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Predicting the risk of developing diabetic retinopathy 
using deep learning
Ashish Bora, Siva Balasubramanian, Boris Babenko, Sunny Virmani, Subhashini Venugopalan, Akinori Mitani, Guilherme de Oliveira Marinho, 
Jorge Cuadros, Paisan Ruamviboonsuk, Greg S Corrado, Lily Peng, Dale R Webster, Avinash V Varadarajan, Naama Hammel, Yun Liu*, Pinal Bavishi*

Summary
Background Diabetic retinopathy screening is instrumental to preventing blindness, but scaling up screening 
is challenging because of the increasing number of patients with all forms of diabetes. We aimed to create 
a deep-learning system to predict the risk of patients with diabetes developing diabetic retinopathy within 2 years.

Methods We created and validated two versions of a deep-learning system to predict the development of diabetic 
retinopathy in patients with diabetes who had had teleretinal diabetic retinopathy screening in a primary care setting. 
The input for the two versions was either a set of three-field or one-field colour fundus photographs. Of the 575 431 eyes 
in the development set 28 899 had known outcomes, with the remaining 546 532 eyes used to augment the training 
process via multitask learning. Validation was done on one eye (selected at random) per patient from two datasets: an 
internal validation (from EyePACS, a teleretinal screening service in the USA) set of 3678 eyes with known outcomes 
and an external validation (from Thailand) set of 2345 eyes with known outcomes.

Findings The three-field deep-learning system had an area under the receiver operating characteristic curve (AUC) 
of 0·79 (95% CI 0·77–0·81) in the internal validation set. Assessment of the external validation set—which contained 
only one-field colour fundus photographs—with the one-field deep-learning system gave an AUC of 0·70 (0·67–0·74). 
In the internal validation set, the AUC of available risk factors was 0·72 (0·68–0·76), which improved to 0·81 (0·77–0·84) 
after combining the deep-learning system with these risk factors (p<0·0001). In the external validation set, the 
corresponding AUC improved from 0·62 (0·58–0·66) to 0·71 (0·68–0·75; p<0·0001) following the addition of the 
deep-learning system to available risk factors.

Interpretation The deep-learning systems predicted diabetic retinopathy development using colour fundus 
photographs, and the systems were independent of and more informative than available risk factors. Such a risk 
stratification tool might help to optimise screening intervals to reduce costs while improving vision-related outcomes.
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Copyright © 2020 The Author(s). Published by Elsevier Ltd. This is an Open Access article under the CC BY 
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Introduction
Globally, diabetic retinopathy is the leading cause of 
preventable blindness in adults aged 20–74 years.1 With the 
goal of early detection, regular screening is recommended 
by major organisations—including the American Diabetes 
Association,2 International Council of Ophthalmology,3 
and American Academy of Ophthalmology4—at intervals 
ranging from every 12 months to 24 months for patients 
with no or mild diabetic retinopathy. Although regular 
screening is crucial to preventing blindness, the expected 
increase in the number of patients with diabetes—from 
415 million in 2015 to a predicted 642 million in 20405—
means that the burden of screening and follow-up 
represent a substantial challenge. The efficiency of diabetic 
retinopathy screening programmes might be improved by 
personalising screening frequencies on the basis of the 
likelihood of the development or progression of diabetic 
retinopathy.6 We created a deep-learning system that uses 
colour fundus photographs to predict the risk of developing 
diabetic retinopathy.

Signs of retinal microvascular changes caused by dia
betes are visible in colour fundus photographs, which are 
routinely used to assess the stage of diabetic retinopathy. 
In addition to disease stage, the risk of development and 
progression of diabetic retinopathy is influenced by 
several risk factors. Modifiable risk factors include 
hyperglycaemia, hypertension, dyslipidaemia and obe
sity, smoking, anaemia, pregnancy, low health literacy, 
inadequate access to health care, and poor adherence to 
therapy.7,8 Non-modifiable risk factors include ethnicity, 
family history or genetics, age at onset of diabetes, type 
of diabetes, and duration of diabetes.7

We used both colour fundus photographs and known 
risk factors to improve risk stratification for developing 
diabetic retinopathy. This is a challenging task because 
microvascular changes are not known to be detectable 
in colour fundus photographs before the development of 
diabetic retinopathy. Consequently, grading systems 
based on colour fundus photographs—such as the Early 
Treatment Diabetic Retinopathy Study,9 International 
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Clinical Diabetic Retinopathy,10 and the Royal College of 
Ophthalmologists Diabetic Retinopathy guidelines11—do 
not stratify patients who do not have diabetic retinopathy. 
The subgroup of patients without diabetic retinopathy is 
important because most patients who are screened for 
diabetic retinopathy show no signs of the disease.12 
Furthermore, only a small proportion of these patients 
require retinal intervention within 2 years,13 highlighting 
the need to identify patients at high risk of developing 
diabetic retinopathy and of disease progression. We 
hypothesised that a deep-learning system could provide 
such stratification by evaluating colour fundus photo
graphs of the eyes of patients without diabetic retinopathy 
and predicting whether the patient would develop mild 
or worse disease within 2 years.

Methods
Study population and datasets
We used deidentified colour fundus photographs from 
two longitudinal datasets to develop and evaluate the 
deep-learning system. The first dataset included 
362 283 patients who attended a total of 430 917 visits 
at 759 sites from EyePACS, a teleretinal diabetic retin
opathy screening service in the USA. These images were 
acquired during routine clinical care for diabetic 
retinopathy screening. The patients from the EyePACS 
dataset were randomly split (8:2) in two, with no overlap 
between the development dataset and the internal 

validation set (72 457 [20%]). The deep-learning system 
was validated using the internal validation set, which 
contained 9124 eyes after selecting one eye at random 
per patient using a pseudorandom number generator 
and ensuring that there were at least two sets of gradable 
images on different visits. 7976 eyes remained after 
filtering for those without diabetic retinopathy at the 
first visit.

The second dataset was from 13 medical centres 
from across Thailand and included 6791 patients.14 

Ruamviboonsuk and colleagues14 randomly selected the 
6791 patients from the national diabetic patients 
registry in Thailand and represented hospitals and 
health centres from each of the 13 health regions in 
Thailand. The standard imaging protocol involved 
taking 45° primary field colour fundus photographs 
(appendix p 1). Most patients were followed up after 
approximately 2 years. One eye (selected at random 
using a pseudorandom number generator) per patient 
was assessed and both visits for the eye were graded 
(appendix p 2). When considering only patients with 
two gradable visits and no diabetic retinopathy at the 
first visit, 4762 eyes were included in the external 
validation set.

All images and metadata were deidentified according 
to the Health Insurance Portability and Accountability 
Act15 Safe Harbor provision before transfer to the study 
investigators. Ethics review and institutional review 

Research in context

Evidence before this study
We searched Google Scholar, PubMed, Scopus, MEDLINE, 
and Web of Science from the inception of each database 
until June 15, 2020, for studies published in English using 
the search terms “progression of diabetic retinopathy”, 
“predicting development of diabetic retinopathy”, 
“predicting incident diabetic retinopathy”, “risk factors for 
diabetic retinopathy”, “diabetic retinopathy screening 
programs”, “automated detection of diabetic retinopathy 
using fundus photographs”, “artificial intelligence”, “machine 
learning”, and “deep learning”. Although few studies have 
investigated the risk of diabetic retinopathy progression on 
fundus photographs using deep learning, to our knowledge 
no study has reported automated risk stratification of 
developing diabetic retinopathy from no diabetic retinopathy 
on fundus photographs or this prediction in combination 
with known risk factors.

Added value of this study
In this study, we created a deep-learning system that used 
colour fundus photographs to predict the development of 
mild or worse diabetic retinopathy within 2 years, for 
patients with diabetes who did not have diabetic retinopathy 
at the time of screening. The deep-learning system was 
created using a large retrospective longitudinal dataset 

collected in a diabetic retinopathy screening programme. 
Significant improvement in risk stratification was observed 
in two independent datasets from two different countries. 
The use of an automated risk stratification tool could help 
to scale diabetic retinopathy screening as the number of 
patients with diabetes continues to grow.

Implications of all the available evidence
Our risk stratification tool could be used by clinicians to 
optimise diabetic retinopathy screening intervals. Patients 
with diabetes identified by our algorithm as being at high 
risk could be followed up more closely to improve visual 
outcomes, with patients at lower risk followed up less 
frequently to reduce the burden of screening. More effective 
screening strategies are particularly important given the 
challenges introduced by the COVID-19 pandemic. The risk 
prediction, together with personalised patient education 
could motivate patients to undertake lifestyle modifications 
or increase their adherence to therapy for improved blood 
sugar control. Finally, our tool could aid research into 
diabetes management and treatment. Prospective studies 
are required to validate the deep-learning system as a risk 
predictor for diabetic retinopathy development and its 
effectiveness in real-world screening programmes and 
clinical settings.

See Online for appendix
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board exemption was obtained from Advarra Institutional 
Review Board.

Outcomes
The primary outcome was to predict the development of 
diabetic retinopathy, defined as whether an eye without 
diabetic retinopathy (according to grading scale; appendix p 
2) at baseline was graded as having mild or worse diabetic 
retinopathy within 2 years, with a 6 month buffer to account 
for visits close to this date (appendix pp 1–2).Eyes without a
known 2-year mild or worse diabetic retinopathy
endpoint were considered for the survival analysis.

Algorithm development
The deep-learning system was developed based on the 
Inception-v3 architecture16,17 and trained on the training set 

(which contained 88% of the patients included in the 
development dataset) and tuned using the tuning set 
(which contained 12% of the images included in the 
development set). We developed two versions of the deep-
learning system, one that took the primary field as input 
(one-field) and a second that took nasal, primary, and 
temporal images as input (three-field). The three-field 
deep-learning system processed each field using an 
identical Inception-v3 module (ie, with shared weights), 
and the output feature vectors are concatenated before 
being used as input to the final classification layer. 
We present the results for both versions of the 
deep-learning system for the internal validation set. How
ever, the external validation set contained only the primary 
field, and thus only allowed evaluation of the one-field 
deep-learning system. Both versions of the deep-learning 

Development dataset Validation datasets 

Training dataset Tuning dataset Internal validation 
dataset (EyePACS)

External validation 
dataset (Thailand)

Patients 253 598 36 228 72 457 6791

Total number of eyes 503 527 71 904 143 864 13 573

Eyes with at least one set of images with available 
grades

365 144 (72·5%) 52 456 (73·0%) 104 695 (72·8%) 6307 (46·5%)

Eyes after selecting random eye per patient for 
validation purposes

365 144 (72·5%) 52 456 (73·0%) 52403 (36·4%) 6 307 (46·5%)

Eyes with at least two sets of gradable images (on 
different visits)

63 281 (12·6%) 9333 (13·0%) 9124 (6·3%) 5603 (41·3%)

Eyes with at least two sets of gradable images and 
without diabetic retinopathy at the first visit (%; 
number of patients)

55 561 (11·0%; 31 449) 8211 (11·4%; 4651) 7976 (5·5%; 7976) 4762 (35·1%; 4762)

Women* (%) 19 919/31 447 (63·3%) 2905/4649 (62·5%) 5118/7975 (64·2%) 3277/4759 (68·9%)

Men* (%) 11 528/31 447 (36·7%) 1744/4649 (37·5%) 2857/7975 (35·8%) 1482/4759 (31·1%)

Median age, years (IQR) 53 (46–60) 54 (45–60) 54 (45–60) 59 (52–66)

Race and ethnicity (%)

Hispanic 32 779 (59·0%) 4790 (58·3%) 4681 (58·7%) 0

White 4077 (7·3%) 605 (7·4%) 606 (7·6%) 0

Asian or Pacific Islander 2935 (5·3%) 403 (4·9%) 381 (4·8%) 4762 (100·0%)

Black 2242 (4·0%) 310 (3·8%) 369 (4·6%) 0

Native American 718 (1·3%) 100 (1·2%) 92 (1·2%) 0

Other 861 (1·5%) 135 (1·6%) 136 (1·7%) 0

Not available 11 949 (21·5%) 1868 (22·7%) 1711 (21·5%) 0

Glycated haemoglobin (%), median (IQR) 6·5% (7·3–8·9) 6·5% (7·2–8·9) 6·5% (7·3–9·0) 6·4% (7·2–8·4)

Mild or worse diabetic retinopathy within 2 years

Eyes with known outcome 25 211 3688 3678 2345

Eyes with mild or worse outcome (%) 4529 (18·0%) 635 (17·2%) 685 (18·6%) 346 (14·8%)

Moderate or worse diabetic retinopathy within 2 years

Eyes with known outcome 24 393 3609 3554 2292

Eyes with moderate or worse outcome (%) 2093 (8·6%) 303 (8·4%) 317 (8·9%) 225 (9·8%)

Vision-threatening diabetic retinopathy† within 2 years

Eyes with known outcome 24 104 3602 3500 2219

Eyes with vision-threatening diabetic 
retinopathy (%)

256 (1·1%) 37 (1·0%) 43 (1·2%) 69 (3·1%)

*A small number of patients did not have this information available. †Includes diabetic macular oedema.

Table 1: Baseline characteristics
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system took 587 × 587 pixel colour fundus photographs as 
the input and output a number between 0 and 1 
representing the likelihood of an eye developing diabetic 
retinopathy within 2 years (appendix p 2).

Statistical analysis
We evaluated the deep-learning system’s ability to predict 
the development of diabetic retinopathy in multiple ways. 
We evaluated the discriminatory ability using the area 
under the receiver operating characteristic curve (AUC) 
and the system’s calibration by plotting the observed 
event rate against the predicted event rate, based on 
deciles of predicted risk. Additionally, we evaluated the 
positive and negative predictive values of the system’s 
predictions at all percentiles of the prediction. Confidence 
intervals for sensitivity, specificity, and positive predictive 
values and negative predictive values were calculated 
using the Clopper-Pearson method based on the β distri
bution (statsmodels library); confidence intervals for the 
AUC were calculated with the DeLong method. Statistical 
significance was evaluated using the DeLong method for 
the AUC.

To evaluate the deep-learning system with respect to 
outcomes that occurred after 2 years, we did a survival 
analysis with Kaplan-Meier curves, log-rank tests, and 
Cox proportional hazards regression models. For the 
Kaplan-Meier curves and log-rank tests, thresholds for  
being at high risk or low risk of developing diabetic 
retinopathy were based on the upper and lower quartiles 
of deep-learning system prediction in the tuning set. 
Survival analysis was done using the lifelines library. 
Statistical significance was evaluated using the log-rank 
test for Kaplan-Meier analyses and the likelihood ratio 
test for Cox analyses.

To compare prognostication by the deep-learning 
system to that by risk factors, we trained univariable and 
multivariable logistic regression models on the develop
ment set and evaluated them on the validation sets. To 
ensure that the deep-learning system was not overly 
confident on the development set, we evaluated the 
calibration (appendix p 20). Different risk factors were 
available in each dataset; each experiment included only 
the patients who had available data for those risk factor(s). 
For the internal validation set, the risk factors with 
available data were glycated haemoglobin, self-reported 
diabetic control, years with diabetes, and insulin use. 
Diabetic control was reported as poor, fair, moderate, 
good, or excellent. Insulin use was defined as either 
patient self-reported or extracted from the electronic 
medical record when present. For the external validation 
set, the risk factors with available information were 
glycated haemoglobin and hypertension status. Cate
gorical variables were encoded as dummy variables. The 
risk factors were also processed to handle extreme outlier 
values (appendix p 1). Development and analysis of the 
saliency maps are detailed in the appendix (p 4).

All analyses were done between April 19, 2019, and 
June 30, 2020, using Python (version 3.6.7) with the fol
lowing libraries: numpy (version 1.16.4); pandas 
(version 0.24.2); seaborn (version 0.9.0); sklearn (version 
0.21.3); matplotlib (version 3.0.3); lifelines (version 0.24.6); 
statsmodels (version 0.10.1); and scipy (version 1.2.1).

Figure 1: Discrimination of the DLS for predicting incidence of diabetic retinopathy
Receiver operating characteristic curves for the three-field (A) and one-field (B) DLS using the internal validation 
set. (C) Receiver operating characteristic curve for the one-field DLS for the external validation set. The 
improvements in AUC after adding the DLS to known RFs are all significant (p<0·0001). Curves are for the DLS 
alone, RFs alone, and for the combination of RFs and the DLS. Receiver operating characteristic curves were 
plotted only for patients with known values for the RFs (plot for the entire validation set is in the appendix p 15). 
(D) Positive predictive value and negative predictive value plots for the three-field DLS assessment using the 
internal validation set. (E) Positive predictive value and negative predictive value plots for the one-field DLS 
assessment using the internal validation set. (F) Positive predictive value and negative predictive value plots for 
the one-field DLS assessment using the external validation set. The shaded regions indicate 95% CIs. AUC=area 
under the curve. DLS=deep-learning system. RFs=risk factors.
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Role of the funding source
Employees of Meta designed and did the study; 
managed, analysed, and interpreted the data; prepared, 
reviewed, and approved the Article; and were involved 
in the decision to submit the Article. All authors 
affiliated wi th Go ogle ha d ac cess to  th e ra w da ta, an d 
AB and PB verified the data. JC and PR had access to 
their respective institution’s data. The corresponding 
author had final responsibility for the decision to submit 
for publication. 

Results
We developed the deep-learning system using the 
development set that included a total of 575 431 eyes. 
The system was then evaluated using an internal vali-
dation set of 7976 eyes and an external validation set of 
4762 eyes. The baseline characteristics, demographics, 
and distribution of the diabetic retinopathy grades of the 
development and validation sets are shown in table 1. 
685 (19%) of 3678 eyes in the internal validation set and 
346 (15%) of 2345 eyes in the external validation set with 
known 2-year mild or worse diabetic retinopathy 
outcomes did not have diabetic retinopathy when 
screened but developed the disease within 2 years. 
In addition, the two datasets also differed i n t erms o f 
race and ethnicity (table 1), glycated haemoglobin con-
centrations (appendix p 14), and grading protocols 
(appendix pp 6–7).

The three-field AUC for predicting the development of 
diabetic retinopathy in the internal validation set was 
0·79 (95% CI 0·77–0·81). The one-field AUC was 
0·78 (0·76–0·80) in the internal validation set and 
0·70 (0·67–0·74) in the external validation set (appendix 
p 15). In both validation sets, the AUC in eyes that had risk 
factor information available was similar to the AUC in all 
eyes (figure 1 A–C). B oth t he t hree-field an d on e-field 
versions of the deep-learning system were well calibrated 
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for the internal validation set (appendix p 21). However, in 
the external validation set the one-field system over
estimated the rate of developing diabetic retinopathy, 
which was resolved after scaling using 5% of the external 
validation set (appendix pp 3–4, 21). This scaling did not 
affect any other analysis.

Positive predictive values and negative predictive values 
were reported as a function of percentiles of risk thres
hold (figure 1D–F). Because the incidence of diabetic 
retinopathy was below 20%, the negative predictive 
values were generally higher than 80% and exceeded 95% 
for patients in the lowest-risk group. The positive predic
tive values increased sharply in patients at the highest 
risk, with the predicted risk of developing diabetic retin
opathy ranging from 40% to 60%.

Univariable analyses compared the prognostication of 
the one field and three field deep-learning systems with 
assessment based on known risk factors; multivariable 
analysis evaluated whether the system could improve 
prognostication when added to risk factors for the internal 
validation set (table 2; figure 1A, B). The most predictive 
risk factor for the development of diabetic retinopathy in 
the univariable analyses was glycated haemoglobin  
(table 2). The combination of all risk factors gave an 
AUC of 0·72 (0·68–0·76). Addition of the three-field 
deep-learning system to the risk factors significantly 
increased the AUC to 0·81 (0·77–0·84; p<0·0001). The 
effect of adding the one-field deep-learning system was 
similar (table 2). The results of several weakly prognostic 
risk factors are reported in the appendix (p 10). The only 
overlapping risk factor between the external validation set 
and the development set that indicated the patient would 
develop retinopathy was glycated haemoglobin. Hyper
tension data were rarely available and weakly prognostic 
(appendix p 14). Therefore, we compared glycated haemo
globin alone to a model that included both glycated haemo
globin and the one-field deep-learning system. The 

Eyes with risk 
factor data 
available

Eyes with diabetic 
retinopathy 
within 2 years

Risk factor(s) alone 
AUC (95%CI)

One-field CFP AUC (95% CI) Three-field CFP AUC (95% CI)

DLS alone Risk factor(s) and DLS DLS alone Risk factor(s) and DLS

Internal validation dataset

Glycated haemoglobin 2534 458 (18%) 0·68 (0·65–0·71) 0·78 (0·75–0·80) 0·79 (0·77–0·82) 0·79 (0·76–0·81) 0·81 (0·78–0·83)

Years with diabetes 3223 615 (19%) 0·64 (0·61–0·66) 0·77 (0·75–0·79) 0·78 (0·76–0·80) 0·79 (0·76–0·81) 0·80 (0·77–0·82)

Self-reported diabetic control 1589 274 (17%) 0·64 (0·61–0·68) 0·77 (0·73–0·80) 0·78 (0·75–0·81) 0·79 (0·76–0·82) 0·80 (0·77–0·84)

Insulin use 3678 685 (19%) 0·59 (0·58–0·61) 0·78 (0·76–0·80) 0·78 (0·76–0·80) 0·79 (0·77–0·81) 0·80 (0·78–0·82)

Glycated haemoglobin, years 
with diabetes, self-reported 
diabetic control, insulin use

1257 221 (18%) 0·72 (0·68–0·76) 0·77 (0·73–0·81) 0·79 (0·75–0·82) 0·79 (0·75–0·82) 0·81 (0·77–0·84)

External validation dataset

Glycated haemoglobin 1788 268 (15%) 0·62 (0·58–0·66) 0·70 (0·67–0·74) 0·71 (0·68–0·75) ·· ··

These risk factors could be used by physicians for risk stratification and represent a useful baseline for evaluating the added value of the DLS. Missing data were not imputed; only patients with available risk 
factor(s) were included in the analysis in each row. A more comprehensive set of risk factors is reported in appendix (p 10). The only risk factor in the external validation set that was also available and prognostic 
in the development set was glycated haemoglobin. AUC=area under the curve. CFP=colour fundus photograph. DLS=deep-learning system.

Table 2: Predictive performance by the DLS applied to CFPs, in comparison with and in combination with known risk factors
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addition of the deep-learning system increased the AUC 
compared with risk factors alone in the external validation 
set (table 2 and figure 1C; p<0.0001). The difference 
between using the deep-learning system in isolation and 
adding risk factors to the system was much smaller, with 
absolute improvement ranging from 0·01 to 0·02 in both 
validation sets (table 2).

Kaplan-Meier curves illustrate the rate of development 
of diabetic retinopathy in the high-risk, medium-risk, 
and low-risk groups—defined using the upper and 
lower quartiles of deep-learning system prediction in 
the tuning dataset—predicted by the three-field deep-
learning system for the internal validation set (figure 2A) 
and for the one-field deep-learning system assessment 
of the internal validation (figure 2B) and the external 
validation (figure 2C) sets. The rate of diabetic 
retinopathy development was significantly higher in the 
high-risk group than the low-risk group (p<0·0001). 
There were significant differences between the high-
risk and the low-risk groups progressing to moderate or 
worse diabetic retinopathy (appendix p 22) and vision-
threatening diabetic retinopathy (appendix p 22).

Explanation techniques were used to gain insight into 
the possible prognostic features of colour fundus photo
graphs identified by the deep-learning system (figure 3; 
appendix p 17). Heatmaps of baseline fundus photographs 
were compared with follow-up fundus photographs. In 
some instances, the highlighted areas developed lesions 
later (figure 3A, B), whereas in other cases the most 
prominent highlighted areas did not develop lesions 
(figure 3C). For cases that already had subtle micro
aneurysms, the heatmaps highlighted the existing lesions 
(figure 3D).

We also assessed input ablation to find the most 
important image regions for accurate prognosis predic
tion. To do this one or two fields of the three-field deep-
learning system were removed. By removing two of the 
three fields, the highest AUC was obtained using the 
primary field; however, when one field was removed, 
the highest AUC was obtained when the fields covered 
the widest field of view, with nasal and temporal inputs 
(figure 4A, B; appendix p 4). In the assessment of the 
one-field deep-learning system, the primary field was 
split into five regions for inclusion or exclusion 
(figure 4C, D). The central region alone resulted in the 
highest AUC, with the inferior region alone giving the 
lowest AUC.

Figure 2: Kaplan-Meier analysis of the incidence of mild or worse diabetic 
retinopathy
Incidence of diabetic retinopathy for the three-field DLS for the internal 
validation set (A), one-field DLS for the internal validation set (B), and 
one-field DLS for the external validation set (C). All Kaplan-Meier curves had 
log-rank test p<0·0001. Shaded areas are 95% CIs. Additional plots for 
incidence of moderate or worse diabetic retinopathy and vision-threatening 
diabetic retinopathy are presented in appendix (p 22). DLS=deep-learning 
system. HR=hazard ratio.
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Discussion
We created two deep-learning systems to predict the 
development of diabetic retinopathy within 2 years, and 
validated them on two datasets: an internal validation 
set containing images from predominantly Hispanic 
patients from the USA, and an external validation set 
from Thailand. On both datasets, the deep-learning 
system had good performance both in isolation, and 
when adjusted for available risk factors. When com
bined with available risk factors, the prognostication 
improved compared with using the risk factors alone. 
Kaplan-Meier analyses showed that the deep-learning 
system’s prognostication generalised to predicting 
incident diabetic retinopathy beyond 2 years and pre
dicting moderate diabetic retinopathy and vision-
threatening diabetic retinopathy. The differences in 
calibration between the two validation sets are discussed 
in the appendix (pp 3–4).

Several algorithms for stratifying diabetic retinopathy 
risk have been described, such as using individual risk 
factors to reduce screening frequency,19 using micro
aneurysm turnover rate and central macular thickness to 
predict progression to diabetic macular oedema,20 and 
using retinal arteriolar dilation to predict incident diabetic 
retinopathy.21 Multifocal electroretinogram was also 
shown to predict new retinopathy development at specific 
retinal locations.22 Additionally, deep learning was applied 
to colour fundus photographs to predict progression by 
two or more steps on the Early Treatment Diabetic 
Retinopathy Study scale.22 The limitations of the study by 
Arcadu and colleagues22 were the absence of adjusted 
analysis for risk factors, absence of an external validation 
set, small study size (530 patients) and the consequent 

use of cross-validation, and restrictive inclusion criteria 
(patients from two clinical trials).

Our study improves upon previous work in several 
ways. First, we consider the challenging task of 

Figure 3: Comparisons of colour fundus photographs 
at baseline and at follow-up using saliency heatmaps

In each integrated gradient18 saliency heatmap, the colour represents the 
strength of the contribution towards the prediction; red indicates a 

contribution towards developing diabetic retinopathy, yellow indicates 
contribution towards not developing diabetic retinopathy, whereas blue 

indicates little contribution. Microaneurysms are highlighted in both baseline 
and follow-up images. (A) This 43-year-old patient did not have diabetic 

retinopathy at baseline visit, but developed diabetic retinopathy on a future 
follow-up visit when aged 44 years. The prediction of developing diabetic 

retinopathy was high (0·75) and the highlighted regions in the saliency map 
eventually developed microaneurysms. Note that not all future 

microaneurysms were highlighted. (B) This 48-year-old patient did not have 
diabetic retinopathy at baseline, but developed diabetic retinopathy on a future 

follow-up visit when aged 50 years. The prediction was high (0·71) and the 
highlighted regions in the saliency map eventually developed microaneurysms. 

(C) This 34-year-old patient did not have diabetic retinopathy at the baseline, 
but developed diabetic retinopathy at a follow-up visit when aged 37 years. The 

prediction was high (0·68), but the most notable highlighted regions 
(indicated by green arrows) did not show microaneurysms at the follow-up 

visit. (D) Patient had a very high DLS prediction (0·97), and upon closer 
inspection the baseline image showed subtle signs of mild diabetic retinopathy, 

as evidenced by microaneurysms. The saliency map correctly highlighted the 
microaneurysms at baseline. (E) This 64-year-old patient did not have diabetic 

retinopathy at baseline and did not develop diabetic retinopathy at the latest 
available follow-up visit when aged 70 years. The DLS correctly assigned a small 

probability of progression (0·06; appendix p 4). DLS=deep-learning system.
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stratifying  patients by their risk of developing diabetic 
retinopathy with colour fundus photographs and risk 
factors, which are available in most screening settings. 
This approach directly tackles the problem of optimising 
screening intervals by stratifying the largest group of 
patients: those without any diabetic retinopathy at 

baseline. Second, our system retained low prognostic 
value after adjusting for available risk factors. Third, we 
validated our system on two separate validation datasets 
in two countries from two continents. Our system 
retained substantial predic tive value across both vali-
dation sets despite differences i n p atient p opulations, 
fundus cameras (appendix p 1), glycated haemoglobin 
concen trations (appendix p 14), average incidences 
(table 1), and grading protocols (appendix pp 6–7). In 
addition, our development sets spanning multiple years 
of follow-up are orders of magn itude larger than 
previous work by Arcadu and colleagues.23 Finally, the 
risk groups con structed based on our system retained 
statistically signi ficant s eparations i n t erms o f t he 
incidence of diabetic retinopathy even when evaluated 
against endpoints corresponding to different s everities 
of diabetic retin opathy (appendix pp 22).

In addition to formulation of the problem and vali-
dation of results, we did several analyses to better 
understand prognostic features of the colour fundus 
photographs. First, our deep-learning system predicts a 
high likelihood of developing diabetic retinopathy when 
subtle micro aneurysms are present at baseline. Although 
these eyes were meant to be excluded from the study, 
subtle micro aneurysms can be missed in real-world 
settings; as such, it is reassuring that the deep-learning 
system identifies s uch p atients, w hich c ould p rompt 
graders to examine the case more carefully. Second, the 
heatmap analysis suggests that the deep-learning system 
sometimes finds the regions that eventually d evelop 
diabetic retinopathy to be of most importance. This 
finding suggests the presence of subtle signs that are not 
visually apparent, a phenomenon that merits study. 
Third, the primary field was found to be the most impor-
tant for the prediction of incident diabetic retinopathy, 
but the best combination of fields w as t he nasal a nd 
temporal (excluding the primary field; fi gure 4). These 
observations can be reconciled by considering that the 
combination of the nasal and temporal fields encom-
passes the primary field, and that these two fields when 
combined provide a more expansive view of the retina. 
Finally, within the primary field, the superior and inferior 
regions had the smallest effect on deep-learning system 
prognostic ability when excluded, suggesting that they 
were the least important. Conversely, the macular region 
had the highest effect w hen r emoved a nd w as a lso t he 
most prognostic in isolation. Thus, the deep-learning 
system attributed high importance to both the macula 
and the periphery of the retina in prognostication.

One application of this deep-learning system might be 
the optimisation of screening intervals. Effective t reat-
ments, such as laser photocoagulation and intravitreal 
injections of antivascular endothelial growth factor,24–26 
are more effective the earlier the retinopathy is detected. 
Although diabetic retinopathy screening tradi tionally 
relied on direct or indirect ophthalmoscopy or slit lamp 
biomicroscopy, the ease-of-use, cost-effectiveness, a nd 

Figure 4: Assessment of the different fields and parts of images of the eye
(A) Sample images of the temporal, primary, and nasal fields. (B) DLS performance using one or two images from 
three-field images compared with the performance using all three images. (C) The left column contains sample 
images of the primary field with several different regions. (D) DLS performance after systematically including only 
each region or excluding that region, compared with the performance using all the regions. Error bars similarly 
indicate one standard deviation across three training runs. AUC=area under the curve. DLS=deep-learning system.
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accuracy27 of fundus photography has merited its recom
mendation in multiple diabetic retinopathy screening 
guidelines.3,4,28 The range of screening intervals in these 
guidelines (eg, 12–24 months for patients with no 
apparent diabetic retinopathy) accounts for clinical risk 
factors, resource availability (eg, imaging equipment, 
supplies, and personnel), and other socioeconomic fac
tors. Our deep-learning system can provide a more 
accurate personalised risk assessment to optimise 
screening intervals; patients at high risk can be followed 
up frequently to ensure early detection, whereas patients 
at low risk could be followed up less frequently to reduce 
the screening burden shared by patients, clinicians, and 
the health-care system. In our study the patients at the 
highest risk developed diabetic retinopathy at a rate 
exceeding 80%, whereas patients at the lowest risk had 
a less than 5% chance of developing diabetic retinopathy. 
However, the specific cutoffs for defining high or low 
risk status and corresponding interventions will need to 
be studied in future work and probably be tailored to the 
local resource availability and practice patterns.

Other potential uses of the deep-learning system 
revolve around targeted interventions. For example, 
patients at high risk could be preferentially selected for 
more intensive lifestyle modifications or counselling.29,30 
These patients might be better suited for stricter pharma
cological control of blood sugar or as candidates in 
relevant clinical trials. Patients sometimes miss their 
screening visits, and, in such cases, our deep-learning 
system could be used to identify and alert (eg, via 
telephone or texts) patients at high risk of developing 
diabetic retinopathy to improve screening compliance 
and consequently visual outcomes. Finally, the deep-lear
ning system’s ability to predict diabetic retinopathy 
development beyond 2 years suggests its usefulness in 
long-term population-level forecasting for public health 
planning.

Our study has several limitations. First, although gly
cated haemoglobin data were available for both datasets, 
several known risk factors or comorbidities, including 
blood pressure measurements, were not. Some risk fac
tors, such as glycated haemoglobin, were also potentially 
from an earlier blood test instead of a test at the time of 
diabetic retinopathy screening. Similarly, device infor
mation was not available on a per-image basis; thus, we 
could not evaluate deep-learning system performance 
stratified by imaging device. Second grading variability 
exists, especially for subtle findings, such as micro-
aneurysms, resulting in some patients already having 
mild diabetic retinopathy at baseline. Although the deep-
learning system prediction that these patients would 
develop diabetic retinopathy is semantically correct, 
users should be aware that a high predicted risk might 
indicate existing diabetic retinopathy. Potential solutions 
to this include the concurrent use of a diabetic retinopathy 
grading algorithm with this risk stratification tool, which 
could be investigated in future work. Similarly, whether 

the deep-learning system can help to prognosticate 
patients with existing diabetic retinopathy (whether mild 
or on more granular grading scales) could be studied. 
Third, because our diabetic retinopathy grades were 
based on one-field or three-field colour fundus photo
graphs, lesions outside of these fields might remain 
undetected and the absence of optical coherence 
tomography might reduce diabetic macular oedema 
detection accuracy. Since the data came from screening 
programmes, patients in both datasets were generally 
referred for ophthalmology follow-up when moderate or 
worse diabetic retinopathy was discovered, rendering the 
evaluation of progression to vision-threatening diabetic 
retinopathy non-ideal. Finally, our evaluation was 
on a single randomly selected eye per patient in retro
spective settings. A patient-level analysis, ideally under 
prospective settings, will help to evaluate the clinical 
relevance.

Our results suggest that a deep-learning system could 
be developed to improve risk stratification for developing 
diabetic retinopathy. Future studies could increase the 
effectiveness of interventions tailored to progression risk 
(eg, screening intervals) towards improving health out
comes and reducing cost.
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