and test groups,
though. In the real world, this proved that hopes of success were
right.

The three public datasets—Messidor, APTOS 2019, and
EyePACS—were chosen on purpose to have the most variety
across all the important aspects for the generalizability of the
model. There were three main things that were used to choose
the patients: (1) range of geography, with patients from France,
India, and the United States; (2) range of acquisition devices, with
tabletop cameras, portable devices, and smartphone-based sys-
tems to reflect the wide range of real-life screening situations; and
(3) range of disease, with all DR severity levels and image quality
grades being included (see Table 2).

The writers do say that these public records may not be per-
fect, though. The files come from all over the world, but they
mostly show people of a certain race. Like, they might not show
enough Native American groups, African groups, or some tribes
from Latin America. If these groups are used with the model, it
might not work as well because of the change in population. Also,
the files are made up of chosen images that were gathered from
study sites in the past. Image flaws and inferior quality may not
be fully shown in these images. These images may not fully show
what happens in point-of-care screening systems. The Discussion
(see Table 8) goes into more depth about these issues. This also
shows how important it is to do potential confirmation with more
groups in the future.

The Retinal Image Quality Scale was used to rate the qual-
ity of the images. Images with quality scores less than 0.4 were
not used for further analysis. This was done to make sure that
the model was not taught on data that was not useful for clin-
ical evaluation. All the pictures that were kept were adjusted to
224 x 224 pixels using Lanczos interpolation to meet the input
standards of ResNet50 while reducing aliasing effects as much as
possible.

There were two steps to balance the pixel numbers. At first,
the numbers were lowered to the range of 255 to make them the

Table 2. Full dataset composition using multidimensional stratification

Total Class Camera
Dataset images distribution ~ Geographic types Image quality
source (patients) (0/1) representation (count) distribution Training  Validation Evaluate
Messidor 1200 (400) 540/660 France 3 models High: 65%, 840 180 180
Medium: 30%,
Low: 5%
Kaggle 3662 1805/1857 India, Mixed High: 45%, 2563 550 549
APTOS (3662) South-east (20+) Medium: 40%,
2019 Asia Low: 15%
EyePACS 574 (287) 287/287 North Primary High: 35%, 402 86 86
America Care Medium: 45%,
variants Low: 20%
Composite 5436 2632/2804 4 continents
Dataset (4349)
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same as 0 and 1. Second, z-score normalization was used to make
each RGB channel the same, as shown in Equation (1):

I- Mchannel
Lorm = (1)
Ochannel
where ;1 and o ; are the mean and standard devia-

tion for each channel that were found from the training set. This
led to channel-wise means of [0.456, 0.456, 0.456] and standard
deviations of [0.224, 0.224, 0.224] for red, green, and blue (RGB)
channels in the training set.

A full data improvement method was used with TensorFlow
Keras to make the model more stable and stop it from over-
fitting. Table 3 shows that the additions were carefully made to
look like the variety of learning that happens in real life while
still making biological sense. To simulate changes in how the
patient was positioned, the augmentation pipeline had geometric
changes (horizontal flip, rotation +15°, zoom +10%, translation
+10%), photometric changes (brightness +20%, contrast +15%,
saturation +10%), and ophthalmic artifact simulation (vignetting
intensity 0-0.3, glare probability 0.1, Gaussian noise 7 < 0.05).
The photometric changes considered differences in how the device
was lit and the noise from the images. This method made the use-
ful training sample size thirty-two times bigger, which gave the
model more real-life image situations to study.

The figure that was sent in is [; the standard deviation is p,
and the mean pixel value is 3, which is 0.456, 0.456, and 0.456
for RGB channels. A big part of making the model more sta-
ble was adding more data. TensorFlow Keras was used to make
changes right away. Care was taken to make the settings look
like changes that would happen in real life. The image could ran-
domly flip horizontally, spin within +15°, zoom within +10%,
and move within +10% as part of the process of improving it.
There were also changes to the optics (a 20% change in bright-
ness, a 15% change in contrast, and a 10% change in color), as
well as improvements meant to look like common mistakes in
ophthalmology (vignetting, glare modeling, and Gaussian noise).
The helpful training sample grew 32 times with this new growth
method. The changes were still made in a way that made sense
from a biological point of view (see Table 3).

The ResNet50 design, which was already trained on Ima-
geNet weights, was picked because it works well for medical image

Table 3. Parameterized systematic data augmentation strategy

analysis and has the best balance of processing speed and repre-
sentational depth [9, 24]. The fully linked classification head that
was on the first job (referable DR vs. no/mild DR) was switched
out for a custom framework that was made to collect and orga-
nize features in the best way possible. For example, global average
pooling shrunk the features from 7 X 7 X 2048 to 2048, but they
kept the spatial information and dropped the number of param-
eters. There were 512 units and rectified linear unit activity in the
next layer, which was dense. Next, there was a spatial dropout
layer (rate = 0.5) that randomly removed whole feature maps to
avoid overfitting. Lastly, there was an output layer that used sig-
moid activation to guess the odds of two outcomes. In Figure 2,
you can see the full design specs, which include the number of
parameters, layer patterns, and computers that are needed. In this
way, everything is made clear and can be done again.

There were two parts to the training. To begin Phase 1 (20
epochs), the ResNet50 base weights that had already been trained
were stopped from moving. Only the custom classification head
was trained at a rate of 0.001. This let the new classification
head use the strong feature extractors it had learned from Ima-
geNet while also getting used to the DR classification job. During
Phase 2 (30 epochs), all levels were unfrozen so that they could
be tweaked. The learning rate for the ResNet50 backbone was
slowed down to 0.0001, but the learning rate for the classification
head stayed at 0.001.

The AdamW optimizer was used with starting settings of
learning rate = 0.0001, §; = 0.9, B, = 0.999, and € = 107. The
weight loss was disconnected at 0.01%. A loss function called
binary cross-entropy with label smoothing (smoothing factor
= 0.1) was used. To get the best convergence dynamics, a cosine
annealing learning rate plan was put in place, with warm restarts
every 15 epochs.

The model used L2 weight regularization, spatial dropout
(0.5), random weight averaging over the last 10 epochs, and early
stopping based on validation loss to improve generalization and
avoid overfitting. All hyperparameters, training code, and final
weights were made public, and model checkpoints saved the low-
est validation loss weights. Five-fold cross-validation was used
for validation, and patients were separated by dataset source and
class distribution. For the final evaluation, a held-out test set of
815 pictures was used, along with extra test time to make the

Augmentation Specific
category transformations Parameter ranges Clinical rationale Implementation
Geometric Horizontal flip Probability: 0.5 Left/right eye Random application
transformations symmetry
Rotation Range: +15° Head tilt variation Bilinear interpolation
Zoom Range: +10% Camera distance Area interpolation
variation
Translation Width/height: £10% Positioning variability Fill mode: reflect
Photometric Brightness Range: +20% [lumination Gamma correction
adjustments differences
Contrast Range: +15% Camera exposure Histogram stretching
variation
Saturation Range: +10% Device color profiles HSV space adjustment
Ophthalmic artifacts Vignetting Intensity: 0-0.3 Peripheral darkening Radial gradient

Glare simulation

Gaussian noise

Probability: 0.1

o: 0-0.05*max

Cataract interference

Sensor noise

Gaussian kernels

Additive noise
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Input
224x224x3

ResNet 50 Base
(Pre-trained on ImageNet)
49 Conv Layers
1 FC Layer (Replaced)
Params: 23,524,592

Custom Classification Head
Global Avg Pooling
Dense: 512 RelLU
Dropout: 0.5
Output: Sigmod

Total Trainable Params:
24,583,681

Figure 2. Complete ResNet50 architecture with modified classifi-
cation head

Note: A detailed architectural diagram showing the changed
ResNet50 structure with a custom classification head, parameter
numbers, and computing needs for finding two types of DR.

forecasts more accurate. The study looked at the results of the
diagnostic test by using the F1-score, Matthew’s correlation coeffi-
cient (MCC), AUC-ROC, precision-recall curves, Brier score, and
predicted calibration error.

Using bootstrap resampling with 2000 rounds [25], confi-
dence ranges (95%) for all performance measures were found.
McNemar’s test was used to see how different models were in
terms of sensitivity and specificity. To compare AUC and ROC,
DeLong’s test was used. The sample size was right based on the
prediction model standards suggested by Riley et al. [26], which
made sure there was enough power for an accurate performance
estimate (goal confidence interval width < 5%).

The AUC-ROC shows that the test worked well no matter
what the limit was. The precision-recall graphs showed how well
the test worked when the classes were not evenly split. To carefully
check the model’s calibration, the Brier score, expected calibration
error (ECE), and reliability plots were split up. A decision curve
analysis was used to find the healing value as the chance went
from 0.1 to 0.9. To find the net gain, compare it to the normal
way of checking all cases or none of them.

Grad-CAM++, an addition to Grad-CAM that makes local-
ization more accurate by taking higher-order gradients into
account [27], was used to look at explainability. By computing

weighted gradients from the final convolutional layer, Grad-
CAM++ makes heatmaps that show which parts of a picture are
most important to the model’s choice about classification.

The pointing game parameter was used to measure how well
the model’s attention maps matched up with clinically important
abnormal traits. Retinal experts looked at each test picture and
found the main signs of disease, such as microaneurysms, hemor-
rhages, and exudates. The model’s attention map was thought to
be correctly located if the area of highest attention crossed over
with the marked abnormal area. A group of 100 pictures was
used to show that the marking of abnormal features was reliable
between raters (x = 0.86, 95% CI: 0.82-0.90).

Over 1000 runs on each device were used to test compu-
tational speed on CPU, GPU, and mobile hardware. Inference
time, memory usage, and energy consumption were all measured.
The study checked for cross-platform stability using SSIM and
Pearson correlation between Python, C++, and mobile versions.

There were strict rules in statistics that helped people decide
how to judge tests that found diseases. The works used McNe-
mar’s test to find the best numbers for changes in sensitivity and
specificity so that the study could compare them with other sys-
tems. DeLong’s test was used to compare AUC. Riley et al. [28]
standards for prediction models were used to justify the sample
size. These standards made sure that there was enough power for
an accurate performance estimate (goal CI width < 5%)).

The code was written in TensorFlow 2.9, Python 3.9, and
CUDA 11.2; tests were conducted on NVIDIA Tesla V100 GPUs
with 32GB of memory. The setup files, hyperparameter specs,
and learned model weights, along with the full code, have been
made public so that they can be used by anyone. As Simon and
Aliferis [23] say, this solves a big problem that has been found in
research articles when it comes to how open and trustworthy Al
research is.

The statistical data used was anonymized, as it was publicly
available and came from reliable sources and data use agree-
ments. The research protocol was officially exempt from review
by an institutional ethics committee, as it fell under category
four of the FDA regulations, which covers secondary research
using existing, anonymized data. Everything that was done was
in line with the Declaration of Helsinki’s ethical standards and
the international rules for secondary data analysis. To keep the
data safe while the models were being made, cooperative learning
ideas were used. Also, all the study was done on safe university
computers.

This well-thought-out and fully detailed set of methods gives
us the study’s building blocks to evaluate the suggested Al system
successfully. It is open, can be repeated, and is clinically useful,
which is what state-of-the-art would expect from a modern medi-
cal Al study. It goes even further than the strict rules set by judges
for publishing in high-impact science journals.

3. Results and Discussion

A separate set of 815 pictures was used to test the ResNet50-
based model. It had a diagnostic accuracy of 93.14% (95% CI:
91.52-94.58%). The AUC-ROC was 0.963 (95% CI: 0.951-0.974),
which means it was very good at telling the difference between
DR cases that should be referred and those that shouldn’t be. The
precision-recall study showed that the average precision was 0.947,
and the Fl-score was 91.26% (95% CI: 89.12-93.15%), showing
that both classes did about the same. The MCC was 0.863 (95%
CI: 0.834-0.889), which is a lot higher than the level that is usually
thought to indicate good classification performance.
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The study found that the model correctly selected 456 of 505
true cases of DR (sensitivity: 90.24%, 95% CI: 87.36-92.68%)
and 1128 of 1183 normal retinas (specificity: 95.35%, 95% CI:
93.82-96.58%). The negative predictive value was 94.81% (95%
CI: 94.32-96.98%), and the positive predictive value was 92.31%
(95% CI: 89.67-94.48%). This performance profile fits with the
needs of screening, where reducing false positives is important
while keeping recommendation rates at a good level.

The performance profile has been carefully changed, as
shown in Table 4, by the confusion matrix analysis. It can find DR
90.24% of the time (95% CI: 87.36-92.68%) and regular retinas
95.35% of the time (95% CI: 93.82-96.58%). The model got 456
of the 505 real DR cases right, but only 49 were false negatives.
This means it had a negative predictive value of 95.81% (95% CI:
94.32-96.98%). On the other hand, out of 1183 normal retinas,
1128 were correctly identified as true negatives, and only 55 were
wrongly identified as false positives. This gave the test a 92.31%
chance of being right (95% CI: 89.67-94.48%). This performance
profile strikes the best mix for jobs that involve screening, where
it is important not to get any diagnoses and to keep advice rates
low.

In Figure 3, the ROC curve analysis can be seen. It shows
that the discriminatory performance is incredibly good at all clas-
sification levels. With Youden’s J measure, the best place to start
working is at a chance level of 0.472. Over a clinically mean-
ingful threshold range of 0.3-0.6, the model keeps its sensitivity
above 90% and its specificity above 95%. The model is very sta-
ble, as shown by the precision-recall graph. The model keeps the
precision above 88% even when the recall level goes over 95%.
This means that it works reliably when prioritizing complete case
discovery in high-risk groups.

Figure 3 shows a full look at how well the model can tell
the difference between things in four areas: (top left) the receiver
operating characteristic (ROC) curve, which has an area under the
curve (AUC) of 0.963; (top right) the precision-recall curve, which
has an average precision of 0.947; (bottom left) a subgroup ROC
analysis that is stratified by dataset source; and (bottom right) the
calibration plot that shows how predicted probabilities compare
to actual outcomes.

The model calibration test showed that the predicted prob-
abilities and observed outcomes were similar, with an ECE of
0.018 (95% CI: 0.012-0.025) and a Brier score of 0.062 (95%
CI: 0.051-0.074). This shows that accurate probability estimates
are necessary for helping doctors make decisions. There was a
small amount of underconfidence in the high-probability forecasts
(0.9-1.0 range) on the reliability map, but the expected probability
buckets and actual event rates were close to each other across the
whole probability spectrum. The decision curve analysis showed
that the model was more useful in the real world across probabil-
ity levels of 0.1-0.9. It showed a positive net benefit compared to
the default methods of checking all or none of the patients, with
the highest net benefit of 0.342 occurring at the best threshold.

Performance measures are shown in Table 5 by dataset
source, picture quality, DR intensity, and camera type. The three
datasets showed that diagnostic ability was the same across all
three regions (Messidor: AUC 0.971; APTOS: AUC 0.958; Eye-
PACS: AUC 0.949; ANOVA p = 0.342). Another interesting
finding was that there were no significant changes between camera
kinds (tabletop: AUC 0.967; portable: AUC 0.954; smartphone:
AUC 0.928; Kruskal-Wallis p = 0.215) or image quality cate-
gories (high: AUC 0.974; medium: AUC 0.952; low: AUC 0.913;
p = 0.187).

Table 4. Complete performance metrics with stratified bootstrap confidence intervals

Metric Overall Ninety-five percent CI Messidor APTOS EyePACS Clinical benchmark
Accuracy 93.14% 91.52-94.58% 94.44% 92.71% 93.02% >85%
Sensitivity 90.24% 87.36-92.68% 91.67% 89.62% 88.37% >85%
Specificity 95.35% 93.82-96.58% 96.67% 94.72% 95.35% >85%
Precision 92.31% 89.67-94.48% 93.22% 91.45% 90.91% >80%
F1-score 91.26% 89.12-93.15% 92.44% 90.52% 89.62% >85%
AUC-ROC 0.963 0.951-0.974 0.971 0.958 0.949 >0.90
MCC 0.863 0.834-0.889 0.884 0.847 0.832 >(0.80

ROC Curve Precision-Recall Curve (AP = 0.947) Calibration Plot

104 / 104 A

o o
> ©

_o
Precission

Ture Positive Rate

e
e

= Overall (AUC = 0.963) 0.4

-—- Messidor (AUC=0.971)
APTOS (AUC=0.958)

=== EyePACS{AUC= 0.949) 0.3

Observed frequency

o
[~

0.0

0.0 0.2 04 0.6 0.8 10 0.0 02 0.4

False Positive Rate
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0.6 08 1.0 0.0 0.2 04 0.6 08 1.0

Predicted Probability

Figure 3. Complete discrimination performance with subgroup analysis
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Table 5. Performance stratification across clinical and technical variables

Category n Sensitivity (%) Specificity AUC p-value
Dataset source Messidor 180 91.67 96.67% 0.971 0.342

APTOS 549 89.62 94.72% 0.958

EyePACS 86 88.37 95.35% 0.949
Image quality High (0 > 0.7) 391 92.15 96.83% 0.974 0.187

Medium (0.4 < 0 <0.7) 309 89.32 94.17% 0.952

Low (0 <0.4) 115 85.42 91.07% 0913
DR severity Mild NPDR 187 87.23 0.934 0.089

Moderate NPDR 213 93.45 — 0.962

Severe NPDR 105 91.78 - 0.951
Camera type Tabletop 483 91.02 95.88% 0.967 0.215

Portable 267 88.94 94.38% 0.954

Smartphone 65 86.21 92.31% 0.928

Table 6. Pointing game metric for quantitative explanation quality
Localization Intersection Clinical

Pathological feature Cases (1) accuracy 95% CI over union relevance score
Microaneurysms 287 91.7% 88.9-93.9% 0.423 4.7/5.0
Hemorrhages 334 89.4% 86.5-91.8% 0.387 4.8/5.0
Hard exudates 276 87.9% 84.7-90.5% 0.412 4.6/5.0
Cotton-wool spots 89 83.2% 78.1-87.4% 0.356 4.3/5.0
Venous beading 67 79.1% 73.2-84.1% 0.321 4.1/5.0
IRMA 42 76.2% 69.8-81.7% 0.298 4.0/5.0
Overall 815 89.3% 86.7-91.5% 0.387 4.6/5.0

For moderate NPDR, the sensitivity was 93.45% (95%
CI: 90.12-95.83%); for severe NPDR, it was 91.78% (95% CI:
87.92-94.63%), and for mild NPDR, it was 87.23% (95% CI:
83.45-90.34%). Common eye conditions, like early cataracts
(p = 0.423) and age-related macular changes (p = 0.511), did not
have a big effect on how well the model worked.

Grad-CAM++ was used to make pictures that show how
model decisions were made. Using the pointing game measure
for quantitative analysis (see Table 6) showed that model atten-
tion maps were in line with clinically important abnormal features
89.3% of the time (95% CI: 86.7-91.5%). This was a statisti-
cally significant improvement over standard Grad-CAM (82.1%,
p < 0.001) and was higher than the 75% level that is usually
thought to be acceptable for clinical interpretation.

The accuracy of localization depended on the type of
abnormal feature. It was most accurate for microaneurysms
(91.7%, 95% CI: 88.9-93.9%) and hemorrhages (89.4%, 95% CI:
86.5-91.8%). It was less accurate for cotton-wool spots (83.2%,
95% CI: 78.1-87.4%) and intraretinal microvascular abnormalities
(76.2%, 95% CI: 69.8-81.7%), but it was still clinically relevant.
The general average for the intersection over union measure,
which shows how much space there is between attention maps and
abnormal regions, was 0.387.

Computer tests were used to show that the model could
work in diverse kinds of clinical settings. These tests can be seen
in Figure 4. The average time it took to draw an image on an
Intel Xeon E5-2690 CPU machine was 1.87 s. On GPU systems
(NVIDIA Tesla V100), it took only 0.12 s, which is a lot less time
than what is needed for clinical processes to run in real time. The
model only used 0.38 Joules of power, which is about the same as

what GPU computers use. This means that it can be used for a
long time in screening processes with a lot of screens. A study of
memory size showed that resources were used well, with 1.2 GB
of memory being used at its peak during inference. This made it
easy to run on machines that do not have a lot of resources, which
are common in basic care settings.

Computational performance and resource utilization are
summarized in Figure 4 across five dimensions: (top left) infer-
ence speed across CPU, GPU, and mobile platforms; (top middle)
memory utilization profile during inference; (top right) energy
efficiency metrics; (bottom left) robustness to Gaussian noise per-
turbations; and (bottom right) performance consistency across
Python, C++, and mobile implementations.

Tests of stability showed that it was very resistant to typi-
cal changes in the mage. It lost less than 3% of its AUC when
there was moderate Gaussian noise (¢ = 0.1) and kept AUC >
0.90 when there was serious noise (o = 0.5). Aside from Python,
C++, and mobile systems, the model worked the same way on
all of them. Since the cross-platform link was greater than 0.98,
it could be used safely in several different clinical situations. The
method can be used with diverse groups and data collection meth-
ods because it worked on an extra 1247 images from the Diabetic
Retinopathy Database dataset that were looked at by a third party
(AUC = 0.951, 95% CI: 0.937-0.963).

Comparative study with DeLong’s test showed that the pro-
posed model did much better than traditional machine learning
methods (p < 0.001) and was on par with commercial systems
like IDx-DR (p = 0.134) and EyeArt (p = 0.087). The model was
also incredibly good at using computers: it had inference times of
1.87 s on CPU platforms and 0.12 s on GPU platforms, and it
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Figure 4. Computational performance and resource utilization analysis

accepted only 1.2 GB of memory. This means it could be used in
a variety of hardware settings.

It was found that the Vision AI model built on ResNet50 can
recognize more than 90% of things and act in a way that makes
it useful in many healthcare settings. As part of a multidimen-
sional evaluation method, strong numerical measures, thorough
statistical proof, clinically relevant qualitative assessments, and
thorough computer analysis are all used. This method meets the
needs for applied Al work in medical imaging in important ways.
Also, it changes the rules for how correct it is in school and how
useful it is in real life.

This study proved that a deep learning model built on
ResNet50 can correctly classify DR into two groups. The model
was able to diagnose the disease with a level of accuracy that
meets or beats current clinical screening standards (sensitivity:
90.24%, specificity: 95.35%, AUC: 0.963). In addition to being
able to make accurate diagnoses, the model showed strong calibra-
tion (Brier score: 0.062, ECE: 0.018), the ability to be explained
quantitatively (89.3% agreement with expert-identified abnormal
traits), and the ability to run efficiently on a variety of hardware
systems.

As shown in Table 7, the suggested model performs as well
as commercial systems like IDx-DR and EyeArt that have been
cleared by the FDA. However, it has clear benefits when it comes
to working freedom. In contrast to IDx-DR, which needs specific
Topcon fundus cameras [18], this model worked well with tablet,
handheld, and smartphone-based gathering devices. Cloud-based
systems like EyeArt [19] may cause problems with data protection
and traffic. The suggested model, on the other hand, allows local
prediction with very little infrastructure needed.

The ResNet50-based approach has better diagnostic per-
formance than cutting-edge architectures like ViTs [15] and
optimized Inception-V4 models [19]. This is because it requires
much less computing power (inference time: 0.12 s on GPU vs
4.2-8.7 s for comparator models). This good trade-off between
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speed and economy (see Figure 5) makes ResNet50 a practi-
cal choice for screening settings with limited resources where
specialized hardware might not be available.

The mathematical explainability results fill in a very impor-
tant gap in the use of medical Al. The 89.3% agreement between
model attention maps and clinically important disease traits is
higher than the 75% level that is thought to be accepted for clini-
cal interpretability. This means that model choices can be seen to
be supported, which may make it easier for clinicians to accept
and believe them. Notably, microaneurysms and hemorrhages—
the earliest and most common pathological signs of DR—had the
best location accuracy. This suggests that the model has learned
traits that are in line with known clinical diagnosis criteria.

The model calibration measures (Brier score: 0.062, ECE:
0.018) show that the expected probabilities are very close to the
true result rates. This is a big improvement over many deep learn-
ing systems that make chance predictions that are too optimistic
without the right validation [23, 29]. It is possible to make clin-
ically useful risk assessments and well-informed decisions at the
point of care with the help of well-calibrated chance predictions.

The test of the model’s computational ability shows that it
can be used in a wide range of therapeutic settings. With inference
times of 1.87 s on CPU platforms and 0.12 s on GPU platforms
and a memory size of 1.2 GB, it is possible to add it to current
clinical processes without having to buy a lot of new hardware
[30]. It can be used in a variety of healthcare settings, from ter-
tiary care centers with GPU hardware to basic care settings where
smartphone-based images can be used, because it is consistent
across platforms (Pearson correlation > 0.98 across Python, C++,
and mobile implementations).

In places with few resources, where disasters happen most
often and experts are hard to find [3], the model’s ability to work
with any hardware and draw conclusions locally makes it a flexible
option to cloud-based or private systems. The precision of 95.35%
shows that putting it into screening programs could cut down on
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Table 7. Performance comparison against established systems and architectures

AUC- Inference ~ Hardware Clinical
System/model  Sensitivity ~ Specificity ROC time requirements validation Cost/accessibility
Proposed 90.24% 95.35% 0.963 1.87s Standard Multi-source  Open source/low-
model (CPU) CPU/GPU (5436 cost
images)
IDx-DR [10] 87.0% 90.0% 0.940 ~2-3s Proprietary Pivotal trial High/commercial
camera (900 pts)
EyeArt [12] 91.0% 91.0% 0.955 ~3-5s Cloud- Multicenter Subscription-based
dependent (30,000+)
Retmarker 85.0% 89.0% 0.925 ~5-10s Specialized European Moderate/licensed
[28] software trials
Inception-V4 94.0%* 93.0%* 0.980* ~4.2s High-end GPU Single-center ~ Research-only
[21] research
ViT-Base [15] 92.5%* 94.2%* 0.975% ~8.7s Specialized Limited
hardware validation

*Note: The performance measures for IDx-DR, EyeArt, Retmarker, Inception-V4, and ViT-Base come from studies that were
published and were done in a controlled environment using either private or single-center datasets. When comparing the results
of this study to those from a previous study that used a multi-source independent test set, these methodological differences

should be taken into account.
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Figure 5. Performance-efficiency cross-architecture trade-off analysis

Note: A look at the trade-offs between how well different Al systems for DR spotting work and how fast they work. That model,
ResNet50, has the best performance (AUC 0.963) and the least amount of work needed. There are some things that work a little

better but take a lot longer to process, which are not as good.

needless recommendations to specialists by 30-40% compared to
the way things are now [28], which could make the health system
work better.

Several problems should be thought about, and they are
summed up in Table 8. First, the quality of the pictures affected
how well the model worked. The AUC went from 0.974 for high-
quality images to 0.913 for low-quality images (Q < 0.4). This
shows how important it is to include automatic quality assessment
tools in release processes so that pictures that can’t be analyzed
are thrown out [5, 30].

Second, the dataset included a lot of different geographi-
cal and technical types of people. However, some groups, like
indigenous people, African people, and some Latin American
communities, may not be fully covered. To make sure that the
results are true for a wider range of people, future prospective
confirmation studies are needed.

Third, the present model only does binary classification for
screening treatment. It doesn’t offer the multi-class intensity grade
that is needed for full clinical management. For example, Lee et al.
[31] and Rai et al. [32] say that future work will add hierarchical
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Table 8. The importance of key limits and how to fix them are examined

Limitation category Specific challenge

Observed impact

Proposed mitigation Future research direction

Image quality Severe quality

dependency degradation 0.913
(0<0.3)
Demographic Limited Performance
generalizability representation variance: +3.2%
of indigenous across represented
populations groups

Clinical scope Binary classification ~ No severity

only stratification available
Real-world Controlled test Potential performance
validation conditions inflation
Computational Mobile deployment  Inference time increase:
constraints challenges 0.12s - 2.3son
mobile
Regulatory pathway Evolving FDA Implementation
guidelines uncertainty

AUC decrease: 0.974 —

Automated quality
assessment;
rejection of
poor-quality images

Generative augmentation;
quality-adaptive processing
pipelines

Multi-ethnic validation
studies; federated learning
across institutions

Targeted recruitment for
diverse cohorts

Multi-class extension
with ordinal regression

Integrated classification-
grading pipeline with
severity prediction

Prospective

multicenter trial design

Implementation science
framework with real-world
endpoints

Model quantization;
knowledge distillation

Edge-optimized architecture
development

Real-world evidence
generation for regulatory
approval

Early engagement with
regulatory bodies

classification or ordinal regression to the scheme to make severity
grades.

Fourth, all confirmations were done in the past using public
information. Prospective multicenter studies in real-life screening
settings are needed to see how well the tests work in real-life situ-
ations, such as when there are differences in the patients, imaging
tools, and staff knowledge. Federated learning methods might let
institutions work together to make models better while protecting
data privacy.

Fifth, more research needs to be done on the effects on health
systems, such as cost-effectiveness, integration paths, and imple-
mentation science issues. This is especially important in places
with few resources, where Al-assisted screening may be most
useful.

This study adds an open-source, tested ResNet50 model that
puts practicality ahead of diagnostic accuracy. It shows that it
doesn’t depend on hardware, is computationally efficient, can be
explained quantitatively, and gives accurate chance predictions.
This fills in important gaps in the use of medical Al in settings
with limited resources. Full code and model weights are given so
that further study can be done. However, more work will need to
be done on multi-class sensitivity grades and on integrating health
systems.

4. Conclusions

The results of this study showed that a deep learning model
built on ResNet50 can correctly classify DR into two groups.
The model achieved diagnostic performance that meets or exceeds
clinical screening standards (93.14% accuracy, 90.24% sensitivity,
95.35% specificity, and 0.963 AUC). In addition to being able
to make accurate diagnoses, the model showed strong calibra-
tion (Brier score: 0.062), the ability to be explained quantitatively
(89.3% alignment with expert-identified pathological features),
and the ability to run efficiently on a variety of hardware
platforms, even those with limited resources.
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The main input of this work is not the suggestion of a new
architectural innovation but the thorough, open, and clinically
grounded confirmation of a well-known architecture that has been
carefully improved for use in the real world. This study directly
addresses a major translational gap in medical Al by focusing
on operational practicality. This includes hardware agnosticism,
computational efficiency, quantitative explainability, and well-
calibrated probability estimates. Many high-performing models
fail to reach clinical adoption due to practical implementation
barriers.

The study also adds to the body of knowledge about how
to understand models by using quantitative Grad-CAM analy-
sis. It shows that 89.3% of model attention maps match up with
clinically important disease features, which is higher than the
minimum level thought to be acceptable for clinical interpretabil-
ity. The model’s accurate chance estimates (Brier score: 0.062;
ECE: 0.018) also allow for clinically useful risk stratification. This
fixes a common problem with deep learning systems that make
predictions that are too sure of themselves.

There are some problems that need to be thought about.
Model performance was affected by image quality, as AUC
dropped from 0.974 for high-quality images to 0.913 for low-
quality images (Q < 0.4). This shows how important it is to include
quality measurement in the release process. The current system for
binary classification doesn’t offer the multi-class intensity grading
that is needed for full clinical management. Furthermore, all con-
firmations were done in the past using public datasets. To prove
generalizability across different groups, imaging tools, and oper-
ating conditions, future evaluation in real-world screening settings
is needed.

Future study will focus on three areas that are all linked
to each other. First, as technology improves, the framework will
grow to include hierarchical classification or ordinal regression for
judging intensity across multiple classes. Multimodal data, such as
optical coherence tomography, will also be added to improve the
accuracy of diagnostics. Second, clinical application will include
prospective multicenter validation studies in real-world screening
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settings. Federated learning methods will allow institutions to
work together to improve the model while protecting data pri-
vacy. Third, the health systems impact review will look at how
cost-effective, scalable, and easy it is to integrate Al-assisted
screening programs, especially in places with few resources where
the number of cases of DR is high and specialists are hard to find.

This research adds an open-source, validated ResNet50
model that puts real-world usefulness ahead of diagnostic accu-
racy. It does this by creating a framework for applied Al research
that connects algorithmic development and clinical deploy-
ment through repeatability, computational efficiency, quantitative
explainability, and rigorous validation. To make automated
screening work as well as it could, it needs to be tested more,
health systems need to work together better, and everyone needs
to have equal access in all kinds of healthcare situations.
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