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Abstract 41 

Objective: To illustrate what is inside the “black box” of deep learning models (DLMs) so that clinicians can 42 

have greater confidence in the conclusions of artificial intelligence by evaluating adversarial explanation on its 43 

ability to explain the rationale of deep learning model decisions for glaucoma and glaucoma related findings. 44 

Adversarial explanation generates adversarial examples (AEs), or images which have been changed to gain or 45 

lose pathology-specific traits, to explain the DLM’s rationale. 46 

Design: Evaluation of explanation methods for DLMs. 47 

Participants: Health screening participants (n=1,653) at the Seoul National University Hospital Health 48 

Promotion Center. 49 

Methods: We evaluated 6,430 retinal fundus images for referable glaucoma (RG), increased cup-to-disc ratio 50 

(ICDR), disc rim narrowing (DRN), and retinal nerve fiber layer defect (RNFLD), and trained DLMs for each 51 

diagnosis and findings. Surveys consisting of explanations using AE and gradient-weighted class activation 52 

mapping (GradCAM), a conventional heatmap-based explanation method, were generated for 400 pathologic 53 

and normal patient-eyes. For each method, board-trained glaucoma specialists rated the location explainability, 54 

the ability to pinpoint decision-relevant areas in the image, and rationale explainability, the ability to inform the 55 

user on the model’s reasoning for the decision based on pathological features. Scores were compared by paired 56 

Wilcoxon signed-rank test. 57 

Main Outcome: Area under the receiver operating characteristic curve (AUC), sensitivities, and specificities of 58 

DLMs. Visualization of clinical pathology changes of AEs. Survey scores for locational and rationale 59 

explainability. 60 

Results: The AUCs were 0.90, 0.99, 0.95, and 0.79, and sensitivities were 0.79, 1.00, 0.82, and 0.55 at 0.90 61 

specificity, for RG, ICDR, DRN, and RNFLD DLMs, respectively. Generated AEs showed valid clinical feature 62 

changes, and survey results for location explainability was 3.94±1.33 and 2.55±1.24 using AEs and GradCAMs, 63 

respectively, out of a possible maximum score of 5 points. The score for rationale explainability was 3.97±1.31 64 

and 2.10±1.25 for AE and GradCAM, respectively. AE provided better location and rationale explainability than 65 

GradCAM (p-value<0.001). 66 

Conclusions: Adversarial explanation increased the explainability over GradCAM, a conventional heatmap-67 

based explanation method. Adversarial explanations may help medical professionals more clearly understand the 68 

rationale of DLMs when using them for clinical decisions.  69 
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Introduction 70 

Deep learning models (DLMs) can detect glaucoma using retinal fundus images. 1, 2 However, the “black-box” 71 

nature of DLMs3 and the lack of valid explanations following DLM decisions limit the application and 72 

acceptance of these models in the medical field.  73 

Currently, the explainability of DLMs using retinal fundus imaging is limited to highlighting pixel areas of 74 

importance in the form of heatmaps using gradient-based saliency techniques 4, 5 or occlusion-testing. 6 In the 75 

context of glaucoma-related findings, heatmaps can identify the location of an increased cup-to-disc ratio (ICDR) 76 

or disc rim narrowing (DRN) 7 but cannot explain the DLM’s rationale, or the understanding of the pathology-77 

specific feature.  78 

Understanding DLM decisions is important for clinical decision support, 8 and the identification of important 79 

regions alone may be insufficient for understanding the model’s rationale or for assisting clinical decisions in 80 

the real world. Highlights of important regions are implicit, and users must first assume that the model’s 81 

highlight identifies the pathology by cause and not by coincidence nor by identification of other correlating 82 

features of the same region. Furthermore, determining the model’s understanding using heatmaps alone assumes 83 

the user’s ability to infer pathology from location, which may not always be the case with varying user expertise 84 

or clinical settings. Thus, location maps alone may fail to support clinical decisions by contributing no more 85 

than what the clinician can already identify. However, an explanation method which explicitly shows the 86 

model’s understanding of pathology with examples of added or removed pathology could provide a basis for 87 

reasonable and educational interactions between the clinician, the patient, and artificial intelligence, and thus 88 

enhance interaction, experience, and decision-making. 89 

Adversarial explanation is a method which uses the prediction DLM to make counterexamples as a means to 90 

explain the DLM’s understanding of pathology-specific features.9 For example, a valid adversarial explanation 91 

will consist of a “negative” adversarial example (AE) with decreased cup-to-disc ratio or a “positive” AE with 92 

increased cup-to-disc ratio given a retinal fundus image and a DLM for ICDR. Previously, AEs provided valid 93 

explanations for non-medical images,9 however, whether they provide valid explanations for retinal fundus 94 

images and whether they significantly increase the explainability of a model over current methods have not been 95 

reported. Thus, the clinical validation of adversarial explanation as a method for explaining deep learning 96 

models for glaucoma and glaucoma-related findings is warranted. 97 
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Methods 98 

Study Population and Image Data 99 

Data at Health Promotion Center of Seoul National University Hospital (SNUH),10 from 2005 to 2016, were 100 

used for this study. Patients were anonymized before analysis was performed, and the need for patient consent 101 

was waived by the institutional review board at SNUH (IRB#:H-1703-044-837). This work adhered to the tenets 102 

of the Declaration of Helsinki. 103 

Annotation of Findings and Diagnosis 104 

To minimize inter-observer variability, each image was inspected by three physicians from a team of nine board-105 

trained ophthalmologists. Following ISGEO11 guidelines and other well designed studies, 2, 12, 13 referable 106 

glaucoma was defined as having vertical cup-to-disc ratio ≥0.7, disc rim narrowing of ≤0.1 disc diameter, disc 107 

hemorrhage, or retinal nerve fiber layer (RNFL) defect. Respective findings for ICDR, DRN, and RNFL defect 108 

were also annotated. Supplementary Table 1 shows the details of the criteria of glaucoma diagnosis, which was 109 

classified into normal, glaucoma suspect (GS), and glaucoma, most likely (GM), based on the criteria of 110 

previous population studies.2, 12, 13 Referable glaucoma was defined as having either GS or GM.  111 

Fundus images were taken using a digital non-mydriatic fundus camera (CR-2; Canon Inc., Tokyo, Japan). 112 

Images were carefully focused on the posterior pole of the retina (macula-centered) at a 45° field of view using 113 

the built-in split-line focusing device. Image quality was assessed based on field definition. Adequate field 114 

definition was confirmed only when (1) the entire macula and optic disc were visible, and (2) both main 115 

temporal arcades were completely visible.14 Retinal photographs of poor image clarity and poor field definition 116 

were regarded as non-gradable. If any reviewer deemed a photograph as non-gradable, it was excluded from the 117 

study. 118 

Information on the age at visit, sex, diabetes medication, hypertension medication, and historical images were 119 

given for the most informed evaluation. We developed the interface program for annotation (Supplementary 120 

Figure 1), and identical, color-calibrated monitors were distributed for annotation.  121 

Development of Deep Learning Models 122 

Patients were randomized into training, validation, and testing sets. To ensure that each subset contained a 123 

similar proportion of pathologic images, patient-randomized sampling was done until the proportion of 124 
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pathologic images had at least the prevalence of the least prevalent finding, namely that of RNFL defect (~2.5%). 125 

The training set was used for model training, the validation set was used to determine when to end training, and 126 

the testing set was used for performance measurements and explanations. The resulting training, validation, and 127 

testing sets consisted of 4,867, 544, and 605 images, respectively. 128 

Deep learning models were separately trained to predict referable glaucoma and each glaucoma related finding; 129 

ICDR, DRN, and RNFL defect. To resolve class-imbalance, we up-sampled pathologic images in the training set 130 

such that one in three images were pathologic. Images were resized to 224 by 224 pixels during training and 131 

testing. 132 

A ResNet-50 was used as the backbone of our models, 15 which outputs two numbers representing pathologic or 133 

non-pathologic, which add up to 1. Training was done for 100 epochs, using transfer learning from a model 134 

trained on the ImageNet database, 16 saving the model with the best validation set cross-entropy loss or area 135 

under the receiver operating characteristic curve (AUC). During training, we used random crop, random vertical 136 

flip, MixUp, 17 and random horizontal flip. Batches comprised of half adversarial examples and half original 137 

images, otherwise known as “half-half” training. 18 138 

Explanation Using Adversarial Examples 139 

We produced adversarial examples (AE) using adversarial explanation. 9 In their work, Woods and colleagues 140 

use backpropagation from a DLM to iteratively alter the noise, or the adversarial noise (AN), given to an image 141 

which maximizes the model’s prediction for a predetermined category. They introduced gexplain+/-, where the 142 

shape of the noise was optimized to reveal salient, perceptually different examples. Simply put, adversarial 143 

explanation is a method of “repainting” the image until the model regards it as either completely pathologic or 144 

completely normal. We denoted adversarial examples which were encouraged to be pathologic as positive 145 

adversarial examples (AE+), and those which were encouraged to be normal as negative adversarial examples 146 

(AE-). Adversarial examples were made by 100 iterations of backpropagation.  147 

For a comparison with a conventional heatmap-based explanation method, we produced saliency heatmaps 148 

using gradient-weighted class activation mapping (GradCAM). 4 To directly compare GradCAM with AEs, 149 

saliency heatmaps were also generated for the adversarial explanations by taking the absolute value of the pixel 150 

values in the adversarial noise. This is akin to identifying the areas of the AEs where most change occurred. 151 
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Because GradCAM heatmaps are small, usually 7 by 7 pixels depending on the DLM, we used bicubic 152 

interpolation when overlaying on the original image. 153 

Expert Survey of Deep Learning Explanation Methods 154 

A survey was conducted by three board-trained ophthalmologists to compare the explainability of AEs and 155 

GradCAM. From the testing set, we sampled 400 patient eyes which consisted of 100 images each for referable 156 

glaucoma, ICDR, DRN, and RNFL defect models. Due to the small prevalence of pathologic images, all 157 

pathologic images in the testing set were included in the survey and normal images were randomly sampled 158 

from the testing set. For each image, we produced an explanation using adversarial examples and an explanation 159 

using GradCAM (Supplementary Figure 2). For each explanation, two questions were asked: “Q1. How well 160 

does this explanation method explain the location of the normal or pathologic finding?” and "Q2. How well does 161 

this explanation method explain the rationale of the normal or pathologic finding?" Each question was given a 162 

score between 1 and 5. Because one adversarial example explanation and one GradCAM explanation was shown 163 

sequentially for the same image, the difference in scores was compared in pairs to determine whether one 164 

explanation produced better explainability than the other with respect to location or rationale. 165 

Statistical Methods 166 

The associations between findings and diagnoses was determined by χ2-test. Fleiss Kappa for three raters was 167 

used to calculate interobserver agreement. Survey results were analyzed using paired Wilcoxon signed-rank test, 168 

which tests the significance of the difference of scores without the need for any assumption in the distribution of 169 

scores. Alpha values of less than 0.05 was considered statistically significant. For deep learning, we used Fastai 170 

with Pytorch backend on Python 3.6.  171 

Results 172 

From 6,430 images that were annotated 3-fold, 417 were excluded for poor image quality. Our final dataset 173 

consisted of 1,653 patients consisting of 3,091 distinct visits and 6,013 images. The prevalence of referable 174 

glaucoma, ICDR, DRN, and RNFL defect were 9.6%, 4.4%, 6.0%, and 2.6%, respectively, and interobserver 175 

agreement kappa were 0.461, 0.499, 0.367, and 0.188, respectively (Table 1). Overall, images consisted of 54.6% 176 

males and had a mean age of 55.7 ± 9.6 years at the time of visit (Table 1). Patient-randomized training, 177 

validation, and testing subsets consisted of at least 15 or more than 2.5% of each pathology, except for disc 178 

hemorrhage which was not used for training (Table 1). There was significant association between referable 179 
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glaucoma and pathologic findings (Supplementary Table 2). The referable glaucoma, ICDR, DRN, and RNFL 180 

defect models had AUC 0.899, 0.986, 0.950, and 0.790, respectively for the testing subset. When stratified by 181 

greater severity of glaucoma, namely most-likely glaucoma diagnosis, models for referable glaucoma, ICDR, 182 

DRN, and RNFL defect had AUC of 0.989, 0.991, 0.987, and 0.900, respectively. The receiver operating 183 

characteristics stratified by severity of glaucoma is shown in Figure 1. Sensitivities were 0.79, 1.00, 0.82, and 184 

0.55 for referable glaucoma, ICDR, DRN, and RNFL defect, respectively, at the pre-set specificity of 0.90. 185 

Adversarial Examples 186 

Figure 2 shows adversarial explanations and GradCAM heatmaps for referable glaucoma, RNFL defect, ICDR, 187 

and DRN DLM decisions for selected images. Figure 2a depicts adversarial explanations and GradCAM 188 

heatmaps for the referable glaucoma DLM on a positive sample. The GradCAM+ shows that referable glaucoma 189 

is due to the disc area and GradCAM- highlights non-disc regions. AEglaucoma- has decreased the cup-to-disc ratio 190 

and widened the superiotemporal disc rim, which the DLM predicts as referable glaucoma negative. AEglaucoma+, 191 

which results in a higher prediction for glaucoma, increases cup-to-disc ratio and narrows the superiotemporal 192 

disc rim. Figure 2b depicts explanations for the referable glaucoma DLM on a negative sample. GradCAM- 193 

highlights the fovea region and parts outside the field-of-view (FOV), and GradCAM+ highlights several non-194 

FOV areas. AEglaucoma+ adds an increased cup-to-disc ratio finding, which the original image lacks. Figure 2c 195 

depicts a sample with RNFLD. GradCAM+ highlights regions outside the FOV and GradCAM- highlights the 196 

region inferior to the disc. AERNFLD- shows diminished RNFLD and AERNFLD+ shows a darker defect. 197 

Adversarial noises show that the most changes have been made at the area of RNFLD. Figure 2d depicts a 198 

sample without RNFLD, for which GradCAM highlights regions outside the FOV. AERNFLD- does not make 199 

apparant changes to the original image, whereas AERNFLD+ shows darkened nerve fiber regions temporally and 200 

supriotemporally to the disc. Figures 2e and 2f depicts the ICDR positive sample and ICDR negative samples, 201 

respectively. GradCAM correctly highlights disc region. Relevant changes in cup-to-disc ratio are shown 202 

explicitly in AEICDR+, which increases cup-to-disc ratio, and AEICDR-, which decreases cup-to-disc ratio. Figure 203 

2g depicts a positive DRN image. The location of the disc is correctly identified in the GradCAM+ for this DRN 204 

positive sample. The widening and narrowing changes to superiotemporal disc rim width can be seen in the 205 

AEDRN- and AEDRN+, respectively. Figure 2h depicts a negative DRN image. The GradCAM heatmaps fails to 206 

locate the disc. However, the AEDRN+ shows a superiotemporal disc rim narrowing, which the original lacks. 207 
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A zoomed-in and annotated adversarial explanations are shown in Figure 3. Adversarial examples shows valid 208 

clinical feature changes including changes to peri-papillary atrophy, retinal nerve fiber layer defect, cup-to-disc 209 

ratio, and disc rim narrowing. Figure 3a shows an example with ICDR, for which AEglaucoma- has removed 210 

peripapillary atrophy (white arrows) and reduced cup size (black arrow), whereas AEglaucoma+ has exaggerated 211 

the peripapillary border (white arrows) and increased cup size (black arrow). Figure 3b shows an example with 212 

only RNFL defect, for which AEglaucoma- has replaced the RNFL defect with disconnected vessel-like patterns 213 

(white arrows), and AEglaucoma+ darkens and widens the RNFL defect (black arrows). Figure 3c shows an 214 

example with ICDR and DRN, for which AEICDR- has reduced cup size (white arrows), and AEICDR+ has 215 

increased cup size (black arrows) and added bright peaks near cup margins (black arrows). Figure 3d shows an 216 

example with DRN, for which AEDRN- increases the superiotemporal rim width (black arrows), and AEDRN+ 217 

makes the disc rim narrower. Figure 3c and Figure 3d appear defocused because they are zoomed-in sections of 218 

images of size of 224 by 224 pixels, a size requirement for input into the DLM. Figure 3e shows an example of 219 

RNFL defect, for which AERNFLD- fills the RNFL defect with discontinuous fiber-like patterns (green arrows), 220 

and AERNFLD+ produces a defect with darker contrast (green arrow) and thins the bridging vessel (red arrow). 221 

Survey Results 222 

Table 2 shows the survey results for location explainability (Q1) and Table 3 shows the survey results for 223 

rationale explainability (Q2). The average score for location explainability was 3.94±1.33 and 2.55±1.24 for AE 224 

and GradCAM, respectively, out of a possible maximum score of 5 points. When rating location explainability, 225 

raters gave on average 1.39 points higher for AE than GradCAM (p-value<0.001). The average score for 226 

rationale explainability was 3.97±1.31 and 2.10±1.25 for AE and GradCAM, respectively. When rating rationale 227 

explainability, raters gave on average 1.87 points higher for AE than GradCAM (p-value<0.001). AE received 228 

higher scores for both location and rationale explanations among normal images (1.59±1.56 and 2.03±1.60), 229 

more so than among pathologic images (1.00±1.45 and 1.58±1.74). Survey scores for referable glaucoma, DRN, 230 

and ICDR resulted in favor of AE, with 1.13±1.35, 1.91±1.38, and 2.19±1.23 points difference for location 231 

explainability and 1.98±1.52, 2.20±1.42, and 2.69±1.31 points difference for rationale explainability. However, 232 

absolute grade scores were low for RNFL defect at below 3 points and resulted in minimal explainability 233 

differences between AE and GradCAM. For location explainability, GradCAM scored marginally higher than 234 

AE among RNFLD positive images. 235 
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Discussion 236 

To date, the implementation of explainable DLMs on glaucoma prediction using retinal fundus images using 237 

adversarial explanations has not been reported. Explainability in deep learning-based predictions have largely 238 

been focused on identifying the region of importance, 4, 5 using, for example, saliency maps. 7 This can explain 239 

where specific pathologies exist but not provide an explanation of the rationale for its decision. Adversarial 240 

explanations can provide model-derived positive- and negative-examples as a means to explain the model’s 241 

rationale. 9 Here, we showed that explanations using adversarial examples may enhance the location and 242 

rationale explainability of a model over traditional saliency techniques such as GradCAM. Furthermore, an 243 

analysis of select adversarial examples shows that adversarial explanation can add or remove referable 244 

glaucoma and glaucoma-related findings to explain DLM decisions. 245 

In this study, trained DLMs achieved similar AUCs to previous studies, 1, 2, 7, 19-23 however comparisons should 246 

consider the differences in severity of disease from differing study populations. Generally, clinic-based datasets 247 

have higher prevalence of and greater severity in cases compared to a screening-based dataset, and the 248 

difference in severity and population is known to affect AUC results. For example, a previous study reported an 249 

AUC of 0.945 for referable glaucoma in a clinic-based validation set but 0.855 in an external screening-based 250 

validation set. 1 One study showed that the AUC was 0.89 for mild cases but 0.97 for moderate to severe cases 251 

of glaucoma. 20 Most studies use clinic-based datasets to report AUCs for referable glaucoma, which range from 252 

0.89 to 0.986 2, 19-22. These studies vary in the way data is collected and may not represent “real-world” 253 

populations due to variable inclusion and exclusion criteria of images. In community-based testing samples, 254 

previous work reported AUCs for referable glaucoma between 0.855 1 and 0.942. 23 Few studies developed and 255 

validated models for specific glaucoma-related findings. 1, 7 A study using a clinic-based dataset reported AUCs 256 

of 0.922, 0.946, and 0.778 for ICDR, DRN, and RNFLD, 1 respectively, and a study using a screening-based 257 

dataset reported AUCs of 0.982 and 0.983 for glaucomatous disc change and RNFLD, respectively. 7 Our study, 258 

despite being based in a screening setting having lower prevalence and severity of disease, reported an AUC of 259 

0.989 for referable glaucoma, and comparable AUCs for glaucoma-related findings. When stratified by disease 260 

severity, the AUC for our models improved when detecting findings among most-likely glaucoma patients. 261 

There were large differences in the visualizations of what the model used by using adversarial explanation and 262 

GradCAM strategies. These differences occurred due to how the explanations were made. With GradCAM+, 263 

areas of the original image that contributed to a positive prediction were highlighted, whereas with AE+, the 264 
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example with added pathology was shown along with an AN+ heatmap of areas with the most change. Thus, 265 

GradCAM+ did not highlight anything at all if the image was totally normal, as seen in Figure 2b and Figure 2d, 266 

whereas AN+ highlighted the area that changed most in AE+. 267 

Survey results showed that adversarial explanations provided better location and rationale explainability over 268 

GradCAM. The reasons for these improvements are multifactorial. First, GradCAM had no fundamental logic 269 

for explaining the rationale of the model’s decision. The information contained in a saliency map is purely 270 

locational, highlighting the regions contributing towards or against a decision. On the contrary, AE provided a 271 

logic for explaining the rationale behind the model’s decision, namely, an example with removed pathology 272 

(AE-) and an example with added pathology (AE+). Second, GradCAM explanations performed poorly when 273 

given normal images. Gradient-based saliency techniques have had trouble interpreting heatmaps for normal 274 

findings.24, 25 Similarly, in our study, the survey results showed lower explainability for GradCAM among 275 

normal images. It is probable that for normal cases, the GradCAM+ heatmaps did not correctly highlight the 276 

region of interest because the image features did not make any contributions toward a pathologic prediction. 277 

AEs however performed well for both pathologic and normal images because they were able to add pathology-278 

specific features to normal images to give a more definitive location. 279 

Expert survey showed successful explanations for referable glaucoma, ICDR, and DRN. The validation of 280 

adversarial explanation has potential applications such as deep learning-based medical devices with greater 281 

explainability, medical education with generated AEs, and predictive visualization of glaucoma progression. 282 

Our study includes several strengths. First, our work validates a deep learning explanation method which has not 283 

been applied and validated for retinal fundus images and provides a guide for validating explanation methods 284 

for other medical imaging modalities. Second, our dataset was annotated prospectively for deep learning 285 

purposes using a specific criterion for referable glaucoma, self-developed annotation software, and unified 286 

color-calibrated monitors, which minimizes misclassification bias. Third, our survey assessed two different 287 

aspects of explainablity, namely location and rationale, for which previous studies have not addressed separately. 288 

8 289 

Limitations 290 

Our data has limited diversity compared to other work1, 2 and did not validate on external datasets, which may 291 

limit the generalizability of our DLMs. However, the primary objective of our work was to validate the 292 
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explainability of an explanation technique rather than the diagnostic performance of a DLM. While our model 293 

may behave differently on external datasets, the adversarial explanation technique can be generalized and be 294 

used for DLMs developed elsewhere.  295 

Our model for RNFL defect did not produce a high AUC (0.790) and resulted in only a small increase in 296 

explainability by adversarial explanations. Previous studies report similar1 or higher7 AUC, and we think that 297 

RNFL defect did not perform as well as other glaucoma parameters for the following reasons. First, the number 298 

of RNFL defect training examples were few (122 images) compared to other studies (1168 images 7) It is widely 299 

believed that a large dataset is crucial in medical deep learning,26 and the number of RNFL defect images may 300 

have been too few for the DLM to be successfully trained. Second, the characteristics of the existing RNFL 301 

defect images of our database may have been subtle and ambiguous because the study population was based on 302 

a health screening setting and not a glaucoma clinic setting. The screening setting represents relatively earlier 303 

stages of glaucoma in which RNFL defects are smaller or harder to detect. This is evident in our analysis of 304 

interobserver agreement, where RNFL defect had lower agreement (0.19) compared to other glaucoma 305 

parameters (>0.35). Third, the RNFL defect model performed poorly when detecting less severe cases. When 306 

tasked with detecting RNFL defect without less severe, suspected glaucoma patients, the AUC for RNFL defect 307 

increased to 0.900, whereas excluding more severe, most-likely glaucoma patients, the AUC dropped to 0.705. 308 

Because our population consists of health screening participants, the existence of less severe cases resulted in 309 

lower performance. Finally, the lower performance of the RNFL defect model likely resulted in lower 310 

explainability. Compared to all other models, RNFL defect had low explainability scores for both AE and 311 

GradCAM. While the differences between the two methods were insignificant or marginally better for 312 

GradCAM in RNFLD+ subgroups, the low absolute scores indicate the inability of the model to consistently 313 

produce accurate and valid explanations rather than the outperformance of one method over the other. This 314 

warrants further work using more robust and accurate DLMs for RNFLD. 315 

In conclusion, the expert survey showed significant improvements in location and rationale explainability of 316 

DLMs when using AE compared to GradCAM, and AE produced pathology-specific feature changes to explain 317 

deep learning-based decisions for referable glaucoma and glaucoma-related findings. Adversarial explanation 318 

may help medical professionals to better understand DLM-based decisions. 319 
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Figure Legends 392 

Figure 1. Receiver Operating Characteristic Curves for Referable Glaucoma, ICDR, DRN, and RNFLD 393 

stratified by Severity of Glaucoma. Abbreviations; AUC, area under curve; ICDR, increased cup-to-disc ratio; 394 

DRN, disc rim narrowing; RNFLD, retinal nerve fiber layer defect. 395 

Figure 2. Adversarial Explanations of Deep Learning Models for Referable Glaucoma, RNFL Defect, Increased 396 

Cup-to-Disc Ratio, and Disc Rim Thinning. Abbreviations; Pred, prediction; AE, adversarial example; AN, 397 

adversarial noise; RNFLD, retinal nerve fiber layer defect; ICDR, increased cup-to-disc ratio; C/D, cup-to-disc; 398 

DRN, disc rim narrowing; FOV, field of view; All prediction values indicate probability for positive pathology. 399 

First row shows the original image and GradCAM for positive and negative pathology. The second row is the 400 

negative adversarial example with respective adversarial noise. The third row is the positive adversarial example 401 

with respective adversarial noise. Adversarial examples were produced using only the predictive deep learning 402 

model and the original sample image. Adversarial noise is shown superimposed on the original image.  403 

Figure 3. Examples of Zoomed-In Adversarial Explanations for Deep Learning Models for Referable Glaucoma, 404 

Increased Cup-to-Disc Ratio, Disc Rim Narrowing, and RNFL Defect. Abbreviations; AE, adversarial example; 405 

ICDR, increased cup-to-disc ratio; DRN, disc rim narrowing; RNFLD, retinal nerve fiber layer defect. The first 406 

column is the original image, the second column is the negative adversarial example, and the third column is the 407 

positive adversarial example. Figure 3a shows an example with ICDR, for which AEglaucoma- has removed 408 

peripapillary atrophy (white arrows) and reduced cup size (black arrow), whereas AEglaucoma+ has exaggerated 409 

the peripapillary atrophy (white arrows) and increased cup size (black arrow). Figure 3b shows an example with 410 

only RNFL defect, for which AEglaucoma- has replaced the RNFL defect with disconnected vessel-like patterns 411 

(white arrows), and AEglaucoma+ darkens and widens the RNFL defect (black arrows). Figure 3c shows an 412 

example with ICDR and DRN, for which AEICDR- has reduced cup size (white arrows), and AEICDR+ has 413 

increased cup size (black arrows) and added bright peaks near cup margins (black arrows). Figure 3d shows an 414 

example with DRN, for which AEDRN- increases the superiotemporal rim width (black arrows), and AEDRN+ 415 

makes the disc rim narrower. Figure 3c and Figure 3d appear defocused because they are zoomed-in sections of 416 

images of size of 224 by 224 pixels, a size requirement for input into the deep learning model. Figure 3e shows 417 

an example of RNFL defect, for which AERNFLD- fills the RNFL defect with discontinuous fiber-like patterns 418 

(green arrows), and AERNFLD+ produces a defect with darker contrast (green arrow) and thins the bridging vessel 419 

(red arrow).  420 
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Tables 
 
Table 1. Sample characteristics, associations between findings and diagnoses, interobserver agreement, and deep learning model results. 

N (%*), or otherwise Total 

Pathology Randomization Subsets 
Referable 

Glaucoma† 
Increased C/D 

ratio† 
Disc rim 

narrowing† RNFL defect† Training Set 
Validation 

Set Testing Set 
Data         

Number of Images 6013 (100) 579 (9.6) 267 (4.4) 358 (6) 157 (2.6) 4864 (80.9) 544 (9) 605 (10.1) 
Number of Patient-visits 3091 (100) 402 (13) 171 (5.5) 253 (8.2) 132 (4.3) 2504 (81) 276 (8.9) 311 (10.1) 
Number of Patients 1653 (100) 223 (13.5) 82 (5) 138 (8.3) 76 (4.6) 1322 (80) 165 (10) 166 (10) 

Characteristics         
Age, years (mean, std)  55.7 (9.59) 55.8 (9.7) 56.1 (9.0) 56.2 (10.0) 56.0 (10.1) 55.76 (9.60) 54.23 (9.36) 56.18 (9.60) 
Sex, male 3,284 (54.6) 374 (64.6) 196 (73.4) 240 (67.0) 102 (65.0) 2657 (54.6) 312 (57.3) 315 (52.1) 
Referable Glaucoma† 579 (9.6) 579 (100) 265 (99.3) 354 (98.9) 153 (97.5) 468 (9.6) 53 (9.7) 58 (9.6) 

Glaucoma suspect 472 (7.8) 472 (81.5) 187 (70.0) 255 (71.2) 72 (45.9) 388 (8.0) 43 (7.9) 41 (6.8) 
Glaucoma most-likely 107 (1.8) 107 (18.5) 78 (29.2) 99 (27.7) 81 (51.6) 80 (1.6) 10 (1.8) 17 (2.8) 

Increased C/D ratio† 267 (4.4) 265 (45.8) 267 (100) 179 (50) 70 (44.6) 214 (4.4) 28 (5.1) 25 (4.1) 
Disc rim narrowing† 358 (6.0) 354 (61.1) 179 (67) 358 (100) 102 (65) 288 (5.9) 36 (6.6) 34 (5.6) 
RNFL defect† 157 (2.6) 153 (26.4) 70 (26.2) 102 (28.5) 157 (100) 122 (2.5) 15 (2.8) 20 (3.3) 

Interobserver Agreement         
Kappa statistic‡  0.461 0.499 0.367 0.188    

Model Performance among Testing Set         
AUC, units (95% CI) 

 
0.899  

(0.870-0.928) 
0.986  

(0.977-0.995) 
0.950  

(0.930-0.970) 
0.790  

(0.712-0.868) 
   

AUC among no glaucoma and GS 
subgroup, units (95% CI) 

 
0.862  

(0.820-0.904) 
0.985  

(0.974-0.996) 
0.925  

(0.889-0.961) 
0.705 

(0.574-0.836) 
   

AUC among no glaucoma and GM 
subgroup, units (95% CI) 

 
0.989  

(0.981-0.997) 
0.991  

(0.983-0.999) 
0.987  

(0.978-0.996) 
0.900  

(0.838-0.962) 
   

Abbreviations: RNFL, retinal nerve fiber layer defect; C/D, cup-to-disc; AUC, area under receiver operating characteristic curve; CI, confidence interval; GS, glaucoma suspect; 
GM, glaucoma most-likely. *Percentage of data using proportion of subset among total set (rows) and percentage of characteristics using proportions of images within the total 
set or subsets (columns). † Significant associations (p<0.05) between all combinations of Glaucoma, Increased C/D ratio, RNFL defect, and Disc rim narrowing using χ2-test 
was observed and is shown in Supplemental Table 1. ‡Using Fleiss Kappa for 3 raters. 
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Table 2. Comparison of scores for "Q1. How well does this explanation method explain the location of the normal or 
pathologic finding?" of each explanation method. 

Models Subgroups 
Images, 

N 

Total 
Surveys, 

N 

Score for Adversarial 
Explanation, 
Mean±Std 

Score for 
GradCAM, 
Mean±Std 

Paired Score 
Difference, 
Mean±Std 

p-
value* 

All Models (R. Glaucoma, DRN, ICDR, RNFLD) 
  All 400 1200 3.94±1.33 2.55±1.24 1.39±1.55 <0.001 
  Pathologic 137 411 4.14±1.25 3.14±1.20 1.00±1.45 <0.001 
  Normal 263 789 3.83±1.36 2.24±1.14 1.59±1.56 <0.001 
Referable glaucoma 
  All 100 300 3.99±0.93 2.86±1.17 1.13±1.35 <0.001 
  R.Glaucoma+ 58 174 4.17±0.88 2.91±1.22 1.25±1.40 <0.001 
  R.Glaucoma- 42 126 3.75±0.95 2.79±1.11 0.96±1.26 <0.001 
DRN 
  All 100 300 4.76±0.56 2.85±1.34 1.91±1.38 <0.001 
  DRN+ 34 102 4.87±0.41 3.77±1.05 1.10±1.16 <0.001 
  DRN- 66 198 4.70±0.61 2.37±1.21 2.33±1.29 <0.001 
ICDR 
  All 100 300 4.87±0.47 2.68±1.09 2.19±1.23 <0.001 
  ICDR+ 25 75 4.84±0.59 3.41±0.87 1.43±1.14 <0.001 
  ICDR- 75 225 4.88±0.42 2.44±1.04 2.45±1.16 <0.001 
RNFLD 
  All 100 300 2.12±0.92 1.80±1.03 0.32±1.51 <0.001 
  RNFLD+ 20 60 1.93±1.16 2.37±1.15 -0.43±1.58 0.049 
  RNFLD- 80 240 2.17±0.84 1.66±0.95 0.50±1.44 <0.001 
Abbreviations; N, number; R. Glaucoma, referable glaucoma; DRN, disc rim narrowing; ICDR, increased cup-to-disc ratio; 
RNFLD, retinal nerve fiber layer defect. * For Wilcoxon Signed-Rank Test 
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Table 3. Comparison of scores for " Q2. How well does this explanation method explain the rationale of the normal or 
pathologic finding?" of each explanation method. 

Models Subgroups 
Images, 

N 

Total 
Surveys, 

N 

Score for Adversarial 
Explanation, 
Mean±Std 

Score for 
GradCAM, 
Mean±Std 

Paired Score 
Difference, 
Mean±Std 

p-
value* 

All Models (Glaucoma, DRN, ICDR, RNFLD) 
  All 400 1200 3.97±1.31 2.10±1.25 1.87±1.66 <0.001 
  Pathologic 137 411 4.19±1.24 2.61±1.39 1.58±1.74 <0.001 
  Normal 263 789 3.86±1.33 1.84±1.08 2.03±1.60 <0.001 
Referable glaucoma 
  All 100 300 4.20±0.94 2.22±1.25 1.98±1.52 <0.001 
  R.Glaucoma+ 58 174 4.35±0.89 2.33±1.31 2.02±1.58 <0.001 
  R.Glaucoma- 42 126 4.00±0.96 2.06±1.15 1.94±1.44 <0.001 
DRN 
  All 100 300 4.62±0.76 2.42±1.42 2.20±1.42 <0.001 
  DRN+ 34 102 4.72±0.67 3.10±1.53 1.62±1.46 <0.001 
  DRN- 66 198 4.57±0.80 2.07±1.22 2.51±1.30 <0.001 
ICDR 
  All 100 300 4.80±0.63 2.11±1.16 2.69±1.31 <0.001 
  ICDR+ 25 75 4.73±0.79 2.75±1.36 1.99±1.60 <0.001 
  ICDR- 75 225 4.83±0.57 1.90±1.00 2.93±1.11 <0.001 
RNFLD 
  All 100 300 2.27±0.97 1.66±1.01 0.61±1.63 <0.001 
  RNFLD+ 20 60 2.15±1.29 2.40±1.18 -0.25±1.63 0.213 
  RNFLD- 80 240 2.30±0.88 1.47±0.87 0.83±1.56 <0.001 
Abbreviations; N, number; R. Glaucoma, referable glaucoma; DRN, disc rim narrowing; ICDR, increased cup-to-disc ratio; 
RNFLD, retinal nerve fiber layer defect. * For Wilcoxon Signed-Rank Test 
 



Figure 1. Receiver Operating Characteristic Curves for Referable Glaucoma, ICDR, DRN, and RNFLD 
stratified by Severity of Glaucoma. 

 



Figure 2. Adversarial Explanations of Deep Models for Referable Glaucoma, RNFL Defect, Increased Cup-to-disc Ratio, and Disc Rim Thinning. 
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Figure 3. Examples of zoomed-in adversarial explanations for deep learning models for referable glaucoma, 
increased cup to disc ratio, disc rim narrowing, and RNFL defect. 
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An evaluation by board-trained glaucoma specialists showed that, compared to a conventional 
heatmap-based explanation method, adversarial explanation improved the explainability of glaucoma 
decisions made by deep learning models. 


