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Abstract

Background: Theautomated screening of patientsat risk of developing diabetic retinopathy represents an opportunity to improve
their midterm outcome and lower the public expenditure associated with direct and indirect costs of common sight-threatening
complications of diabetes.

Objective: This study aimed to develop and evaluate the performance of an automated deep learning—based system to classify
retinal fundus images as referable and nonreferable diabetic retinopathy cases, from international and Mexican patients. In
particular, we aimed to evaluate the performance of the automated retina image analysis (ARIA) system under an independent
scheme (ie, only ARIA screening) and 2 assistive schemes (ie, hybrid ARIA plus ophthalmologist screening), using aweb-based
platform for remote image analysis to determine and compare the sensibility and specificity of the 3 schemes.

Methods: A randomized controlled experiment was performed where 17 ophthalmologists were asked to classify a series of
retinal fundus images under 3 different conditions. The conditions were to (1) screen the fundus image by themselves (solo); (2)
screen the fundus image after exposure to the retinaimage classification of the ARIA system (ARIA answer); and (3) screen the
fundus image after exposure to the classification of the ARIA system, as well as its level of confidence and an attention map
highlighting the most important areas of interest in the image according to the ARIA system (ARIA explanation). The
ophthalmologists’ classification in each condition and the result from the ARIA system were compared against a gold standard
generated by consulting and aggregating the opinion of 3 retina specialists for each fundusimage.

Results: The ARIA system was able to classify referable vs nonreferable cases with an area under the receiver operating
characteristic curve of 98%, a sensitivity of 95.1%, and a specificity of 91.5% for international patient cases. There was an area
under the receiver operating characteristic curve of 98.3%, a sensitivity of 95.2%, and a specificity of 90% for Mexican patient
cases. The ARIA system performance was more successful than the average performance of the 17 ophthalmologists enrolled in
the study. Additionally, the results suggest that the ARIA system can be useful as an assistive tool, as sensitivity was significantly
higher in the experimental condition where ophthalmologists were exposed to the ARIA system’s answer prior to their own
classification (93.3%), compared with the sensitivity of the condition where participants assessed the images independently
(87.3%; P=.05).
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Conclusions: These results demonstrate that both independent and assistive use cases of the ARIA system present, for Latin
American countries such as Mexico, a substantial opportunity toward expanding the monitoring capacity for the early detection

of diabetes-related blindness.

(IMIR Form Res 2021;5(8):€25290) doi: 10.2196/25290
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Introduction

Impact of Diabetes

Diabetesis one of the most challenging health problemsin the
world, affecting more than 400 million people. Particularly,
diabetes threatens the health care systems of low- and
middle-income countries, where 80% of the world’s diabetic
population live[1,2] . Diabetesisamultifactorial and complex
disease with a strong genetic component. In this regard, it has
been demonstrated that Hispanic/Latino people have a greater
susceptibility to develop type Il diabetes, as well as
diabetes-associated complications, including renal insufficiency
and visual impairment [1-4].

In 2015, there were more than 41 million adults diagnosed with
diabetes in Latin America and Caribbean countries, making it
one of the major causes of premature death and disability inthe
region [5,6] . Particularly, Mexico ranked sixth among the
world’s diabetes prevalence in 2015 and second among Latin
America, only after Brazil [7,8]. It is estimated that 26 million
adults live in Mexico with diabetes or prediabetes, and only
half of them have been diagnosed. Diabetes and its related
complications are thefirst cause of disability and thethird cause
of death in the country, largely impacting productivity, life
quality, and the economy [5].

Evolution and Treatment of Diabetic Retinopathy

Diabetic retinopathy (DR) is the most common complication
in advanced or uncontrolled diabetic patients and isthe leading
cause of irreversible vision loss in working-age adults [9,10].
DR is a microvascular complication that emerges in diabetic
patients as a consequence of chronic hyperglycemia that
contributes to blood vessel damage in the retina, causing a
combination of fluid leakage, swelling of the surrounding tissue,
blood flow obstruction, and abnormal neovascularization [9,10].

DR progressionisslow, gradual, and reversiblein itsfirst stage.
However, if not treated promptly, it can lead to irreversible
blindness. According to the International Clinical Diabetic
Retinopathy Severity Scale, the first stage of DR is classified
as mild nonproliferative diabetic retinopathy (NPDR), which
is characterized by the presence of at least 1 microaneurysm
and is highly reversible through blood pressure, cholesterol,
and sugar level control. Only very rare cases that present
macular edema (swelling of fluid and protein deposits on or
under the macula) might require laser photocoagulation or
intravitreal injections. Without adequate diabetic control, the
disease advances to moderate and severe NPDR stages, which
include the presence of hemorrhages, microaneurysms, hard
exudates, venous beading, or intraretinal microvascular
abnormalities. At these stages, metabolic control isnot sufficient
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to stop the disease progression, and the patient will require
invasive treatments such as photocoagulation and intravitreal
antivascular endothelial growth factor agents or corticosteroids.
The most advanced stageisproliferative DR and is characterized
by neovascularization, preretinal hemorrhages, hemorrhagesin
the vitreous, traction retinal detachments, or macular edema.
Proliferative DR is treated with the more aggressive laser
therapy called scatter or pan-retinal photocoagulation;
intravitreal injection; and, in some cases, vitreoretina surgery,
which removes scar tissue or blood from the vitreous cavity to
repair retinal detachments or treat macular holes [10-13].

To increase early detection and prevent the progression of DR
to advanced stages, diabetic patients are recommended to have
annual or semiannud retinal screenings beginning at the moment
when they are diagnosed with diabetes. However, according to
data from the Diabetic Retinopathy Barometer, 27% of people
living with diabetes declared that they never discussed eye
complications with their doctors before the onset of
complications, and only 13% of the diabetic population have
visited an ophthalmol ogist after their diagnosis[4,14]. Through
frequent, preventive screenings, 70% of the cases can be
captured at the initial stages of the disease and treated with
noninvasive strategies such as metabolic control  or
photocoagulation [15]. Unfortunately, in most developing
countries, thereis no ophthalmological attention at primary care
clinics, and it is only when diabetic patients develop vision
attenuation that they are referred to second- and third-level
hospitals to be screened, diagnosed, and treated [16]. At this
point, significant retinal damage has occurred, and, even with
invasive vitreoretinal surgery or photocoagul ation, vision cannot
be restored.

The limited access to ophthalmol ogists and retina specialists at
primary care clinics, due to financial and staff limitations at
national health care ingtitutions, precludes the continuous
monitoring of diabetic patients in low- and middle-income
countries such as Mexico.

Challenges of Diabetic Retinopathy Screening on a
Large Scale

In Mexico, DR is a leading cause of irreversible blindness
among the working-age population [4,13] . Approximately 30%
of the patients diagnosed with diabetes develop DR, and, based
on the predictions of diabetesincreasing in prevalence, by 2045,
therewill be 245 million peoplewith DR lesionsand 77 million
people with vision-threatening DR [17].

One of the main limitationsfor the establishment of asystematic
eye-screening program is the limited availability of
ophthalmologists and their unequal distribution around the
country. Based on the 2013 registry of society-affiliated
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ophthalmol ogistsfrom the Mexican Society of Ophthalmology,
the average number of ophthal mologists per 100,000 peopleis
lower (2.68 per 100,000) than the average among Latin
American countries (5.27 per 100,000). There is a particularly
worrying distribution in rural areas, with 2 ophthalmologists
per 100,000 people [18].

In particular, in low- and middle-income countries such as Costa
Rica, Peru, and India, there have been severa efforts to
implement DR screening programs targeting the limitation of
ophthalmologists with mobile screening units integrated with
telemedicine [19-21]. In these contexts, 2 key factors were
identified for achieving cost-effectiveness of these strategies:
(1) accurate identification of the risk population and (2)
optimization of the number of people screened per unit of time
[21]. Notably, these 2 factors can be improved by leveraging
automated retinal image analysis (ARIA) systems such as the
onein this study.

ARIA for Diabetic Retinopathy Screening

In recent years, the combination of the devel opment of advanced
statistical methods, the greater availability of data, and the
substantial increase in computing power has allowed for the
application of advanced computational methodologies, including
artificial intelligence (Al), in diverse socia and medical
domains. Among the use of Al for social welfare, Al
applications in heath care domains are one of the fastest
growing sectors, with a compound annual growth rate above
40% during the period between 2014 and 2021 [22]. Al tools
have been successfully applied to diagnostics, therapeutics,
population health management, administration, and regulation,
showing a capacity to augment societies access to health care
and improve the coverage and quality of the services provided.

Ultimately, Al applicationsin health care present opportunities
to improve overal quality of life, patients' prognoses, and
optimization of human and financial resources [23]. In
particular, ARIA systems have emerged asapromising solution
to increase early detection of DR at primary care clinics,
particularly, in resource-constrained developing countries,
thereby improving health outcomes, avoiding incapacitating
complications, and reducing treatment costs.

ARIA systems analyze retinal fundus images by applying
techniques such as deep learning (DL) to classify diabetic
patients in (1) cases without retinal lesions associated to DR
(nonreferable output) and (2) cases that need to undergo
examination by an ophthalmologist to confirm diagnosis and
definetreatment (referable output) [24-28]. Asof today, various
analysis systems have been devel oped and implemented on the
market in European countries, Canada, and the United States.
However, very few have been tested in Latin America and
Caribbean countriesto evaluate their performance and usability
in the particular resource-constrained settings of these countries
[29]. To determine qualities of successful implementation in
these countries, research must investigate patients' ethnicities,
the training of health care personnel, community openness to
new technologies, and hospital resources.
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Aims and Key Findings of the Study

This study aimed to evaluate the performance of a DL-based
ARIA system that classifies retina fundus images in
nonreferable or referable circumstances, based on the presence
of DR damage, as well as the potential benefits of itsuse asan
assistive tool for ophthalmic doctors. We also completed a
randomized controlled trial where the performance of the ARIA
system was compared with the accuracy of 17 ophthalmologists
from one of the most reputable ophthalmic hospitalsin Mexico,
Hospital de la Ceguera, which is part of the “Association to
Avoid Blindness in Mexico” (APEC). In particular, the
performances of ophthalmologistsin 3 experimental conditions
were assessed: 1 independent condition, in which the
ophthalmol ogists assessed the images independently from the
ARIA system, and 2 assistive conditions, in which either
ophthalmol ogists observed and were influenced by the ARIA
system’'s classification and confidence or an ARIA
system—generated, attention heatmap highlighted probable DR
lesionsin theretina

The key findings were that the ARIA system developed using
a DL strategy was able to classify referable vs nonreferable
cases with an area under the receiver operating characteristic
curve (AUROC) of 98%, asensitivity of 95.1%, and aspecificity
of 91.5% for international patient cases. There was an AUROC
of 98.3%, a sensitivity of 95.2%, and a specificity of 90% for
Mexican patient cases. For Mexican patient cases, the ARIA
system performance was more successful than the average
performance of the 17 ophthalmol ogist participantsin the study.
Moreover, we found that the ARIA system can be useful as an
assistive tool, as we found significant improvement in the
specificity in the experimental condition where participants
were able to consider the answer of the ARIA system as a
second opinion (87.3%), compared with the specificity of the
condition where parti cipants assessed the imagesindependently
(93.3%; P=.05).

Hence, this study aimed to demonstrate the high potential value
of the use of ARIA systems, in both independent and assistive
schemes, toward the goal of effective mass screening for the
early detection of DR in developing countries such as Mexico.

Methods

ARIA System

ARIA System Design

The ARIA system consists of an image preprocessing module
and an image analysis module that returns a binary referable
and nonreferable DR classification; the level of confidence of
that classification; and an attention map that shows, pixel-wise,
the indicative features for referable DR according to the model
(Figure 1). The models constituting the ARIA system were
implemented using the Keras library with the Tensorflow
backend [30] in Python 3.5 [31].

Images from all datasets were annotated by ophthalmic
specialists for 5-class identification according to the
International Clinical Diabetic Retinopathy Severity Scales
(ICDRSS) and subsequently labeled as nonreferable or referable
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DR [32]. Table 1 describes the classification, and Figure 1A used for the experimental phase of the study was provided by
provides a graphical example. The gold standard classification 3 retina specialists, as described in the following subsections.

Figure 1. Deep learning—based automated retinal image analysis system. (A) Example of classified retinal fundusimages according to the International
Clinical Diabetic Retinopathy Severity Scale used for the training data. (B) Flow chart describing the design of the automated retinal image analysis
system; the data used for training, validation, and testing; and the algorithm’s outputs. DR: diabetic retinopathy; NPDR: nonproliferative diabetic
retinopathy; PDR: proliferative diabetic retinopathy.
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Table 1. Internationa Clinical Diabetic Retinopathy Severity Scale and its classification for the automated retinal image analysis system [32].

ARIA? system classification DR severity scale Ophthalmoscopy findings
Nonreferable No apparent retinopathy (no DR) No abnormalities
Mild nonproliferative DR (mild DR) Microaneurysms only
Referable Moderate nonproliferative DR (moderate DR)  More than just microaneurysms but |ess than severe nonpro-

liferative diabetic retinopathy

Severe nonproliferative DR (severe DR) =20 intraretinal hemorrhages in each of 4 quadrants, definite
venous beading in 2 quadrants, or prominent intraretinal mi-
crovascular abnormalitiesin 1 quadrant. No signs of prolifer-
ative retinopathy.

Proliferative DR Neovascularization or vitreous/preretinal hemorrhage.

8ARIA: automated retinal image analysis.
PDR: diabetic reti nopathy.

Preorocessin padding the image to guarantee consistent squared image ratios,
eprocessing resizing the image to 224x224 pixels, and normalizing pixel

Before classifying the images and training the algorithms, a  valuesto the range 0-1.

preprocessing procedure was applied. The procedure consisted

of cropping the background to eliminate noninformative areas,
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Image Classification Model

The model used for image classification consisted of a deep
convolutional neural network [33,34]. The network architecture
developed for this project consisted of 16 convolutional layers,
a dense layer of 1024 neurons, 2 dropout layers to avoid
overfitting, and abinary classification layer of asingle unit with
sigmoid activation. This architecture took the VGG model
published by Simonyan and Zisserman [34] as a starting point.
Hence, the model output isavalue between 0 and 1, which may
be interpreted as the confidence of the model regarding a
referable DR classification. Lastly, athreshold of 0.5 was used
to classify nonreferable (<0.5) and referable (= 0.5) DR.

The model was trained on an international dataset, of which
most images were taken in primary care clinicsin California,
United States [35]. The training subset had 57,146 images
(16,458/57,146, 28.80% with referable DR; 45,602/57,146,
79.80% gradable), and the eval uation subset had 8,790 images
(694/8790, 7.90% with referable DR; 7067/8790, 80.40%

Noriegaet a

gradable). The training and test subsets followed the same
distribution used by Voets and colleagues [36]. Considering
real-life scenarios, the training and validation datasetsincluded
images from different types of camerasand of different qualities
(ie, with artifacts, out of focus, underexposed, or overexposed).

Attention Heatmaps

Attention heatmaps were devel oped to show lesion areasin the
image by highlighting each pixel according to their importance
to areferable DR classification, according to the model. These
heatmaps were obtained by applying one of the most effective
methods for building saliency maps on images, the layer-wise
relevance propagation method, with an a pha-betarule [37,38].
In essence, the layer-wise relevance propagation method
redistributed the output value throughout the layers until the
input layer (input image) was reached. Figure 2 shows examples
of fundus images and the heatmaps generated using the
methodology described.

Figure 2. Attention heatmaps for 2 referable images. Green and yellow colors indicate regions in the image that provide information to the algorithm

to classify theimage asreferable.

Referable retinal fundus images

Study Populations

We had 17 ophthalmologists from the Mexican ophthalmic
hospital participating in the experimental study, and 3 retina
specidists from the same ingtitution participated in the
generation of the gold standard. The 17 ophthalmologists
eva uated 45° macula-centered fundusimages from 100 Mexican
patients, where 50% (50/100) had nonreferable DR and 50%
(50/100) had referable DR levels. Each ophthalmologist
evaluated 45 retinal images, in order for each image to be
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evaluated more than once. The ophthalmologists were retina
specialization resident students, where 3 residentswerein their
second year, 12 were in their third year, and 2 were in their
fourth year of residency.

Experimental Design

Overview of Study Design

We conducted a randomized controlled experiment to assess
the performance of the ARIA system in comparison with
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ophthalmic doctors from the Mexican ophthalmic hospital and
to evaluate the potential benefits of using the system as an
assistive tool for doctors. To achieve this, a web-based
experiment platform was developed where ophthalmologists
evaluated fundus retinal images under 3 different

Noriegaet a

conditions—solo, ARIA answe, and ARIA
explanation—described below. The platform was developed
based on the Empirica framework [39]. Figure 3 displays the
main screens of the web platform used in this experiment.

Figure 3. Web-platform design for patient-case classification. (A) Visua indicators and components of the classification window. (B) Visuaization
of the 3 experimental conditions. ARIA: automated retinal image analysis, DR: diabetic retinopathy.
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To generate a gold standard, the fundus images of all patient
cases used in the experiment were graded by 3 retinaspecialists
of the ophthalmic hospital, and a majority rule was used (ie, if
there was a disagreement in the nonreferable/referable 1abel,
the label selected by 2 of 3 experts was considered the gold
standard). We used the same web-based platform described in
Figure 3 for image grading. The retina specialists also graded
the image quality, and images graded as bad quality were not
considered for the experiment. From the remaining images, 50
images from patients with referable DR and 50 images from
patients with nonreferable DR were selected at random to be
used for the study. According to the ICDRSS, the selected
images had the following distribution: 49 with no apparent
retinopathy, 1 with mild DR, 33 with moderate DR, 12 with
severe nonproliferative DR, and 5 with proliferative DR. Since
theseimages weretaken at an ophthal mic hospital, most patients
with DR were under treastment and therefore had more advanced
DR stages (moderate, severe, and proliferative DR).

Experimental Conditions

The experiment followed a within-subjects design, where each
ophthal mol ogist eval uated 45 randomly selected fundusimages

https://formative.jmir.org/2021/8/e25290

RenderX

(from 45 different patients), 15 for each of the 3 treatment
conditions: solo, ARIA answer, and ARIA explanation. The
ophthalmologists were first asked to evaluate 15 fundus retinal
images in the solo condition, followed by 30 images that
randomly alternated between the ARIA answer and the ARIA
explanation conditions. The 15 imagesin each condition subset
wererandomly selected for each participant without replacement
fromall images available for the experiment, generating arough
balance in the proportion of referable and nonreferable images
across conditions. In particular, the average proportion of
referable images was 49.8% (127/255) for the solo condition,
52.5% (134/255) for the ARIA answer condition, and 46.7%
(119/255) for the ARIA explanation condition. In addition,
Multimedia Appendix 1 reports the average number of
observations of each ICDRSS classfor each treatment condition.

In the solo condition, participants responded to the task in
isolation, without any exposureto the ARIA system. In contrast,
inthe ARIA answer condition, participants were exposed to the
binary answer of the ARIA system (ie, nonreferable or
referable), as a second opinion, and then asked to submit their
postexposure answer. The ARIA explanation condition was
identical to the ARIA answer condition, with the exception that
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participantswere shown not only the binary answer of the ARIA
system but also its level of confidence and attention heatmap.

Finaly, after completing all the classification tasks, the
ophthalmologists were asked to submit an optional feedback
survey about their experience.

The study was reviewed and approved by the Committee on the
Use of Humans as Experimental Subjects at the Massachusetts
Ingtitute of Technology, and all participants provided explicit
consent prior to their participation.

Noriegaet a

Results

ARIA’s Independent Performance

The ARIA system was first tested in a large dataset of
international cases. It achieved an out-of-sample areaunder the
receiver operating characteristic curve (AUROC) of 98%
(Multimedia Appendix 1). In particular, using a given
acceptance threshold, the ARIA system achieved a sensitivity
of 95.1% and a specificity of 91.5%. Most importantly, the
ARIA system also displayed high accuracy classifying images
from patients from the Mexican ophthalmic hospital, where it
had an AUROC of 98.3%, asensitivity of 95.2%, and specificity
of 90% (Figure 4).

Figure4. Receiver operating characteristic curve of the ARIA system compared with the ophthalmologist’s accuracy under the 3 experimental conditions
(solo, ARIA answer, and ARIA explanation). Grey lines indicate 95% Cls for the solo condition. ARIA: automated retinal image analysis, AUC: area

under the curve.
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ARIA’s Assistive Perfor mance

Figure 4 shows the sensitivity and false positive rate (false
positive rate = 1 — specificity) for each condition—solo, ARIA
answer, and ARIA explanation—and compares them with the
receiver operating characteristic curve of the ARIA system. The
average sensitivity in the solo condition across the 17
participants was 87.3%, and the average specificity was 86.8%.
In comparison, the average sensitivity and specificity across
the 17 participants for the ARIA answer condition were 93.3%
and 89.3%, respectively, and the average sensitivity and
specificity across participants for the ARIA explanation
condition were 91.5% and 79%, respectively.
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Thejoint analysisof the ARIA system performancefor Mexican
patients, compared with the 3 experimental conditionsinvolving
ophthalmol ogist assessments, showed that the ARIA systemis
more accurate than the average accuracy of participants under
any of the exposure conditions. In particular, the ARIA system
increased sensitivity from 87.3% to 93.3% (P=.05; vertical
movement between the dark blue dot and the greenlinein Figure
4) while maintaining participants specificity at 86.8%.
Compared with the solo condition, the ARIA system aso
increased specificity to 100% while maintaining participants
average sengitivity at 87.3% (horizontal movement from the
dark blue dot |eftwards to the green line in Figure 4).
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Most interestingly, Figure 4 shows that exposure to the ARIA
system was able to improve the performance of human experts,
particularly, inthe ARIA answer condition, which significantly
improved the sensitivity and specificity compared with the solo
condition (distance between dark blue and light blue dots in
Figure 4). However, performance in the ARIA explanation
condition had mixed results, showing improved sensitivity but
worse specificity (distance between dark blue and orange dots
in Figure 4).

Figure 5 provides more detail on the effect that exposure to
information of the ARIA system had on the performance of

Noriegaet a

ophthalmologists. In particular, it shows that the accuracy (%
of correct answers) of the 17 experts consistently improved in
the ARIA answer condition, shifting the distribution upwards
and decreasing the variance across participants. For example,
while only 2 participants had a perfect score in the solo
condition, up to 6 participants had a perfect scorein the ARIA
answer condition. However, the ARIA explanation condition
had mixed beneficial and detrimental effects on participants
accuracy and increased the variance of performance across
participants compared with the solo condition.

Figure5. Influence of the ARIA system on the ophthalmologists' decisions. ophthalmologists’ performance after exposure to the ARIA answer or the
ARIA explanation condition outputs. ARIA: automated retinal image analysis.
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Discussion

Principal Findings

The number of peopleliving with diabetes by 2045 is projected
to reach 700 million people worldwide [7,40]. This means that
routine eye screening might prevent vision lossin approximately
230 million patients. Just in Mexico, the prevention of DR would
implicate savings of up to US $10 million for the 3 main public
health careingtitutions[41]. The development of ARIA systems
represents a possible solution to the increasing demand of eye
screenings in hedth care systems, particularly, in
limited-resource settings. However, it has been shown that
acceptance of the human factorsinvolved in thefield processes
arecritical for the effective implementation of screening systems
[42,43].

In this study, we successfully developed and evaluated a
DL-based ARIA system to determine its performance as an
independent decision-making system, as well as a supportive
tool for health care professionals. As an independent
decision-making tool, the ARIA system outperformed the
average ophthalmologist participant in the experiment. On the
other hand, as a supportive tool, the ARIA system exerted a
strong influence on the opinion of human participants. However,

https://formative.jmir.org/2021/8/e25290

XSL-FO

RenderX

ARIA answer  ARIA explanation

its effect depended on the output’s format, highlighting the
importance of awell-designed platform that has been user-tested
with final users.

ARIA’s Independent Performance

The DL-based ARIA system presented in this work was
evaluated with a subset of retinal images from international
patient cases and an image set of patients from a Mexican
ophthalmic hospital. In both datasets, the ARIA system
outperformed the average sensitivity and specificity of 17
ophthalmology residents of retina specialty.

The sensitivities (95.1% and 95.2% for the international and
Mexican datasets, respectively) are comparabl e to those reported
for 7 other automated DR screening systems assessed in a
systematic review, whose sensitivity values were between 87%
and 95% [44]. On the other hand, the specificities reached by
our ARIA system (91.5% and 90% for the international and
Mexican datasets, respectively) were higher than the average
specificity values of between 49% and 69% reported by
Ngrgaard and Grauslund [44]. Also, our system’s sensitivity
and specificity were comparable with those reported for
commercia DR screening technol ogieswith DL features, whose
sensitivity and specificity values were 85%-99.3% and
68.8%-97.9%, respectively [45]. Compared with these
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commercial DR screening technologies, our ARIA system has
one of the best balances between sensitivity and specificity,
with both measurements above 90%.

ARIA Assistive Perfor mance

Besides the sensitivity and specificity assessment, the ARIA
system evaluation included 2 hybrid decision schemes, either
assistive or a combination of human and Al. The experimental
design was devel oped to reflect that in real-world applications,
results of an automated system are reviewed and confirmed by
health care professional sto choose the most adequate therapeutic
protocol for each patient. In these assistive evaluations, we
confirmed the existence of significant synergies derived from
the interaction among the human and Al dyads.

The ARIA output’'s influence on ophthalmologists overall
precision depended on its format. A simplified output (ie,
nonreferable or referable classification) resulted in the most
successful sensitivity and specificity for ophthalmologists
inputs. On the other hand, a more complex output (ie, with a
confidence bar and attention map) partiadly improved
ophthalmologists’ decisions, increasing their sensitivity but also
increasing the incidence of false positive classifications.

These results are coherent with some of the ophthalmologists’
feedback submitted after the classification tasks, where some
expressed that even when attention heatmaps were useful, the
bar showing the confidence of the ARIA system was confusing.

Limitations

Future pilot studies with a larger number of patients and
ophthalmologists will be useful to confirm the ARIA system'’s
accuracy. Also, future studies might include direct
ophthalmoscopy by retina specialists as the gold standard, in
order to avoid errors related to image quality.

Noriegaet a

Additional experimentswith alternative platform designs might
be useful to generate a suitable screening tool that optimizes
patient evaluations and referrals in 2 stages. In the first stage,
an ARIA system might be useful to identify patients with a
higher probability of developing DR. In the second stage,
ophthalmologists would be able to evaluate the retinal images
of high-risk patients, in combination with the ARIA system
output, to make a first decision about the disease stage and
treatment, sending referralsto retinaspecialistsonly for patients
with an advanced disease.

Conclusions

The results of this study demonstrate a substantial opportunity
for Latin American countries such as Mexico toward devel oping
efficient mass screening systems for early detection of
diabetes-related blindness, considering the short supply of
ophthalmologistsin their public health care system.

The web-based platform devel oped for this study was designed
for the implementation of the ARIA system as an automatic
screening tool and as a telemedicine platform to confirm or
reject the ARIA system’s output with assessment of an
ophthalmologist or retina specialist. The platform was useful
for this study and can be easily adapted for future studies that
include the collection of additional information about other eye
diseases detectable by image analysis (ie, glaucoma, age-related
macular degeneration, or coat disease).

The conclusion of these results suggests the proposed ARIA
system isvaluable in an independent or assistive condition and
can be useful to increase and improve DR diagnosis, aswell as
other ophthalmic diseases in the future. However, special
attention to the design of an explanatory platform is required
for successful implementation of the system.
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