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Abstract
● AIM: To assess the accuracy of an artificial intelligence 
(AI) based software (RetCAD, Thirona, The Netherlands) to 
identify and grade age-related macular degeneration (AMD) 
and diabetic retinopathy (DR) simultaneously based on 
fundus photos.
● METHODS: This prospective study included 1245 eyes 
of 630 patients attending an ophthalmology day-care clinic. 
Fundus photos were acquired and parallel graded by the 
RetCAD AI software and by an expert reference examiner 
for image quality, and staging of AMD and DR. Adjudication 
was provided by a second expert examiner in case of 
disagreement between the AI software and the reference 
examiner. Statistical analysis was performed on eye-level 
and on patient-level, by summarizing the individual image 
level-gradings into and eye-level or patient-level score, 
respectively. The performance of the RetCAD system was 
measured using receiver operating characteristics (ROC) 
analysis and sensitivity and specificity for both AMD and DR 
were reported.
● RESULTS: The RetCAD achieved an area under 
the ROC (Az) of 0.926 with a sensitivity of 84.6% at a 
specificity of 84.0% for image quality. On image level, the 
RetCAD software achieved Az values of 0.964 and 0.961 
with sensitivity/specificity pairs of 98.2%/79.1% and 
83.9%/93.3% for AMD and DR, respectively. On patient 
level, the RetCAD software achieved Az values of 0.960 
and 0.948 with sensitivity/specificity pairs of 97.3%/73.3% 
and 80.0%/90.1% for AMD and DR, respectively. After 

adjudication by the second expert examiner sensitivity/
specificity increases on patient-level to 98.6%/78.3% and 
100.0%/92.3% for AMD and DR, respectively.
● CONCLUSION: The RetCAD offers very good sensitivity 
and specificity compared to manual grading by experts and 
is in line with that obtained by similar automated grading 
systems. The RetCAD AI software enables simultaneous 
grading of both AMD and DR based on the same fundus 
photos. Its sensitivity may be adjusted according to the 
desired acceptable sensitivity and specificity. Its simplicity 
cloud base integration allows cost-effective screening where 
routine expert evaluation may be limited.
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INTRODUCTION

D iabetic retinopathy (DR) and age-related macular 
degeneration (AMD) are some of the most common 

etiologies of visual impairment in adults in developed 
countries[1-2]. Diabetes mellitus with its rising prevalence 
especially in the industrialized world is a disease with multiple 
risks. With an estimated prevalence of 592 million by 2035, it’s 
spreading like a worldwide epidemic[3]. The inconsiderate level 
of blood sugar in diabetic patients may lead to irreversible 
microvascular changes and complications. The 32.4 million 
blind and 191 million visually impaired people 0.8 million 
(2.6%) and 3.7 million (1.9%) respectively were because of 
DR. In 1990 only 2.1% of the blind and 1.3% if the visually 
impaired were DR related[4]. With a good chance of preventing 
irreversible blindness, regular retinal checks are necessary for 
diabetic patients.
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AMD is a central retinal disease common in patients over 50 
years old. It is a leading cause of blindness worldwide and 
shows several environmental and genetic components with no 
effective prevention therapy. It is estimated that about 7.6% 
of United States population over 60y have intermediate or 
advanced AMD[5]. Because of the demographic changes the 
prevalence will be rising within the next decades AMD can be 
categorized into early, intermediate and late AMD. Within late 
AMD there is dry AMD (geographic atrophy) and wet AMD 
[choroidal neovascularization (CNV)]. Currently there are 
several options for treating wet AMD with intravitreal injections, 
although a cure is not possible up till date. Dry AMD has no 
treatment options but must be regularly checked up. 
The nature of these slow progressing diseases and the need 
for timely intervention depending on gradual changes in 
the clinical signs visible in the fundus justify scheduled 
clinical examinations of the fundus using a slit lamp or a 
fundus camera, with follow-ups over many years by an 
ophthalmologist. The purpose of these screening examinations 
is to classify the severity of these diseases triaging between 
further follow-up by an ophthalmologist and/or need for 
surgical and laser treatments or continuing regular screening. 
The manual screening demands constant availability of 
specialized personnel worldwide, repeated transport of patients 
to a nearby physician and availability of standardized tools for 
classification and triage. The manual screening causes high 
costs to the health system although only a small part is triaged 
for intervention. Moreover, among the elderly the physical 
availability of screening is often impaired. 
Several automated systems for analyzing fundus photos and 
triaging AMD or DR were developed and tested. As it has 
been shown, this artificial intelligence (AI) based tools can 
have a high sensitivity and specificity concerning the detection 
of DR in unselected patients regularly visiting their eye-
clinic as well as in a cohort of diabetic patients[6-9]. There are 
also deep learning models able to grade AMD stages with 
a high sensitivity and specificity[10-11] and even estimate the 
progression probability[5]. These tools are based on fundus 
photos which are taken by a local technician and either locally 
interpreted or uploaded to a cloud where they are evaluated. 
Within a short amount of time the results are sent back to the 
acquiring technician with an exact numeric value to implicate 
for example the need to be reevaluated by an ophthalmologist. 
These image assessment software tools may be more cost-
efficient concerning for example diabetes patients, because 
the increasing incidence of diabetes and standardized DR 
screening protocols, allowing for cost-effectively automation 
of this process[12].
The RetCAD software allows either cloud based or local 
differentiating between a normal and diseased retina as well as 

diagnosis of existence and grading of both DR and AMD by 
scoring the image for quality grading of either disease based 
on color fundus images alone. 
SUBJECTS AND METHODS
Ethical Approval  This prospective cross-sectional study 
was performed at the Department of Ophthalmology of the 
University Medical Centre Hamburg-Eppendorf. The study 
is registered and approved by the Ethics Review Board of 
the medical association Hamburg (registered study number: 
PV7377) and follows the recommendations of the Declaration 
of Helsinki. Written informed consent was obtained by each 
patient.
Fundus Photo Acquisition  Patients were prospectively 
included from April 2020 to July 2020. Inclusion criteria were 
an age of at least 18y and eyes in which clear media allowed a 
sharp fundus photo. As the aim was to compare the detection 
capacity of the AI software, no pre-selection of known DR 
or AMD patients was done. This study included 3609 fundus 
photos of 630 patients consecutively attending a single day 
eye-clinic visit. Two examples of a sharp fundus photo can be 
seen in Figure 1. Fundus camera device and imaging protocol: 
All photos were taken by the same fundus camera (Topcon 
TRC-NW400) and the same technician (Levering M) acquiring 
1 to 3 photos per eye with the focus on the optic nerve head 
(ONH), macula or the central fundus. All photos were taken 
without pupil dilation. 
All fundus photographs were anonymized and uploaded to the 
cloud platform where the RetCAD software v1.3.1 (Thirona, 
The Netherlands) was applied to the images. All images were 
assigned a quality score, DR score and AMD score by the AI 
algorithm. The quality score ranged from 0 to 100 where a 
higher score indicates a better-quality fundus image. The DR 
and AMD scores range from 0 to 100, where a higher score 
means a more severe stage of DR or more severe AMD is 
detected. The software is calibrated in such a way that an AMD 
or DR score ≥50 indicates referable AMD or DR.
Manual Fundus Photo Grading  All fundus photos were 
each individually graded by a single trained ophthalmologist 
(Weindler H), who’s gradings were used as the reference 
standard in this study. Each image was first graded for image 
quality and if image quality was deemed sufficient, the image 
was graded for DR and AMD. The classification for DR 
followed the ETDRS classification whereas for AMD, the 
grading followed the AREDS classification. 
DR grading: 0 to 5 (0=no DR, 1=mild DR (microaneurysms 
only), 2=moderate non-proliferative DR (NPDR; microaneurysms, 
bleeding, exudates, cotton wool spots), 3=severe NPDR (severe 
retinal bleedings, cotton wool spots, veinous beading), 4=very 
severe NPDR (severe retinal bleedings in all 4 quadrants or 
significant veinous beading in at least 2 quadrants or moderate 

Screening of DR and AMD based on fundus photos
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intraretinal microaneurysms in at least one quadrant), 
5=proliferative DR. A DR stage of 0 or 1 is referred to a non-
referable DR whereas DR stages 2 or higher are referred to as 
referable DR.
AMD grading: 0 to 3 (0=no AMD, 1=early AMD (medium-
scaled drusen >63 µm to <125 µm), 2=intermediate DR (large 
drusen >125 µm), 3=advanced AMD (neovascular AMD and/
or geographic atrophy). An AMD stage of 0 or 1 is referred 
to as non-referable AMD, whereas an AMD stage of 2 or 3 is 
referred to as referable AMD.
A second, senior ophthalmologist (Skevas C) provided 
adjudication in case there was a discrepancy between the AI 
and the first grader. This second grader followed the same 
classification scheme.
Outcome Measures  RetCAD outcomes were compared to the 
reference standard on both eye-level and patient-level.
For eye-level, the eye-based AMD/DR score was determined 
as being the maximum AMD/DR score for the images 
belonging to that eye. For example, when an eye had 3 good 
quality images, the AMD/DR score was set as the maximum 
of these 3 AMD/DR scores. The reference standard was set in 
a similar way, by taking the highest AMD/DR grade of all the 
images belonging to that eye. Images which were graded as 
insufficient image quality by the reference grader were left out 
in the analysis (both for the AI and the manual grader). In other 
words, an eye level score could thus also be based on a single 
image if all other images were marked as insufficient image 
quality by the reference grader.
On patient-level, the same scoring methodology was used, but 
now all scores/grades from images from the patient were used. 
Also here, images graded as insufficient image quality by the 
reference grader were discarded. 
Statistical Analysis  The analysis was done in eye-level and in 
patient-level. Receiver operating characteristic (ROC) analyzes 
were carried out to evaluate the RetCAD software against the 
manual reference for the quality evaluation and the distinction 
between the transferable and non-transferable AMD and DR. 
The sensitivity and specificity of RetCAD are shown in the 
ROC curves for various threshold values. For the calibrated 
threshold of 50, the sensitivity and specificity of the RetCAD 
software were also determined. The general efficiency of the 
software is shown by the value of the area under the ROC 
curve (Az). The statistical analysis and creation of the diagrams 
were made with the Python module Scikit-learn 0.24.1. The 
distribution to the respective stages is visualized in box plots 
and histograms. 
RESULTS
Image Quality Analysis of the Fundus Photographs  All 
images were graded as either good image quality or insufficient 
image quality by the reference grader. Table 1 shows the 

number of good quality images, good quality images per eye 
and good quality images per patient. An eye or patient was 
used for further analysis if at least 1 image was graded as good 
quality for the eye or patient, respectively.
Figure 2 shows the distribution of the image quality scores, 
where blue color means good quality according to the 
reference grader and orange indicate bad quality by the 
reference grader. The Y-axis shows the quantity of the images, 
on the X-axis is the quality score of RetCAD shown. On the 
extreme parts of the score the rating of RetCAD corresponds 
with the manually rated scores. The ROC Analysis shows the 
specificity and sensitivity of the differentiation between good 
and bad image quality by RetCAD. At a cut-off threshold of 
25, the sensitivity is 84.6% whereas the specificity is 84.0%. 
The Az reaches a value of 0.926. Of 3609 images, 2700 have 
sufficient quality, while 909 have bad quality. If at least one 
image per eye, respectively one image per patient was of 
sufficient quality, it was integrated in the further analysis. Out 

Figure 1 Example good quality fundus images of right eye (A) 
and left eye (B) of a patient  Fundus photo analysis using RetCAD.

Table 1 Image quality grading by the reference grader

Level
Frequency of good quality images

Total
0 1 2 3 4 5 6

Image-level [# images] 909 2700 - - - - - 3609

Eye-level [# eyes] 183 126 237 696 3 - - 1245

Patient-level [# patients] 27 32 42 113 77 97 242 630

Each image was assigned an image quality score by RetCAD.

Figure 2 Receiver operating characteristic analysis for image 
quality (A) and image quality score distribution (B)  Good quality 
images as graded by the reference grader (blue), and quality images 
as graded by the reference observer (orange). 
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of 1245 photographed eyes, 1062 with good image quality 
could be used for the study. For the analysis on a per patient 
basis, the image quality was sufficient in 603 of 630 patients. 
This corresponds to 85.3% of all eyes and 95.7% of all patients 
who could be included.
The AMD gradings by the reference grader on eye level were 
as follows: stage 0: 911 eyes, stage 1: 94 eyes, stage 2: 31 eyes, 
stage 3: 26 eyes (Figure 3A). For DR, these were as follows: 
stage 0: 1007 eyes, stage 1: 24 eyes, stage 2: 31 eyes, stage 
3, 4 and 5: 0 eyes (Figure 3B). This means that 57/1062 eyes 
were graded as referable AMD and 31/1062 eyes were graded 
as referable DR.
The box-plots in Figure 4 show a summary of the RetCAD 
AMD and DR scores for the different AMD and DR stages on 
eye-level. The orange bars represent the medians of the stages. 
For AMD, these are 20.78 for stage 0, 65.315 for stage 1, 82.85 
for stage 2, and 81.795 for stage 3; whereas for DR, these are 
15.71 for stage 0, 66.0 for stage 1 and 67.61 for stage 2.
Figure 5 shows the ROC graphs of the AI system for the 
detection of referable AMD and DR on eye-level, respectively. 
The RetCAD software obtained an Az value of 0.964 for 
detecting referable AMD and an Az value of 0.961 for the 
detection of referable DR. At the operating point with a cut-
off of 50, the sensitivity of the RetCAD software for AMD is 
98.2% and the specificity is 79.1%. For DR, the sensitivity is 
83.9% and specificity is 93.3%.
The AMD gradings by the reference grading on patient level 
were as follows: stage 0: 497 patients, stage 1: 68 patients, 
stage 2: 16 patients, stage 3: 22 patients (Figure 6A). For DR, 
these were as follows: stage 0: 559 patients, stage 1: 19 patients, 
stage 2: 25 patients, stage 3, 4 and 5: 0 patients (Figure 6B). This 
means that 38/603 patients were graded as referable AMD and 
25/603 patients were graded as referable DR.
The box-plots in Figure 7 shows a summary of the RetCAD 
AMD and DR scores for the different AMD and DR stages on 
patient-level. The orange bars indicate the median RetCAD 
values per grading stage.
Figure 8 shows the ROC graphs of the AI system for the 
detection of referable AMD and DR on patient-level, 
respectively. The RetCAD software obtained an Az value of 
0.960 for detecting referable AMD and an Az value of 0.948 
for the detection of referable DR. At the operating point with a 
cut-off of 50, the sensitivity of the RetCAD software for AMD 
is 97.3% and the specificity is 73.3%. For DR, the sensitivity is 
80.0% and specificity is 90.1%.
Analysis of Disagreement  An analysis of the disagreement 
between the reference grading and the RetCAD software 
was made on eye-level and patient-level when using the pre-
defined fixed threshold of 50 for both AMD and DR for the 
RetCAD software.

As can be seen in Figure 9, 57 eyes were graded as referable 
AMD of which 56 were identified by the RetCAD software 
at a cut-off of 50. The 1 eye that was missed by the AI was 

Figure 3 Frequency of age-related macular degeneration and 
diabetic retinopathy gradings by the reference grader on eye-level.

Figure 4 Box plot of RetCAD scores per age-related macular 
degeneration and diabetic retinopathy stage.

Figure 6 Frequency of age-related macular degeneration and 
diabetic retinopathy gradings by the reference grader on patient-
level.

Figure 5 Receiver operating characteristic analysis on eye-level for 
referable age-related macular degeneration and referable diabetic 
retinopathy  The dots depict the operating point at a cut off of 50.

Screening of DR and AMD based on fundus photos
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confirmed to be referrable AMD by the 2nd grader. Of the 1005 
eyes graded as non-referable AMD, the AI software indicated 
that 210 eyes had referable-AMD of which grader 2 confirmed 
38 eyes to have referable AMD, 155 eyes did not have 
referable AMD and 17 eyes were deemed with insufficient 
image quality.
As can be seen in Figure 10, 31 eyes were graded as referable 
DR of which 26 were identified by the RetCAD software at 
a cut-off of 50. The 5 eyes that were missed by the AI were 
confirmed to be non-referrable DR by the 2nd grader. Of 
the 1031 eyes graded as non-referable DR, the AI software 
indicated that 69 eyes had referable DR. Of these 69 eyes, 12 
eyes were confirmed to have referable DR, 54 did not have 
referable DR and 3 eyes were deemed with insufficient image 
quality by grader 2.  
As can be seen in Figure 11, 38 patients were graded as 
referable AMD of which 37 were identified by the RetCAD 
software at a cut-off of 50. The 1 patient that was missed by the 
AI was confirmed to be referrable AMD by the 2nd grader. Of 
the 565 patients graded as non-referable AMD, the AI software 
indicated that 151 patients had referable-AMD. Of these 151 
patients, 31 patients were confirmed to have referable AMD, 
115 did not have referable AMD and 5 patients were deemed 
with insufficient image quality by grader 2.
As can be seen in Figure 12, 25 patients were graded as 
referable DR of which 20 were identified by the RetCAD 
software at a cut-off of 50. The 5 patients that were missed 
by the AI were confirmed to be non-referrable DR by the 2nd 

grader. Of the 578 patients graded as non-referable DR, the AI 
software indicated that 57 patients had referable-DR. Of these 
57 patients, 12 patients were confirmed to have referable DR, 
44 did not have referable DR and 1 patient was deemed with 
insufficient image quality according to grader 2.
DISCUSSION
The detection of DR and AMD are of great importance, 
because of their potential visual impairment properties and 
rising prevalence. As the technical possibilities are consistently 
improving worldwide, the implementing of AI in diagnostic 
approaches seems to be logical. The current study investigated 
the performance of the AI system RetCAD v1.3.1 in clinical 
use in terms of image quality and simultaneous screening and 
grading of the two most common retinal diseases DR and 
AMD using retinal photographs as compared with manual 
grading of the corresponding images. The previously trained 
software had been tested for effectiveness with public datasets 
before. In this study, RetCAD was tested for the first time in 
normal daily clinical practice on new non-pre-selected patients 
with actual retinal images and its performance in real clinical 
practice was evaluated. 

In order to achieve a high success rate in the screening or 
grading of clinical pictures, it is necessary to include only 
fundus images with sufficient image quality in the analysis. 
RetCAD evaluates the acquired fundus images with a 
corresponding quality score and can thus immediately exclude 
images of poor quality on site. Fundus images can be retaken 
immediately on site with the patient still present. A new 
appointment with the patient for a better image acquisition 
therefore is not necessary. Especially when the software is 
used in non-ophthalmic facilities, automatic differentiation 
between poor and sufficient image quality can be helpful for 
non-experts. In our results, the AI software had a sensitivity 
of 84.6% and specificity of 84.0%. Image quality scoring is 
a more subjective task as there are no clearly defined grading 
protocols for images quality. It was chosen to only remove 
images deemed bad quality by the reference observer as she 
was not able to grade them for AMD and/or DR. Images 
deemed bad quality only by the software were not removed to 
not decrease the number of subjects for testing. RetCAD does 
give an output for AMD and DR, regardless of image quality. 
Only the output might be less reliable when the image quality 
is deemed low. Of the 1245 photographed eyes, 1062 could be 
used resulting in 85.3% percent of the eyes. 
The results for the automatic detection of AMD using the 
RetCAD AMD module were recorded at eye level and patient 

Figure 7 Box plot of RetCAD scores per age-related macular 
degeneration and diabetic retinopathy stage.

Figure 8 Receiver operating characteristic analysis on patient- 
level for referable age-related macular degeneration and referable 
diabetic retinopathy  The dots depict the operating point at a cut off 
of 50.
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level, with a general agreement with manual grading of 0.964 
at eye-level slightly better than at patient-level with 0.960. The 

sensitivity reaches a value of 98.2% and a specificity of 79.1% 
at eye-level. At patient-level the values are slightly lower with a 

Figure 9 Age-related macular degeneration grading overview on eye-level. 

Figure 10 Diabetic retinopathy grading overview on eye-level.

Figure 11 Age-related macular degeneration grading overview on patient-level.

Figure 12 Diabetic retinopathy grading overview on patient-level.

Screening of DR and AMD based on fundus photos
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sensitivity of 97.3% and a specificity of 73.3%. The sensitivity 
and specificity most likely achieve a better value at the eye-
level, since it can be determined more precisely due to the 
larger number of cases and the statistical significance is greater 
here. These high values indicate that over 98% of eyes with 
AMD were correctly classified as having the disease, which 
would result in a referral recommendation. The threshold of 
50 at which a more detailed examination by a specialist is 
indicated was calibrated so that the specificity was slightly 
lower, with 79.1% of eyes correctly classified as healthy, 
but this minimized the risk of disease going undetected. The 
advantage of the AI output as a continuous value between 0 
and 100 is that the cut-off threshold can be altered to put more 
emphasis on sensitivity or specificity. In a triage setting, one 
might prefer a high sensitivity to minimize the risk of the false 
negatives. In other settings, one might prefer a high specificity 
minimize the workload (e.g., less false positive referrals) for 
retinal specialist who receive the referred patients. 
Overall, only one patient with manually detected AMD 
requiring referral was not detected as such by the software, but 
31 additional patients not noticed by the primary grader were 
automatically correctly diagnosed with AMD and approved 
by grader 2 as requiring referral. The results of RetCAD are 
therefore quite comparable to those of manual evaluation. 
When using a grader 2 adjudicated reference, a potential 
sensitivity of 98.6% (68/69 patients) and specificity of 78.3% 
(414/529 patients) could be achieved on patient-level.
With a performance of 91.6%, Burlina et al[10] were able to 
achieve similar results for automated AMD grading using the 
DCNN AlexNet. However, these analyses were performed on 
public datasets and not on patients in a real clinic setting. In 
a retrospective work, Zapata et al[13] achieved a sensitivity of 
0.902 and a specificity of 0.825 with respect to automatic AMD 
classification. These values are based on a larger cohort but are 
still similar to RetCAD results. An average sensitivity of 88% 
and specificity of 90% could be shown in an analyzation of 
automated AMD detection systems with a manual reference. 
Most of the involved studies determined the values on AREDS 
fundus photographs and not on patients in a realistic screening 
situation[14]. RetCAD shows a higher sensitivity but a lower 
specificity using the selected threshold here.
The DR module of RetCAD v1.3.1. also achieves very good 
values at eye level in terms of Az (0.961) as well as sensitivity 
(83.9%) and specificity (93.3%). On patient-level, the Az was 
0.948 with good sensitivity (80.0%) and specificity (90.1%). 
Grader 1 and grader 2 together identify 32 patients with DR. 
These are all identified by RetCAD resulting in a potential 
sensitivity of 100.0% (32/32 patients) and specificity of 
92.3% (526/570 patients) when using a grader 2 adjudicated 
reference. 

For the pioneer in the field of DR detection using AI and 
at the same time a comparable medical device, IDx-DR, a 
sensitivity of 97% and a specificity of 87% are reported for the 
public Messidor-2 datasets[6]. In a clinical setting, values for 
specificity of 87.2% and sensitivity of 90.7% are obtained[15]. 
In a recent project very similar to this study, IDx-DR achieved 
a sensitivity of 100% and a specificity of 82% when compared 
to three ophthalmologists[16]. However, all patients were pre-
selected with a diagnosis of diabetes prior to participation. With 
EyeArt v2.0, another program for automated DR diagnosis, a 
sensitivity of 91.3% and a specificity of 91.1% are achieved[7]. 
In a recent study, sensitivity with the newer version EyeArt 
v2.1.0 is 95.7% for DR requiring referral and specificity is 
54% for no DR and DR not requiring referral[17]. None of these 
software diagnoses DR and AMD simultaneously.
One of the advantages of using RetCAD is its integration 
possibilities in clinical practice: either local or cloud-based, 
which makes it possible to evaluate the results regardless of 
location. These can be accessed online and offline as often as 
desired and used with any fundus camera. Cloud-based tele 
screening already provides promising prospects for future 
screening programs[18]. González-Gonzalo et al[19] also found 
correspondingly good functionality in RetCAD. Currently, 
RetCAD is one of the few available software packages that can 
simultaneously detect the two retinal diseases AMD and DR 
at the same time[20]. Comparable AI systems are limited to the 
detection of just one disease[7,13,21]. 
With this work, the AI software was evaluated in a real-world 
screening scenario without resorting to public databases, 
allowing patients to have an automated screening performed 
simultaneously in a short time during a routine visit. This real-
world implementation is an important step in testing before 
such a medical device is used in everyday screening[22-23]. 
Limitations of this work include the lack of late DR stages. 
Although these patients would likely not end up in routine eye 
screening, it could affect the results. Additionally, there was 
a lack of eyes with both DR and AMD in the same fundus. 
Moreover, the RetCAD quality score was not included in 
the further analysis. This can be justified by the fact that the 
number of images should not be limited further. Lastly, the 
secondary grader did not evaluate eyes and patients with 
matches between the reference grader and the AI, which 
could introduce a bias effect. However, the aim of this study 
was not to compare the two graders with each other, but to 
evaluate software performance against a predefined reference 
grade. Only in case of discrepancies was the secondary grader 
consulted for a decision. The above-mentioned limitations 
provide room for future research. 
Additionally, reimbursement for such automated analysis 
systems plays an important role in the clinical uptake of 
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such systems in real clinical practice. With healthcare costs 
evermore increasing, next to the performance evaluation of 
these systems, also the cost-effectiveness of such systems 
should be evaluated.
This study confirmed that AI-based software systems can 
identify DR and AMD simultaneously within one screening. 
This software can be used in a real clinical setting to 
automatically detect abnormalities in fundus photographs 
with regard to AMD and DR disease during routine check-
ups with a high degree of certainty, without the necessary 
need for a physician to be involved in the first step. The 
application is therefore a realistic resource-saving alternative 
to conventional AMD and DR screenings. A larger number of 
patients with more pronounced disease patterns are beneficial 
for future investigations to substantiate the obtained results. In 
conclusion, AI diagnostics for retinal diseases have the possibility 
to provide qualitative screenings to a broader population.
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