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[bookmark: _igkp0ymjpw5]Rationale and Terminology
Glaucoma assessment is mainly based on optic nerve head (ONH) imaging, visual field testing, gonioscopy, and intraocular pressure (IOP) monitoring to detect and identify structural and functional damage.1,2,3 An accurate diagnosis requires a glaucoma specialist with clinical tests such as optical coherence tomography (OCT) and Humphrey visual field (HVF). Furthermore, serial testing is required as a single test is insufficient to detect early-stage glaucoma.4 ONH evaluation has shown to be more effective in diagnosing glaucoma but is expensive, thus hindering high-throughput glaucoma screening.5,6 However, imaging technology and data storage capacity have improved exponentially in recent years, allowing glaucoma specialists to assess patients with high-resolution imaging over many years to grade patients as healthy or glaucomatous. The accumulation of high-resolution imaging data (fundus photography and OCT images) allows for Artificial Intelligence (AI)-based models to be used to detect glaucomatous changes. These two imaging options provide a pivotal opportunity to develop an AI model for glaucoma detection. Such models may potentially classify glaucoma with a single eye scan that could be a cost-effective solution for population-based screening.  Therefore, we extensively investigated and determined AI models’ diagnostic performance and factors affecting implementation into clinical practice. 

[bookmark: _ckrd3kepckc4]Machine learning
Machine Learning (ML) is the technology of computer algorithms that learn to extract patterns and features from datasets. Using this experience, ML models can then make predictions and generalizations on new data. The extraction of relevant features and pattern recognition from clinical data makes it the foundation of AI decision-making. The prominent use cases for ML application in medicines are image recognition and computer vision systems. 

Clinical implementation of ML computer vision systems through pattern recognition and segmentation techniques has been substantially researched in the medical field. The two major ML approaches; supervised and unsupervised learning, have both been previously implemented in glaucoma detection. Supervised learning models include support vector machines (SVM), K-nearest neighbour (K-NN), random forest (RF), decision trees (DT), and artificial neural networks (ANN). Unsupervised learning techniques include principal component analysis (PCA), fuzzy C-means systems (F-CS), hierarchical clustering (HC), K-means clustering (K-MC). The most promising of these AI models for image recognition, and glaucoma classification employs ANNs in the practice of deep learning. This is distinguished from traditional ML by extracting high-level features automatically using neural networks.

[bookmark: _gdul8d4j2o5b]Deep Learning (DL)
Several studies have demonstrated that DL application in medicine using diverse imaging modalities have high diagnostic performance in terms of the area under the receiver operator characteristics curve (AUC), sensitivity, and specificity.7,8,9,10 Recently, the Food and Drug Administration (FDA) approved multiple AI-based medical devices, including IDx-DR (de novo pathway clearance), for diagnosing diabetic retinopathy through retinal imaging.11,12 The diagnostic power of AI is only expected to grow with increased computational power and the expansion of datasets. Consequently, the emerging power of AI could revolutionize glaucoma management with early diagnosis and cost-effective population-based screening.

[bookmark: _a6wtea8twxhd]Convolutional Neural Network (CNN) Architectures 
The application of convolutional neural networks has shown to be the most robust approach for large amounts of image data. They are designed to analyze image data through convolution and pooling algorithms to extract features from image data. CNNs are designed to perform image classification and identification with high accuracy. The applicability of CNNs in glaucoma prediction is exponentially growing due to large amounts of image data being produced through fundus photography and OCT imaging. Furthermore, with the rise of graphical processing units (GPUs), the computational power available to researchers has skyrocketed.

[bookmark: _1hw1za2g7ona]Transfer learning
Transfer learning is an ML technique whereby a model is first trained on a large dataset (e.g., ImageNet Database) and then fine-tuned on a smaller dataset pertaining to the task of interest. This somewhat alleviates the need for large datasets, which can be challenging to acquire in the medical field. For instance, tumor classification with a limited dataset.13 

[bookmark: _gim94mqv937p]Machine Learning Classifier
The application of AI to glaucoma diagnosis through imaging began in 201014, using traditional ML techniques such as SVM and K-NN before the exponential increase in DL implementation over the last two years with CNNs. The most commonly used traditional ML classifier and DL classifier were SVMs and CNNs, respectively. Most authors trained the traditional ML algorithms using K-fold cross-validation techniques to reduce the risk of overfitting and overcome data insufficiency issues. In this technique, the dataset is randomly split into k subsets of equal size and an individual model is trained on k-1 subsets and tested on the final subset. This results in k-replicates of the model in which the performance is aggregated to establish the most generalized performance. 

[bookmark: _3r2k7zennw73]Dataset’s descriptions
[bookmark: _k0jnli871hk7]Fundus photographs 
It is an image of the retina, including ONH and retinal blood vessels. The fundus photograph was taken with either monoscopic or stereoscopic view; it depends on ophthalmic fundus cameras. 

[bookmark: _cwfl8u17zi7h]Monoscopic fundus images
The AI models were analyzed on monoscopic images for glaucoma detection.
[bookmark: _k8x6fvx7hj10]Stereoscopic fundus images
The AI models were evaluated on the stereoscopic fundus images for glaucoma detection.

[bookmark: _t1agr5tsuvrk]Mixed fundus images:
[bookmark: _hfewspt9rxan]The AI models were determined on the mixed fundus images, monoscopic and stereoscopic fundus images for glaucoma detection. 

[bookmark: _7g0y5xbrkfmk]Optical Coherence Tomography (OCT) images
It is a non-invasive imaging technique that uses low-coherence light to capture a high resolution of two or three-dimensional images of the ONH. In this review, only ONH volume or images were used for analysis.

[bookmark: _w4ph6mb0jw7x]Retinal Nerve Fiber Layer (RNFL) 
It is unmyelinated axons of the retinal ganglion cells that form the optic nerve. The loss of ganglion cells and their axons results in thinning of the RNFL in glaucoma, which can be assessed more accurately with an OCT. The volume of RNFL thickness was analyzed to detect glaucoma through AI algorithms. 

[bookmark: _752bpcaynb9p]Optic Nerve Head (ONH) 
It is an oval, posterior depressed area where all retinal nerve fibres pass posteriorly through the lamina cribrosa. Deterioration of RNFL is usually followed by the change in ONH morphologically. Therefore, it is essential for glaucoma diagnosis or monitoring through fundus photography or OCT scanning.  

Optic Cup (OC) and Optic Disc (OD)
OD is a demarcated part of an ONH where the central retinal vessels originate. The central part of the OD, which is light/pale, makes its OC.  The ratio of vertical OC diameter to OD is an important diagnostic parameter for glaucoma through the fundus imaging modality. 

[bookmark: _2w0jp15jtjcg]Applied techniques
[bookmark: _z4k14wcqys2h]Segmentation-based
[bookmark: _psqbdg3dp2gi]It is a technique in which different regions (OD, OD and OC, RNFL or ONH) are detected and segmented in a fundus or OCT image. The classification of glaucoma was undertaken based on segmented images.

[bookmark: _stcax0fhfvhy]Non-segmentation-based 
Features were automatically extracted from an entire image without a particular anatomical region being utilized.
[bookmark: _bf0o2vel8jk]Region-of-Interest (ROI) Selection
The final diagnosis of glaucoma was classified based on a region-of-interest selection from the fundus or OCT images. For example, the ROI selection was OD, and glaucoma or health was decided based on OD, similarly, OD and OC, Or RNFL, or full ONH images. 
[bookmark: _43itcd63uon7]Model's Validation Accuracy on internal and external data
The AI algorithms’ performance was tested either on the same data (Internal validation) or different population data (External validation). 

[bookmark: _ahmd2k751rjf]Performance metrics
[bookmark: _qf3xmv2ycq1z]Confusion matrix 
It is known as the error matrix, which visualizes the performance of the algorithms for classification problems in the field of machine learning through a 2 x 2 table with the actual and predicted values. 

	
	Actual (Clinical Diagnosis)

	
Predicted 

(Index Test-AI)
	
	Positive
	Negative

	
	Positive
	TP
	FP

	
	Negative
	FN
	TN



Where, 
True Positives (TP):  AI predicted glaucoma true (Actually was glaucoma).
True Negatives (TN): AI predicted healthy true (Actually was healthy).
False Positives (FP): AI predicted glaucoma but actually was healthy.
False Negatives (FN): AI predicted Healthy but actually was glaucoma. 

[bookmark: _wtgc01tb91ro]Sensitivity or True Positive Rate or Recall
The proportion of the glaucoma cases correctly classified by AI models.


[bookmark: _w2katmohea9]Specificity or True Negative Rate
The proportion of the healthy cased correctly classified by AI models. 


[bookmark: _3jsjicajyfk3]Accuracy
It is the proportion of the number of correctly predicted cases out of the total cases by an algorithm.
=

Area Under the Receiver Operating Characteristics (AUC)
AUC is an evaluation metric for classification problems between people with and without disease at various threshold settings. It is a probability curve that plots between sensitivity and the false-positive rate at various threshold values. Higher the AUC, the better the model to distinguish between patients with and without glaucoma. 

Tool: QUADAS-215 
[bookmark: _itp1xmknwopn]State the review question: 
What is the best AI model for discriminating between people with or without glaucoma? 
1. Patients (setting, intended use of index test, presentation, prior testing): Healthy and glaucoma
2. Index test(s): AI-based models for glaucoma diagnosis
3. Reference standard and target condition: Clinical investigation (HVF) and manifest glaucoma.

[bookmark: _kvy3gfqubyb0]Domain 1: Patient Selection
Risk of bias: could the selection of patients have introduced bias?
Signaling questions:
1. Was a consecutive or random sample of patients enrolled?
2. Did the study avoid inappropriate exclusions?
(Exclusions of patients with pathologies; high myopia, disc anomalies, and unreliable data selection (DR))

Applicability: are there concerns that the included patients and setting do not match the review question?
Signaling questions:
1. Did ophthalmologists make the ground truth (healthy or glaucoma)?

[bookmark: _htdprhvd74gb]Domain 2: Index Test
Risk of bias: could the conduct or interpretation of the index test have introduced bias?
Signaling questions:
1. Were the index test results interpreted without knowledge of the results of the reference standard?
2. Was the AI-model used for the diagnosis of glaucoma from imaging modalities?

Applicability: are there concerns that the index test, its conduct, or its interpretation differ from the review question?
Signaling questions:
1. Was the dataset separated into training, validation or testing?
[bookmark: _pzhqv5yt02q1]Domain 3: Reference Standard
Risk of bias: could the reference standard, its conduct, or its interpretation have introduced bias?
Signaling questions:
1. Is the reference standard likely to correctly classify the target condition?
2. Were the reference standard results interpreted without knowledge of the results of the index test?
3. Was the clinical diagnosis of glaucoma based on visual field findings?

Applicability: are there concerns that the target condition as defined by the reference standard does not match the question?
Signaling questions:
1. Did the patients have a comprehensive ophthalmic examination (IOP, HVF, OCT RNFL)? 

[bookmark: _ix6oqbs3z9oj]Domain 4: Flow and Timing
Risk of bias: could the patient flow have introduced bias?
Signaling questions:
1. Was there an appropriate interval between the index test and reference standard?
2. Did all patients receive the same reference standard?
3. Were all patients included in the analysis?
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[bookmark: _433xouijr2sd]Table 1. PRISMA-DTA Checklist 
	Section/topic
	#
	PRISMA-DTA Checklist Item
	Reported on page #

	TITLE / ABSTRACT
	 

	Title
	1
	Identify the report as a systematic review (+/- meta-analysis) of diagnostic test accuracy (DTA) studies.
	 1

	Abstract
	2
	Abstract: See PRISMA-DTA for abstracts.
	 2

	INTRODUCTION
	 

	Rationale
	3
	Describe the rationale for the review in the context of what is already known.
	 3

	Clinical role of index test
	D1
	State the scientific and clinical background, including the intended use and clinical role of the index test, and if applicable, the rationale for minimally acceptable test accuracy (or minimum difference in accuracy for comparative design).
	 3

	Objectives
	4
	Provide an explicit statement of question(s) being addressed in terms of participants, index test(s), and target condition(s).
	 4

	METHODS
	 

	Protocol and registration
	5
	Indicate if a review protocol exists, if and where it can be accessed (e.g., Web address), and, if available, provide registration information including registration number.
	 4

	Eligibility criteria
	6
	Specify study characteristics (participants, setting, index test(s), reference standard(s), target condition(s), and study design) and report characteristics (e.g., years considered, language, publication status) used as criteria for eligibility, giving rationale.
	 5

	Information sources
	7
	Describe all information sources (e.g., databases with dates of coverage, contact with study authors to identify additional studies) in the search and date last searched.
	 5

	Search
	8
	Present full search strategies for all electronic databases and other sources searched, including any limits used, such that they could be repeated.
	 6

	Study selection
	9
	State the process for selecting studies (i.e., screening, eligibility, included in systematic review, and, if applicable, included in the meta-analysis).
	 7

	Data collection process
	10
	Describe method of data extraction from reports (e.g., piloted forms, independently, in duplicate) and any processes for obtaining and confirming data from investigators.
	 7

	Definitions for data extraction
	11
	Provide definitions used in data extraction and classifications of target condition(s), index test(s), reference standard(s) and other characteristics (e.g. study design, clinical setting).
	 7

	Risk of bias and applicability
	12
	Describe methods used for assessing risk of bias in individual studies and concerns regarding the applicability to the review question.
	 7

	Diagnostic accuracy measures
	13
	State the principal diagnostic accuracy measure(s) reported (e.g. sensitivity, specificity) and state the unit of assessment (e.g. per-patient, per-lesion).
	 7

	Synthesis of results
	14
	Describe methods of handling data, combining results of studies and describing variability between studies. This could include, but is not limited to: a) handling of multiple definitions of target condition. b) handling of multiple thresholds of test positivity, c) handling multiple index test readers, d) handling of indeterminate test results, e) grouping and comparing tests, f) handling of different reference standards
	 8

	Meta-analysis
	D2
	Report the statistical methods used for meta-analyses, if performed.
	 8

	Additional analyses
	16
	Describe methods of additional analyses (e.g., sensitivity or subgroup analyses, meta-regression), if done, indicating which were pre-specified.
	 8

	RESULTS
	 

	Study selection
	17
	Provide numbers of studies screened, assessed for eligibility, included in the review (and included in meta-analysis, if applicable) with reasons for exclusions at each stage, ideally with a flow diagram.
	 9

	Study characteristics
	18
	For each included study provide citations and present key characteristics including: a) participant characteristics (presentation, prior testing), b) clinical setting, c) study design, d) target condition definition, e) index test, f) reference standard, g) sample size, h) funding sources
	 9

	Risk of bias and applicability
	19
	Present evaluation of risk of bias and concerns regarding applicability for each study.
	 10

	Results of individual studies
	20
	For each analysis in each study (e.g. unique combination of index test, reference standard, and positivity threshold) report 2x2 data (TP, FP, FN, TN) with estimates of diagnostic accuracy and confidence intervals, ideally with a forest or receiver operator characteristic (ROC) plot.
	 10

	Synthesis of results
	21
	Describe test accuracy, including variability; if meta-analysis was done, include results and confidence intervals.
	 10

	Additional analysis
	23
	Give results of additional analyses, if done (e.g., sensitivity or subgroup analyses, meta-regression; analysis of index test: failure rates, proportion of inconclusive results, adverse events).
	 12

	DISCUSSION
	 

	Summary of evidence
	24
	Summarize the main findings including the strength of evidence.
	 13

	Limitations
	25
	Discuss limitations from included studies (e.g. risk of bias and concerns regarding applicability) and from the review process (e.g. incomplete retrieval of identified research).
	 16

	Conclusions
	26
	Provide a general interpretation of the results in the context of other evidence. Discuss implications for future research and clinical practice (e.g. the intended use and clinical role of the index test).
	 17

	FUNDING
	 

	Funding
	27
	For the systematic review, describe the sources of funding and other support and the role of the funders.
	 1


 










	[bookmark: _ozjt8g9oyd0m]Table 2. Electronic databases with a search strategy:

2.1. Database(s): Embase 1974 to August 07, 2020 
	Search Strategy:
	Searches
	Results

	1
	exp glaucoma/di [Diagnosis]
	10930

	2
	Optical coherence tomography.af.
	67742

	3
	Retinal nerve fiber layer.af.
	9354

	4
	Optic disc.af.
	11831

	5
	Cup to disc ratio.af.
	1600

	6
	Visual field.af.
	53413

	7
	1 or 2 or 3 or 4 or 5 or 6
	130578

	8
	exp artificial intelligence/
	40486

	9
	Machine learning.af.
	51525

	10
	Deep learning.af.
	14100

	11
	Transfer learning.af.
	1401

	12
	Convolutional Neural Network.af.
	8113

	13
	computer-aided diagnosis.af.
	4294

	14
	8 or 9 or 10 or 11 or 12 or 13
	100674

	15
	7 and 14
	1235
















2.2. Database(s): Ovid MEDLINE(R) ALL 1946 to August 07, 2020
	Search Strategy:
	Searches
	Results

	1
	exp glaucoma/di [Diagnosis]
	11295

	2
	Optical coherence tomography.af.
	36657

	3
	Retinal nerve fiber layer.af.
	5020

	4
	Optic disc.af.
	8616

	5
	Cup to disc ratio.af.
	1194

	6
	Visual field.af.
	30453

	7
	1 or 2 or 3 or 4 or 5 or 6
	77201

	8
	exp artificial intelligence/
	98261

	9
	Machine learning.af.
	36393

	10
	Deep learning.af.
	11109

	11
	Transfer learning.af.
	1169

	12
	Convolutional Neural Network.af.
	4734

	13
	computer-aided diagnosis.af.
	2965

	14
	8 or 9 or 10 or 11 or 12 or 13
	127035

	15
	7 and 14
	796




















2.3. Web of Science Core Collection up to August 07, 2020 

	Search Strategy:
	Searches
	Results

	1
	TITLE:  (Glaucoma) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	34174

	2
	TITLE:  (optical coherence tomography) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	23255

	3
	TITLE:  (retinal nerve fiber layer) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	2850

	4
	TITLE:  (optic disc) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	2881

	5
	TITLE:  (cup to disc ratio) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	134

	6
	TITLE:  (visual field) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	9628

	7
	#6 OR #5 OR #4 OR #3 OR #2 OR #1 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	28240

	8
	TITLE:  (Artificial intelligence) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	12625

	9
	TITLE:  (Machine learning) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	35718

	10
	TITLE:  (Deep learning) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	22166

	11
	TITLE:  (Transfer learning) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	5012

	12
	TITLE:  (Convolutional Neural Network) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	12489

	13
	TITLE:  (computer aided diagnosis) 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	1962

	14
	#13 OR #12 OR #11 OR #10 OR #9 OR #8 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	87589

	15
	#14 AND #7 

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI, CCR-EXPANDED, IC Timespan=All years
	357










2.4. Scopus up to August 07, 2020 
	Search Strategy:
	Results

	( TITLE ( "Glaucoma"  OR  "retinal nerve fiber layer"  OR  "optic disc"  OR  "cup to disc ratio"  OR  "visual field"  OR  "Optical coherence tomography " ) )  AND  ( TITLE ( "artificial intelligence"  OR  "machine learning"  OR  "deep learning"  OR  "transfer learning"  OR  "Convolutional Neural Network"  OR  "computer aided diagnosis" ) ) 

	311





Table 3. Test of heterogeneity for subgroup studies
	Studies
	I2
	tau2
	Cochran's Q
	P-value 

	1. Overall DA of AI-models
	98.5% 
	 2.44 
	4305.32
	0

	Subgroup Analysis
	
	
	
	

	2. All Fundus Images
	98.3%
	2.01
	3252.57
	0

	2.1. Mono fundus images
	98.2%
	3.26
	2091.98
	0

	2.2. Stereo fundus images
	0
	0
	4.90
	< 0.43

	2.3. Mixed fundus images
	78.2%
	0.11
	45.88
	< 0.01

	3. OCT images
	85.7%
	0.79
	62.78
	< 0.01

	4. Applied Techniques
	
	
	
	

	4.1. ML with segmentation 
	85%
	2.09
	79.92 
	< 0.01

	4.2. ML with non-segmentation 
	94.7%
	3.23
	187.78
	< 0.01

	4.3. DL with segmentation
	97.2%
	3.00
	393.94
	< 0.01

	4.4. DL with non-segmentation
	99.1%
	2.32
	3164.32
	< 0.01

	5. Region of interest (ROI)
	
	
	
	

	5.1. Full ONH images
	97.4%
	1.88
	1132.49
	< 0.01

	5.2. OD
	97.7%
	7.33
	385.20
	< 0.01

	5.3. OD and OC
	93.0%
	1.74
	243.92
	< 0.01

	5.4. RNFL
	99.4%
	3.57
	1151.41
	< 0.01

	6. Validation accuracy
	
	
	
	

	6.1. Internal
	98.4%
	2.14
	3572.98
	0

	6.2. External
	96.2%
	4.20
	210.97
	< 0.01

	7. Electronic Databases
	
	
	
	

	7.1. Publicly available
	95.7%
	2.38
	492.63 
	< 0.01

	7.2. Private data
	98.8%
	2.43
	3400.59
	0

	7.3. Mixed data
	88.1%
	1.12
	16.83
	< 0.01


[bookmark: _nf6egb7v9qcm]
[bookmark: _ugog7xdy7a9l]Table 4. HSROC parameters 
	Studies
	 Theta 
	Lambda
	beta

	1. Overall DA of AI-models
	-0.108 
	4.753
	0.044

	Subgroup Analysis
	
	
	

	2. All Fundus Images
	-0.046
	4.717
	0.049

	2.1. Mono fundus images
	 0.075
	4.926
	0.097

	2.2. Stereo fundus images
	-3.197 
	7.903
	-1.856 

	2.3. Mixed fundus images
	-0.625
	3.697
	-0.586

	3. OCT images
	-5.421 
	11.922
	-2.635

	4. Applied Techniques
	
	
	

	4.1. ML with segmentation 
	0.059
	4.449
	0.204

	4.2. ML with non-segmentation 
	0.335
	5.250
	0.303

	4.3. DL with segmentation
	0.025
	4.488
	0.180

	4.4. DL with non-segmentation
	-0.272
	4.822
	-0.046

	5. Region of interest (ROI)
	
	
	

	5.1. Full ONH images
	-0.092
	5.257
	0.013

	5.2. OD
	-0.014 
	4.889
	0.013

	5.3. OD and OC
	0.157
	 4.128
	0.283

	5.4. RNFL
	0.041
	3.782
	0.597

	6. Validation accuracy
	
	
	

	6.1. Internal
	-0.114
	4.940
	0.030

	6.2. External
	0.587
	3.684 
	0.827

	7. Electronic Databases
	
	
	

	7.1. Publicly available
	-0.478
	4.219
	-0.353

	7.2. Private data
	-0.125
	5.089
	0.051

	7.3. Mixed data
	0.933
	3.758
	1.001


[bookmark: _xuruhvrcn4oy]Table 5. Quality assessment of included studies (n=66)—QUADAS-2 tool 
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[bookmark: _phsywfzcbzb7]Figure 1. Funnel plot 
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[bookmark: _ybzl64peqitu]Summary Receiver Operating Characteristic (SROC) Curve 
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[bookmark: _p8lascoo06ia]Figure 2.1. SROC Curve for Overall Diagnostic Performance of AI 
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[bookmark: _sdvxa5fxa9ut]Figure 2.2. SROC Curve for Imaging Modalities: Fundus+OCT images
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[bookmark: _5qs0vjn1hgqw]Figure 2.3. SROC Curve for Applied Techniques: Segmentation and Non-segmentation
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[bookmark: _53bm7rdi1lgo]Figure 2.4. SROC Curve for Region of Interest (ROI) Selection: ONH Images, OD, OD and OC, and RNFL
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[bookmark: _tcuzojz7rlxs]Figure 2.5. SROC Curve for Validation Accuracy: External and Internal Data
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[bookmark: _t0kffsmv4z8g]Figure 2.6. SROC Curve for Electronic Databases: Publicly Available and Private
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