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Abstract

Background

Diabetic retinopathy (DR) affects 10–24% of patients with diabetes mellitus type 1 or 2 in the

primary care (PC) sector. As early detection is crucial for treatment, deep learning screening

methods in PC setting could potentially aid in an accurate and timely diagnosis.

Purpose

The purpose of this meta-analysis was to determine the current state of knowledge regard-

ing deep learning (DL) screening methods for DR in PC.

Data sources

A systematic literature search was conducted using Medline, Web of Science, and Scopus

to identify suitable studies.

Study selection

Suitable studies were selected by two researchers independently. Studies assessing DL

methods and the suitability of these screening systems (diagnostic parameters such as sen-

sitivity and specificity, information on datasets and setting) in PC were selected. Excluded

were studies focusing on lesions, applying conventional diagnostic imaging tools, conducted

in secondary or tertiary care, and all publication types other than original research studies

on human subjects.

Data extraction

The following data was extracted from included studies: authors, title, year of publication,

objectives, participants, setting, type of intervention/method, reference standard, grading

scale, outcome measures, dataset, risk of bias, and performance measures.
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Data synthesis and conclusion

The summed sensitivity of all included studies was 87% and specificity was 90%. Given a

prevalence of DR of 10% in patients with DM Type 2 in PC, the negative predictive value is

98% while the positive predictive value is 49%.

Limitations

Selected studies showed a high variation in sample size and quality and quantity of available

data.

Introduction

The prevalence of diabetes mellitus (DM) type 1 and 2 is rising, with approximately 629 mil-

lion people worldwide expected to be suffering from this disease by the year 2045. In Germany,

the number of patients with DM currently amounts to 7.5 million [1]. Diabetic retinopathy

(DR) constitutes one of the most common serious complications of DM and affects approxi-

mately 25–35% of these patients [2]. It is defined as damage to the blood vessels of the eyes

caused by high blood glucose levels. The prevalence of this complication in Germany ranges

from 10% to 30%, depending on the health care sector. In primary care (PC), 24% of type 1

and 10% of type 2 DM patients are reportedly diagnosed with a DR, while in secondary and

tertiary care the reported prevalence is higher (type 1 DM: 27–30%, type 2 DM: 20–25%) [3].

If untreated, DR may cause visual impairments or even blindness [4]. According to a well-

used classification, the Early Treatment of Diabetic Retinopathy Study (EDTRS) severity scale,

different stages of diabetic retinopathy can be differentiated: non-proliferative stages, a prolif-

erative stage and diabetic macular edema. The last-named stage represents an accumulation of

fluid in the retina and is the major cause of decreased vision for patients suffering from dia-

betic retinopathy [5]. However, the early stages of the disease remain asymptomatic for most

patients. Therefore, within the framework of a screening, it is essential to detect any early sign

of the disease to prevent more serious complications.

Currently available therapies, include laser-assisted photocoagulation and application of

intravitreal medication and can potentially prevent loss of vision if applied in the early stages

of the disease [6]. The aim of these methods is to stabilize the remaining intact retina cells to

retain vision, yet already damaged retinal cells cannot be restored with these tools [7].

Experiences as during the current COVID-19 pandemic show that treatments, which are

not considered an emergency might get shifted, access to health care providers can sometimes

be limited and consequently check-ups delayed.

According to the national guideline ("Nationale Versorgungsleitlinie Typ-2-Diabetes: Ther-

apie"), the patient with DM is responsible to maintain regular ophthalmological check-ups,

while in the absence of a diagnosed retinopathy, the PC provider or diabetologist is responsible

[7]. In contrast to the importance of regular screenings, approximately 20–40% of these

patients do not meet the recommended screening intervals [8], with only an estimated 45–50%

of eye exams indicated for patients with DM actually taking place [9]. Part of this problem is a

lack of adherence to regular eye screenings which may potentially be improved by using infor-

mation technology tools. Such tools might improve the accessibility of health care and enable

physicians to offer individualized screenings that are tailored to the risk of developing a reti-

nopathy. This in turn could improve the willingness of patients with DM to participate in such

screenings, as DM management is primarily accomplished by PC providers [8]. In addition,
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90% of German citizens are in contact with their PC provider at least once a year [10]. Artifi-

cial intelligence as a tool of information technology may be suitable in optimizing the interac-

tion between patients and PC providers. Artificial intelligence is defined as an intelligent

device that can perceive their environment and react to it to achieve a defined goal [11]. Deep

learning (DL) is a form of artificial intelligence that represents an algorithm for artificial neu-

ronal networks with multiple layers [12]. DL refers to a class of machine learning algorithms

that is based on the combination of multiple layers of different types of artificial neural net-

works Such convolutional neural networks can differentiate between different objects or

aspects of an image. Some DL tools are employed in healthcare already, e.g. in the screening of

histopathological slides for cancer detection or evaluation of radiographs [13, 14]. Whether

DL systems could be meaningfully employed in the screening of patients with DM for retinop-

athy to optimize the current screening strategy, is yet unknown. Nonetheless, it is feasible to

assume that DL algorithms could be employed to evaluate images of the fundus without

mydriasis, a process that might be learned and performed by any medical personnel. In order

to allow for the clinical application of such a tool, the algorithm must be able to distinguish

between healthy patients and those with retinopathy. This may be assessed based on the sensi-

tivity and the specificity of the test according to a defined threshold and receiver operating

characteristics curves.

The aim of this meta-analysis was to determine the current state of knowledge regarding

the implementation of DL screening methods in PC and to analyze the suitability of such sys-

tems in DR diagnosis.

Methods

This systematic meta-analysis was conducted according to the criteria specified in the „Pre-

ferred Reporting Items for Systematic Review and Metaanalysis of Diagnostic Test

Accuracy”[15].

Data sources and searches

The PICO scheme (Patient/Population/Problem, Intervention, Control/Comparison, Out-

come) was used to define the research question and determine appropriate search terms [16].

The search strategy was designed to combine several suitable search terms with the aim to gain

a comprehensive insight into the available literature. The search algorithm was as follows:

(("Primary Health Care” OR "General Practice" OR "Comprehensive Health Care" OR "Family

Practice" OR "Ambulatory Care" OR "Physicians, Primary Care" OR "Primary Care Nursing")

AND ("Artificial Intelligence" OR "Machine Learning" OR "Deep Learning" OR "Diagnosis,

Computer-Assisted" OR "Smartphone" OR "Decision Support Systems, Clinical" OR "Image

Processing, Computer-Assisted" OR "Neural Networks, Computer") AND ("Diabetic

Retinopathy")).

The algorithm was employed on March 12, 2020 in a systematic literature search using the

electronic databases Medline, Web of Science, and Scopus to identify suitable studies. Due to

the comparatively rapid development of this research field the search was limited to articles

published in 2015 or later. We also searched the reference lists of retrieved studies and the

opengrey database (http://www.opengrey.eu/) to identify additional studies missed in the sys-

tematic search. No eligible studies were found.

Inclusion criteria

Included were studies assessing deep learning methods in the context of DR detection and the

suitability of these screening systems (diagnostic parameters including area under the curve/
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AUC, sensitivity and specificity, information on datasets, setting and number of images) in a

PC setting. There was no differentiation between studies assessing patients with type 1 or type

2 diabetes. Only studies published in English were included.

Exclusion criteria

Excluded were studies focusing on lesions, applying conventional diagnostic imaging tools, or

those conducted in secondary or tertiary care. All publication types other than original

research studies on human subjects (i.e., reviews, editorials, conference abstracts, animal stud-

ies) were excluded.

Study selection

Suitable studies were selected based on the inclusion and exclusion criteria using the Covi-

dence review management software in a 2-step-procedure by two researchers (LH und LW)

independently. In the first step, titles and abstracts of the search results were screened, followed

by full text evaluation of studies deemed potentially suitable in the first step. Any discrepancies

between the two researchers were solved through discussion with a third researcher (JS).

Data extraction and quality assessment

The following data was extracted from included studies: authors, title, year of publication,

objectives, participants, setting, type of intervention/method, reference standard, grading

scale, outcome measures, dataset, risk of bias, and performance measures (area under the

curve (AUC), sensitivity, 1-specificity). The study quality was evaluated using Quality Assess-

ment of Diagnostic Accuracy Studies (QUADAS), a tool to assess the quality of studies to be

included in a systematic review [17]. Data extraction and quality assessment were performed

independently by two researchers according to a pre-defined assessment scheme.

The quality of the selected studies was evaluated based on their internal and external valid-

ity. Criteria to assess the internal validity included the consideration of a valid reference stan-

dard, blinded evaluation of the index and reference tests, avoidance of bias with regards to

verification, study design, and non-clinical analysis of the index tests. Different sources of bias

had to be excluded in order to achieve high internal validity. These pertain to spectrum bias

(influence of patient spectrum and disease severity), differential verification bias (use of differ-

ent reference tests depending on results of the index test), diagnostic review bias (influence of

index test results on final diagnosis), and incorporation bias (influence of index test results on

reference test). Criteria to evaluate the external validity include disease spectrum, setting, pre-

vious tests, referral filters, duration of disease before diagnosis, comorbidities, demographics,

conduction of the index tests, relative proportion of missing data, and reproducibility of the

index test.

Data synthesis and analysis

Performance data (sensitivity and specificity) was subjected to meta-analysis, and forest plots

were generated to compare the performance of the systems in the detection of DR. In this anal-

ysis, different types of DR reported in the studies (any DR, rDR, vtDR) were pooled as any DR

because as part of the screening the differentiation between DR present, yes or no, is of rele-

vance, while the differentiation between different types is at this stage not relevant. In addition,

the focus in the PC setting is on timely detection of DR ideally in the early stages, rather than

later or chronic stages. Meta-Disc 1.4 software was used to conduct a statistical analysis and to

visualize the pooled results on sensitivity, specificity, SROC and diagnostic odds ratio (DOR).
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Initially, quantitative data from the selected studies was summarized and tested for statistical

heterogeneity. Reasons for methodological and clinical heterogeneity were evaluated. Pooled

effect estimates and DOR were calculated to judge on the suitability of the test to allow for

assessment of the results. I2 was calculated to determine the relation between the variance of

individual studies and the overall variance calculated in the meta-analysis. To analyze the vari-

ance of individual effect estimates, Cochrane’s Q was determined. Chi2 was calculated to assess

the variance between the individual studies. A funnel plot was generated to assess publication

bias.

Results

Included studies

The results of the 2-step study selection process are shown in the flowchart in Fig 1.

In total, 10 studies were identified and included in the meta-analysis. Among these are stud-

ies with clinically tested devices with registration for PC as well as devices registered for PC

that were tested on publicly available datasets, non-certified, clinically tested DL algorithms,

and DL algorithms tested on publicly available datasets.

Abràmoff et al. (2018) conducted an observational analysis of 900 patients with DM at ten

PC sites, with 819 participants suitable for analysis [18]. The intervention consisted of imple-

mentation of an IDx-DR autonomous artificial intelligence system, in which the detectors

were implemented as multilayer CNN and DR graded according to the Early Treatment Dia-

betic Retinopathy Severity Scale. The outcome measure was the automated detection of DR

and macular edema. 23.8% of the images showed a DR/macular edema, with a sensitivity of

87.2% and a specificity of 90.7%. Natarajan et al. (2019) analyzed the performance of an auto-

mated smartphone-based CNN system to detect rDR and determined a rDR prevalence of

12.21%, with a sensitivity of 100.0% and a specificity of 88.4%. For any DR the sensitivity and

specificity was 85,2% and 92% [19]. In the retrospective study by Verbraak et al. (2019) over

Fig 1. Flowchart of the 2-step study selection.

https://doi.org/10.1371/journal.pone.0255034.g001
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1.600 patients with type 2 DM were screened for DR at a PC center using the IDx-DR-EU-2.1

system with a Topcon TRC-NW200 camera [20]. They discovered a prevalence of 11.7% of

mild DR, 3.9% of moderate DR and 1.1 of vtDR, with a sensitivity of 100% for vtDR and 79.4%

for more than mild DR. The specificity reached 97.8% for vtDR and 93.8% for more than mild

DR. Walton et al. (2016) assessed over 15.000 patients with DM (types 1 and 2) for DR using

the Intelligent Retinal Imaging System (IRIS) and a CenterVue camera to obtain the images

[21]. The outcome was the identification of sight-threatening eye disease that was present in

4.72% of patients. The sensitivity to detect vtDR using this system was 66.4% and the specificity

72.8%.

Bhaskaranand et al. (2019) retrospectively evaluated the suitability of the EyeArt system, a

cloud-based artificial intelligence device, on a large dataset of over 100.000 patients with diabe-

tes [22]. rDR was detected in 19.3% of these patients, with a sensitivity of 91.3%, a specificity of

91.1%, and an AUC of 0.965.

Bellemo et al. (2019) analyzed the value of a mobile diabetic retinopathy screening in Zam-

bia using a digital retinopathy system fundus camera taking 45˚ retinal fundus images. The

artificial intelligence model consisted of two combined CNN and the outcome was differenti-

ated by rDR, vtDR and DME. In total, 4.504 images were evaluated. The prevalence of rDR

was 22.5%, that of vtDR 5.5%, while DME was detected in 8.1% of patients. rDR detection

showed a sensitivity of 92.25% and a specificity of 89.04%, with an AUC of 0.973. The sensitiv-

ity of vtDR detection was determined as 99.42% (AUC: 0.934), that of DME as 97.19% (AUC:

0.942). Kanagasingam et al. (2018) recruited 193 patients with diabetes to evaluate an artificial

intelligence-based CNN using a Topcon fundus camera to obtain the images [23]. 10 of the

193 patients (5.18%) had DR, with a sensitivity of 100% and a specificity of 92%. Ting et al.

(2017) employed a CNN-based deep learning system on 76.370 images of patients with diabe-

tes in Singapore and found a prevalence of 8.0% for any DR, 3.0% for rDR and 0.6% for vtDR.

The calculated sensitivity was 90.5% and 100% for rDR and vtDR, respectively, and the speci-

ficity was 91.6% and 91.1% [24]. The AUC for rDR was determined at 0.936, for vtDR at 0.958.

Gulshan et al. (2016) retrospectively validated the EyePACS (9.963 images) and Messidor

(1.748 images) systems using the DL algorithm [25]. rDR was detected in 7.8% of the images

using EyePACS and in 14.6% of images using Messidor. The sensitivity and specificity were

assessed at two operating cut points, one with a high specificity, and the other with a high sen-

sitivity. For the first cut point, the sensitivity was 90.3% (EyePACS) and 87% (Messidor), for

the second cut-point it was calculated as 97.5% (EyePACS) and 96.1% (Messidor). The calcu-

lated specificity amounted to 98.1% (EyePACS) and 98.5% (Messidor) at the first cut point,

and to 93.4% (EyePACS) and 93.9% (Messidor) at the second cut point. For EyePACS, the cal-

culated AUC was 0.991 for rDR, while it was 0.990 for Messidor. Raju et al. (2017) employed

different fundus cameras to test the deep learning application EyePACS to categorize the stage

of diabetic retinopathy in a community-based setting [26]. More than 50,000 images were eval-

uated with the following results: no DR was detected in 73.79% of the samples, mild npDR in

7.02% of the samples, moderate npDR in 14.67% of the samples, and severe npDR in 2.48% of

the samples. Proliferative DR was least common with a relative frequency of 2.25%. The calcu-

lated sensitivity was 80.3% and the specificity was 92.3%.

The performance reported in the included studies is summarized in (S1 Table).

In order to numerically compare the sensitivities and specificities calculated in the included

studies, a meta-analysis was conducted, and forest plots were generated for those studies

reporting the respective numbers (Figs 2 and 3).

The pooled sensitivity of all included studies was 87% and the pooled specificity was 90%.

(Fig 2). The diagnostic performance may be interpreted for the PC setting as follows: In PC,

the prevalence of patients with DM type 1 who have a DR amounts to 24% in Germany.
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Keeping this in mind, the PC provider must estimate the positive predicate value (ppv) in a

given setting. The ppv and the negative predictive value (npv) may be calculated based on the

prevalence, the sensitivity and the specificity (Fig 4). Accepted a prevalence of 24%, the

calculated ppv is 73% and the calculated npv is 95%. Therefore 73% of the positively tested

patients do in fact have a DR, and 95% of the negatively tested patients have truly no DR.

Similarly, the prevalence of patients with type 2 DM who have a DR is 10% in the PC setting

in Germany. The calculated ppv is 49% and the calculated npv is 98% (Fig 5). Accordingly,

Fig 2. Pooled sensitivity, specificity and diagnostic odds ratio of any DR.

https://doi.org/10.1371/journal.pone.0255034.g002

Fig 3. Summary receiver operating characteristic (SROC) curve.

https://doi.org/10.1371/journal.pone.0255034.g003
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49% of the positively tested patients do in fact have a DR, and 98% of the negatively tested

patients have truly no DR.

Quality of included studies

All studies applied an appropriate reference test to all patients, employed a reference standard

that was independent of the index test, and described the protocol of the index test in detail.

Fig 4. Positive and negative predictive values of DR for patients with diabetes type 1: (TP) true positive, (TN) true

negative, (FP) false positive, (FN) false negative, (ppv) positive predictive value, (npv) negative predictive value.

ppv = TP/(TP+FP) = 73% of all positively tested diabetes patients, 73% have a true DR and 27% do not. npv = TN/(TN

+FN) = 95% of all negatively tested diabetes patients, 95% are truly negative and 5% are not.

https://doi.org/10.1371/journal.pone.0255034.g004

Fig 5. Positive and negative predictive values of DR for patients with diabetes type 2: (TP) true positive, (TN) true

negative, (FP) false positive, (FN) false negative, (ppv) positive predictive value, (npv) negative predictive value.

ppv = TP/(TP+FP) = 49% of all positively tested diabetes patients, 49% have a true DR and 51% do not. npv = TN/(TN

+FN) = 98% of all negatively tested diabetes patients, 98% are truly negative for DR, while 2% are not.

https://doi.org/10.1371/journal.pone.0255034.g005
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However, the physicians that acting as a reference standard are not validated and have an

unknown relationship to clinical prognosis or outcome. Moreover, some studies insufficiently

described inclusion and exclusion criteria, an appropriate time frame between reference test

and index test to allow for an accurate evaluation, and detailed description of the reference

standard. Furthermore, the study population was diverse in terms of ethnicity.

The detailed results of the QUADAS evaluation are listed in (S2 Table).

Fig 6 shows the funnel plot to assess the bias in the individual studies, demonstrating an

asymmetric distribution.

Discussion

The aim of this meta-analysis was to determine the diagnostic performance of DL-based

screening methods for DR in PC. One of the major findings of this study is that research on AI

for the screening of diabetic retinopathy, especially in a primary care setting, does exist. How-

ever, the number of studies in this field is still scarce.

The sensitivity and specificity in the included studies were overall high, particularly for the

detection of rDR. The FDA issued a cut-off value for the sensitivity and specificity of 85% and

82.5%, respectively [27]. Most of the studies assessed in this meta-analysis calculated a sensitiv-

ity and specificity above these reference values. Nevertheless, diagnostic performance has

always to be evaluated with regard to the prevalence. With identical sensitivity and specificity

values, the ppv is significantly lower in a low prevalence situation like in primary care than in a

high prevalence situation like tertiary care.

Therefore, a positive test result may be of very different significance depending on the set-

ting. In all studies included, the reference standard of the DL-performance were human spe-

cialists and solely the performance of the algorithms has been tested. However, the clinicians’,

interpretation of fundus images has not been validated. Therefore, their sensitivity, specificity,

presence or absence of racial, ethnic and other biases are unknown. The intergrader agreement

between the grader’s specialists were mentioned only in two of ten studies, Natarajan et al. and

Bhaskaranand et al. An excellent prognostic standard could be the usage of the ETDRS severity

scale applied by a standardized reading center, such as the Wisconsin Reading Center, using

Fig 6. Funnel plot to assess publication bias.

https://doi.org/10.1371/journal.pone.0255034.g006
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7-field or 4-widefield stereoscopic photographs. If not thoroughly validated, there is evidence

that artificial intelligence has reached a level where it could even outperform doctors. A study,

conducted in tertiary care setting, which compared the performance of DL-algorithm with

that of human graders (international retinal specialists) attributed a higher sensitivity to the

algorithms in comparison with human graders (97% vs. 74%) in detecting referable DR, while

specificity was slightly below that of human graders (96% vs.98%) [28].

Another approach of reliably diagnosing diabetic retinopathy, especially diabetic macular

edema, is by Optical Coherence Tomography (OCT). Even though the diagnostic performance

for macular edema with OCT is higher than of fundus photographs [29, 30], it has not yet

found its way into first line screening. However, in primary care, a simpler, less costly and

time-consuming alternative seems more appropriate.

Applicability from the physician’s perspective: In principle, DL screening tools may offer

novel diagnostic strategies for the detection of DR in PC. However, differences in the patient

population, use of different thresholds to determine a positive test result, and the varying prob-

ability to accurately detect a DR do not allow for a general recommendation to use these tools

in the clinical practice at this point.

However, the idea that eye screenings could be performed by general practitioners is

intriguing and the fact that DL screening tools may be easily learned by non-ophthalmologist

practitioners seems promising.

Applicability from the patient’s perspective: Appropriate eye care of patients with DM can

be hindered e.g. by limited access to an eye care specialist due to remote living situations. In

addition, patients’ adherence to the recommended screening schedule is low and results in late

detection of a DR and limited therapeutic options. The relationship between the PC provider

and the patient is also of importance in this context, as patients may feel more familiar with

their family doctor than with a specialist who they have not been in contact with before. Of the

studies shown here, several authors conclude that adherence to regular screenings may be

enhanced if the PC physician is able to conduct them [18]. Patients with DR may be distin-

guished from those who need further regular screenings at the PC office [31]. If the access to

regular screenings is facilitated with artificial intelligence technologies that allow for an initial

diagnosis by the PC physician, screening rates may increase and referrals may be conducted

more selectively [22].

Applicability from the society’s perspective: According to the current state of knowledge, it

is not known whether the application of DL screening tools can in fact optimize the DR

screening process and reduce the associated costs. It is, however, known that early detection of

DR allows for an effective therapy and cost savings due to prevention of complications and

blindness that occur in patients with an advanced disease [32]. If tedious manual screenings of

fundus images could be replaced by DL technology screening methods, it is feasible to assume

that human resources costs could be decreased and the efficiency of the screening process

enhanced [33]. Further cost savings may be achieved by replacing conventional fundus cam-

eras, which are expensive and require time for their correct use, by more efficient screening

tools [34]. In addition, unnecessary referrals to ophthalmologists and the costs associated with

specialist visits could be prevented by regular and early screenings in the PC office.

Tufail et al. (2017) described that ethnicity, gender or the type of camera did not affect the

sensitivity or specificity of an automated eye screening with the EyeArt system [35]. The vari-

ability in the patient characteristics and selection criteria was however high in the studies

assessed in our meta-analysis and included patients with type 1 and type 2 DM, hence it may

not be concluded whether the DL tools are equally suitable for patients with both DM types.

The intelligence of a DL system is only partial, as it diagnoses only what it was trained to

detect, while a physician has a broader perspective integrating the individual patient
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characteristics. For an effective use of a DL algorithm, the sample must be representative for

the patient population and should be based on an appropriate training set of high quality. This

point must be stressed, since the selection of a representative patient sample for an accurate

diagnosis must incorporate both legal aspects pertaining to patient data and patient criteria

reflecting the target population.

Limitations: To the best of our knowledge, this is the first meta-analysis to evaluate the

applicability of a DL based screening test for DR in PC. Currently available reviews [36, 37] do

not consider PC nor the crucial aspect of prevalence.

To minimize bias, the whole screening and data extraction was conducted by two indepen-

dent researchers. However, it must be acknowledged that the studies included in the present

analysis were very distinct and the study quality was heterogenous.

One limitation of our analysis may be the presence of statistical heterogeneity. Meta-analy-

sis was nonetheless deemed suitable as they reported the same DL interventions on patients

with the same underlying disease. The aim of the meta-analysis was to identify all available

studies in the field that met predefined inclusion and exclusion criteria and use this informa-

tion to identify research gaps and provide suggestions for future improvement of studies in the

field. Another limitation may be the lack of appropriate studies on AI in diabetic retinopathy

screening in primary care. Therefore, the applicability of the results obtained in the meta-anal-

ysis is limited. In addition, the included studies lack a preregistration by which the hypothesis

to be tested is made publicly available. Therefore, the safety and lack of bias may not be proven

for these studies and evidence for their replicability is limited. The quality of the available stud-

ies is further diminished by lack of comparison of the clinician readings to prognostic stan-

dards, which is imperative for the evaluation of their sensitivity and specificity and potential

observer variability and bias.

Furthermore, it must be acknowledged, that we also included retrospective studies assessing

DL systems with available routine data. These studies might have confounding effects e.g.

missing information on included type of patients and comorbidities of the patients. The

included studies showed a wide range in the quality and quantity of the data used to train and

validate the DL systems, which aggravates a direct comparison of the outcomes. Data obtained

using publicly available datasets lack an evaluation of such systems in a real-life setting such as

a retinopathy screening program. Moreover, the integrity of the AI algorithms employed in

the studies and hence their external validity was limited by lack of a lock of the algorithm at

the initiation of data interpretation. A direct comparison of the available studies is further hin-

dered using multiple different camera systems with varying quality. The applicability to the

general population is also difficult to determine, as the patient population included in many

studies was heterogeneous and not representative of different patients participating in regular

retinopathy screenings. The asymmetric distribution in the funnel plot may be due to a true

publication bias resulting from preferred publication of larger studies showing significant posi-

tive outcomes over smaller studies with negative outcomes. It is feasible to assume that in the

present study, such an asymmetric distribution stems from the observed large heterogeneity

between the studies.

Conclusion

Despite overall high values for the diagnostic performance of DL-algorithms, the different

prevalence of patients with DR depending on e.g. the type of diabetes or the health care sector

must be taken into consideration when interpreting a test result. With a pooled sensitivity of

87% and specificity of 90% screening for DR in patients with DM Type 2 in PC may be falsified

with a probability of 98% whereas the positive predictive value is 49%.
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However, especially in remote areas, this approach may still improve quality of care.

The currently available studies on this topic reveal multiple weaknesses and research gaps.

More research is needed in form of prospective clinical studies demonstrating safety, efficacy,

and equity, as well as presence or absence of racial, age, sex and ethnic bias. Suitable prognostic

standards such as the ETDRS severity scale are available and should be applied by standardized

reading centers to ensure a valid reference standard. A concise study design and study protocol

including the best available prognostic and AI tools would enhance the applicability of the

obtained data to clinical practice.
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