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Abstract 78 

Topic: Diagnostic performance of deep learning-based algorithms in screening patients with diabetes for diabetic 79 

retinopathy (DR). The algorithms were compared to the current gold standard of classification by human specialists.  80 

 81 

Clinical relevance: As DR is a common cause of visual impairment, screening is indicated to avoid irreversible vision 82 

loss. Automated DR-classification using deep learning may be a suitable new screening tool that could improve 83 

diagnostic performance and reduce manpower.  84 

 85 

Methods: For this systematic review, we aimed to identify studies that incorporated the use of deep learning in 86 

classifying full-scale DR in retinal fundus images of patients with diabetes. The studies had to provide a DR-grading 87 

scale, a human grader as a reference standard and a deep learning performance score. A systematic search on April 5, 88 

2018 through Medline and Embase yielded 304 publications. To identify potentially missed publications, the reference 89 

lists of the final included studies were manually screened, yielding no additional publications. The Quality Assessment 90 

of Diagnostic Accuracy Studies (QUADAS-2) tool was used for risk of bias and applicability assessment. 91 

 92 

Results: Based on objective selection, we included 11 diagnostic accuracy studies that validated the performance of 93 

their deep learning method using either a new group of patients or retrospective datasets. Eight studies reported 94 

sensitivity and specificity of 80.28%–100.0% and 84.0%–99.0%, respectively. Two studies report accuracies of 78.7% 95 

and 81.0%. One study provides an area under the receiver operating curve (AUC) of 0.955. In addition to diagnostic 96 

performance, one study also reported on patient satisfaction, showing that 78% of patients preferred an automated deep 97 

learning model over manual human grading.  98 

 99 

Conclusion: Advantages of implementing deep learning-based algorithms in DR-screening include reduction in 100 

manpower, cost of screening and issues relating to intra- and intergrader variability. However, limitations which may 101 

hinder such an implementation particularly revolves around ethical concerns regarding lack of trust in the diagnostic 102 

accuracy of computers. Considering both strengths and limitations as well as the high performance of deep learning-103 

based algorithms, automated DR classification using deep learning could be feasible in a real-world screening scenario.  104 

 105 

 106 
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The number of patients with diabetes is rising worldwide and is expected to reach 629 million by 2045.1 Diabetic 107 

retinopathy (DR) is the most common microvascular complication,2, 3 and may untreated lead to visual impairment or 108 

blindness. Vision loss drastically diminishes the quality of life of affected individuals, as it leads to social isolation, 109 

poor overall health and falls.4 As such, diabetes has become a leading cause of vision loss and a major public health 110 

problem.4  111 

To date no randomized trials have been conducted to assess the efficacy of screening diabetic retinopathy, as the 112 

practical difficulties would be enormous.5 However, one study shows that during the decade of which eye screening 113 

programs were introduced, blindness due to diabetic retinopathy and maculopathy was reduced. This was in spite of the 114 

increasing incidence of diabetes.6 As such, screening programs for DR is believed to reduce the risk of blindness and 115 

have therefore been established in many countries.7, 8 Yet, data from different countries show that 30–50% of patients 116 

with diabetes are not screened annually.8 Failure to reach the goal of screening is, among other things, related to 117 

economic status, a lack of education and awareness of the importance of screening, as well as an inadequate number of 118 

eye specialists and poor ability of non-eye care professionals to recognize referable DR (rDR).8 On these grounds, there 119 

is a need of more effective screening methods.  120 

Various automatic retinal image analysis (ARIA) models have been proposed for automatic classification of DR9-18 121 

to reduce workload of clinicians, diminish intra- and intergrader variability and provide a cost-effective, easily 122 

implementable method. ARIA models are algorithms that traditionally involve explicit handcrafted feature engineering 123 

for recognition of specific lesions prior to DR classification. However, this often introduces a generalization problem, 124 

when the algorithm has to classify images that vary from the ones it was trained upon. As such, the performance of 125 

ARIA models has in general been moderate.9-18 Although sensitivities are high, specificities do not surpass 80%, which 126 

is recommended as the threshold for new screening tools.19 127 

A concept called deep learning (DL) has gained footing, as it eliminates the need for human involvement in feature 128 

engineering. By the use of ground truth labels on large training datasets and mathematical optimization, the algorithm 129 

adjusts its functional parameters and discovers which features to extract in order to achieve the best classification 130 

accuracy. Deep learning-models, also commonly referred to as deep neural networks (DNNs), are made up of multiple 131 

layers with different functions. As a branch of deep learning, convolutional neural networks (CNNs) employ layers with 132 

convolutions, which are defined as mathematical functions that use filters to extract features from an image. As a CNN 133 

includes multiple convolutional layers, each with many filters, it can extract a large number of features from an image, 134 

thereby creating a feature map used by the algorithm to classify the image.20 CNNs are considered state of the art for 135 
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general image classification tasks, as they have been shown multiple times to approach human performance in this 136 

field.21, 22 This have sparked an interest in using deep learning methods for DR-classification of fundus images, as these 137 

could potentially outperform ARIA models. In the present study, ARIA models will only be touched on briefly in order 138 

to give historical context and highlight potential performance enhancements compared to deep learning models. 139 

The objective of this systematic review was to gather the existing research on the use of deep learning and assess 140 

whether its application for automated DR-classification using fundus images could potentially be implemented in 141 

screening patients with diabetes. Strengths and limitations of the current studies as well as gaps in the research will be 142 

highlighted, to uncover elements that could impede this implementation.  143 

 144 

Methods 145 

This review was conducted in accordance with the Preferred Reporting Items for a Systematic Review and Meta-146 

analysis of Diagnostic Test Accuracy Studies (PRISMA-DTA) guidelines.23   147 

 148 

Eligibility criteria for considering studies for this review 149 

Studies were eligible for inclusion if they evaluated the diagnostic accuracy of a deep learning-method – either a 150 

complete algorithm or deep learning-features – to classify full-scale DR in retinal fundus images of patients with 151 

diabetes. As such, we excluded studies examining only lesions (e.g. microaneurisms) or subcategories of the disease 152 

(e.g. mild DR). Furthermore, the studies had to state a scale for grading diabetic retinopathy severity, have a human 153 

grader as reference standard, and provide a performance score for the deep learning-method that was used. As the 154 

objective of this review was to composite a complete overview of all relevant publications on this area, no restrictions 155 

were made as to which performance score or grading scale was used, nor what profession the human grader should 156 

have. We excluded duplicates, animal studies, reviews, editorials, conference abstracts and unpublished articles. The 157 

rationale for the latter was to ensure the highest possible quality of this review. However, we do draw attention to three 158 

conference abstracts made available within the last year,24-26 as these may warrant future publication.  159 

 160 

Search methods for identifying studies 161 

The electronic databases Medline (via PubMed) and Embase (via OvidSP) were searched on April 5, 2018. The goal of 162 

the search strategy was to use the highest possible number of related terms of the target condition and index test as 163 

possible and combine them non-restrictively to broaden the search. The resulting search strategy was: “((diabetic 164 
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retinopathy) OR (retinopathy) OR (diabetes) OR (diabetic) OR (retina) OR (retinal)) AND ((convolutional neural 165 

network) OR (deep learning) OR (deep neural network) OR (deep learning algorithm) OR (DNN) OR (CNN) OR 166 

(CNNs))”. All terms were used as words in titles and abstracts. However, the Medline search also included subject 167 

headings, as PubMed automatically creates those as related to the search. We omitted search terms for reference 168 

standard and performance outcome from the search strategy, given that these could restrict the search. In addition, 169 

reference lists of the included studies were manually screened for relevance to identify potential studies missed in the 170 

systematic search. No time period or language limits were applied to any search strategy. The online platform 171 

Covidence (www.covidence.org) was used to manage identified articles and their eligibility status.   172 

 173 

Study selection  174 

We performed study selection using Covidence in a two-step process, where two review authors (K.B.N and M.L.L) 175 

independently screened all titles and abstracts based on the inclusion criteria and subsequently retrieved all relevant 176 

full-text articles for suitability assessment. Any discrepancies were resolved by discussion until consensus was reached.  177 

 178 

Data collection and risk of bias assessment 179 

We extracted data for qualitative analysis from the included studies. This especially pertained to which index test, target 180 

condition (e.g. rDR), reference standard, grading scale, datasets and performance scores were used. Furthermore, 181 

particular attention was given to patient selection and characteristics, as this was used for quality assessment. The 182 

assessment was performed by utilization of the Quality Assessment of Diagnostic Accuracy Studies (QUADAS-2) 183 

tool,27 which evaluates patient selection, index test, reference standard and flow and timing. Each section was assessed 184 

in terms of risk of bias and in the first three in terms of concerns regarding applicability.27 Two review authors (K.B.N. 185 

and M.L.L) independently completed the assessment of each study, and any discrepancies were resolved by discussion 186 

until consensus was reached.  187 

 188 

Data synthesis and analysis  189 

Although the included studies fulfill all inclusion criteria, there are some underlying differences in regard to grading 190 

scale, target condition and reference standard, making us unable to perform a meta-analysis. Target conditions vary, as 191 

some studies report results on referable DR, while others report on DR of any severity. Likewise, all studies have 192 

varying human graders, as these have different professions and would be expected to have different knowledge of 193 
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image grading. Thus, we present a qualitative analysis including a risk of bias assessment. The performance measures 194 

varied between studies, but the majority used sensitivity and specificity. The remaining studies used area under the 195 

receiver operating curve (AUC), free-response receiver operating curve (FROC), accuracy and prevalence-adjusted and 196 

bias-adjusted kappa (PABAK). One study28 also included patient satisfaction to assess the acceptance of deep learning 197 

methods compared to manual human grading. For unit of assessment, three studies28-30 used per patient analysis. One 198 

study31 used either per image or per patient analysis. The remaining seven studies were assumed to have used per image 199 

analysis, as there were no indications that the algorithms were capable of assorting images per patient. The 200 

characteristics of the included studies are gathered in Table 1 to further highlight variabilities. Since the focus of this 201 

review was to evaluate deep learning-performance of full-scale DR image classification, datasets that only describe 202 

subcategories of DR are not included in Table 1.  203 

 204 

Results  205 

Study selection  206 

Figure 1 shows a flowchart depicting the process of retrieving articles. The Medline and Embase searches yielded 176 207 

and 128 results respectively, of which we excluded 75 duplicates. We screened a total of 229 titles and abstracts for 208 

eligibility. For reasons described in Figure 1, we excluded 212 studies and retrieved 17 full-text articles. We excluded 209 

six of these studies, leaving 11 articles suitable for inclusion. For the manual search of the reference lists of the 11 210 

included articles, we screened all titles and abstracts, yielding 78 abstracts for retrieval. Twenty-nine were already 211 

screened in the systematic search and, consequently, we excluded them as duplicates. For reasons similar to those of the 212 

systematic search, we excluded another 32 titles and abstracts. We retrieved 17 articles for full-text review, all of which 213 

were excluded almost exclusively because they did not use deep learning. Given that the manual search did not identify 214 

any suitable articles, we conclude that the systematic search did not miss any relevant articles. Consequently, we 215 

included the 11 articles of the systematic search in the review. 216 

  217 

Results of individual studies 218 

Table 1 outlines the main study characteristics and results. All studies but one28 used retrospective datasets. Most of 219 

these datasets were created for research purposes and were based on real, de-identified patient data. Characteristics of 220 

the respective datasets can be found in Table 2.   221 
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Abràmoff et al.30 used Messidor-2 to evaluate a hybrid deep learning model (IDx-DR X2.1), which employed 222 

multiple CNNs trained to detect retinal lesions and normal anatomy. IDx-DR X2.1 was modified from and compared to 223 

their previously published non-deep learning model called Iowa Detection Program. There is no clear indication as to 224 

whether the deep learning model still relied on classical non-deep learning feature extraction methods, which could 225 

conflict with the deep learning concept. The model provided three outputs: negative (no or mild DR), rDR (moderate 226 

non-proliferative DR (NPDR) or worse or diabetic macular edema (DME)) and vision threatening DR (vtDR; defined as 227 

severe NPDR or worse or DME). As the algorithm required two images per eye, the 1,748 images were duplicated for 228 

the model to run properly. An image quality algorithm ran outside the system and identified insufficient images (low 229 

quality image or protocol error) in 34 out of 874 patients. Nevertheless, all patients were included in the analysis. For 230 

the rDR output, the system obtained a sensitivity of 96.8%, specificity of 87.0% and an AUC of 0.980 at a high-231 

sensitivity setpoint, defined as an operating point used to achieve the highest possible sensitivity. Six patients with rDR 232 

were missed, but all patients with vtDR and DME were referred. For the rDR output, no specificity was given for vtDR 233 

and DME. For the vtDR output the specificity was 90.8% (95% confidence interval (CI): 88.5%–92.7%).  234 

Gulshan et al.32 validated the ability of a CNN model to detect rDR (moderate NPDR or worse or referable DME) 235 

and gradable images. The model was evaluated on two datasets at high-sensitivity and high-specificity setpoints. It 236 

achieved a sensitivity of 87%–96.1% and a specificity of 93.9%–98.5% for Messidor-2 (1,745 images), a sensitivity of 237 

90.3%–97.5% and a specificity of 93.4%–98.1% for EyePacs-1 (8,788 images) and AUC scores of 0.990 (95% CI: 238 

0.986–0.995) and 0.991 (95% CI: 0.988–0.993), respectively. However, these scores represent only gradable images. 239 

Three and 1,158 ungradable images were excluded from Messidor-2 and EyePacs-1 analysis, respectively. The 1,158 240 

EyePacs-1 images were included in an all-cause referable DR analysis, where the CNN achieved a sensitivity of 241 

90.7%–96.7%, a specificity of 84.0%–93.8% and an AUC of 0.974. It should be noted that 17 images from EyePacs-1 242 

were still not included due to image preprocessing failure. 243 

Gargeya & Leng33 assessed a CNN for predicting a DR classification of no DR vs. DR of any severity. Furthermore, 244 

subregions within the classified image were highlighted for clinical review using a visual heatmap. Validated on 1,748 245 

images from Messidor-2, the model achieved a sensitivity of 96%, a specificity of 87% and an AUC of 0.940. 246 

Additionally, the authors evaluated the ability of the model to distinguish no DR from mild DR. As this review focuses 247 

on screening programs including DR of all stages, we have chosen not to include these data. However, distinguishing 248 

patients with no and mild DR might have an impact on the screening interval.34 Additionally, knowledge of any kind of 249 

DR might create motivation for more strict systemic disease control.  250 
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Quellec et al.35 evaluated the performance of three CNNs for detecting rDR (moderate NPDR or worse) and lesions. 251 

The CNNs were validated on 53,576 images from the Kaggle DR competition dataset. The best performing CNN 252 

achieved an AUC of 0.944. Wanting to boost performance for rDR classification, the authors constructed CNN 253 

ensembles for each CNN as well as one including all CNNs. An ensemble includes versions of the same model with the 254 

final classification being an average of all included models. The ensemble of all CNNs achieved the highest 255 

performance with an AUC of 0.955. Furthermore, the authors used 89 images from DiaretDB1 to assess the abilities of 256 

the CNN to detect different DR-lesions using various optimizing solutions. The best performing CNNs for detecting 257 

soft exudates, small red dots, hemorrhages and hard exudates achieved areas under the FROC curve of 0.809, 0.500, 258 

0.614 and 0.735, respectively. The E-Ophtha dataset was also used for rDR classification, but the results are omitted 259 

from this review due to the lack of information about the grading scale used. 260 

Takahashi et al.36 evaluated a third-party CNN for four-class DR classification and DR prognosis using 496 images 261 

from a dataset consisting of Japanese hospital patients. Patients classified with DR were considered referable and 262 

recommended a second medical checkup. For DR classification, the CNN was trained using two different training 263 

methods, one employing a single-field image and the other a concatenated four-field image. The latter resulted in the 264 

best performance of the CNN, yielding a PABAK score of 0.74 and a mean accuracy of 81%. 265 

Ramachandran et al.37 used a third-party DR screening platform incorporating a DNN to classify rDR (moderate DR 266 

or worse or moderate DME). The method was evaluated on two datasets. From the 588 potential eyes in the Otago 267 

database, the main author selected the best quality images for a total of 485 eyes. Otago yielded a sensitivity of 84.6%, 268 

specificity of 79.7% and an AUC of 0.901 (95% CI: 0.973–0.986) with 13 eyes classified as referable. The DNN 269 

showed superior performance on the 1,200 images from Messidor, achieving a sensitivity of 96.0%, specificity of 270 

90.0% and an AUC of 0.980 with 297 referred images. 271 

Mansour38 evaluated a CNN for DR detection using 35,126 images from the Kaggle DR competition dataset. 272 

Regions of interest (ROIs) were selected to optimize the feature extraction by the CNN, and as such, the method 273 

employed by the author diverges from the concept of deep learning, by including human involvement in feature 274 

engineering. The features extracted by the CNN were furthermore subjected to dimensionality reduction methods to 275 

select the more significant features for use in classification. Although the CNN provided a five-class DR classification, 276 

the authors presented a binary outcome of no DR vs. DR of any severity. The best performing model was ADR-7LDA, 277 

which achieved sensitivity of 100%, specificity of 99% and an accuracy of 97.28%. 278 
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Ting et al.31 assessed a CNN system for detecting rDR (moderate NPDR or worse, DME and/or ungradable image), 279 

vtDR (severe NPDR or worse) and related eye diseases including glaucoma and age-related macular degeneration 280 

(AMD) in multiethnic populations. The system contained eight CNNs, with two trained for image quality and valid 281 

image assessment, and the remaining six trained in pairs for each disease. Thus, a model of two CNNs was used to 282 

detect rDR and vtDR. The model was validated on the primary dataset Singapore National Diabetes Retinopathy 283 

Screening Program (SIDRP) 2014–2015 (71,896 images from 14,880 patients) as well as ten external datasets (40,752 284 

images) from four different continents. All datasets were compared to a reference standard and SIDRP was additionally 285 

compared to a group of trained professional graders. In the SIDRP analysis, 6,291 patients also appeared in the training 286 

dataset. These were excluded to avoid overfitting, resulting in a sensitivity of 89.56% (CI: 85.51%–92.55%), a 287 

specificity of 83.49% (CI: 82.68%–84.27%) and an AUC of 0.879 (CI: 0.864–0.893) for grading rDR, and a sensitivity 288 

of 100.0% (CI: 90.97%–100.0%), a specificity of 81.4% (CI: 80.57%–82.22%) and an AUC of 0.908 (CI: 0.900–0.915) 289 

for grading vtDR. For both classifications, the model outperformed the trained graders in regard to sensitivity (p-value 290 

0.04), but not for specificity. For the external datasets, the model achieved best performance on the Royal Victoria Eye 291 

and Ear Hospital dataset of 2,302 images with a sensitivity of 98.9%, a specificity of 92.2% and an AUC of 0.983.  292 

Raju et al.39 evaluated a CNN for detection of DR on 53,576 images from the Kaggle DR competition dataset. 293 

Although the CNN provided a five-class DR prediction, its performance was presented as a binary outcome of no DR 294 

vs. DR of any severity, achieving a sensitivity of 80.28% and a specificity of 92.29%. 295 

Keel et al.28 assessed a third-party deep learning model for classification of rDR (moderate NPDR or worse and/or 296 

DME) and evaluation of image quality and availability of the macular region. From two outpatient clinics in Australia, 297 

96 of 128 eligible patients consented and underwent screening for DR. Screening consisted of both an automated model 298 

and a manual telemedicine model, where retinal images were transferred to a centralized retinal grading center. With 299 

the latter acting as the reference standard, the deep learning model achieved a sensitivity of 92.3%, a specificity of 300 

93.7% and an AUC of 0.933. Seventeen patients were referred, based on receiving an rDR grade or having a visual 301 

acuity below 6/12 at baseline. Twelve were true positives and five were false positives. While all patients were gradable 302 

by the manual model, the automated model found three patients ungradable. It is unclear how these patients were 303 

handled. Ninety-two patients reported to be satisfied with the automated model. At a 1-month follow-up, where 55 304 

patients were able to be contacted, 43 patients reported that they preferred the automated over the manual model. Six 305 

out of the remaining 12 patients stated trust as the main reason for not preferring the automated model, while the rest 306 

did not disclose a reason.  307 
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Chang et al.29 proposed a method of distributing deep learning-models as an alternative to sharing patient data. They 308 

evaluated the performance of a CNN using five different training heuristic models (single institution, centrally hosted, 309 

ensemble single institution, single- and cyclical weight transfer) for four simulated institutions. The institutions were 310 

created from the Kaggle DR competition dataset and each consisted of 1,500 patients with diabetes. Each heuristic 311 

model was validated on 6,000 patients, who were sampled without overlapping with patients from the training dataset. 312 

The centrally hosted training model, which is the most common way of training DNNs today, achieved the highest 313 

accuracy of 78.7%. However, the cyclical weight transfer model – a way of training without sharing patient data – 314 

achieved an accuracy of 76.8%. Since the four institutions were created with equal distribution of patients, DR classes 315 

and image quality, the authors imitated a real-world scenario of variability to assess the impact on accuracy. By 316 

introducing low-resolution images or small imbalanced data, the centrally hosted model achieved accuracies of 72.2% 317 

and 75.4%, respectively. In comparison, the cyclical weight transfer model achieved accuracies of 72.7% and 73.3%. 318 

The overall best performance on the Kaggle dataset was achieved by a cyclical weight transfer model of 20 equal 319 

institutions, each consisting of 300 patients, with an accuracy of 78.7%. Thus, the authors conclude that it is possible to 320 

train a CNN model with high accuracy without sharing patient data.  321 

 322 

Risk of bias and applicability 323 

Figure 2 shows the 11 studies according to QUADAS-2 criteria.27 For risk of bias in patient selection, six studies were 324 

labeled unclear, as they did not describe patient enrolment. Ramachandran et al.37 and Chang et al.29 were labeled high 325 

risk, as they excluded bad quality images as well as mild DR and right-eye images, respectively. Not including difficult-326 

to-diagnose patients may overestimate diagnostic performance and cause potentially diseased patients to be missed if 327 

these are not classified in some other way. For risk of bias in regard to the reference standard, Ramachandran et al.37 328 

was labeled high risk, as it relied on a grading scale that did not account for all lesions seen in DR, which could 329 

possibly result in some actual referable cases being misclassified as non-referable. For risk of bias in flow and timing, 330 

Gulshan et al.32 was labeled high risk, as they excluded 20 problematic images from analysis. Keel et al.28 was labeled 331 

unclear, as it is uncertain if the three ungradable patients were included in performance analysis.  332 

In terms of applicability, all studies except two were marked unclear in regard to patient selection, as they did not 333 

present any or only a few patient characteristics. For applicability of the reference standard, five studies29, 35, 36, 38, 39 are 334 

labeled high risk as they did not include DME. This is important when assessing a screening tool, as DME is 335 

responsible for the majority of diabetes-related vision loss.2 In addition, Ramachandran et al.37 was also labeled high 336 
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risk, as the potential misclassification of referable cases, as mentioned above, questions the model’s applicability for 337 

rDR classification.  338 

 339 

Discussion 340 

This review is the first to apply a systematic approach to evaluate the diagnostic performance of deep learning-based 341 

algorithms for DR classification in patients with diabetes as compared to human reference standards. As opposed to the 342 

previously tested ARIA models, an advantage of using deep learning includes a substantial reduction in the manpower 343 

required for feature engineering, since deep learning-algorithms learn to extract features by themselves. Furthermore, 344 

incorporating deep learning might improve the performance of automated DR-screening. We gathered 11 studies that 345 

investigated the use of deep learning for DR-classification problems. For the eight studies28, 30-33, 37-39 reporting 346 

sensitivity and specificity, the performance scores varied between 80.28–100.0% and 84.0%–99.0% respectively, all 347 

surpassing the suggested performance requirement for a screening tool.19 Two studies29, 36 report accuracy scores of 348 

78.7% and 81.0%, with the latter also providing a PABAK score of 0.74. The last study35 provided only an AUC score 349 

of 0.955. All these studies reach high performance scores, indicating the potential for using automated deep learning 350 

methods as a DR screening tool.  351 

While bearing in mind that the included studies vary in regard to target condition, reference standards and training 352 

datasets, some degree of comparison of methods is possible between three30, 32, 33 of the 11 studies, as they use the same 353 

validation dataset (Messidor-2). Gulshan et al.32 achieve the highest performance on Messidor-2 with an AUC of 0.990, 354 

sensitivity of 96.1% and specificity of 93.9% at a high-sensitivity setpoint. The accuracy of the performance is 355 

supported by the fact that the CNN model is held to a strong reference standard, as the majority vote of seven certified 356 

ophthalmologists is expected to heighten the amount of correct disease gradings compared to grading done by one 357 

human grader. However, with some factors still varying, it is difficult to say if the high performance is due to a good 358 

algorithm or a combination of multiple factors.  359 

Two recent reviews have published results on different ARIA models. In one review, six studies achieved 360 

sensitivities of 87.0%–95.2% and specificities of 49.6–68.8%.40 The second review evaluated three types of ARIA 361 

models with four studies achieving sensitivities of 73.0%–100.0% and specificities of 0.0%–67.4%.41 Comparing the 362 

ARIA models to the deep learning models included in this review, the latter achieved equivalent or higher performance, 363 

especially in regard to specificity. Achieving high specificity raises efficiency of the screening tool (due to a lower 364 
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number of false positives), but it is also beneficial on an ethical standpoint, as patients are not put through the stress of 365 

being falsely diagnosed with a potentially disabling disease.  366 

Incorporating deep learning methods could have many possible benefits to DR screening programs around the 367 

world. Firstly, they may reduce the workload of clinicians, diminish intra- and intergrader variability and provide a 368 

better cost-benefit balance. Secondly, the one-time purchase of a computer employing deep learning to diagnose DR 369 

may be a more affordable and accessible eye care service to implement, compared to that of paying a doctor to 370 

continuously screen patients. This is especially pertinent in the developing world, which is known to have a general 371 

shortage of healthcare professionals.42 However, ethical concerns have been raised for entrusting the diagnostic 372 

responsibility to computers. This is in particular evident, given that deep learning models are essentially “black boxes”, 373 

meaning that no one knows which features are used in image classification. In other words, it is unclear how the 374 

algorithms differentiate between abnormal and healthy images. Many have speculated in resolving this problem. One 375 

potential solution would be to visualize the learning process of the model by the use of visual heatmaps, as shown in 376 

two studies33, 35 included in this review. A heatmap highlights areas that an algorithm finds abnormal, thereby making it 377 

possible for clinicians to understand the decision-making behind the algorithms DR-classification.  378 

Deep learning methods could be incorporated into a screening program in several ways. One way is the semi-379 

automated screening model, where an algorithm would refer a potentially diseased patient to a retinal specialist, who 380 

would then make the final DR classification and decide choice of treatment. In this model, most of the algorithm’s 381 

decisions would be double-checked, but the workload would still be reduced, as most patients would not be referred. 382 

Another way is a fully-automated screening model, where the deep learning method provides both the final DR-383 

classification and choice of treatment, without any human involvement. This model could be difficult to implement, 384 

unless both patient and clinician can accept the uncertainty as to how the algorithm comes to its conclusions as well as 385 

the risk of false diagnosis. One study28 shed light on this problem, as they evaluated patient satisfaction with the 386 

automated screening model. They showed that 78% of patients preferred the automated model over the manual model, 387 

primarily because of the quick reporting of results. Thus, it seems like patients might accept the uncertainty of the 388 

procedure given the advantages that come with an automatic deep learning screening model.   389 

As we provide a summary and interpretation of the studies, it is important to recognize their limitations. To 390 

represent patients from a real-world screening program, patients included in a study should be representative regarding 391 

parameters like age, sex, ethnicity, etc. In many of the included studies, such parameters were not described, as the 392 

datasets used were de-identified. However, two studies28, 31 report numerous different characteristics, which show 393 
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patient diversity. Another important aspect in screening patients with diabetes revolve around including DME when 394 

classifying DR, as DME accounts for the majority of cases with diabetes-related vision loss.2 Only five studies28, 30-32, 37 395 

incorporated DME into the referral of DR. Three of those30-32 reported a performance score specifically for DME and 396 

achieved a sensitivity >90%. Diving further into the limitations of the included studies, it is worth noting that the deep 397 

learning models were mostly validated on high quality images, e.g. the Messidor-2 dataset. These are not necessarily a 398 

good representation of images from a real-world screening program and they could lead to overestimation of algorithm 399 

performance. Lastly, the majority of the included studies did not report ungradable images, and among the few that did, 400 

only one31 accounted for them. Given the above limitations, there are still a few improvements to be made, before deep 401 

learning models are applicable to real world screening programs.  402 

While our findings are based on evidence-based methodology, this review still has some limitations. First, the search 403 

strategy could potentially have been more sensitive, had we included subject headings in the Embase search and based 404 

the manual search on references of other reviews. However, based on references of included papers, we did perform a 405 

secondary literature search which did not lead to the inclusion of additional papers. Secondly, having incomparable 406 

studies, it was difficult to make assumptions on how the deep learning models would perform in real screening 407 

programs. However, even with comparable studies, it would be hard to make such assumptions. This is based on the 408 

fact that real-world performance can only be adequately determined from prospective studies on patients with 409 

diabetes,30 and we only include one such study.28 410 

This review is expected to provide increased focus on the development of deep learning models and their 411 

performance for classification of DR and other retinal diseases, as the models have shown great promise in the included 412 

studies. For future research, we recommend studies to be prospective in order to both evaluate deep learning 413 

performance as well as patient acceptance and satisfaction with an automated diagnostic model. Studies should also 414 

focus on numerous multiethnic cohorts, as this speaks to the global application of a single deep learning algorithm, if it 415 

achieves good results. Additionally, studies should use different image quality, a well-accepted clinical grading scale 416 

and include both DR, DME and other retinal diseases, as done by Ting et al.31 As human graders will be likely to refer 417 

patients with concurrent retinal findings (i.e. AMD or glaucoma), automated screening methods ought to incorporate the 418 

same ability. Furthermore, performance metrics should include AUC, sensitivity and specificity as well as both false 419 

positives and false negatives, with the latter two being important to assess patient safety. Lastly, we recommend that 420 

researchers use at least two 45-degree field of view images per eye, as this is the common approach in screening 421 

programs today.7 Besides applying deep learning to DR classification, there has also been extensive research on areas of 422 
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landmark segmentation and lesion detection using deep learning, as well described in Quellec et al.35 It would be 423 

interesting to see if combining lesion detection with DR classification might improve performance of the latter.  424 

In conclusion, deep learning is currently the leading method for automated classification of DR in patients with 425 

diabetes based on diagnostic performance. Although not completely outperforming humans, the advantages of deep 426 

learning, as proposed in this review, suggests that a semi-automated deep learning screening model could be feasible in 427 

screening of patients with diabetes. 428 
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Figure legend 

 

Figure 1: 

Flowchart demonstrating the study selection process. 

 

Figure 2:  

Presentation of QUADAS-2 results. 
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Table 1. Characteristics and results of the 11 included studies. 

Study (year) Method Target 
condition 

Reference 
standard 

Grading scale Training dataset 
(no. of images) 

Validation dataset 
(no. of images) 

Performance 

score(s)*(95% CI) 

Abràmoff et al. 

(2016)30 

Hybrid model 
with multiple 
CNNs and 
random forest 
classifier 

rDR♥ 

vtDR 

DME 

Consensus among 3 
US board certified 
retinal specialists  

DR: ICDR 

DME: 
modified 
definition of 
DME (0–2) 

EyeCheck project & 
Iowa University 

(n=10,000–
1,250,000, samples 
from images) 

Messidor-2 (n=1,748) 

(images duplicated for 
the system to be able 
to run)   

Sensitivity = 96.8%  

(CI: 93.3%–98.8%) 

Specificity = 87.0%  

(CI: 84.2%–89.4%) 

AUC = 0.980 

(CI: 0.968-0.992)  

Gulshan et al. 

(2016)32 

CNN rDR♥ Majority vote of at 
least 7 US board 
certified 
ophthalmologists 

DR: ICDR 

rDME: 0–1 

EyePacs 

(n=94,281)∆ 

3 eye hospitals in 
India (n=33,894) 

Messidor-2 

(n=1,748)∆ 

EyePacs-1 (n=9,963)∆ 

Sensitivity = 96.7%**  

(CI: 95.7%–97.5%) 

Specificity = 84.0%**  

(CI: 83.1%–85.0%) 

AUC = 0.974 

(CI: 0.971–0.978) 

Gargeya & Leng 

(2017)33 

CNN with 
decision tree 
classifier 

DR♥ 

 

Medical experts 
(Messidor-2 label) 

DR: R0–R3 

DME: 0–2 

EyePacs 

(n=75,125) 

Messidor-2 (n=1,748) Sensitivity = 93.0% 

Specificity = 87.0% 

AUC = 0.940 

Quellec et al. 

(2017)35 

Ensemble 
CNN with 
random forest 
classifier 

rDR♥ Licensed clinician 

(Kaggle label) 

DR: 0-4 

(DME not 
included) 

Kaggle DR 
competition dataset 
(n=35,126) 

Kaggle DR 
competition dataset 
(n=53,576) 

AUC = 0.955 

Takahashi et al. 

(2017)36 

Third-party 
CNN 

DR 4-class 

classification♥ 

Human grader DR: modified 
Davis grading    
(0-3). (DME 
not included) 

Patients from a 
Japanese hospital 
(n=9,443) 

Patients from a 
Japanese hospital 
(n=496) 

PABAK = 0.74 

Accuracy = 81.0% 

Ramachandran 

et al. (2017)37 

Third-party 
DNN 

rDR♥ Otago: ophthalmic 
medical 
photographer with 
ophthalmologist 

Messidor: medical 
specialists 
(Messidor label) 

Otago:  

DR: R0-R5 

DME: M0-M6  

Messidor:  

DR: R0-R3 

DME: 0-2 

Third-party training 

data (n≥100,000)  
Otago (n≥1,764)∆ 

Messidor (n=1,200) 

Sensitivity = 96.0% 

Specificity = 90.0% 

AUC = 0.980  

(CI: 0.973–0.986) 

Mansour 

(2017)38 

CNN with 
support vector 
machine 
classifier 

DR♥ Licensed clinician 
(Kaggle label) 

DR: 0–4 

(DME not 
included) 

ImageNet♣ 

(n=14,197,122) 

Kaggle DR 
competition dataset 
(n=35,126) 

Sensitivity = 100.0% 

Specificity = 99.0% 

Accuracy = 97.28% 

Ting et al.  

(2017)31 

CNN rDR♥ 

vtDR  

Retinal specialist or 
trained professional 
graders, retinal 
specialists, 
optometrists or 
ophthalmologists 

DR: ICDR 

DME: 0-1 

 
 
 

SIDRP 2010-2013 

(n=76,370) 

SIDRP 2014-2015  

(n=71,896) 

10 external datasets  

(n=40,752) 

Sensitivity = 98.9% 

(CI: 97.5%–99.6%) 

Specificity = 92.2% 

(CI: 89.5%–94.3%) 

AUC = 0.983 

(CI: 0.972–0.991)  

Raju et al. 

(2017)39 

CNN DR♥ Licensed clinician 
(Kaggle label) 

DR: 0–4 (DME 
not included) 

Kaggle DR 
competition dataset 
(n=35,126) 

Kaggle DR 
competition dataset 
(n=53,576) 

Sensitivity = 80.28% 

Specificity = 92.29% 

Keel et al. 

(2018)28 

Third-party 
DL algorithm 

rDR♥ Human grader at a 
centralized retinal 
grading center 

DR: R0-R3 

DME: M0, 
M1, P, U.  

Online dataset from 
China (n=66,790) 

96 patients from 2 
outpatient clinics in 
Australia (n=192)  

Sensitivity = 92.3% 

Specificity = 93.7% 

AUC = 0.933 

Chang et al.  

(2018)29 

CNN with a 
sigmoid 
classifier 

DR♥ Licensed clinician 
(Kaggle label) 

DR: 0–4 

(DME not 
included) 

Kaggle DR 
competition dataset 

(n=35,126)∆ 

Kaggle DR 
competition dataset 

(n=35,126)∆ 

Accuracy = 78.7%  

Some studies use multiple validation datasets, however only datasets with full-scale DR severity grading, clear grading scale and reference standard are included in this table. 
Where confidence intervals are not listed, none were provided in the given study. ♥The target condition that the specified performance scores represent. *If multiple performance 
scores were provided, the best performance score on a fully-graded dataset is specified. **The high-sensitivity setpoint for the all-cause referable analysis is provided, as high 
sensitivity is essential in a screening program to attain the highest possible patient safety. ∆Only a subset of the full dataset was used. ♣ImageNet contains solely generic photos and 
no fundus images. Abbreviations: No: number; CI(s): confidence interval(s); CNN(s): convolutional neural network(s); rDR: referable diabetic retinopathy; vtDR: vision 
threatening diabetic retinopathy. DME: diabetic macular edema; US: United States; DR: diabetic retinopathy. ICDR: International Clinical Diabetic Retinopathy disease severity 
scale; AUC: area under the receiver operating curve; rDME: referable diabetic macular edema; ETDRS: Early Treatment Diabetic Retinopathy Study disease severity scale; 
PABAK: Prevalence-Adjusted Bias-Adjusted Kappa; DNN: deep neural network; SIDRP: Singapore National Diabetes Retinopathy Screening Program; DL: deep learning.  
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Table 2. Characteristics of validation datasets and/or participants used in the included studies.  

Dataset No. of 
patients 

No. of 
images 

Clinical setting Camera and field of view Images taken 
with pupil 

dilation 

Mean age of 
participants, 
years (SD) 

Mean sex of 
participants 

DiaretDB1 N/A 89 University Hospital in 
Finland 

Digital fundus camera with 
a 50-degree field of view 

N/A N/A N/A 

EyePacs-1 4,997 9,963 Randomly sampled 
images from EyePacs 

screening sites in the US 

Wide variety of digital 
retinal camera models all 
using 45-degree field of 
view centered at macula 

Approx. 40.0% 54.4 (11.3) 37.8% male 

E-Ophtha 25,702 107,799 OPHDIAT telemedical 
DR screening network in 

Paris, France 

Digital color fundus camera N/A N/A N/A 

Kaggle DR 
competition dataset 

44,351 88,702* Primary care sites in 
California and elsewhere 

in the US. Images are 
uploaded to the EyePacs 
DR screening platform. 

Wide variety of digital 
retinal camera models 

N/A N/A N/A 

Messidor 671 1,200 Consecutive enrolment at 
three ophthalmological 
departments in France 

Non-mydriatic fundus 
camera with 45-degree field 

of view centered at fovea 

66.6% N/A N/A 

Messidor-2 874 1,748 Consecutive enrolment at 
three ophthalmological 
departments in France 

Non-mydriatic fundus 
camera with 45-degree field 

of view centered at fovea 

44.0% 57.6 (15.9) 57.0% male 

Otago 294 ≥1,764♠ Local diabetic retinal 
screening program in 

New Zealand 

Digital non-mydriatic 
retinal camera with 45-

degree field of view 

75% N/A N/A 

SIDRP 2014-2015 14,880∆ 71,896 Singapore National 
Diabetic Retinopathy 

Screening Program from 
Singapore, Malaysia 

Digital retinal camera 
centered at optic disc and 

fovea 

N/A 60.16 (12.19) 51.02% male 

Royal Victoria Eye and 
Ear Hospital 

588 2,302 Clinic-based Australian 
Hospital 

Digital retinal camera N/A N/A N/A 

Australian patients 
from outpatient clinics 

96 192 Two Australian 
endocrinological 
outpatient clinics 

Digital non-stereoscopic 
color retinal camera with 
45-degree field of view 

pointed at a central-nasal 
field  

N/A 44.26 (16.56) 57.0% male 

Patients from a 
Japanese hospital 

2,740 9,939 Medical university in 
Japan 

Non-mydriatic color fundus 
camera with 45-degree field 
of view (images are taken of 

a total of 4 fields pr. eye) 

N/A N/A N/A 

*These images are typically split into two datasets of 53,576 and 35,126 images to be able to use the joint dataset for both training and testing, without any images overlapping.♠At 

least three images were taken per eye. With 588 eyes this adds up to a minimum of 1,764 images. ∆8,589 patients were unique, while 6,291 patients were reappearances from the 
training dataset, as these were follow-up patients. Abbreviations: No.: number; SD; standard deviation; N/A: not available; US: United States; Approx.: approximately; DR: diabetic 
retinopathy; SIDRP: Singapore National Diabetic Retinopathy Screening Program.  
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Précis 

Deep learning algorithms show high performance for diabetic retinopathy classification using fundus images. As such, a 

semi-automated deep learning screening model could be feasible in screening patients with diabetes.  


