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Autonomous Screening for Diabetic Macular
Edema Using Deep Learning Processing of
Retinal Images
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Objective: To develop and validate a deep learning model for diabetic macular edema (DME) detection using color
fundus imaging, which is applicable in a diverse, multidevice clinical setting.

Design: Evaluation of diagnostic test or technology.

Subjects: A deep learning model was trained for DME detection using the EyePACS dataset, consisting of 32 049
images from 15 892 patients. The average age was 55.02%, and 51% of the patients were women.

Methods: Data were randomly assigned, by participant, into development (n = 14 246) and validation (n = 1583)
sets. Analysis was conducted on the single image, eye, and patient levels. Model performance was evaluated using
sensitivity, specificity, and the area under the receiver operating characteristic curve (AUC). Independent validation was
further performed on the Indian Diabetic Retinopathy Image Dataset, as well as on new data.

Main Outcome Measures: Sensitivity, specificity, and AUC.

Results: At the image level, a sensitivity of 0.889 (95% confidence interval [Cl]: 0.878, 0.900), a specificity of 0.889
(95% Cl: 0.877, 0.900), and an AUC of 0.954 (95% Cl: 0.949, 0.959) were achieved. At the eye level, a sensitivity of 0.905
(95% Cl: 0.890, 0.920), a specificity of 0.902 (95% Cl: 0.890, 0.913), and an AUC of 0.964 (95% Cl: 0.958, 0.969) were
achieved. At the patient level, a sensitivity of 0.900 (95% Cl: 0.879, 0.917), a specificity of 0.900 (95% ClI: 0.883, 0.911),
and an AUC of 0.962 (95% ClI: 0.955, 0.968) were achieved.

Conclusions: Diabetic macular edema can be detected from color fundus imaging with high performance on all
analysis metrics. Automatic DME detection may simplify screening, leading to more encompassing screening for dia-
betic patients. Further prospective studies are necessary.

Financial Disclosure(s): Proprietary or commercial disclosure may be found in the Footnotes and Disclosures at
the end of this article. Ophthalmology Science 2025;5:100722 © 2025 by the American Academy of Ophthalmology. This
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Diabetic macular edema (DME) is a complication of dia-
betes mellitus, closely associated with diabetic retinopathy
(DR).] Diabetic macular edema is characterized by the
accumulation of excess fluid in the extracellular space
within the central macula,” and when untreated,
ultimately leads to vision loss due to damage to the
microvasculature and photoreceptors of the fovea, which
is responsible for high-resolution visual acuity. Diabetic
macular edema has a major impact on public health,
affecting approximately 3.8% of the population,” with an
incidence of >25% within 25 years of diagnosis of type 1
diabetes mellitus’ and 25% within 9 years of diagnosis of
type 2 diabetes mellitus.®

The ETDRS defined clinically significant macular edema
(CSME) with specific anatomic criteria, which include
retinal thickening or the presence of hard exudates within
500 um of the fovea.” Interventions studied in the ETDRS
treatment protocol, such as focal laser photocoagulation
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and intravitreal anti-VEGF therapy, have shown significant
improvement in visual acuity and prognosis after
treatment.* ' Therefore, early detection and intervention
are crucial in providing the opportunity to achieve good
patient outcomes.

It is recommended that all patients with diabetes are
screened for DME every 1 to 2 years. Screening is conducted
as a part of regular screening and management for DR and
typically involves slit lamp examination of the dilated fundus
or the use of color fundus photography.'' While the diagnosis
of DME is traditionally based on fundus photography and
fluorescein angiography, OCT has increasingly been used
to quantitate the extent of diabetes-related retinal thick-
ening.'” This modality is expensive, however, and generally
available only at specialized eye clinics that can afford this
technology; as such, it is not widely accessible for primary
screening purposes. Thus, screening for DME continues to
be performed by detecting classic patterns of findings in
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color fundus imaging, namely exudates and associated
macular thickening. '’

Access and scalability are crucial elements of any pop-
ulation health screening program. The need for a specialized
eye examination and sophisticated equipment has been a
significant obstacle for streamlined DME screening, causing
many patients to remain undiagnosed.'**'* Machine learning
and deep learning algorithms are ideal tools to address this
limitation and empower an efficient and exponential
screening process at the level of nonspecialized, primary
care delivery.” "’

When considering machine learning solutions for
widespread screening purposes, ensuring maximal
generalizability of the model becomes crucial as the exact
settings in which the model will be deployed are diverse
and unknown. As such, models should be developed using
a wide and diverse database and tested in multiple set-
tings. The ability to demonstrate consistent results in
external validation, i.e., datasets that are different from
the training dataset in terms of locations and protocols, is
crucial. This is in addition and compared with internal
validation, which is done on a subset of the original
dataset reserved for validation. If the original database
contains biases that affect the model, internal validation
may not expose them, emphasizing the need for external
validation.

Methods for DR screening using deep learning algorithms
that examine fundus images have shown promising re-
sults.'®'”  Furthermore, autonomous DR screening has
received United States Food and Drug Administration
approval,”’ opening the door to the implementation of
further similar applications, such as DME screening. While
OCT-based machine learning methods have shown good
results in the detection of DME,”' > with some methods
boasting almost 100% accuracy, the cost and limited avail-
ability of OCT technology limit its ability to be used as a
screening tool on a large scale.

Meta-analysis of machine learning—based DME detec-
tion methods has suggested that limitations of previous
studies include a lack of comparison between eyes of the
same patient, as well as the widespread use of OCT in
previous works, which may limit generalizability among the
general population.”* This study relies on fundus images,
which are more common and easily attainable, as well as
analysis on the patient level, which includes both eyes,
attempting to close previous research gaps.

Other fundus imagery-based methods, which focus
primarily on exudate detection, were previously devel-
oped,zs"(’ as have been methods based on the entire
CSME criteria.”’ *' This study will expand on these
works by being validated on multiple datasets from mul-
tiple locations and using multiple definitions for CSME,
showing good agreement with all of them. Furthermore,
not only does the model developed exhibit excellent
CSME detection, but also it does so at the patient level
rather than at the eye level, making this work more clin-
ically relevant from a functional screening standpoint, as
patient-level results are the end goal for diagnostic model
screening purposes.
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Methods

Data

The main dataset utilized for training and validation was
compiled and provided by EyePACS’” and consisted of 45°
angle fundus photography images and expert readings of said
images. All images and data were deidentified according to the
Health Insurance Portability and Accountability Act “Safe
Harbor” before they were transferred to the researchers. This
study was conducted in compliance with the tenets of the
Declaration of Helsinki, and institutional review board
exemption was obtained.

The EyePACS dataset contained up to 6 images per patient
visit: 1 macula-centered image, 1 disk-centered image, and 1
centered image per eye (in which a central fixation image is
fixated on the middle of a line connecting the foveola and the
optic disc). Each eye underwent expert reading, which included
but was not limited to detecting the presence of DME, grading the
level of DR, and assessing the image quality. For example, if 2
images of an eye are of bad quality, while the third is of excellent
quality, the eye will be deemed readable. It should be noted that
this quality assessment was based on the overall readability of a
given eye and does not guarantee that all images of an eye were
the same quality. Images fully deemed unreadable (i.e., ungrad-
able) by an expert were omitted from our analysis, as were disc-
centered images, because these provide only a limited view of the
macula. Images that were partially visible were deemed insuffi-
cient for full interpretation by EyePACS but were included in the
dataset given that partial visibility does not preclude DME
grading.

The method used to determine the presence of CSME in fundus
images in the vast majority of the EyePACS dataset was Bresnick’s
criterion,™ which is defined as the existence of hard exudates
within 1 disc diameter from the center of the macula. A different
method used in a minority of the dataset was the criterion
presented in Litvin et al®*; this defined CSME by dividing the
macula into an 8-sector “pie” within 1 disc diameter of the cen-
ter of the macula. If 3 sectors of the pie have hard exudates, or if
hard exudates are present within 1 of 3 disc diameter from the
center of the macula, it was graded to have likely CSME. Due to
the latter method’s higher level of stringency, all images diagnosed
using the latter are definitionally positive according to the former.
As such, and given that images diagnosed using the latter method
constitute a minority, all images were considered as having com-
parable ground truths.

A comprehensive dataset for the purposes of training, valida-
tion, and testing was constructed from the EyePACS dataset,
consisting of 32 049 images from 15 892 patients. Up to 2 images
were taken for each eye from 2 different fields, one centered on the
macula and another centered between the macula and the disc. The
average age was 55.02 (10.21 standard deviation), and 51% of the
patients were women (Table 1). Table S1 (available at
www.ophthalmologyscience.org) shows the distribution of DME
patients across DR levels; DME was only present for patients
with more than mild DR, with approximately 49% of all images
being DME positive. Additional statistics are given in Tables S2
and S3 (available at www.ophthalmologyscience.org).

An additional dataset used for validation was the Messidor-2
dataset,” also containing 45° angle fundus photography images
and expert annotations for DME presence and DR level. The
dataset consisted of 1748 macula-centered images from 874 ex-
aminations, of which 151 images (8.6%) were DME positive.
Additional information is provided in Table S4 (available at
www.ophthalmologyscience.org).
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Table 1. Patient Numbers and Population Statistics for the EyePACS Dataset

Patients

15 892

Field Images
Value 32 049

SD = standard deviation.

External validation was further performed on the Indian Dia-
betic Retinopathy Image Dataset, as well as a dataset comprised of
patient images from Lahey Hospital and Medical Center.

Preprocessing

Image preprocessing was performed in 2 steps. First, the image
background was cut along the convex hull, which contains the
circular border between the image and the background. Figure 1
shows an example result of this process. Secondly, each image
was resized to 512 x 512 pixels.

Quality Assessment

A heuristic tool for image quality assessment was developed. The
tool gives a quality score for an image using an aggregation of the
visibility score from multiple areas within the fundus image.
Figure 2 demonstrates a few examples of images and their
respective scores, showing the correlation between score and
visual image quality.

Model Training

The model used was a convolutional neural network (for full ar-
chitecture, see Supplementary Appendix 5, available at
www.ophthalmologyscience.org) with an Adam optimizer and a
learning rate of 0.003. The model was trained on 2 GTX 2080
Ti graphic cards. The hyperparameters for the model training
were chosen beforehand and not changed to prevent overfitting.

Figure 1. Example of image cropping; blue lines represent the cropping
boundaries.

Mean Age (SD)
55.02 (10.21)

Sex
(% Female) Ethnicity (Fraction)
51 White = 0.55 (Hispanic = 0.93,

non-Hispanic = 0.07); ethnicity
not specified = 0.13
African Descent = 0.11
Indian subcontinent origin = 0.10
Asian = 0.03
Other = 0.08

The data were divided into training, validation, and test datasets
consisting of 80%, 10%, and 10% of the data, respectively.
Customary morphologic and color augmentation was applied
during training. Training was done such that images from a patient
are designated to one of the sets exclusively to avoid data leakage.

A binary classification neural network was trained. Following
previous works,”® *® the model architecture was automatically
fitted to best balance the model performance versus model
complexity tradeoff, ending with an empirically found best-
performing model of ~28 million parameters and a size of
~ 110 MB. Hyperparameter tuning was done using the validation
set. All metrics described here were assessed on the training set.

After evaluation of the performance of the model on images of
different quality, a total of 1978 images with the worst quality were
filtered out (approximately 6.2% of the data).

Statistical Analysis

The metrics used for assessment were accuracy, sensitivity, spec-
ificity, and area under the receiver operating characteristic curve
(AUC). For each metric, the bias-corrected and accelerated boot-
strap method®” was used to produce a 95% confidence interval.

Analysis Levels

Diabetic macular edema detection was done on 3 different levels.
The first level assessed detection at the level of each individual
image, which was the basic task for which the model was trained.
The second level was detection for each eye, using both macula-
centered and mid-disc/macula-centered image fields for a given
eye. This method is akin to fundus-photo-based detection of DME
performed by a human expert. In this approach, the best image for
each eye (in terms of image quality as assessed by the image
quality tool) was selected for analysis. The third level was the
patient level. For clinical purposes, detection of DME in 1 eye is
sufficient for referral to further checks; as such, the “worst of 2
eyes” approach was used.

External Validation

The module was further validated by 2 external teams. The first
external validation set consists of clinical data collected from 50
patients with DR at the Lahey Hospital and Medical Center. Of
these patients, 19 had DME confirmed by OCT and 31 did not. One
macula-centered image was selected from each eye for analysis,
and the evaluation was done by D.R. based on Bresnick’s method.
Diabetic macular edema detection analysis was then performed on
all images using the proposed model. Performance was judged
using the metrics mentioned above.

The assessment for the second external validation was con-
ducted by G.C. using the Indian Diabetic Retinopathy Image
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Figure 2. Example images and their accompanying image quality scores, ordered from worst quality (left) to best quality (right).

Dataset training dataset,” which is comprised of 400 macula-
centered images. Diabetic macular edema and CSME detection
were performed based on the method presented in Wong et al,*' in
which DME is defined via the existence of hard exudates 1 disc
diameter from the macula, and CSME is defined via the
existence of hard exudates 500 im from the macula. The data
were first annotated into 3 categories: DME positive (235), DME
negative (142), and unreadable (23), and DME detection analysis
was then performed on all readable images using the proposed
model. Comparison was done using the metrics mentioned
previously.

Model Visualization

The gradient-weighted class activation mapping method** was
used to visualize model areas of interest.

Stability Analysis

In order to check the model’s stability, a set of individual trans-
formations was done on the input images, and the model’s results
for these transformed images were compared with the results of the
original image.

The transformations were as follows:

A. Contrast change, by changing the brightness of the image
by a factor of 0.05.

. Rotation by 5 degrees

. Scaling by zooming in by a factor of 0.15

. Translation by a factor of 0.05 on both axes

. Gaussian blur with a kernel size of 5 x 5.

mON®

An example of these transformations may be found in Figure 3.
Comparison was done by calculating the percent of changed
classification results out of the test dataset for each transformation.

Results

EyePACS Dataset

The results for the different analysis methods are as follows
(Table 2) (confidence intervals set to 95% in parentheses):
on the image level, an AUC of 0.954 (0.949, 0.959) was
achieved. On the eye level, an AUC of 0.964 (0.958,
0.969) was achieved. On the patient level, an AUC of
0.962 (0.955, 0.968) was achieved.

The results for each DR level for which DME is present
are displayed in Table S6 (available at www.ophthal
mologyscience.org), showing comparable results across all
DR levels. The model achieved 0.958 AUC (0.952, 0.964)
for DR level 2, 0.935 AUC (0.923, 0.945) for DR level 3,
0.940 AUC (0.926, 0.952) for DR level 4, and 0.954

4

AUC (0.919, 0.975) for ungradable DR level. Diabetic
retinopathy grades 0 and 1 did not have any DME-
positive examples; thus, most metrics are not defined for
these grades; the model achieved an accuracy of 0.981 and
0.876 (confidence interval not defined), respectively.

Table S7 (available at www.ophthalmologyscience.org)
shows the results for images that passed and did not pass
the quality filter (high and low quality, respectively),
showing significant differences between the populations.
The results for images that were filtered out were 0.671
sensitivity (0.599, 0.737), 0.843 specificity (0.790, 0.886),
and 0.853 AUC (0.811, 0.887). Results for images that
passed the quality filter were 0.902 sensitivity (0.892,
0.912), 0.883 specificity (0.871, 0.893), and 0.956 AUC
(0.952, 0.961) for images that passed the filter. The filter
allowed for a reading on the patient level of 98% of the
patient cohort.

Messidor-2 Dataset

Messidor-2, as a common benchmark, was used as an
additional validation dataset. Messidor-2 contained readings
for the image and patient levels, containing 1 image per eye.
The results on this dataset were an AUC of 0.971
(0.955—0.982), a sensitivity of 0.875 (0.811—0.922), and a
specificity of 0.954 (0.939—0.967), surpassing previous
works (Table 3). On the patient level, an AUC of 0.964
(0.936, 0.979), sensitivity of 0.897 (0.820, 0.947), and
specificity of 0.932 (0.905, 0.953) were achieved.

External Validation Datasets

When tested on the first validation dataset of 100 images,
the model achieved 0.880 accuracy (0.757, 0.955), 0.789
sensitivity (0.544, 0.939), and 0.935 specificity (0.786,
0.992).

When tested on the second, larger validation dataset of
400 images, 23 were labeled as unreadable. Performance of
the model on the remaining 377 images demonstrated 0.854
(0.812, 0.883) accuracy, 0.851 (0.802, 0.893) sensitivity,
0.859 (0.794, 0.909) specificity, and 0.931 (0.900, 0.953)
AUC. For further information on the validation sets used,
see Table S8 (available at www.ophthalmologyscience.org).

Model visualization (Fig 4) shows the model’s focus
areas using gradient-weighted class activation mapping,
showing focus around the macula for both healthy and
DME-positive images, as well as a focus on exudates in
DME-positive  images. Table S9  (available at
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Base: Prob: 1

Scale: Result: 1

www.ophthalmologyscience.org) shows the results for the
stability analysis in terms of result change percentages for
each transformation.

Discussion

This work introduces a novel, proprietary autonomous
system for the detection of DME from fundus images. This
may shorten and simplify the screening processes and allow
for wider screening of DME. Given the short (within
3 months) recommended referral time after DME detec-
tion,'" and the potential threat to patients’ vision if left
untreated, the widespread use of autonomous screening
has the potential to be of clinical importance.

The need to screen for DME independently from
autonomous DR screening stems from 3 main factors.
Firstly, the recommended referral time for DME is shorter
than that of most DR cases without DME. ! Secondly, the
treatment regime for DME differs from that of DR
without DME,"” emphasizing the importance of
distinguishing DME cases from DR cases. Third, the
effect of DME is usually more visually significant than

Brightness: Result: 1

‘}

Translate: Result: 1

Figure 3. Example of transformations on the right eye from a DME-positive patient. Showing (clockwise): the original image, brightness shift, rotation,
Gaussian blur, translation, and scale. The model result for each transformation is shown, where 1 is DME positive and 0 is DME negative. DME = diabetic
macular edema.

Deep Learning Screening for Macular Edema

Rotate: Result: 1

Blur: Result: 0

DR and has a higher risk of causing irreversible vision
changes.**

This work demonstrated good results on multiple vali-
dation datasets, from multiple locations, and with dlfferent
definitions for CSME. This expands on previous works"’ by
showing robustness in multiple different settings and across
definitions used, demonstrating the applicability and general
usability of this method. Our group has already incorporated
a similar, United States Food and Drug Administration-
cleared model for the screening of DR in primary care
clinics using both handheld and tabletop cameras.*®"’ This
model, if implemented in a similar manner, provides a
practical screening solution.

While previous works have shown seemingly compara-
ble results, these suffer from a few limitations that hinder the
models’ potential to act as widespread screening tools.
Many works”® ' have a significantly smaller dataset
compared with that presented in this work, limiting diversity
and generalizability. Homogenelty of data further limits
generalizability. Sahlsten et al,”’ for instance, utilized a
dataset based on a homogeneous population, both in terms
of patients recruited and camera use: the work was done
exclusively with a Canon camera and on a Finnish

Table 2. Results for the EyePACS Dataset across All 3 Analysis Levels, Given in Accuracy, Sensitivity, Specificity, and AUC with a 95%

Accuracy (CI)

0.889 (0.881, 0.897)
0.903 (0.894, 0.912)
0.898 (0.886, 0.909)

Image level
Eye level
Patient level

Sensitivity (CI)

0.889 (0.878, 0.900)
0.905 (0.890, 0.920)
0.900 (0.879, 0.917)

Specificity (CI)

0.889 (0.877, 0.900)
0.902 (0.890, 0.913)
0.900 (0.883, 0.911)

AUC (CI)

0.954 (0.949, 0.959)
0.964 (0.958, 0.969)
0.962 (0.955, 0.968)

AUC = area under the receiver operating characteristic curve; CI = confidence interval.
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Table 3. Comparison between the Proposed Method and Previous Works on the Messidor-2 Dataset, Given in Accuracy, Sensitivity,

Accuracy (CI)

Sahlsten et al*’ 0.931 (0.915, 0.944)
Li et al*®
Proposed, image level

Proposed, patient level

0.943 (0.927, 0.955)
0.925 (0.898, 0.944)

Specificity, and AUC with a 95% CI

Sensitivity (CI)

0.69 (0.626, 0.750)
0.886 (0.881, 0.892)
0.875 (0.811, 0.922)
0.897 (0.820, 0.947)

Specificity (CI)

0.989 (0.980, 0.994)
0.908 (0.898, 0.912)
0.954 (0.939, 0.967)
0.932 (0.905, 0.953)

AUC (CI)

0.932 (0.917, 0.946)
0.948 (0.943, 0.951)
0.971 (0.955, 0.982)
0.964 (0.936, 0.979)

AUC = area under the receiver operating characteristic curve; CI = confidence interval.
Additionally, results on the patient level (not done in previous works) are given.

population, which is relatively less diverse than the United
States-based population represented in this article.

Different sets in the training and validation sets use
slightly different definitions for CSME; however, all use
only exudates in macular proximity using fundus images.
The comparable results between the training and external
validation sets prove that the model is robust to these slight
changes in definitions.

This work was validated on 4 validation sets that were
diverse in terms of patient population and device (see
Table S7, available at www.ophthalmologyscience.org), 3
of which were external, showing consistency in overall
results and general consistency in terms  of
sensitivity—specificity balance. Balanced systems are
important for screening purposes, as an imbalanced system
will hurt either sensitivity or specificity beyond acceptable
bounds, creating false positives or negatives during
screening. Directly compared with other works that also
utilize the Messidor set for external Validation,27’28 this
work shows superior and significantly more balanced
results.

Additionally, which further tailors this work to practical
screening purposes, this work proposed analyzing DME on
multiple levels, expanding on existing works that focused on
the single image level, and shows higher efficacy on the
image level as compared with previous studies. Addition-
ally, it showed comparable results between the Messidor-2
dataset and the less curated (in terms of image quality)
EyePACS dataset, demonstrating its robustness across
different image qualities. The model can produce results for
the vast majority of examined patients, further supporting
the possible widespread capabilities and applications.

Analysis on the eye level, that is, analyzing a single eye
with multiple images of the same eye, may be more accurate
and representative of clinical practice than image-level
analysis. When multiple fields of the same eye exist, ex-
perts label images based on the integration of present in-
formation. This may lead to the labeling of individual
images being misleading, especially if differences in image
quality exist. For instance, an eye that appears healthy from
one angle, often due to low image quality, might have
visible DME at another angle, leading to a seemingly

-

Figure 4. Grad-CAM heatmap results from 3 left eyes of 3 patients, with 22 confirmed DME patients (left and center) and 1 non-DME patient (right).
DME = diabetic macular edema; Grad-CAM = gradient-weighted class activation mapping.
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healthy image being positively labeled. The presented eye-
level analysis tackles this issue by selecting the highest
quality field from each eye.

The final model presented, which performs an analysis
on the patient level, may be more clinically relevant than
reporting findings at the single image or eye levels because
the clinical criterion for referral is the existence of DME on
the patient level. This method demonstrated high (~90%)
sensitivity and specificity. Further analysis of the model
shows good stability in response to image transformation,
with Gaussian noise, which blurs image exudates, being the
most problematic one; however, this is not a common arti-
fact to find in retinal images.

Clinically significant macular edema with foveal
involvement is also known as CSME with center involve-
ment,”'" and the ability of graders to consistently detect this
has been questioned.”® Despite CSME with center
involvement being more severe, all CSME cases are
referable, and the detection of CSME remains common
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clinical practice and a referral marker, thus making
widespread screening of CSME important. This article
therefore focuses on CSME detection and not CSME with
center involvement detection.

This work has a few limitations. Firstly, model training
was performed on the single image level, thus hindering the
training with the aforementioned image labeling problem.
Secondly, the 2 methods used for ground truth may not be
as accurate as a comprehensive eye examination using
OCT in addition to the color fundus images. Additionally, a
prospective study on noncurated data could cement the
viability of this method for practical, everyday DME
screening.

In conclusion, this article introduces a state-of-the-art
method for DME detection and uniquely demonstrates
clinical relevance by demonstrating results on multiple
analysis levels. Furthermore, it demonstrates comparable
and balanced results on multiple heterogeneous datasets,
emphasizing the flexibility of the model.
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