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Supplementary Methods 1: Literature search strategies

We show the search strategy for a) Medline and b) EMBASE
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Medline
artificial intelligence/ or machine learning/ or deep learning/ or supervised machine learning/ or
unsupervised machine learning/ or "neural networks (computer)"/
(deep learning or convolutional or cnn or neural network*).mp. [mp=title, abstract, original title, name
of substance word, subject heading word, floating sub-heading word, keyword heading word, organism
supplementary concept word, protocol supplementary concept word, rare disease supplementary
concept word, unique identifier, synonyms]

lor2
Magnetic Resonance Imaging/
exp Tomography, X-Ray Computed/
Tomography, Optical Coherence/
exp Radiography/
exp Ultrasonography/
(oct or sonogra* or Optical Coherence Tomography or mri or magnetic resonance or ct or computed
tomography or ultrasound* or xray or x-ray or mammogra* or radiograph* or photograph*).mp.
[mp=title, abstract, original title, name of substance word, subject heading word, floating sub-heading
word, keyword heading word, organism supplementary concept word, protocol supplementary concept
word, rare disease supplementary concept word, unique identifier, synonyms]
4or5Sor6or7or8or9
exp "sensitivity and specificity"/ or exp roc curve/
(area under the curve or roc or auc or accurac* or sensitivity or specificity or diagnostic accuracy).mp.
[mp=title, abstract, original title, name of substance word, subject heading word, floating sub-heading
word, keyword heading word, organism supplementary concept word, protocol supplementary concept
word, rare disease supplementary concept word, unique identifier, synonyms]
I1orl12
3and 10 and 13

EMBASE

artificial neural network/

(deep learning or convolutional or cnn or neural network™®).mp. [mp=title, abstract, heading word,
drug trade name, original title, device manufacturer, drug manufacturer, device trade name, keyword,
floating subheading word, candidate term word]

lor2

exp nuclear magnetic resonance imaging/

optical coherence tomography/

exp radiography/

exp computer assisted tomography/

ultrasound/

echography/

(oct or Optical Coherence Tomography or mri or magnetic resonance or ct or computed tomography
or ultrasound* or xray or x-ray or mammogra* or radiograph* or photograph*).mp. [mp=title,
abstract, heading word, drug trade name, original title, device manufacturer, drug manufacturer,
device trade name, keyword, floating subheading word, candidate term word]
4orSor6or7or8or9orll

exp "sensitivity and specificity"/

exp area under the curve/

(area under the curve or roc or auc or accurac* or sensitivity or specificity or diagnostic accuracy).mp.
[mp=title, abstract, heading word, drug trade name, original title, device manufacturer, drug
manufacturer, device trade name, keyword, floating subheading word, candidate term word]

12 or 13 or 14

3and 11 and 15
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Supplementary Table 1: Characteristics of included studies from all other specialities

Imaging A n Al vs
Study Model Modality Speciality Disease clinician?
Adams et al. . Neck of femur
2018 GooglLeNet X-ray Orthopaedics fractures Yes
Akhavan Deep Belief Autism
Aghdam et P MRI Neurology/Neurosurgery Spectrum No
Network )
al. 2018 Disorders
Aldoj et al. Prostate
2019 3D CNN MRI Urology Cancer No
Deep
Alkadi et al. | Convolutional Prostate
2018 Encoder- MRI Urology Cancer No
Decoder
Amoroso et Alzheimer’s
al. 2018 DNN MRI Neurology/Neurosurgery Disease No
Arbabshirani Intracranial
ot al 2018 3D-CNN CT Neurology/Neurosurgery haemorrhage No
Avriji et al Panoramic Radiolucent
) DetectNet . Maxillofacial Surgery lesions of No
2019 Radiographs ;
Mandible
Cervical lymph
Ariji et al. CNN cT Maxillofacial Surgery node Yes
2019 .
metastasis
Cervical lymph
Arg'oﬁtga" AlexNet cT Maxillofacial Surgery node Yes
metastasis
At'gb’f;a" CNN MRI Neurology/Neurosurgery Glioma No
Atsuka et al. . Prostate
2019 Xception MRI Urology Cancer No
Azizi et al. Prostate
2017 CNN Ultrasound Urology Cancer No
Azizi et al. Prostate
2018 LSTM Ultrasound Urology Cancer No
Azizi et al. Prostate
2018 CNN Ultrasound Urology Cancer No
Badgeley et . .
al. 2019 CNN X-ray Orthopaedics Hip fractures No
Basaia et al. Alzheimer’s
2019 CNN MRI Neurology/Neurosurgery Disease No
. Elman Neural Alzheimer’s
Bi et al. 2018 Network fMRI Neurology/Neurosurgery Disease No
. Alzheimer’s
Bi et al. 2019 CNN MRI Neurology/Neurosurgery Disease No
Bien et al Anterior
’ MRNet MRI Orthopaedics Cruciate Yes
2018 .
Ligament Tear
Bijay Dev et Focal Cortical
al 2019 U-net MRI Neurology/Neurosurgery Dysplasia No
Blanc-
Durand et al. 3D U-net PET Neurology/Neurosurgery Glioma No
2018
Blau et al. 3D FCN cT Urology Renal cysts No
Bohle et al. Alzheimer’s
2019 CNN MRI Neurology/Neurosurgery Disease No
Brinker et al. Dermascopic
2019 CNN images Dermatology Melanoma Yes
Brlnlz(gq gt al. CNN Photographs Dermatology Melanoma Yes
Buda et al. . Thyroid
2019 CNN Ultrasound Endocrine nodules Yes
Burlnactal- | pLDCNN Ultrasound Rheumatology Myositis No
Byra et al. Inception- . .
2018 ResNet-v2 Ultrasound Gastroenterology/Hepatology | Liver steatosis No
Cai et al. Muscular
2019 CNN MRI Rheumatology Dystrophy No
Cao et al.
2019 CNN Ultrasound Gastroenterology/Hepatology NAFLD No
Cao et al. Prostate
2019 FocalNet MRI Urology Cancer Yes
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Imaging A n Al vs
Study Model Modality Speciality Disease clinician?
Ceschin et Subcortical
3D CNN MRI Neurology/Neurosurgery brain No
al. 2018 .
dysmaturation
Chang et al. Intracranial
2018 CNN CT Neurology/Neurosurgery haemorrhage No
Chana et al Anterior
9 ’ CNN MRI Orthopaedics Cruciate No
2019 .
Ligament Tear
Charron et . Brain
al. 2018 DeepMedic MRI Neurology/Neurosurgery Metastases No
Chee et al. . Osteonecrosis
2019 ResNet X-ray Orthopaedics of fernoral head Yes
Chen et al. Colorectal
2018 DNN Photographs Gastroenterology/Hepatology polyps Yes
Chen etal. 3D CNN MRI Neurology/Neurosurgery Glioma No
Chen et al. Prostate
2019 VGG-13 MRI Urology Cancer No
Cheng et al. . Small bowel
2018 InceptionV3 X-ray Gastroenterology/Hepatology obstruction No
Chezn(% gt al. DCNN X-ray Orthopaedics Hip fractures No
Cheng et al. Small bowel
2019 CNN X-ray Gl Surgery obstruction No
Chi et al. . Thyroid
2017 GooglLeNet Ultrasound Endocrine nodules No
Chilamkurthy Head CT
ot al. 2018 CNN CT Neurology/Neurosurgery abnormalities No
Cho et al. Intracranial
2019 CNN CT Neurology/Neurosurgery haemorrhage No
Choi et al. . ) .
2019 CNN CT Gastroenterology/Hepatology Liver fibrosis Yes
Choi et al. . Supracondylar
2019 ResNet-50 X-ray Orthopaedics fracture Yes
Chuna et al Proximal
9 ’ CNN X-ray Orthopaedics humerus Yes
2018
fracture
Codella et al.
2017 U-net Photographs Dermatology Melanoma Yes
Intraductal
Corral et al. Papillary
2019 CNN MRI Gastroenterology/Hepatology Mucinous No
Neoplasia
Couteaux et | ;oo RCNN MRI Orthopaedics Knee meniscus No
al. 2019 tear
Cozyoe1>t9al. InceptionV3 CT Urology Renal tumours No
Cui et al. Alzheimer’s
2018 3D DenseNet MRI Neurology/Neurosurgery Disease No
Cui et al. Alzheimer’s
2019 RNN MRI Neurology/Neurosurgery Disease No
Dai et al. . ,
2019 CNN MRI Neurology/Neurosurgery Parkinson’s No
Watershed
Das et al Gaussian
2019 ’ based deep CT Gastroenterology/Hepatology | Liver Tumours No
learning
(WGDL)
Debats et al. Lymph node
2019 3D CNN MRI Oncology detection No
D;eggl;get GooglLeNet MRI Neurology/Neurosurgery Brain Tumours No
Derkatch et . Vertebral
al. 2019 CNN X-ray Orthopaedics fractures No
Ding et al. . Alzheimer’s
2019 InceptionV3 FDG-PET Neurology/Neurosurgery Disease Yes
. Metastatic
Ding et al. Faster R-
2019 CNN MRI Oncology lymph nodes of Yes
rectal cancer
Diniz et al. White matter
2018 CNN MRI Neurology/Neurosurgery lesions No
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Supplementary Table 1: Characteristics of included studies from all other specialities

Neoplasia

Imaging A n Al vs
Study Model Modality Speciality Disease clinician?
Duan et al Digital Intracranial
’ CNN Subtraction Neurology/Neurosurgery No
2019 . aneurysms
Angiography
Duc et al. Alzheimer’s
2019 3D CNN MRI Neurology/Neurosurgery Discase No
FCM based
Duraisamy weighted Alzheimer’s
ot al. 2019 probabilistic MRI Neurology/Neurosurgery Discase No
’ neural
network
Eitel et al. Multiple
2019 3D CNN MRI Neurology/Neurosurgery Sclerosis No
Ekert et al. Panoramic . . . .
2019 CNN Radiographs Maxillofacial Surgery Apical lesions No
England et . Elbow joint
al 2018 DCNN X-ray Orthopaedics effusion No
Este2\6a1 ?t al. CNN Photographs Dermatology Skin tumours Yes
Faron et al. Intracranial
2019 CNN MRA Neurology/Neurosurgery aneurysms Yes
Fr;dl-/;g?rset CNN CT Gastroenterology/Hepatology | Liver Tumours No
Flg;sgg%et DCNN Photographs Dermatology Skin tumours Yes
Gan et al. . Distal radius
2019 CNN X-ray Orthopaedics fractures Yes
Gao et al. Alzheimer’s
2017 Fused CNN CT Neurology/Neurosurgery Disease No
Gao et al. . Pancreatic
2019 Inceptionv4 MRI Gastroenterology/Hepatology Diseases No
Pancreatic
Gao et al. :
2019 CNN MRI Gastroenterology/Hepatology | neuroendocrine No
tumours
Peri gastric
Gao et al. Faster R- )
2019 CNN CT Oncology metastatic No
lymph nodes
Ghafoorian
otal 2017 3D CNN MRI Neurology/Neurosurgery Lacunes Yes
Ginat et al. . Intracranial
2019 Aidoc CT Neurology/Neurosurgery haemorrhage No
Goriji et al. Alzheimer’s
2019 CNN MRI Neurology/Neurosurgery Disease No
Grovik et al. Brain
2019 CNN MRI Neurology/Neurosurgery Metastases No
Guan et al. . . Thyroid
2019 InceptionV3 Ultrasound Endocrine nodules No
HZT”;S;%M CNN Photographs Dermatology Melanoma Yes
Hallac et al. Ear
2019 GooglLeNet Photographs ENT Abnormality No
Han;Bn1 gt al. Custom CNN MRI Gastroenterology/Hepatology | Liver Tumours Yes
Haznoigal. ResNet 152 Photographs Dermatology Skin tumours Yes
Haznoitgal. ResNet-50 Photographs Dermatology Skin tumours Yes
Haznoitgal. GooglLeNet CT Urology Renal tumours No
Harris et al Aortic
’ CNN CT Vascular Surgery Dissection and No
2019
Rupture
Hoszng1gt al. AlexNet Photographs Dermatology Skin tumours No
Hosseini-Asl Alzheimer’s
ot al. 2018 3D CNN MRI Neurology/Neurosurgery Disease No
Huang et al. Alzheimer’s
2019 3D CNN MRI Neurology/Neurosurgery Disease No
Intraductal
Hussein et Papillary
al. 2019 VGG-Net MRI Gastroenterology/Hepatology Mucinous No




Supplementary Table 1: Characteristics of included studies from all other specialities

Imaging A n Al vs
Study Model Modality Speciality Disease clinician?
Ishioka et al. Prostate
2018 CNN MRI Urology Cancer No
Ismgg%gt al. ResNet MRI Neurology/Neurosurgery Brain Tumours No
Jain et al. Alzheimer’s
2019 VGG-16 MRI Neurology/Neurosurgery Disease No
Extranodal
Kann et al extension in
2019 ' CNN CT Maxillofacial Surgery head and neck Yes
squamous cell
carcinoma
Ker et al. Intracranial
2019 3d CNN CT Neurology/Neurosurgery haemorrhage No
K|g1061>t8al. InceptionV3 SPECT Neurology/Neurosurgery Parkinson’s No
K|g1061>t8al. InceptionV3 X-ray Orthopaedics Fractures No
Kim et al. . . . Maxillary
2019 ResNet Radiographs Maxillofacial Surgery Sinusitis Yes
KIm e @ | ResNet-101 X-ray Maxillofacial Surgery Sinusitis No
Kim et al. . . Moyamoya
2019 CNN X-ray Maxillofacial Surgery disease No
K'g‘oﬁtga" DCNN MRI Orthopaedics Spondylitis Yes
Kim et al. lleocolic
2019 YOLOV3 X-ray Gl Surgery Intussusception No
Kise et al. Sjogren’s
2019 CNN CT Rheumatology disease Yes
Kise et al. Sjogren’s
2019 CNN Ultrasound Rheumatology disease Yes
Kitamura et Inception V3,
ResNet, X-ray Orthopaedics Ankle fracture No
al. 2019 .
Xception
Ko et al. . Thyroid
2019 CNN Ultrasound Endocrine nodules Yes
Kuo et al. Intracranial
2019 CNN CT Neurology/Neurosurgery haemorrhage Yes
Kzlj(t)l;]ge(t;l' CNN CT Gastroenterology/Hepatology | Liver Tumours No
Kzlj(t)l;]ge(tbil' CNN MRI Neurology/Neurosurgery Brain Tumours No
Le et al. Multimodal Prostate
2017 CNN MRI Urology Cancer No
Lezeoe;tSaI. DCNN X-ray Metabolic Medicine Osteoporosis No
Lee et al Cervical lymph
) VGG-Net Ultrasound Oncology node No
2018 .
metastasis
Lee et al Deep
) Feature CT Urology Renal tumours No
2018 .
Classifier
Cervical lymph
Lee et al. ResNet50 CT Endocrine node No
2019 .
metastasis
VGG16,
Lee et al ResNet-50, Acute
2019 ' Inception-v3, CT Neurology/Neurosurgery Intracranial Yes
Inception- Haemorrhage
Resnet-v2
Lee et al. GooglLeNet . . . Odontogenic
2020 Inception-v3 Radiographs Maxillofacial Surgery cystic lesions No
Restricted Alzheimer’s
Lietal. 2015 Boltzmann MRI Neurology/Neurosurgery ) No
) Disease
machine
Thyroid
Lietal. 2018 R-CNN Ultrasound Endocrine papillary No
cancer
Lietal. 2019 DCNN Ultrasound Endocrine Thyroid cancer Yes
Lietal. 2019 | InceptionV3 cT Maxillofacial Surgery Orbital Blowout No

Fractures
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Imaging A n Al vs
Study Model Modality Speciality Disease clinician?
Lietal. 2020 | VGG-16 cT Gastroenterology/Hepatology | Hepatocellular No
carcinoma
Lim et al. . .
2019 Inceptionv4 Photographs Dermatology Acne Vulgaris No
Lin et al. Alzheimer’s
2018 CNN MRI Neurology/Neurosurgery Disease No
Lindsey et .
al. 2018 CNN X-ray Orthopaedics Fractures Yes
Liu et al. Faster R- -
2017 CNN CT Gastroenterology/Hepatology Colitis No
Liu et al. Alzheimer’s
2018 2D CNN FDG-PET Neurology/Neurosurgery Disease No
Liu et al. Alzheimer’s
2018 3D-CNN MRI Neurology/Neurosurgery Disease No
Liu et al. VGG-16 MRI Orthopaedics Knee cartilage No
2018 lesions
Liu et al. . Thyroid
2019 CNN Ultrasound Endocrine nodules Yes
Liu et al. Pancreatic
2019 VGG-16 CT Gastroenterology/Hepatology Cancer No
Multimodal
Luetal and Alzheimer’s
2018 multiscale MRI Neurology/Neurosurgery Discase No
deep neural
network
Pelvic lymph
Luetal. Faster R-
2018 CNN MRI Oncology node . Yes
metastasis
Ma et al. . Thyroid
2017 CNN Ultrasound Endocrine nodules No
Ma et al. Cascade . Thyroid
2017 CNN Ultrasound Endocrine nodules No
Ma et al. DenseNet SPECT Endocrine Thyroid No
2019 diseases
Spinal
Maki et al. Schwannoma
2019 CNN MRI Neurology/Neurosurgery and Yes
Meningioma
Magsood et Alzheimer’s
al 2019 AlexNet MRI Neurology/Neurosurgery Disease No
Mar20(1)11gt al. CNN Photographs Dermatology Skin tumours Yes
M“”;g;gt a1 vee-19 MRI Neurology/Neurosurgery Glioma No
Nakao et al. Cerebral
2018 CNN MRA Neurology/Neurosurgery aneurysms No
Nguyen et . Thyroid
al. 2019 CNN Ultrasound Endocrine nodules No
Oh et al. Convolutional Alzheimer’s
2019 Autoencoder MRI Neurology/Neurosurgery Disease No
Olczzaok1 ?t al. VGG-16 X-ray Orthopaedics Fractures Yes
Oman et al. Ischaemic
2019 3D CNN CT Neurology/Neurosurgery Stroke No
Ortiz et al. Deep Belief Alzheimer’s
2016 Network MRI Neurology/Neurosurgery Disease No
Ortiz-Ramon Ischaemic
ot al. 2019 CNN MRI Neurology/Neurosurgery Stroke No
Ozyzu(;tzgt al. SqueezeNet MRI Neurology/Neurosurgery Brain tumours No
Pagg(gnegt al. Yolov3-arch CT Gastroenterology/Hepatology Cholelithiasis No
Pangetal | MobileNetv2 cT Gastroenterology/Hepatology | Cholelithiasis No
Park et al. . Thyroid
2019 CNN Ultrasound Endocrine nodules Yes
Park et al. HeadXNet MRI Neurology/Neurosurge Cerebral Yes
2019 9y gery aneurysms
Deep
Phillips et al. | Ensemble for
2019 Recognition Photographs Dermatology Melanoma Yes
Malignancy
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Study Model Modality Speciality Disease clinician?
Pinto dos
Santos et al. InceptionV3 X-ray Orthopaedics Ankle fracture No
2019
Angiographic .
Podgorsak . Intracranial
otal 2019 CNN pgramgtrlc Neurology/Neurosurgery aneurysms No
imaging
Poedjiastoeti Panoramic . .
ot al. 2018 VGG-16 Radiographs Maxillofacial Surgery Jaw Tumours Yes
Pranata et . Calcaneus
al. 2019 ResNet CT Orthopaedics fractures No
Qi Dou et al. Cerebral
2016 3D CNN MRI Neurology/Neurosurgery microbleeds No
Qin et al. ) Thyroid
2019 CNN Ultrasound Endocrine nodules No
Ramzan et Alzheimer’s
al. 2019 ResNet-18 MRI Neurology/Neurosurgery Disease No
Roblot et al. Faster R- . Knee meniscus
2019 CNN MRI Orthopaedics tear No
Sz'l"*;‘é%et 1D-CNN MRI Neurology/Neurosurgery Schizophrenia No
Schelb et al. Prostate
2019 U-net MRI Urology Cancer No
SCZImS(L)J;:Q et CNN Ultrasound Gastroenterology/Hepatology | Liver Tumours No
See;lz)a; gt al. CNN MRI Neurology/Neurosurgery Brain Tumours No
Group Lasso
Shen et al. Sparse Deep . ,
2019 Belief MRI Neurology/Neurosurgery Parkinson’s No
Network
. Deep -
Shi et al. . Alzheimer’s
2018 Polynomial MRI Neurology/Neurosurgery Disease No
Network
Shinohara et . Ischaemic
al. 2019 Xception CT Neurology/Neurosurgery Stroke No
Sibille et al. Lymphoma and
2019 CNN PET/CT Oncology Lung Cancer No
Sichtermann Intracranial
ot al. 2019 CNN MRA Neurology/Neurosurgery aneurysms No
Song et al. . . Thyroid
2018 InceptionV3 Ultrasound Endocrine nodules No
Song et al. Prostate
2018 VGG-Net MRI Urology Cancer No
Song et al. VGG-16 Ultrasound Endocrine Thyroid Yes
2019 nodules
Stember et Cerebral
al. 2019 U-net MRA Neurology/Neurosurgery aneurysms No
Strezboa1 <2at al. ANN Ultrasound Gastroenterology/Hepatology | Liver Tumours Yes
Deep -
Suk et al. Alzheimer’s
2014 Boltzm.ann MRI Neurology/Neurosurgery Disease No
Machine
Stacked .
Suk et al. Alzheimer’s
2015 Auto- MRI Neurology/Neurosurgery Discase No
Encoder
Sumathipala Prostate
etal. 2018 CNN MRI Urology Cancer No
Swietlik et al. Alzheimer’s
2019 ANN SPECT Neurology/Neurosurgery Disease No
Talo et al. Abnormal
2019 ResNet134 MRI Neurology/Neurosurgery scans No
Talz%itgal' ResNet-50 MRI Neurology/Neurosurgery Brain Tumours No
. Mediastinal
Tekchandani AlexNet CT Oncology Lymph node No
et al. 2020 )
metastasis
Inception-
Thian et al ResNet
2019 ) Faster R- X-ray Orthopaedics Wrist fractures No
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Titano et al Acute
2018 ’ ResNet-50 CT Neurology/Neurosurgery Neurologic Yes
Events
- Deep
Tiulpin et al. Siamese X-ray Orthopaedics Knee - No
2018 osteoarthritis
CNN
Double-
Togo et al. contrast upper i
5019 DCNN gastrointestinal Gastroenterology/Hepatology Gastritis No
barium X-ray
Tomita et al. . Vertebral
2018 CNN CT Orthopaedics fractures No
Tr;vllz;g;sget 3D CNN MRI Gastroenterology/Hepatology | Liver Tumours No
Tschandl et InceptionV3, .
al. 2019 ResNet50 Photographs Dermatology Skin tumours Yes
Ueda et al. Cerebral
2019 ResNet-18 MRA Neurology/Neurosurgery aneurysms No
Urakawa et . .
al. 2019 CNN X-ray Orthopaedics Hip fractures Yes
Ureten et al. Rheumatoid
2019 CNN X-ray Rheumatology arthritis No
Varuna Probabilistic
Shree et al. neural MRI Neurology/Neurosurgery Brain Tumours No
2018 network
Siamese .
Wang et al. Spinal
2017 neural MRI Neurology/Neurosurgery metastasis No
networks
Wang et al Mediastinal
2817 ’ CNN FDG-PET Oncology Lymph node Yes
metastasis
Wang et al. Prostate
2017 DCNN MRI Urology Cancer No
Wang et al. Prostate
2018 CNN MRI Urology Cancer No
Wangetal. | yo| ov2 Ultrasound Endocrine Thyroid Yes
2019 nodules
Wang et al. . Chronic Otitis
2019 InceptionV3 CT ENT Media No
Weeetal. | Graph CNN MRI Neurology/Neurosurge Alzheimer's No
2019 P 9y gery Disease
. Acute
Winkel et al. CNN cT Gl Surgery Abdominal No
2019 A
Findings
Xu et al. Multiple
2018 CNN PET/CT Haematology Myeloma No
Xu et al. Prostate
2018 VGG-Net MRI Urology Cancer No
Xue et al. . Hip
2017 VGG-16 X-ray Orthopaedics osteoarthritis Yes
Yan et al. .
2018 CNN CT Oncology Lesions No
Yang et al. Prostate
2017 CNN MRI Urology Cancer No
Yang et al. GoogLeNet, .
2018 AlexNet MRI Neurology/Neurosurgery Glioma No
Yagg(;negt al. ResNet Photographs Orthopaedics Scoliosis No
Yao et al. Alzheimer’s
2018 CNN MRI Neurology/Neurosurgery Disease No
Yazpoe1>t8al. CNN Photographs Dermatology Skin tumours No
Yasgl(()a1 gt al. CNN CT Gastroenterology/Hepatology | Liver Tumours No
Ye et al. 3D CNN- Intracranial
2019 RNN CT Neurology/Neurosurgery haemorrhage Yes
Yoo et al. Prostate
2019 ResNet MRI Urology Cancer No
Yu et al. . Thyroid
2017 ANN Ultrasound Endocrine nodules No
Yu et al. Acral
2018 VGG-16 Photographs Dermatology melanoma Yes
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Y;&tgal. InceptionV3 X-ray Orthopaedics Hip fractures Yes
Yuan et al. Prostate
2019 DCNN MRI Urology Cancer No
Zhang et al. Voxel-level- Colorectal
2019 1D CNN CT Gastroenterology/Hepatology polyps No
thzn(]”e; al. InceptionV3 CT Urology Renal tumours No
Zh2qu1>t3aI. ANN Ultrasound Endocrine Thyroid cancer No
Stacked
Zhu et al. Prostate
2017 Auto- MRI Urology Cancer No
Encoder
. Coronary
Zreik et al. Coronary CT .
2019 RCNN Angiography Cardiology Artery Plaque No

and Stenosis
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Supplementary Figure 1 — Summary ROC curve for six different patient cohorts to
diagnose glaucoma on retinal fundus photographs from Liu et al. 2019
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Supplementary Figure 2 — Summary ROC curve for five different patient cohorts to
diagnose pneumothorax on CXR from Taylor et al. 2018 and Park et al. 2019

Studyld

Taylor et al. 2018 (d)
Taylor et al. 2018 (c)
Taylor et al. 2018 (b)
Taylor et al. 2018 (a)

Park et al. 2019

COMBINED

1.0

Sensitivity
o
(&)

0.0

SENSITIVITY (95% CI)

0.49 [0.48 - 0.50]
0.28[0.27 - 0.29]

- 0.84[0.78 - 0.90]
- 0.79[0.72 - 0.86]

# | 090[0.85-0.93]

<:> 0.70[0.45 - 0.87]

Q =2324.00, df = 4.00, p = 0.00

12 = 99.83 [99.80 - 99.86]

0.3
SENSITIVITY

Studyld

Taylor et al. 2018 (d)

Taylor et al. 2018 (c)

Taylor et al. 2018 (b)

Taylor et al. 2018 (a)

Park et al. 2019

COMBINED

SPECIFICITY (95% Cl)

0.85[0.85 - 0.85]
. 0.97[0.96 - 0.97]
0.90 [0.89 - 0.92]

I

1

I

I

I

I

I

I

I

I

I

I

I

I

I

I

I

I

I

I

I

| = 0.97 [0.96 - 0.98]
I

I

I

—+—®— | 096[0.93-0.98]

I
I
I
I
I
I
|

<> 0.94{0.90 - 0.97]

Q =36894.08, df =4.00, p = 0.00

12 = 99.99 [99.99 - 99.99]

0.8

SPECIFICITY

SROC with Prediction & Confidence Contours

O Observed Data

@ SENS=070[0.45-0.87]

— 95% Confidence Contour

Summary Operating Point

SPEC =0.94 [0.90 - 0.97]

SROC Curve
AUC =0.94 [0.92 - 0.96]

95% Prediction Contour

1.0

0.5
Specificity

0.0

36



Supplementary Figure 3 — Summary ROC curve for four different patient cohorts to

diagnose tuberculosis on CXR from Lakhani et al. 2017
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Supplementary Figure 4: Histogram demonstrating number of studies comparing

algorithm performance against health-care professionals in each speciality
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Supplementary Figure 5: Funnel Plot for all cohorts reporting on the sensitivity of deep

learning to identify lung nodules on CT scans

Funnel plot with pseudo 95% confidence limits
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Test of HO: no small-study effects P = 0.000
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Supplementary Figure 6: Funnel Plot for all cohorts reporting on the AUC of deep
learning to identify breast cancer on mammography

Funnel plot with pseudo 95% confidence limits
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Egger's test for small-study effects:
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Test of HO: no small-study effects P = 0.986



Supplementary Figure 7: Funnel Plot for all cohorts reporting on the sensitivity of deep
learning to identify diabetic retinopathy on retinal fundus photography

Funnel plot with pseudo 95% confidence limits
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Egger's test for small-study effects:
Regress standard normal deviate of intervention
effect estimate against its standard error
Number of studies = 40 Root MSE = 22.41
Std_Eff Coef. Std. Err. t P>t [95% Conf. Intervall
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Test of HO: no small-study effects P = 0.000
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Supplementary Figure 8 — Pooled AUC for diagnosing features of diabetic retinopathy
on retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Abramoff et al. 2016 | ©0.980 0.973 0.987 2.59
Arcadu et al. 2019 ( | ©.940 0.927 0.953 2.56
Arcadu et al. 2019 ( | ©.970 0.962 0.978 2.58
Bellemo et al. 2019 | 0.973 0.967 0.979 2.59
Bellemo et al. 2019 | 0.934 0.925 0.943 2.58
Bellemo et al. 2019 | 0.942 0.934 0.950 2.58
Gargeya et al. 2017 | 0.970 0.967 0.973 2.59
Gargeya et al. 2017 | 0.940 0.929 0.951 2.57
Gargeya et al. 2017 | 0.950 0.930 0.970 2.52
Gulshan et al. 2019 | 0.953 0.945 0.961 2.58
Gulshan et al. 2016 | 0.991 0.989 0.993 2.59
Gulshan et al. 2016 | 0.990 0.985 0.995 2.59
Keel et al. 2018 | ©0.933 0.882 0.984 2.19
Krause et al. 2018 | 0.986 0.981 0.991 2.59
Li et al. 2019 | ©0.990 0.988 0.993 2.59
Li Z et al. 2018 | 0.955 0.953 0.957 2.59
Nagasawa et al. 2019 | 0.969 0.952 0.986 2.54
Ramachandran et al. | 0.901 0.874 0.928 2.47
Ramachandran et al. | 0.980 0.972 0.988 2.58
Raumviboonsuk et al. | 0.987 0.986 0.988 2.59
Raumviboonsuk et al. | 0.991 0.990 0.992 2.59
Raumviboonsuk et al. | 0.993 0.992 0.994 2.59
Raumviboonsuk et al. | 0.993 0.992 0.994 2.59
Sandhu et al. 2018 | ©.970 0.944 0.996 2.47
Stevenson et al. 201 | 0.746 0.728 0.764 2.54
Ting et al. 2017 (a) | ©0.936 0.934 0.938 2.59
Ting et al. 2017 (b) | ©0.949 0.946 0.952 2.59
Ting et al. 2017 (c) | ©.889 0.878 0.900 2.57
Ting et al. 2017 (d) | 0.917 0.909 0.925 2.58
Ting et al. 2017 (e) | 0.919 0.907 0.931 2.57
Ting et al. 2017 (f) | ©0.929 0.913 0.945 2.55
Ting et al. 2017 (g) | ©0.980 0.974 0.986 2.59
Ting et al. 2017 (h) | 0.983 0.978 0.988 2.59
Ting et al. 2017 (i) | 0.950 0.938 0.962 2.57
Ting et al. 2017 (j) | ©0.948 0.936 0.960 2.57
Ting et al. 2017 (k) | 0.964 0.960 0.968 2.59
Ting et al. 2019 (a) | 0.738 0.735 0.741 2.59
Ting et al. 2019 (b) | 0.795 0.792 0.798 2.59
Ting et al. 2019 (c) | 0.810 0.807 0.813 2.59
_____________________ o
D+L pooled ES | 0.939 0.920 0.958 100.00
_____________________ o

Heterogeneity chi-squared = 63746.34 (d.f. = 38) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.9%
Estimate of between-study variance Tau-squared = 0.0036

Test of ES=0 : z= 96.92 p = 0.000
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Supplementary Figure 9 — Pooled sensitivity for diagnosing features of diabetic
retinopathy on retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
Abramoff et al. 2016 | 0.968 0.960 0.976 0.51
Abramoff et al. 2018 | 0.872 0.849 0.895 0.07
Arcadu et al. 2019 ( | ©.990 0.984 0.996 1.08
Arcadu et al. 2019 ( | ©.900 0.886 0.914 0.18
Bellemo et al. 2019 | 0.923 0.913 0.932 0.39
Bellemo et al. 2019 | 0.994 0.992 0.997 3.76
Bellemo et al. 2019 | 0.972 0.966 0.978 0.98
Gargeya et al. 2017 | 0.940 0.936 0.944 2.12
Gargeya et al. 2017 | 0.930 0.918 0.942 0.24
Gargeya et al. 2017 | 0.900 0.873 0.927 0.05
Gulshan et al. 2019 | 0.889 0.878 0.900 0.28
Gulshan et al. 2016 | 0.975 0.972 0.978 2.74
Gulshan et al. 2016 | 0.961 0.952 0.970 0.42
Keel et al. 2018 | 0.923 0.869 0.977 0.01
Krause et al. 2018 | @.970 0.962 0.978 0.60
Li et al. 2019 | 0.969 0.966 0.973 2.13
Li Z et al. 2018 | 0.925 0.922 0.928 3.60
Nagasawa et al. 2019 | 0.947 0.924 0.970 0.07
Raju et al. 2017 | ©0.803 0.799 0.806 2.59
Ramachandran et al. | 0.846 0.814 0.878 0.03
Ramachandran et al. | 0.960 0.949 0.971 0.28
Raumviboonsuk et al. | 0.968 0.966 0.970 5.08
Raumviboonsuk et al. | 0.953 0.950 0.956 3.79
Sandhu et al. 2018 | 0.925 0.884 0.966 0.02
Sayres et al. 2019 | @.915 0.903 0.927 0.23
Stevenson et al. 201 | 0.810 0.794 0.826 0.14
Ting et al. 2017 (a) | 0.905 0.903 0.907 5.15
Ting et al. 2017 (b) | 0.987 0.985 0.989 6.55
Ting et al. 2017 (c) | 0.971 0.965 0.977 0.94
Ting et al. 2017 (d) | 0.993 0.991 0.995 4.32
Ting et al. 2017 (e) | 1.000 1.000 1.000 15.40
Ting et al. 2017 (f) | 0.944 0.930 0.958 0.18
Ting et al. 2017 (g) | 0.988 0.983 0.993 1.40
Ting et al. 2017 (h) | 0.989 0.985 0.993 1.74
Ting et al. 2017 (i) | 0.918 0.902 0.934 0.14
Ting et al. 2017 (j) | 0.993 0.988 0.998 1.51
Ting et al. 2017 (k) | 1.000 1.000 1.000 15.40
Verbraak et al. 2019 | 1.000 1.000 1.000 15.40
Verbraak et al. 2019 | 0.794 0.772 0.816 0.07
Yang et al. 2019 | ©0.988 0.978 0.998 0.38
D+L pooled ES | 0.976 0.975 0.977 100.00

Heterogeneity chi-squared = 30174.23 (d.f. = 39) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.9%

Estimate of between-study variance Tau-squared = 0.0000

Test of ES=0 : z= 3206.98 p = 0.000
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Supplementary Figure 10 — Pooled specificity for diagnosing features of diabetic
retinopathy on retinal fundus photography

Study | ES [95% Conf. Intervall] % Weight
_____________________ A o
Abramoff et al. 2016 | 0.870 0.854 0.886 2.64
Abramoff et al. 2018 | 0.907 0.887 0.927 2.59
Arcadu et al. 2019 ( | 0.944 0.931 0.957 2.67
Arcadu et al. 2019 ( | 0.940 0.929 0.951 2.69
Bellemo et al. 2019 | 0.890 0.879 0.901 2.69
Gargeya et al. 2017 | 0.980 0.978 0.982 2.74
Gargeya et al. 2017 | 0.870 0.854 0.886 2.64
Gargeya et al. 2017 | 0.940 0.918 0.962 2.57
Gulshan et al. 2019 | 0.922 0.912 0.932 2.70
Gulshan et al. 2016 | 0.934 0.929 0.939 2.73
Gulshan et al. 2016 | 0.939 0.928 0.950 2.69
Kanagasingham et al. | 0.920 0.893 0.947 2.49
Keel et al. 2018 | 0.937 0.888 0.986 2.03
Krause et al. 2018 | 0.917 0.905 0.929 2.68
Li et al. 2019 | 0.934 0.929 0.940 2.73
Li Z et al. 2018 | 0.985 0.984 0.986 2.74
Raju et al. 2017 | 0.923 0.921 0.925 2.74
Ramachandran et al. | 0.797 0.761 0.833 2.31
Ramachandran et al. | 0.900 0.883 0.917 2.63
Raumviboonsuk et al. | 0.956 0.953 0.959 2.74
Raumviboonsuk et al. | 0.982 0.980 0.984 2.74
Sandhu et al. 2018 | 0.950 0.916 0.984 2.35
Sayres et al. 2019 | 0.947 0.937 0.957 2.70
Stevenson et al. 201 | ©0.978 0.972 0.984 2.72
Ting et al. 2017 (a) | 0.916 0.914 0.918 2.74
Ting et al. 2017 (b) | 0.816 0.810 0.822 2.72
Ting et al. 2017 (c) | 0.820 0.806 0.834 2.67
Ting et al. 2017 (d) | 0.733 0.720 0.746 2.67
Ting et al. 2017 (e) | 0.763 0.744 0.782 2.60
Ting et al. 2017 (f) | ©.885 0.866 0.904 2.60
Ting et al. 2017 (g) | 0.865 0.850 0.880 2.65
Ting et al. 2017 (h) | 0.922 0.911 0.933 2.69
Ting et al. 2017 (i) | 0.848 0.827 0.869 2.58
Ting et al. 2017 (j) | 0.831 0.810 0.852 2.58
Ting et al. 2017 (k) | 0.813 0.804 0.822 2.71
Verbraak et al. 2019 | 0.978 0.970 0.986 2.71
Verbraak et al. 2019 | 0.938 0.925 0.951 2.67
Yang et al. 2019 | 0.880 0.852 0.908 2.45
_____________________ o
D+L pooled ES | 0.902 0.889 0.916 100.00
_____________________ o

Heterogeneity chi-squared = 12048.04 (d.f. = 37) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.7%

Estimate of between-study variance Tau-squared = 0.0018

Test of ES=0 : z= 127.71 p = 0.000



Supplementary Figure 11 — Pooled accuracy for diagnosing features of diabetic
retinopathy on retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Choi et al. 2017 (a) | ©.874 0.862 0.886 21.77
Li et al. 2019 | ©0.935 0.929 0.940 22.48
Sandhu et al. 2018 | ©.938 0.900 0.975 16.06
Stevenson et al. 201 | 0.950 0.941 0.959 22.15
Xu et al. 2017 | ©0.945 0.913 0.977 17.54
_____________________ o
D+L pooled ES | 0.927 0.899 0.955 100.00
_____________________ o

Heterogeneity chi-squared = 108.70 (d.f. = 4) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 96.3%
Estimate of between-study variance Tau-squared = 0.0009

Test of ES=0 : z= 65.29 p = 0.000

45



Supplementary Figure 12 — Pooled PPV for diagnosing features of diabetic retinopathy
on retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Abramoff et al. 2016 | 0.674 0.652 0.696 25.03
Kanagasingham et al. | 0.120 0.088 0.152 24.96
Verbraak et al. 2019 | 0.364 0.338 0.390 25.00
Verbraak et al. 2019 | 0.397 0.370 0.424 25.00
_____________________ o
D+L pooled ES | 0.389 0.166 0.612 100.00
_____________________ o

Heterogeneity chi-squared = 863.79 (d.f. = 3) p = 0.000

I-squared (variation in ES attributable to heterogeneity) 99.7%

Estimate of between-study variance Tau-squared = 0.0517

Test of ES=0 : z= 3.41 p = 0.001
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Supplementary Figure 13 — Pooled NPV for diagnosing features of diabetic retinopathy
on retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Abramoff et al. 2016 | 0.990 0.985 0.995 0.04
Kanagasingham et al. | 1.000 1.000 1.000 49.08
Verbraak et al. 2019 | 1.000 1.000 1.000 50.84
Verbraak et al. 2019 | 0.989 0.983 0.995 0.03
_____________________ e
D+L pooled ES | 1.000 1.000 1.000 100.00
_____________________ o

Heterogeneity chi-squared = 32.04 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity)
Estimate of between-study variance Tau-squared = 0.0000

90.6%

Test of ES=0 : z= 20142.49 p = 0.000
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Supplementary Figure 14 — Pooled AUC for diagnosing features of age-related macular

degeneration on retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Burlina et al. 2018 | 0.960 0.957 0.963 17.11
Burlina et al. 2018 | 0.972 0.967 0.977 16.99
Keel et al. 2019 | ©.967 0.966 0.968 17.23
Matsuba et al. 2018 | 0.998 0.988 1.007 16.29
Ting et al. 2017 (m) | 0.931 0.928 0.934 17.16
Yoo et al. 2019 (b) | 0.954 0.940 0.968 15.22
_____________________ e
D+L pooled ES | ©0.963 0.948 0.979 100.00
_____________________ e

Heterogeneity chi-squared = 684.77 (d.f. = 5) p = 0.000
I-squared (variation in ES attributable to heterogeneity) =
Estimate of between-study variance Tau-squared = 0.0004

Test of ES=0 : z= 121.07 p = 0.000

99.3%
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Supplementary Figure 15 — Pooled sensitivity for diagnosing features of age-related
macular degeneration on retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Burlina et al. 2018 | 0.884 0.879 0.889 7.52
Burlina et al. 2018 | 0.890 0.881 0.899 3.46
Keel et al. 2019 | 1.000 1.000 1.000 29.59
Matsuba et al. 2018 | 1.000 1.000 1.000 29.58
Peng et al. 2019 | ©.590 0.558 0.622 0.28
Stevenson et al. 201 | 0.991 0.987 0.995 11.22
Ting et al. 2017 (m) | ©0.932 0.929 0.935 17.61
Yoo et al. 2019 (b) | ©.900 0.880 0.920 0.75
_____________________ e
D+L pooled ES | 0.973 0.971 0.974 100.00
_____________________ e e

Heterogeneity chi-squared = 5754.18 (d.f. = 7) p = 0.000
I-squared (variation in ES attributable to heterogeneity)
Estimate of between-study variance Tau-squared = ©0.0000

99.9%

Test of ES=0 : z= 1111.04 p = 0.000
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Supplementary Figure 16 — Pooled specificity for diagnosing features of age-related

macular degeneration on retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Burlina et al. 2018 | 0.941 0.937 0.945 12.93
Burlina et al. 2018 | 0.936 0.929 0.943 12.87
Keel et al. 2019 | 0.962 0.961 0.963 12.96
Matsuba et al. 2018 | 0.973 0.943 1.003 11.27
Peng et al. 2019 | 0.930 0.913 0.947 12.39
Stevenson et al. 201 | 0.889 0.876 0.902 12.59
Ting et al. 2017 (m) | ©.887 0.884 0.890 12.94
Yoo et al. 2019 (b) | ©.877 0.856 0.898 12.04
_____________________ o e e e
D+L pooled ES | 0.924 0.896 0.952 100.00
_____________________ o e e e e e

Heterogeneity chi-squared = 1930.27 (d.f. = 7) p = 0.000
I-squared (variation in ES attributable to heterogeneity) =
Estimate of between-study variance Tau-squared = 0.0016

Test of ES=0 : z= 64.87 p = 0.000

99.6%
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Supplementary Figure 17 — Pooled accuracy for diagnosing features of age-related
macular degeneration on retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ e e e
Burlina et al. 2017 | ©.794 0.783 0.805 9.10
Burlina et al. 2018 | 0.916 0.911 0.921 9.12
Burlina et al. 2018 | 0.916 0.908 0.924 9.11
Burlina et al. 2018 | 0.757 0.747 0.767 9.10
Burlina et al. 2018 | 0.591 0.578 0.604 9.10
Choi et al. 2017 (b) | ©.772 0.757 0.787 9.09
Grassman et al. 2018 | 0.633 0.624 0.642 9.11
Grassman et al. 2018 | 0.831 0.821 0.841 9.10
Peng et al. 2019 | 0.671 0.640 0.702 8.99
Stevenson et al. 201 | 0.991 0.987 0.995 9.12
Yoo et al. 2019 (b) | ©.892 0.872 0.912 9.06
_____________________ P
D+L pooled ES | 0.797 0.719 0.875 100.00
_____________________ P

Heterogeneity chi-squared = 9676.16 (d.f. = 10) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.9%
Estimate of between-study variance Tau-squared = 0.0175

Test of ES=0 : z= 19.93 p = 0.000
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Supplementary Figure 18 — Pooled AUC for diagnosing features of glaucoma on retinal
fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Ahn et al. 2018 (a) | ©.930 0.907 0.953 3.33
Ahn et al. 2018 (b) | 0.940 0.918 0.962 3.43
Al-Aswad et al. 2019 | 0.926 0.877 0.975 1.91
Christopher et al. 2 | 0.890 0.874 0.906 3.76
Christopher et al. 2 | 0.900 0.885 0.915 3.80
Christopher et al. 2 | ©.910 0.895 0.925 3.83
Gomez-Valverde et al | 0.940 0.919 0.961 3.47
Jammal et al. 2019 | ©0.801 0.766 0.836 2.59
Lee et al. 2019 | 0.939 0.906 0.972 2.72
Li et al. 2018 | ©0.986 0.983 0.989 4.23
Liu et al. 2018 (a) | 0.970 0.958 0.982 3.95
Liu et al. 2018 (b) | 0.890 0.778 1.002 0.57
Liu et al. 2019 (a) | 0.996 0.995 0.997 4.25
Liu et al. 2019 (b) | 0.995 0.994 0.996 4.25
Liu et al. 2019 (c) | 0.994 0.993 0.995 4.24
Liu et al. 2019 (d) | 0.987 0.985 0.989 4.24
Liu et al. 2019 (e) | 0.964 0.962 0.966 4.24
Liu et al. 2019 (f) | 0.923 0.917 0.929 4.17
MacCormick et al. 20 | 0.997 0.988 1.006 4.07
MacCormick et al. 20 | 0.910 0.866 0.954 2.11
Medeiros et al. 2019 | 0.944 0.938 0.950 4.18
Phan et al. 2019 | ©0.978 0.968 0.988 4.04
Phene et al. 2019 (a | 0.945 0.932 0.958 3.92
Phene et al. 2019 (b | 0.855 0.848 0.862 4.14
Phene et al. 2019 © | 0.881 0.847 0.915 2.67
Shibata et al. 2018 | 0.965 0.931 0.999 2.65
Shibata et al. 2018 | 0.863 0.799 0.927 1.37
Stevenson et al. 201 | ©.700 0.681 0.719 3.61
Ting et al. 2017 (1) | 0.942 0.940 0.944 4.24
_____________________ A e
D+L pooled ES | 0.933 0.924 0.942 100.00
_____________________ e

Heterogeneity chi-squared = 6308.69 (d.f. = 28) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.6%
Estimate of between-study variance Tau-squared = 0.0005

Test of ES=0 : z= 200.34 p = 0.000
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Supplementary Figure 19 — Pooled sensitivity for diagnosing features of glaucoma on
retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Al-Aswad et al. 2019 | 0.837 0.768 0.906 3.73
Christopher et al. 2 | 0.850 0.832 0.868 5.94
Gomez-Valverde et al | 0.870 0.840 0.900 5.54
Li et al. 2018 | ©0.956 0.952 0.960 6.20
Liu et al. 2018 (a) | ©.879 0.856 0.902 5.78
Liu et al. 2018 (b) | 0.867 0.745 0.989 2.02
Liu et al. 2019 (a) | 0.962 0.960 0.964 6.22
Liu et al. 2019 (b) | 0.961 0.958 0.964 6.21
Liu et al. 2019 (c) | 0.960 0.957 0.963 6.21
Liu et al. 2019 (d) | ©0.936 0.931 0.941 6.20
Liu et al. 2019 (e) | ©.910 0.907 0.913 6.21
Liu et al. 2019 (f) | 0.877 0.870 0.884 6.17
MacCormick et al. 20 | 1.000 1.000 1.000 6.22
Medeiros et al. 2019 | 0.760 0.749 0.771 6.12
Phene et al. 2019 (a | ©.800 0.777 0.823 5.80
Rogers et al. 2019 | ©0.809 0.730 0.888 3.30
Stevenson et al. 201 | 0.603 0.583 0.623 5.89
Ting et al. 2017 (1) | ©0.964 0.962 0.966 6.22
_____________________ o
D+L pooled ES | 0.883 0.862 0.904 100.00
_____________________ e

Heterogeneity chi-squared = 13162.61 (d.f. = 17) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.9%
Estimate of between-study variance Tau-squared = 0.0019

Test of ES=0 : z= 82.21 p = 0.000
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Supplementary Figure 20 — Pooled specificity for diagnosing features of glaucoma on
retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ P
Al-Aswad et al. 2019 | 0.882 0.822 0.942 3.92
Christopher et al. 2 | 0.800 0.780 0.820 5.81
Gomez-Valverde et al | 0.890 0.863 0.918 5.52
Li et al. 2018 | 0.920 0.914 0.926 6.16
Liu et al. 2018 (a) | 0.965 0.952 0.978 6.03
Liu et al. 2018 (b) | ©.867 0.745 0.989 1.84
Liu et al. 2019 (a) | 0.977 0.975 0.979 6.20
Liu et al. 2019 (b) | 0.971 0.969 0.973 6.19
Liu et al. 2019 (c) | ©.961 0.958 0.964 6.19
Liu et al. 2019 (d) | 0.956 0.952 0.960 6.18
Liu et al. 2019 (e) | ©0.926 0.923 0.929 6.19
Liu et al. 2019 (f) | ©.808 0.799 0.817 6.12
MacCormick et al. 20 | 0.983 0.961 1.005 5.74
Medeiros et al. 2019 | 0.950 0.945 0.955 6.17
Phene et al. 2019 (a | 0.902 0.885 0.919 5.93
Rogers et al. 2019 | 0.862 0.792 0.932 3.48
Stevenson et al. 201 | 0.950 0.941 0.959 6.12
Ting et al. 2017 (1) | ©.872 0.869 0.875 6.19
_____________________ P
D+L pooled ES | 0.918 0.898 0.938 100.00
_____________________ P

Heterogeneity chi-squared = 4898.91 (d.f. = 17) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.7%
Estimate of between-study variance Tau-squared = 0.0016

Test of ES=0 : z= 91.47 p = 0.000
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Supplementary Figure 21 — Pooled accuracy for diagnosing features of glaucoma on
retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Rogers et al. 2019 | 0.834 0.759 0.909 8.26
Medeiros et al. 2019 | 0.837 0.828 0.846 13.71
Ahn et al. 2018 (a) | 0.845 0.812 0.878 12.26
Ahn et al. 2018 (b) | 0.879 0.849 0.909 12.53
Gomez-Valverde et al | 0.881 0.852 0.909 12.61
Stevenson et al. 201 | 0.908 0.896 0.920 13.62
Liu et al. 2018 | 0.916 0.896 0.936 13.23
Li et al. 2018 | 0.929 0.923 0.935 13.79
_____________________ o
D+L pooled ES | 0.881 0.847 0.915 100.00
_____________________ o

Heterogeneity chi-squared = 305.24 (d.f. = 7) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 97.7%
Estimate of between-study variance Tau-squared = 0.0022

Test of ES=0 : z= 50.77 p = 0.000
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Supplementary Figure 22 — Pooled sensitivity for diagnosing features of plus disease in
retinopathy of prematurity on retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Brown et al. 2018 | 1.000 1.000 1.000 33.60
Redd et al. 2018 | ©.940 0.933 0.947 33.39
Zhang et al. 2019 | ©0.941 0.930 0.952 33.01
_____________________ e
D+L pooled ES | 0.960 0.913 1.008 100.00
_____________________ b

Heterogeneity chi-squared = 419.45 (d.f. = 2) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.5%
Estimate of between-study variance Tau-squared = 0.0018

Test of ES=0 : z= 39.32 p = 0.000
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Supplementary Figure 23 — Pooled specificity for diagnosing features of plus disease in
retinopathy of prematurity on retinal fundus photography

Study | ES [95% Conf. Intervall % Weight
_____________________ S
Brown et al. 2018 | ©0.940 0.893 0.987 32.72
Redd et al. 2018 | ©0.790 0.779 0.801 33.61
Zhang et al. 2019 | 0.993 0.989 0.997 33.67
_____________________ e
D+L pooled ES | ©.907 0.749 1.066 100.00
_____________________ R

Heterogeneity chi-squared = 1082.84 (d.f. = 2) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.8%
Estimate of between-study variance Tau-squared = 0.0194

Test of ES=0 : z= 11.22 p = 0.000
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Supplementary Figure 24 — Pooled AUC for diagnosing features of diabetic retinopathy
on OCT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Alqudah et al. 2019 | 0.999 0.998 1.001 6.67
Bhatia et al. 2019 ( | 0.980 0.957 1.003 0.02
Bhatia et al. 2019 ( | 0.998 0.989 1.007 0.16
Karri et al. 2017 (a | ©.860 0.712 1.008 0.00
Kermany et al. 2018 | 0.999 0.997 1.001 2.93
Kermany et al. 2018 | 1.000 1.000 1.000 44 .35
Kermany et al. 2018 | 0.987 0.977 0.997 0.12
Li et al. 2019 | 1.000 1.000 1.000 44.41
Li et al. 2019 | 0.996 0.993 0.999 1.25
Perdomo et al. 2019 | 0.860 0.847 0.873 0.07
_____________________ o
D+L pooled ES | 1.000 0.999 1.000 100.00
_____________________ o

Heterogeneity chi-squared = 479.83 (d.f. = 9) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 98.1%
Estimate of between-study variance Tau-squared = 0.0000

Test of ES=0 : z= 5643.56 p = 0.000
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Supplementary Figure 25 — Pooled sensitivity for diagnosing features of diabetic
retinopathy on OCT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Alqudah et al. 2019 | 0.960 0.949 0.971 8.63
Bhatia et al. 2019 ( | 0.960 0.928 0.992 6.90
Bhatia et al. 2019 ( | 0.960 0.922 0.998 6.22
Chan et al. 2018 | ©0.938 0.930 0.945 8.78
Das et al. 2019 | 0.996 0.992 1.000 8.89
ElTanboly et al. 201 | 0.830 0.617 1.043 0.62
Kermany et al. 2018 | 0.978 0.969 0.987 8.71
Kermany et al. 2018 | 1.000 1.000 1.000 8.93
Kermany et al. 2018 | 0.968 0.953 0.983 8.34
Li et al. 2019 | ©0.900 0.880 0.920 7.98
Li et al. 2019 | ©0.978 0.969 0.987 8.71
Li et al. 2019 | 0.986 0.980 0.992 8.84
Perdomo et al. 2019 | 0.830 0.816 0.844 8.45
_____________________ o
D+L pooled ES | 0.954 0.937 0.972 100.00
_____________________ A

Heterogeneity chi-squared = 1098.85 (d.f. = 12) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 98.9%
Estimate of between-study variance Tau-squared = ©0.0009

Test of ES=0 : z= 107.63 p = 0.000
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Supplementary Figure 26— Pooled specificity for diagnosing features of diabetic
retinopathy on OCT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Bhatia et al. 2019 ( | 0.910 0.864 0.956 0.11
Bhatia et al. 2019 ( | 0.960 0.922 0.998 0.17
Chan et al. 2018 | ©0.938 0.930 0.945 3.81
Das et al. 2019 | 0.999 0.996 1.001 16.90
ElTanboly et al. 201 | 1.000 1.000 1.000 25.65
Kermany et al. 2018 | 0.974 0.964 0.984 2.30
Kermany et al. 2018 | 1.000 1.000 1.000 25.73
Kermany et al. 2018 | 0.996 0.990 1.002 6.11
Li et al. 2019 | ©.950 0.935 0.965 1.11
Li et al. 2019 | 0.994 0.989 0.999 7.57
Li et al. 2019 | 0.991 0.986 0.996 8.05
Perdomo et al. 2019 | 0.930 0.921 0.939 2.50
_____________________ o
D+L pooled ES | ©0.993 0.991 0.994 100.00
_____________________ o

Heterogeneity chi-squared = 599.89 (d.f. = 11) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 98.2%
Estimate of between-study variance Tau-squared = 0.0000

Test of ES=0 : z= 1242.06 p = 0.000
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Supplementary Figure 27 — Pooled accuracy for diagnosing features of diabetic
retinopathy on OCT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Alqudah et al. 2019 | 0.992 0.987 0.997 9.10
Bhatia et al. 2019 ( | ©0.930 0.889 0.971 3.92
Bhatia et al. 2019 ( | 0.960 0.922 0.998 4.23
Chan et al. 2018 | ©0.938 0.930 0.945 8.88
Das et al. 2019 | ©0.996 0.992 1.000 9.16
De Fauw et al. 2018 | 0.945 0.931 0.959 7.98
De Fauw et al. 2018 | 0.966 0.933 0.999 4.93
ElTanboly et al. 201 | 0.920 0.767 1.073 0.46
Kermany et al. 2018 | 0.966 0.955 0.977 8.42
Kermany et al. 2018 | 1.000 1.000 1.000 9.28
Kermany et al. 2018 | 0.982 0.970 0.994 8.36
Li et al. 2019 | ©0.920 0.902 0.938 7.32
Li et al. 2019 | ©0.986 0.979 0.993 8.89
Li et al. 2019 | ©0.988 0.983 0.993 9.07
_____________________ o
D+L pooled ES | ©.970 0.959 0.981 100.00
_____________________ o

Heterogeneity chi-squared = 518.70 (d.f. = 13) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 97.5%
Estimate of between-study variance Tau-squared = 0.0003

Test of ES=0 : z= 177.65 p = 0.000
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Supplementary Figure 28 — Pooled AUC for diagnosing features of age-related macular
degeneration on OCT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Alqudah et al. 2019 | 1.000 1.000 1.000 10.06
Bhatia et al. 2019 ( | 0.890 0.859 0.921 6.76
Bhatia et al. 2019 ( | 0.990 0.974 1.006 8.92
Bhatia et al. 2019 ( | 0.990 0.970 1.010 8.45
Bhatia et al. 2019 ( | 0.980 0.956 1.004 7.87
Bhatia et al. 2019 ( | 0.990 0.973 1.007 8.82
Karri et al. 2017 (b | 0.890 0.756 1.024 1.01
Kermany et al. 2018 | 1.000 0.998 1.001 10.04
Lee et al. 2017 | 0.928 0.924 0.932 10.00
Prahs et al. 2017 | 0.968 0.963 0.973 9.95
Treder et al. 2017 | 0.997 0.986 1.008 9.51
Yoo et al. 2019 (a) | 0.914 0.896 0.932 8.62
_____________________ o
D+L pooled ES | 0.969 0.955 0.983 100.00
_____________________ o

Heterogeneity chi-squared = 1918.19 (d.f. = 11) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.4%
Estimate of between-study variance Tau-squared = 0.0005

Test of ES=0 : z= 133.73 p = 0.000
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Supplementary Figure 29 — Pooled sensitivity for diagnosing features of age-related

macular degeneration on OCT scans
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Supplementary Figure 30 — Pooled specificity for diagnosing features of age-related
macular degeneration on OCT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Bhatia et al. 2019 ( | 0.790 0.749 0.831 5.08
Bhatia et al. 2019 ( | @.950 0.915 0.985 5.44
Bhatia et al. 2019 ( | 0.920 0.867 0.973 4.30
Bhatia et al. 2019 ( | 0.640 0.559 0.721 2.88
Bhatia et al. 2019 ( | 0.940 0.900 0.980 5.13
Hwang et al. 2019 (a | 0.978 0.974 0.983 6.83
Hwang et al. 2019 (b | 0.990 0.987 0.994 6.85
Hwang et al. 2019 (c | 0.990 0.987 0.993 6.85
Hwang et al. 2019 (d | ©0.972 0.960 0.984 6.67
Hwang et al. 2019 (e | 0.916 0.896 0.936 6.34
Hwang et al. 2019 (f | ©0.980 0.970 0.990 6.72
Kermany et al. 2018 | 0.992 0.984 1.000 6.78
Lee et al. 2017 | 0.915 0.911 0.919 6.84
Motozawa et al. 2019 | 0.918 0.890 0.946 5.92
Prahs et al. 2017 | 0.941 0.935 0.947 6.81
Treder et al. 2017 | 0.920 0.867 0.973 4.30
Yoo et al. 2019 (a) | ©.883 0.862 0.904 6.28
_____________________ o
D+L pooled ES | ©.932 0.914 0.950 100.00
_____________________ o

Heterogeneity chi-squared = 1513.56 (d.f. = 16) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 98.9%
Estimate of between-study variance Tau-squared = 0.0012

Test of ES=0 : z= 101.40 p = 0.000
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Supplementary Figure 31 — Pooled accuracy for diagnosing features of age-related
macular degeneration on OCT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Alqudah et al. 2019 | 1.000 1.000 1.000 5.47
Bhatia et al. 2019 ( | 0.890 0.859 0.921 5.16
Bhatia et al. 2019 ( | 0.950 0.915 0.985 5.08
Bhatia et al. 2019 ( | 0.960 0.922 0.998 5.01
Bhatia et al. 2019 ( | 0.870 0.813 0.927 4.56
Bhatia et al. 2019 ( | 0.950 0.913 0.987 5.05
De Fauw et al. 2018 | 0.945 0.931 0.959 5.40
De Fauw et al. 2018 | ©0.966 0.933 0.999 5.13
Hwang et al. 2019 (a | ©.907 0.898 0.916 5.44
Hwang et al. 2019 (b | ©0.914 0.905 0.923 5.45
Hwang et al. 2019 (c | 0.927 0.918 0.935 5.45
Hwang et al. 2019 (d | ©0.959 0.944 0.973 5.40
Hwang et al. 2019 (e | 0.912 0.892 0.932 5.34
Hwang et al. 2019 (f | 0.969 0.957 0.982 5.42
Kermany et al. 2018 | 0.990 0.981 0.999 5.45
Lee et al. 2017 | 0.876 0.872 0.880 5.47
Motozawa et al. 2019 | 0.990 0.980 1.000 5.44
Treder et al. 2017 | ©.960 0.922 0.998 5.01
Yoo et al. 2019 (a) | 0.833 0.809 0.857 5.28
_____________________ o
D+L pooled ES | 0.936 0.906 0.965 100.00
_____________________ o

Heterogeneity chi-squared = 4454.61 (d.f. = 18) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.6%
Estimate of between-study variance Tau-squared = 0.0042

Test of ES=0 : z= 61.81 p = 0.000
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Supplementary Figure 32 — Pooled AUC for diagnosing features of glaucoma on OCT
scans

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Asaoka et al. 2019 | 0.937 0.903 0.971 15.52
Asaoka et al. 2019 ( | ©0.948 0.918 0.978 16.70
Asaoka et al. 2019 ( | ©0.994 0.982 1.006 22.48
Maetshke et al. 2019 | 0.940 0.896 0.984 12.45
Muhammad et al. 2017 | 0.945 0.901 0.989 12.49
Zheng et al. 2019 | 0.990 0.971 1.009 20.35
_____________________ o
D+L pooled ES | 0.964 0.941 0.986 100.00
_____________________ o

Heterogeneity chi-squared = 22.44 (d.f. = 5) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 77.7%
Estimate of between-study variance Tau-squared = 0.0006

Test of ES=0 : z= 83.44 p = 0.000
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Supplementary Figure 33 — Pooled AUC for diagnosing lung nodules on CT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ A
Al-Shabi et al. 2019 | 0.956 0.942 0.970 3.32
Causey et al. 2018 ( | 0.984 0.972 0.996 3.35
Causey et al. 2018 ( | 0.974 0.953 0.995 3.15
Chae et al. 2019 | 0.850 0.760 0.940 1.28
Cheng et al. 2016 (b | 0.984 0.977 0.991 3.42
da Silva et al. 2017 | 0.949 0.919 0.979 2.89
da Silva et al. 2018 | 0.955 0.946 0.964 3.40
Dai et al. 2018 | 0.969 0.946 0.992 3.10
Gruetzemacher et al. | 0.932 0.918 0.947 3.31
Liu et al. 2017 | 0.732 0.684 0.780 2.33
Monkam et al. 2018 | 0.870 0.857 0.883 3.34
Nibali et al. 2017 | 0.946 0.911 0.980 2.77
Onishi et al. 2019 | 0.841 0.748 0.934 1.24
Paul et al. 2018 | 0.940 0.910 0.970 2.90
Sahu et al. 2019 | ©.980 0.956 1.004 3.08
Setio et al. 2016 (a | 0.969 0.959 0.979 3.38
Shaffie et al. 2018 | 0.957 0.943 0.972 3.30
Shen et al. 2017 | ©.930 0.917 0.943 3.33
Song et al. 2017 (a) | 0.910 0.902 0.918 3.41
Tan et al. 2019 | 0.960 0.937 0.983 3.11
Tran et al. 2019 | 0.982 0.974 0.990 3.41
Uthoff et al. 2019 | 0.965 0.929 1.001 2.72
Xie et al. 2018 | 0.966 0.958 0.974 3.41
Xie et al. 2019 | @.957 0.948 0.966 3.40
Zhang et al. 2019 | 0.710 0.601 0.819 1.00
Zhang et al. 2019 | 0.969 0.958 0.979 3.37
Zhang S et al. 2019 | 0.994 0.989 0.999 3.43
Zhang T et al. 2017 | 0.932 0.920 0.944 3.35
Zhao X et al. 2018 | 0.877 0.853 0.901 3.09
Zhao X et al. 2019 ( | 0.910 0.897 0.922 3.34
Zhao X et al. 2019 ( | 0.940 0.930 0.950 3.38
Zhao X et al. 2019 ( | ©.910 0.898 0.923 3.35
Zhao X et al. 2019 ( | 0.882 0.868 0.896 3.32
_____________________ o
D+L pooled ES | 0.937 0.924 0.949 100.00
_____________________ o o

Heterogeneity chi-squared = 1066.67 (d.f. = 32) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 97.0%
Estimate of between-study variance Tau-squared = 0.0012

Test of ES=0 : z= 142.58 p = 0.000



Supplementary Figure 34 — Pooled sensitivity for diagnosing lung nodules on CT scans

Study | ES [95% Conf. Intervall % Weight
Al-Shabi et al. 2019 | 0.887 0.865 0.908 2.05
Ali et al. 2018 | 0.589 0.552 0.626 2.01
Causey et al. 2018 ( | 0.948 0.927 0.969 2.05
Causey et al. 2018 ( | 0.885 0.842 0.928 1.99
Cheng et al. 2016 (b | 0.908 0.893 0.923 2.07
Ciompi et al. 2017 ( | 0.822 0.792 0.852 2.03
Ciompi et al. 2017 ( | 0.828 0.799 0.857 2.04
Ciompi et al. 2017 ( | 0.649 0.612 0.686 2.01
Ciompi et al. 2017 ( | 0.874 0.848 0.900 2.04
Ciompi et al. 2017 ( | 0.604 0.566 0.642 2.01
Ciompi et al. 2017 ( | 0.643 0.606 0.680 2.01
da Silva et al. 2017 | 0.947 0.915 0.978 2.03
da Silva et al. 2018 | 0.922 0.910 0.934 2.07
Dai et al. 2018 | 0.913 0.874 0.951 2.01
Gruetzemacher et al. | 0.893 0.875 0.910 2.06
Hamidian et al. 2017 | 0.800 0.723 0.877 1.82
Hua et al. 2015 (a) | 0.733 0.716 0.750 2.06
Hua et al. 2015 (b) | 0.734 0.717 0.751 2.06
Jiang et al. 2018 | 0.801 0.796 0.805 2.08
Kang et al. 2017 | ©.984 0.976 0.993 2.07
Li et al. 2016 | ©.890 0.884 0.896 2.07
Li et al. 2019 | 0.862 0.838 0.886 2.05
Liu et al. 2019 | 0.873 0.845 0.901 2.04
Monkam et al. 2018 | ©.838 0.824 0.852 2.07
Nagi et al. 2018 | 0.956 0.942 0.970 2.07
Nasrullah et al. 201 | 0.940 0.930 0.949 2.07
Nibali et al. 2017 | 0.911 0.867 0.954 1.99
Onishi et al. 2019 | ©0.978 0.941 1.015 2.01
Ren et al. 2019 | o.810 0.732 0.888 1.82
Sahu et al. 2019 | 0.894 0.841 0.947 1.95
Setio et al. 2016 (a | 0.901 0.884 0.918 2.06
Setio et al. 2016 (c | 0.765 0.737 0.793 2.04
Shaffie et al. 2018 | 0.850 0.824 0.876 2.04
Shen et al. 2017 | 0.770 0.748 0.792 2.05
Song et al. 2017 (a) | 0.840 0.829 0.850 2.07
Song et al. 2017 (b) | 0.807 0.796 0.818 2.07
Song et al. 2017 (c) | 0.840 0.829 0.850 2.07
Tran et al. 2019 | 0.960 0.949 0.971 2.07
Tu et al. 2017 (a) | 0.961 0.876 1.046 1.77
Tu et al. 2017 (b) | 0.869 0.721 1.017 1.37
Tu et al. 2017 (c) | 0.921 0.803 1.039 1.56
Uthoff et al. 2019 | 1.000 1.000 1.000 2.08
Xie et al. 2018 | 0.842 0.826 0.858 2.06
Xie et al. 2019 | 0.865 0.850 0.880 2.07
Ye et al. 2019 (a) | ©.950 0.926 0.974 2.05
Zhang C et al. 2019 | 0.960 0.906 1.014 1.94
Zhang et al. 2019 | ©.800 0.704 0.896 1.70
Zhang S et al. 2019 | 0.974 0.962 0.985 2.07
Zhang T et al. 2017 | 0.935 0.923 0.947 2.07
Zhao X et al. 2019 ( | 0.894 0.881 0.908 2.07
D+L pooled ES | 0.860 0.831 0.890 100.00

Heterogeneity chi-squared = 18153.44 (d.f. = 49) p = 0.000
I-squared (variation in ES attributable to heterogeneity) =
Estimate of between-study variance Tau-squared = 0.0109

Test of ES=0 : z= 57.09 p = 0.000
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Supplementary Figure 35 — Pooled specificity for diagnosing lung nodules on CT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Ali et al. 2018 | ©.553 0.515 0.591 3.30
Causey et al. 2018 ( | 0.943 0.921 0.965 3.47
Causey et al. 2018 ( | 0.942 0.911 0.973 3.37
Cheng et al. 2016 (b | 0.981 0.974 0.988 3.55
da Silva et al. 2017 | 0.951 0.922 0.981 3.39
da Silva et al. 2018 | 0.986 0.981 0.991 3.55
Dai et al. 2018 | 0.917 0.879 0.954 3.30
Hua et al. 2015 (a) | ©0.787 0.771 0.803 3.51
Hua et al. 2015 (b) | ©.822 0.807 0.837 3.52
Jung et al. 2018 | 0.993 0.988 0.998 3.56
Kang et al. 2017 | 0.898 0.876 0.919 3.47
Nagi et al. 2018 | 0.970 0.958 0.982 3.53
Nasrullah et al. 201 | 0.898 0.886 0.910 3.53
Nibali et al. 2017 | 0.884 0.835 0.933 3.14
Onishi et al. 2019 | 0.778 0.673 0.883 2.20
Ren et al. 2019 | 0.950 0.907 0.993 3.23
Sahu et al. 2019 | 0.956 0.921 0.991 3.33
Shaffie et al. 2018 | 0.959 0.944 0.973 3.52
Shen et al. 2017 | 0.930 0.917 0.943 3.52
Song et al. 2017 (a) | 0.843 0.833 0.853 3.54
Song et al. 2017 (b) | 0.839 0.829 0.849 3.54
Song et al. 2017 (c) | ©0.813 0.803 0.824 3.54
Tran et al. 2019 | 0.973 0.964 0.982 3.54
Uthoff et al. 2019 | ©.960 0.922 0.998 3.29
Xie et al. 2018 | ©.920 0.908 0.932 3.53
Xie et al. 2019 | 0.940 0.929 0.951 3.54
Zhang C et al. 2019 | 0.880 0.790 0.970 2.45
Zhang et al. 2019 | 0.530 0.410 0.650 1.98
Zhang S et al. 2019 | 0.963 0.949 0.976 3.52
Zhang T et al. 2017 | 0.902 0.888 0.916 3.52
_____________________ e e e e e e
D+L pooled ES | 0.896 0.871 0.921 100.00
_____________________ e

Heterogeneity chi-squared = 3448.11 (d.f. = 29) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.2%
Estimate of between-study variance Tau-squared = 0.0047

Test of ES=0 : z= 69.50 p = 0.000
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Supplementary Figure 36 — Pooled accuracy for diagnosing lung nodules on CT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ e e e e e
Al-Shabi et al. 2019 | 0.885 0.863 0.906 2.77
Ali et al. 2018 | 0.644 0.608 0.680 2.60
Causey et al. 2018 ( | 0.946 0.924 0.968 2.77
Causey et al. 2018 ( | 0.913 0.875 0.951 2.58
Chen et al. 2019 | 0.901 0.891 0.911 2.86
Cheng et al. 2016 (b | 0.944 0.932 0.956 2.84
Ciompi et al. 2017 ( | 0.729 0.695 0.763 2.63
da Silva et al. 2017 | 0.948 0.917 0.979 2.67
da Silva et al. 2018 | 0.976 0.970 0.983 2.87
Dai et al. 2018 | 0.915 0.877 0.952 2.58
Li et al. 2016 | ©0.864 0.857 0.871 2.87
Nagi et al. 2018 | ©0.969 0.957 0.981 2.84
Nasrullah et al. 201 | 0.888 0.876 0.900 2.84
Nibali et al. 2017 | ©0.899 0.853 0.945 2.46
Nishio et al. 2018 | 0.680 0.598 0.762 1.86
Paul et al. 2018 | ©0.869 0.826 0.912 2.51
Ren et al. 2019 | ©0.900 0.841 0.959 2.24
Sahu et al. 2019 | 0.932 0.888 0.975 2.50
Shaffie et al. 2018 | 0.912 0.891 0.933 2.78
Shen et al. 2017 | ©0.871 0.854 0.889 2.81
Song et al. 2017 (a) | 0.841 0.831 0.852 2.85
Song et al. 2017 (b) | ©.824 0.813 0.834 2.85
Song et al. 2017 (c) | 0.826 0.815 0.836 2.85
Tan et al. 2019 | ©0.895 0.859 0.930 2.61
Tran et al. 2019 | 0.972 0.963 0.981 2.86
Tu et al. 2017 (c) | 0.917 0.796 1.038 1.33
Uthoff et al. 2019 | ©0.980 0.953 1.007 2.71
Xie et al. 2018 | 0.895 0.882 0.909 2.84
Xie et al. 2019 | 0.916 0.904 0.928 2.84
Zhang C et al. 2019 | 0.920 0.845 0.995 1.98
Zhang et al. 2019 | 0.780 0.681 0.879 1.61
Zhang et al. 2019 | 0.938 0.923 0.953 2.83
Zhang T et al. 2017 | 0.950 0.940 0.960 2.85
Zhao X et al. 2018 | 0.822 0.794 0.850 2.71
Zhao X et al. 2019 ( | 0.923 0.911 0.934 2.85
Zhao X et al. 2019 ( | 0.943 0.933 0.953 2.85
Zhao X et al. 2019 ( | 0.938 0.928 0.949 2.85
Zhao X et al. 2019 ( | 0.817 0.800 0.834 2.81
_____________________ e e
D+L pooled ES | 0.889 0.870 0.908 100.00
_____________________ e

Heterogeneity chi-squared = 2248.96 (d.f. = 37) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 98.4%
Estimate of between-study variance Tau-squared = 0.0033

Test of ES=0 : z= 91.93 p = 0.000



Supplementary Figure 37 — Pooled PPV for diagnosing lung nodules on CT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Al-Shabi et al. 2019 | 0.874 0.851 0.896 6.04
Ali et al. 2018 | 0.542 0.504 0.580 5.97
Cheng et al. 2016 (b | ©0.916 0.901 0.931 6.06
Ciompi et al. 2017 ( | 0.892 0.868 0.916 6.03
Ciompi et al. 2017 ( | ©.889 0.865 0.913 6.03
Ciompi et al. 2017 ( | ©.436 0.398 0.474 5.97
Ciompi et al. 2017 ( | ©.874 0.848 0.900 6.02
Ciompi et al. 2017 ( | ©.784 0.752 0.816 6.00
Ciompi et al. 2017 ( | ©.327 0.291 0.363 5.98
Li et al. 2019 | ©.570 0.536 0.604 5.99
Liu et al. 2019 | 0.797 0.763 0.831 5.99
Nibali et al. 2017 | 0.893 0.847 0.940 5.92
Shaffie et al. 2018 | 0.940 0.923 0.957 6.05
Tu et al. 2017 (a) | 0.996 0.968 1.024 6.02
Tu et al. 2017 (b) | ©.880 0.738 1.022 4.94
Tu et al. 2017 (c) | ©.878 0.735 1.021 4.93
Xie et al. 2019 | ©0.877 0.863 0.892 6.06
_____________________ e e
D+L pooled ES | 0.785 0.711 0.858 100.00
_____________________ O

Heterogeneity chi-squared = 2117.43 (d.f. = 16) p = 0.000
I-squared (variation in ES attributable to heterogeneity) =
Estimate of between-study variance Tau-squared = 0.0231

Test of ES=0 : z= 20.94 p = 0.000

99.
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Supplementary Figure 38 — Pooled F1 score for diagnosing lung nodules on CT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Ciompi et al. 2017 ( | 0.633 0.596 0.670 10.71
Ciompi et al. 2017 ( | 0.892 0.868 0.916 11.23
Ciompi et al. 2017 ( | 0.647 0.610 0.684 10.72
Ciompi et al. 2017 ( | 0.773 0.741 0.805 10.92
Ciompi et al. 2017 ( | 0.779 0.747 0.811 10.93
Ciompi et al. 2017 ( | 0.792 0.761 0.823 10.96
Li et al. 2016 | 0.877 0.870 0.884 11.59
Monkam et al. 2018 | ©.830 0.816 0.844 11.48
Xie et al. 2019 | ©0.871 0.856 0.886 11.47
_____________________ e e
D+L pooled ES | ©0.790 0.747 0.834 100.00
_____________________ e

Heterogeneity chi-squared = 383.12 (d.f. = 8) p = 0.000
I-squared (variation in ES attributable to heterogeneity) =
Estimate of between-study variance Tau-squared = 0.0042

Test of ES=0 : z= 35.61 p = 0.000

97.9%
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Supplementary Figure 39 — Pooled AUC for diagnosing lung cancer on CT scans

Study | ES [95% Conf. Intervall] % Weight
_____________________ e
Alakwaa et al. 2017 | 0.830 0.794 0.866 24.51
Ardila et al. 2019 ( | 0.944 0.939 0.949 30.26
Ardila et al. 2019 ( | 0.955 0.943 0.967 29.63
Beig et al. 2019 | @.740 0.669 0.811 15.60
_____________________ o
D+L pooled ES | ©.887 0.847 0.928 100.00
_____________________ e

Heterogeneity chi-squared = 72.91 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 95.9%
Estimate of between-study variance Tau-squared = 0.0014

Test of ES=0 : z= 43.08 p = 0.000
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Supplementary Figure 40 — Pooled sensitivity for diagnosing lung cancer on CT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Ardila et al. 2019 ( | 0.837 0.828 0.846 28.07
Beig et al. 2019 | ©0.770 0.702 0.838 20.07
Chakravarthy et al. | 0.950 0.911 0.989 24.94
Hussein et al. 2019 | 0.782 0.758 0.806 26.92
_____________________ e
D+L pooled ES | 0.837 0.780 0.894 100.00
_____________________ e e

Heterogeneity chi-squared = 55.37 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 94.6%
Estimate of between-study variance Tau-squared = 0.0030

Test of ES=0 : z= 28.79 p = 0.000
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Supplementary Figure 41 — Pooled specificity for diagnosing lung cancer on CT scans

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Ardila et al. 2019 ( | 0.950 0.945 0.955 27.01
Beig et al. 2019 | 0.630 0.551 0.709 22.51
Chakravarthy et al. | 0.850 0.786 0.914 23.84
Hussein et al. 2019 | 0.846 0.825 0.867 26.65
_____________________ A
D+L pooled ES | 0.826 0.735 0.918 100.00
_____________________ o

Heterogeneity chi-squared = 158.55 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 98.1%
Estimate of between-study variance Tau-squared = 0.0080

Test of ES=0 : z= 17.77 p = 0.000
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Supplementary Figure 42 — Pooled accuracy for diagnosing lung cancer on CT scans

Study | ES [95% Conf. Intervall] % Weight
_____________________ e e
Alakwaa et al. 2017 | 0.866 0.833 0.899 17.37
Beig et al. 2019 | ©.680 0.604 0.756 12.07
Chakravarthy et al. | 0.900 0.846 0.954 14.82
Hussein et al. 2019 | 0.817 0.795 0.840 18.34
Togacar et al. 2020 | 0.812 0.735 0.889 12.00
Togacar et al. 2020 | 0.891 0.830 0.952 13.92
Togacar et al. 2020 | 0.781 0.700 0.862 11.47
_____________________ o
D+L pooled ES | 0.827 0.784 0.870 100.00
_____________________ o

Heterogeneity chi-squared = 32.75 (d.f. = 6) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 81.7%
Estimate of between-study variance Tau-squared = 0.0025

Test of ES=0 : z= 37.58 p = 0.000
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Supplementary Figure 43 — Pooled AUC for diagnosing abnormal Chest X-rays

Study | ES [95% Conf. Intervall % Weight
_____________________ e e e
Baltruschat et al. 2 | 0.819 0.814 0.824 9.18
Bar et al. 2018 (a) | ©.920 0.882 0.958 8.70
Dunnmon et al. 2019 | ©.960 0.943 0.977 9.09
Hwang et al. 2019 | 0.950 0.937 0.963 9.13
Hwang et al. 2019 (a | 0.965 0.954 0.976 9.15
Hwang et al. 2019 (b | 0.979 0.970 0.988 9.16
Liu H et al. 2019 (o | ©.815 0.813 0.817 9.19
Park et al. 2019 (e) | ©0.985 0.968 1.002 9.09
Wang et al. 2018 (a) | 0.821 0.793 0.849 8.93
Wang et al. 2019 (o) | 0.896 0.892 0.900 9.19
Yates et al. 2018 | ©0.980 0.976 0.984 9.19
_____________________ e e e
D+L pooled ES | 0.917 0.869 0.966 100.00
_____________________ P

Heterogeneity chi-squared = 7563.94 (d.f. = 10) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.9%
Estimate of between-study variance Tau-squared = 0.0067

Test of ES=0 : z= 37.00 p = 0.000
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Supplementary Figure 44 — Pooled sensitivity for diagnosing abnormal Chest X-rays

Study | ES [95% Conf. Intervall] % Weight
_____________________ e e e e e e e e e e e e
Annarumma et al. 201 | 0.650 0.643 0.657 14.32
Dunnmon et al. 2019 | 0.990 0.982 0.998 14.32
Hwang et al. 2019 | ©.887 0.869 0.905 14.27
Hwang et al. 2019 (a | 0.920 0.904 0.936 14.29
Hwang et al. 2019 (b | 0.979 0.970 0.988 14.32
Wang et al. 2018 (a) | ©.740 0.708 0.772 14.17
Yates et al. 2018 | ©0.946 0.940 0.952 14.32
_____________________ e
D+L pooled ES | 0.873 0.762 0.985 100.00
_____________________ P

Heterogeneity chi-squared = 5386.18 (d.f. = 6) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.9%
Estimate of between-study variance Tau-squared = 0.0225

Test of ES=0 : z= 15.39 p = 0.000
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Supplementary Figure 45 — Pooled specificity for diagnosing abnormal Chest X-rays

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Annarumma et al. 201 | 0.940 0.936 0.944 14.84
Dunnmon et al. 2019 | ©.880 0.852 0.908 13.56
Hwang et al. 2019 | ©.669 0.642 0.696 13.58
Hwang et al. 2019 (a | 0.950 0.937 0.963 14.56
Hwang et al. 2019 (b | 0.880 0.860 0.900 14.15
Park et al. 2019 (e) | ©.990 0.976 1.004 14.52
Yates et al. 2018 | 0.934 0.927 0.941 14.79
_____________________ o
D+L pooled ES | ©.894 0.860 0.929 100.00
_____________________ o

Heterogeneity chi-squared = 479.57 (d.f. = 6) p = 0.000
I-squared (variation in ES attributable to heterogeneity)
Estimate of between-study variance Tau-squared = 0.0021

98.7%

Test of ES=0 : z= 51.14 p = 0.000
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Supplementary Figure 46— Pooled accuracy for diagnosing abnormal Chest X-rays

Study | ES [95% Conf. Intervall % Weight
_____________________ A
Abiyev et al. 2018 | ©.929 0.904 0.955 33.28
Wang et al. 2018 (a) | ©0.700 0.667 0.733 32.98
Yates et al. 2018 | 0.946 0.940 0.952 33.74
_____________________ A
D+L pooled ES | 0.859 0.736 0.983 100.00
_____________________ e

Heterogeneity chi-squared = 208.00 (d.f. = 2) p = 0.000
I-squared (variation in ES attributable to heterogeneity) =
Estimate of between-study variance Tau-squared = 0.0118

Test of ES=0 : z= 13.64 p = 0.000

99.
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Supplementary Figure 47 — Pooled PPV for diagnosing abnormal Chest X-rays

Study | ES [95% Conf. Intervall] % Weight
_____________________ e e
Annarumma et al. 201 | 0.610 0.602 0.618 33.34
Wang et al. 2018 (a) | 0.943 0.926 0.960 33.31
Yates et al. 2018 | 0.998 0.997 0.999 33.35
_____________________ o
D+L pooled ES | 0.850 0.567 1.133 100.00
_____________________ e

Heterogeneity chi-squared = 9844.61 (d.f. = 2) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 100.0%
Estimate of between-study variance Tau-squared = 0.0626

Test of ES=0 : z= 5.89 p = 0.000
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Supplementary Figure 48 — Pooled F1 score for diagnosing abnormal Chest X-rays

Study | ES [95% Conf. Intervall] % Weight
_____________________ o e e e e e e e e e e e e e e e e e e e e e e e e e
Annarumma et al. 201 | 0.630 0.622 0.638 33.46
Dunnmon et al. 2019 | ©0.930 0.908 0.952 33.35
Wang et al. 2018 (a) | 0.720 0.688 0.752 33.19
_____________________ A e
D+L pooled ES | 0.760 0.558 0.962 100.00
_____________________ o e e et

Heterogeneity chi-squared = 669.61 (d.f. = 2) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.7%
Estimate of between-study variance Tau-squared = 0.0318

Test of ES=0 : z= 7.36 p = 0.000
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Supplementary Figure 49 — Pooled AUC for diagnosing atelectasis on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ e e
Baltruschat et al. 2 | 0.803 0.798 0.808 25.86
Liu H et al. 2019 (a | 0.781 0.779 0.783 25.94
Rajpurkar et al. 201 | 0.862 0.829 0.895 22.31
Wang et al. 2019 (a) | 0.856 0.852 0.860 25.89
_____________________ e e
D+L pooled ES | ©0.824 0.783 0.866 100.00
_____________________ e e

Heterogeneity chi-squared = 902.65 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.7%
Estimate of between-study variance Tau-squared = 0.0017

Test of ES=0 : z= 38.87 p = 0.000
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Supplementary Figure 50 — Pooled AUC for diagnosing cardiomegaly on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ o e e e e e e
Baltruschat et al. 2 | 0.885 0.881 0.889 14.90
Bar et al. 2018 (b) | 0.960 0.932 0.988 13.56
Cicero et al. 2017 ( | 0.875 0.862 0.888 14.60
Liu H et al. 2019 (b | ©.885 0.883 0.887 14.93
Rajpurkar et al. 201 | 0.831 0.795 0.867 12.75
Singh et al. 2018 (d | 0.936 0.918 0.954 14.33
Wang et al. 2019 (b) | 0.957 0.955 0.959 14.93
_____________________ e e e e
D+L pooled ES | ©.905 0.871 0.938 100.00
_____________________ P

Heterogeneity chi-squared = 2257.90 (d.f. = 6) p = 0.000

I-squared (variation in ES attributable to heterogeneity) 99.7%

Estimate of between-study variance Tau-squared = 0.0019

Test of ES=0 : z= 53.04 p = 0.000
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Supplementary Figure 51 — Pooled AUC for diagnosing consolidation on Chest X-ray

Study | ES [95% Conf. Interval] % Weight
_____________________ o
Baltruschat et al. 2 | 0.795 0.790 0.800 12.56
Behzadi-Khormouji et | 0.985 0.975 0.995 12.54
Behzadi-Khormouji et | @.995 0.989 1.001 12.56
Behzadi-Khormouji et | 0.869 0.841 0.896 12.36
Cicero et al. 2017 ( | 0.850 0.836 0.864 12.51
Liu H et al. 2019 (i | ©.743 0.740 0.746 12.57
Rajpurkar et al. 201 | ©0.893 0.863 0.923 12.33
Wang et al. 2019 (i) | ©.870 0.866 0.874 12.57
_____________________ o
D+L pooled ES | 0.875 0.800 0.949 100.00
_____________________ o

Heterogeneity chi-squared = 8667.29 (d.f. = 7) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.9%
Estimate of between-study variance Tau-squared = 0.0115

Test of ES=0 : z= 23.02 p = 0.000
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Supplementary Figure 52 — Pooled sensitivity for diagnosing consolidation on Chest X-

ray

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Behzadi-Khormouji et | 0.971 0.958 0.985 25.02
Behzadi-Khormouji et | 0.987 0.978 0.996 25.08
Behzadi-Khormouji et | ©0.958 0.942 0.974 24.96
Cicero et al. 2017 ( | 0.740 0.723 0.757 24.94
_____________________ o
D+L pooled ES | ©0.914 0.816 1.013 100.00
_____________________ o

Heterogeneity chi-squared = 629.57 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.5%
Estimate of between-study variance Tau-squared = 0.0100

Test of ES=0 : z= 18.23 p = 0.000
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Supplementary Figure 53 — Pooled specificity for diagnosing consolidation on Chest X-

ray

Study | ES [95% Conf. Intervall % Weight
_____________________ e e e
Behzadi-Khormouji et | 0.859 0.830 0.887 25.04
Behzadi-Khormouji et | ©0.864 0.836 0.891 25.05
Behzadi-Khormouji et | 0.530 0.490 0.571 24.64
Cicero et al. 2017 ( | 0.750 0.733 0.767 25.28
_____________________ e e
D+L pooled ES | 0.751 0.637 0.866 100.00
_____________________ o

Heterogeneity chi-squared = 220.10 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 98.6%
Estimate of between-study variance Tau-squared = 0.0134

Test of ES=0 : z= 12.89 p = 0.000
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Supplementary Figure 54 — Pooled accuracy for diagnosing consolidation on Chest X-

ray

Study | ES [95% Conf. Intervall % Weight
_____________________ O
Behzadi-Khormouji et | 0.933 0.913 0.953 33.74
Behzadi-Khormouji et | 0.945 0.926 0.964 33.91
Behzadi-Khormouji et | 0.809 0.777 0.841 32.34
_____________________ e
D+L pooled ES | 0.897 0.828 0.966 100.00
_____________________ e

Heterogeneity chi-squared = 54.81 (d.f. 2) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 96.4%
Estimate of between-study variance Tau-squared = 0.0035

Test of ES=0 : z= 25.59 p = 0.000
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Supplementary Figure 55 — Pooled AUC for diagnosing edema on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ A o
Baltruschat et al. 2 | 0.891 0.887 0.895 20.23
Cicero et al. 2017 ( | 0.868 0.855 0.881 19.98
Liu H et al. 2019 (j | 0.842 0.840 0.844 20.25
Rajpurkar et al. 201 | 0.924 0.899 0.949 19.29
Wang et al. 2019 (j) | 0.943 0.940 0.946 20.25
_____________________ A
D+L pooled ES | 0.893 0.843 0.944 100.00
_____________________ o

Heterogeneity chi-squared = 3149.41 (d.f. = 4) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.9%
Estimate of between-study variance Tau-squared = 0.0033

Test of ES=0 : z= 34.47 p = 0.000
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Supplementary Figure 56 — Pooled AUC for diagnosing effusion on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ P
Baltruschat et al. 2 | 0.871 0.867 0.875 14.51
Cicero et al. 2017 ( | 0.962 0.954 0.970 14.46
Liu H et al. 2019 (c | ©.832 0.830 0.834 14.52
Park et al. 2019 (c) | 0.995 0.985 1.005 14.42
Rajpurkar et al. 201 | 0.901 0.872 0.930 13.69
Singh et al. 2018 (b | 0.863 0.838 0.888 13.88
Wang et al. 2019 (c) | ©.919 0.916 0.922 14.51
_____________________ e e e e e
D+L pooled ES | 0.906 0.862 0.950 100.00
_____________________ P

Heterogeneity chi-squared = 3179.51 (d.f. = 6) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.8%
Estimate of between-study variance Tau-squared = 0.0035

Test of ES=0 : z= 40.30 p = 0.000
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Supplementary Figure 57 — Pooled AUC for diagnosing emphysema on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ P
Baltruschat et al. 2 | 0.892 0.888 0.896 27 .40
Liu H et al. 2019 (k | 0.921 0.919 0.923 27.51
Rajpurkar et al. 201 | ©.704 0.660 0.748 17.60
Wang et al. 2019 (k) | ©0.959 0.957 0.961 27 .48
_____________________ P
D+L pooled ES | 0.885 0.855 0.916 100.00
_____________________ A e e e

Heterogeneity chi-squared = 1103.77 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.7%
Estimate of between-study variance Tau-squared = 0.0009

Test of ES=0 : z= 56.88 p = 0.000
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Supplementary Figure 58 — Pooled AUC for diagnosing fibrosis on Chest X-ray

Study | ES [95% Conf. Intervall] % Weight
_____________________ o
Baltruschat et al. 2 | 0.800 0.795 0.805 26.29
Liu H et al. 2019 (1 | 0.835 0.833 0.837 26.39
Rajpurkar et al. 201 | 0.806 0.768 0.844 20.97
Wang et al. 2019 (1) | 0.889 0.885 0.893 26.35
_____________________ e e e e e e
D+L pooled ES | 0.834 0.796 0.872 100.00
_____________________ e e e e

Heterogeneity chi-squared = 863.35 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.7%
Estimate of between-study variance Tau-squared = 0.0014

Test of ES=0 : z= 42.85 p = 0.000
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Supplementary Figure 59 — Pooled AUC for diagnosing hiatus hernia on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ e e
Baltruschat et al. 2 | 0.855 0.850 0.860 26.15
Liu H et al. 2019 (n | 0.911 0.909 0.913 26.25
Rajpurkar et al. 201 | 0.851 0.817 0.885 21.37
Wang et al. 2019 (n) | ©0.951 0.948 0.954 26.23
_____________________ e e e
D+L pooled ES | ©.894 0.858 0.930 100.00
_____________________ e

Heterogeneity chi-squared = 1393.94 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.8%
Estimate of between-study variance Tau-squared = 0.0013

Test of ES=0 : z= 48.04 p = 0.000
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Supplementary Figure 60 — Pooled AUC for diagnosing infiltration on Chest X-ray

Study | ES [95% Conf. Intervall] % Weight
_____________________ o
Baltruschat et al. 2 | 0.699 0.693 0.705 26.33
Liu H et al. 2019 (d | 0.700 0.697 0.703 26.44
Rajpurkar et al. 201 | 0.721 0.678 0.764 20.87
Wang et al. 2019 (d) | 0.776 0.771 0.781 26.36
_____________________ e e e e e
D+L pooled ES | 0.724 0.682 0.767 100.00
_____________________ e e

Heterogeneity chi-squared = 694.76 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.6%
Estimate of between-study variance Tau-squared = ©0.0018

Test of ES=0 : z= 33.30 p = 0.000
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Supplementary Figure 61 — Pooled AUC for diagnosing a mass on Chest X-ray

Study | ES [95% Conf. Intervall] % Weight
_____________________ o
Baltruschat et al. 2 | 0.822 0.817 0.827 11.39
Cha et al. 2019 (a) | ©.732 0.709 0.755 10.95
Cha et al. 2019 (b) | 0.899 0.873 0.925 10.78
Liu H et al. 2019 (e | 0.815 0.813 0.817 11.41
Majkowska et al. 201 | 0.910 0.897 0.923 11.25
Majkowska et al. 201 | 0.940 0.929 0.951 11.31
Rajpurkar et al. 201 | 0.909 0.881 0.937 10.73
Singh et al. 2018 (a | 0.843 0.817 0.869 10.78
Wang et al. 2019 (e) | 0.905 0.901 0.909 11.40
_____________________ o
D+L pooled ES | 0.864 0.827 0.901 100.00
_____________________ o

Heterogeneity chi-squared = 2353.83 (d.f. = 8) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.7%
Estimate of between-study variance Tau-squared = 0.0031

Test of ES=0 : z= 45.80 p = 0.000
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Supplementary Figure 62 — Pooled sensitivity for diagnosing a mass on Chest X-ray

Study | ES [95% Conf. Intervall] % Weight
_____________________ o
Cha et al. 2019 (a) | 0.768 0.747 0.789 19.97
Cha et al. 2019 (b) | 0.920 0.896 0.944 19.94
Majkowska et al. 201 | 0.534 0.511 0.557 19.95
Majkowska et al. 201 | 0.861 0.846 0.876 20.04
Pesce et al. 2019 | ©.920 0.914 0.926 20.09
_____________________ o
D+L pooled ES | ©.801 0.683 0.919 100.00
_____________________ o

Heterogeneity chi-squared = 1162.43 (d.f. = 4) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.7%
Estimate of between-study variance Tau-squared = ©.0180

Test of ES=0 : z= 13.30 p = 0.000
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Supplementary Figure 63 — Pooled AUC for diagnosing lung nodules on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Baltruschat et al. 2 | 0.726 0.720 0.732 7.92
Liang et al. 2019 | ©0.916 0.862 0.970 6.98
Liu H et al. 2019 (f | 0.765 0.763 0.767 7.93
Majkowska et al. 201 | 0.720 0.699 0.741 7.78
Majkowska et al. 201 | ©.910 0.897 0.923 7.88
Nam et al. 2018 (a) | 0.960 0.944 0.976 7.84
Nam et al. 2018 (b) | 0.920 0.880 0.960 7.40
Nam et al. 2018 (c) | 0.990 0.976 1.004 7.86
Nam et al. 2018 (d) | 0.940 0.905 0.975 7.52
Nam et al. 2018 (e) | 0.960 0.929 0.991 7.59
Park et al. 2019 (a) | 0.971 0.948 0.994 7.74
Rajpurkar et al. 201 | 0.894 0.865 0.923 7.63
Wang et al. 2019 (f) | 0.832 0.827 0.837 7.93
_____________________ o
D+L pooled ES | ©.884 0.842 0.925 100.00
_____________________ o

Heterogeneity chi-squared = 3267.83 (d.f. = 12) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.6%
Estimate of between-study variance Tau-squared = 0.0057

Test of ES=0 : z= 41.74 p = 0.000
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Supplementary Figure 64 — Pooled sensitivity for diagnosing lung nodules on Chest X-

ray

Study | ES [95% Conf. Intervall % Weight
_____________________ e e e e e e
Liang et al. 2019 | ©.766 0.683 0.849 9.70
Majkowska et al. 201 | 0.441 0.418 0.464 10.17
Majkowska et al. 201 | 0.824 0.807 0.841 10.18
Nam et al. 2018 (b) | 0.790 0.731 0.849 9.94
Nam et al. 2018 (c) | 0.911 0.870 0.952 l10.07
Nam et al. 2018 (d) | 0.712 0.646 0.778 9.88
Nam et al. 2018 (e) | 0.880 0.828 0.932 10.00
Park et al. 2019 (a) | 0.843 0.793 0.893 10.01
Sim et al. 2019 | ©0.673 0.640 0.706 10.12
Wang et al. 2017 | ©.659 0.598 0.720 9.92
_____________________ e
D+L pooled ES | @©.750 0.634 0.866 100.00
_____________________ e e e e e e

Heterogeneity chi-squared = 879.60 (d.f. = 9) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.0%
Estimate of between-study variance Tau-squared = 0.0343

Test of ES=0 : z= 12.66 p = 0.000
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Supplementary Figure 65 — Pooled specificity for diagnosing lung nodules on Chest X-

ray

Study | ES [95% Conf. Intervall % Weight
_____________________ O
Liang et al. 2019 | ©.887 0.825 0.949 9.18
Majkowska et al. 201 | 0.975 0.968 0.982 13.82
Majkowska et al. 201 | 0.849 0.833 0.865 13.47
Nam et al. 2018 (b) | 0.950 0.918 0.982 12.26
Nam et al. 2018 (c) | 0.980 0.960 1.000 13.19
Nam et al. 2018 (d) | 1.000 1.000 1.000 13.92
Nam et al. 2018 (e) | 0.930 0.889 0.971 11.36
Wang et al. 2017 | ©0.959 0.933 0.985 12.79
_____________________ e e e
D+L pooled ES | ©.944 0.912 0.976 100.00
_____________________ e

Heterogeneity chi-squared = 442.61 (d.f. = 7) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 98.4%
Estimate of between-study variance Tau-squared = 0.0019

Test of ES=0 : z= 57.39 p = 0.000
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Supplementary Figure 66 — Pooled PPV for diagnosing lung nodules on Chest X-ray

Study | ES [95% Conf. Intervall] % Weight
_____________________ o
Liang et al. 2019 | 0.857 0.788 0.926 13.82
Majkowska et al. 201 | 0.777 0.758 0.796 14.39
Majkowska et al. 201 | 0.492 0.470 0.514 14.37
Nam et al. 2018 (b) | 0.949 0.917 0.981 14.30
Nam et al. 2018 (c) | 0.991 0.977 1.005 14.41
Nam et al. 2018 (d) | 1.000 1.000 1.000 14.44
Nam et al. 2018 (e) | 0.951 0.916 0.986 14.27
_____________________ o
D+L pooled ES | ©0.860 0.736 0.984 100.00
_____________________ o

Heterogeneity chi-squared = 2583.29 (d.f. = 6) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.8%
Estimate of between-study variance Tau-squared = 0.0277

Test of ES=0 : z= 13.59 p = 0.000
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Supplementary Figure 67 — Pooled F1 score for diagnosing lung nodules on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ A
Nam et al. 2018 (b) | ©.870 0.821 0.919 24.23
Nam et al. 2018 (c) | 0.949 0.917 0.981 27.74
Nam et al. 2018 (d) | 0.832 0.778 0.886 23.03
Nam et al. 2018 (e) | 0.912 0.867 0.957 24.99
_____________________ e
D+L pooled ES | ©0.894 0.842 0.945 100.00
_____________________ e e e e e

Heterogeneity chi-squared = 16.14 (d.f. = 3) p = 0.001
I-squared (variation in ES attributable to heterogeneity) = 81.4%
Estimate of between-study variance Tau-squared = 0.0022

Test of ES=0 : z= 34.10 p = 0.000
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Supplementary Figure 68 — Pooled AUC for diagnosing pleural thickening on Chest X-

ray
Study | ES [95% Conf. Intervall % Weight

_____________________ e

Baltruschat et al. 2 | 0.790 0.785 0.795 25.72

Liu H et al. 2019 (m | 0.791 0.789 0.793 25.77

Rajpurkar et al. 201 | 0.798 0.760 0.836 22.77

Wang et al. 2019 (m) | 0.883 0.879 0.887 25.75

_____________________ o

D+L pooled ES | ©.816 0.762 0.870 100.00

_____________________ o

Heterogeneity chi-squared = 1613.85 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.8%
Estimate of between-study variance Tau-squared = 0.0029

Test of ES=0 : z= 29.87 p = 0.000
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Supplementary Figure 69 — Pooled AUC for diagnosing pneumonia on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ A
Baltruschat et al. 2 | 0.744 0.738 0.750 7.80
Kermany et al. 2018 | 0.968 0.954 0.982 7.78
Liang et al. 2019 (a | ©0.953 0.936 0.970 7.76
Liang et al. 2019 (b | ©0.840 0.811 0.869 7.68
Liang et al. 2019 (c | ©0.769 0.736 0.802 7.64
Liang et al. 2019 (d | ©.655 0.618 0.692 7.60
Liang et al. 2019 (e | ©0.930 0.910 0.950 7.74
Liu H et al. 2019 (g | ©0.719 0.716 0.722 7.81
Patel et al. 2019 | ©.938 0.871 1.005 7.17
Rajpurkar et al. 201 | 0.851 0.817 0.885 7.63
Wang et al. 2019 (g) | ©0.869 0.865 0.873 7.80
Zech et al. 2018 (a) | 0.931 0.928 0.934 7.81
Zech et al. 2018 (b) | 0.815 0.803 0.827 7.78
_____________________ o
D+L pooled ES | 0.845 0.782 0.907 100.00
_____________________ o

Heterogeneity chi-squared = 13615.43 (d.f. = 12) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.9%
Estimate of between-study variance Tau-squared = 0.0130

Test of ES=0 : z= 26.49 p = 0.000
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Supplementary Figure 70 — Pooled sensitivity for diagnosing pneumonia on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Kermany et al. 2018 | 0.932 0.912 0.952 9.92
Liang et al. 2019 (a | 0.967 0.953 0.981 10.96
Liang et al. 2019 (b | 0.951 0.934 0.968 10.45
Liang et al. 2019 (c | 0.964 0.949 0.979 10.86
Liang et al. 2019 (d | 0.841 0.812 0.870 8.19
Liang et al. 2019 (e | 0.967 0.953 0.981 10.96
Patel et al. 2019 | 0.900 0.817 0.983 2.37
Togacar et al. 2019 | 0.985 0.979 0.991 12.02
Zech et al. 2018 (a) | 0.950 0.948 0.952 12.21
Zech et al. 2018 (b) | 0.974 0.969 0.979 12.07
_____________________ o
D+L pooled ES | 0.951 0.936 0.965 100.00
_____________________ o

Heterogeneity chi-squared = 244.15 (d.f. = 9) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 96.3%
Estimate of between-study variance Tau-squared = 0.0004

Test of ES=0 : z= 130.79 p = 0.000

104



Supplementary Figure 71 — Pooled specificity for diagnosing pneumonia on Chest X-ray

Study | ES [95% Conf. Intervall] % Weight
_____________________ o
Kermany et al. 2018 | 0.901 0.878 0.924 20.16
Patel et al. 2019 | 0.767 0.650 0.884 19.25
Togacar et al. 2019 | 0.979 0.972 0.986 20.20
Zech et al. 2018 (a) | 0.706 0.701 0.711 20.20
Zech et al. 2018 (b) | 0.230 0.217 0.243 20.19
_____________________ o
D+L pooled ES | 0.716 0.480 0.953 100.00
_____________________ o

Heterogeneity chi-squared = 10719.13 (d.f. = 4) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 100.0%
Estimate of between-study variance Tau-squared = 0.0721

Test of ES=0 : z= 5.94 p = 0.000
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Supplementary Figure 72 — Pooled accuracy for diagnosing pneumonia on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Kermany et al. 2018 | 0.928 0.908 0.948 19.98
Stephen et al. 2019 | 0.937 0.927 0.948 20.00
Togacar et al. 2019 | 0.982 0.976 0.988 20.01
Zech et al. 2018 (a) | 0.732 0.727 0.737 20.01
Zech et al. 2018 (b) | ©0.238 0.224 0.252 20.00
_____________________ e
D+L pooled ES | ©0.763 0.559 0.968 100.00
_____________________ o

Heterogeneity chi-squared = 11481.58 (d.f. = 4) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 100.0%
Estimate of between-study variance Tau-squared = 0.0546

Test of ES=0 : z= 7.30 p = 0.000
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Supplementary Figure 73 — Pooled PPV for diagnosing pneumonia on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Liang et al. 2019 (a | 0.891 0.867 0.915 12.50
Liang et al. 2019 (b | ©0.723 0.688 0.758 12.49
Liang et al. 2019 (c | 0.792 0.760 0.824 12.49
Liang et al. 2019 (d | ©0.916 0.894 0.938 12.50
Liang et al. 2019 (e | ©.857 0.830 0.884 12.50
Togacar et al. 2019 | 0.979 0.972 0.986 12.51
Zech et al. 2018 (a) | 0.279 0.274 0.284 12.51
Zech et al. 2018 (b) | 0.013 0.009 0.017 12.51
_____________________ e
D+L pooled ES | 0.681 0.367 0.995 100.00
_____________________ e e

Heterogeneity chi-squared = 71571.34 (d.f. = 7) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 100.0%
Estimate of between-study variance Tau-squared = 0.2056

Test of ES=0 : z= 4.25 p = 0.000
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Supplementary Figure 74 — Pooled F1 score for diagnosing pneumonia on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Liang et al. 2019 (a | 0.927 0.907 0.947 15.25
Liang et al. 2019 (b | ©.822 0.792 0.852 14.84
Liang et al. 2019 (c | ©0.869 0.843 0.895 15.01
Liang et al. 2019 (d | 0.877 0.851 0.903 15.04
Liang et al. 2019 (e | 0.908 0.885 0.931 15.17
Patel et al. 2019 | ©0.800 0.689 0.911 9.09
Togacar et al. 2019 | 0.982 0.976 0.988 15.59
_____________________ e e e e e
D+L pooled ES | ©.889 0.838 0.941 100.00
_____________________ o

Heterogeneity chi-squared = 252.61 (d.f. = 6) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 97.6%
Estimate of between-study variance Tau-squared = 0.0045

Test of ES=0 : z= 33.71 p = 0.000
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Supplementary Figure 75 — Pooled AUC for diagnosing pneumothorax on Chest X-ray

Study | ES [95% Conf. Intervall] % Weight
_____________________ o
Baltruschat et al. 2 | 0.870 0.866 0.874 7.16
Cicero et al. 2017 ( | 0.861 0.847 0.875 7.12
Liu H et al. 2019 (h | 0.866 0.864 0.868 7.17
Majkowska et al. 201 | 0.950 0.940 0.960 7.14
Majkowska et al. 201 | 0.940 0.929 0.951 7.14
Park et al. 2019 | 0.984 0.973 0.995 7.14
Park et al. 2019 (d) | 0.995 0.985 1.005 7.14
Rajpurkar et al. 201 | 0.944 0.922 0.966 7.05
Taylor et al. 2018 ( | 0.960 0.951 0.969 7.15
Taylor et al. 2018 ( | 0.940 0.930 0.950 7.14
Taylor et al. 2018 ( | 0.750 0.747 0.753 7.16
Taylor et al. 2018 ( | 0.750 0.747 0.753 7.16
Wang et al. 2019 | 0.991 0.982 1.000 7.15
Wang et al. 2019 (h) | 0.941 0.938 0.944 7.16
_____________________ o
D+L pooled ES | 0.910 0.863 0.957 100.00
_____________________ e e e e

Heterogeneity chi-squared = 19917.43 (d.f. = 13) p = 0.000
I-squared (variation in ES attributable to heterogeneity)
Estimate of between-study variance Tau-squared = 0.0079

99.9%

Test of ES=0 : z= 38.24 p = 0.000
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Supplementary Figure 76 — Pooled sensitivity for diagnosing pneumothorax on Chest X-

ray

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Cicero et al. 2017 ( | 0.780 0.764 0.796 11.11
Majkowska et al. 201 | 0.648 0.626 0.670 11.11
Majkowska et al. 201 | 0.728 0.708 0.748 11.11
Park et al. 2019 | ©0.897 0.870 0.924 11.10
Park et al. 2019 (d) | 1.000 1.000 1.000 11.12
Taylor et al. 2018 ( | 0.800 0.782 0.818 11.11
Taylor et al. 2018 ( | 0.840 0.824 0.856 11.11
Taylor et al. 2018 ( | 0.280 0.277 0.283 11.12
Taylor et al. 2018 ( | 0.490 0.487 0.493 11.12
_____________________ e e
D+L pooled ES | ©.718 0.433 1.004 100.00
_____________________ o

Heterogeneity chi-squared = 4.1le+05 (d.f. = 8) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 100.0%
Estimate of between-study variance Tau-squared = ©0.1909

Test of ES=0 : z= 4.93 p = 0.000
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Supplementary Figure 77 — Pooled specificity for diagnosing pneumothorax on Chest X-

ray

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Cicero et al. 2017 ( | ©.780 0.764 0.796 12.40
Majkowska et al. 201 | 0.997 0.994 1.000 12.58
Majkowska et al. 201 | 0.908 0.895 0.921 12.47
Park et al. 2019 | ©.964 0.948 0.980 12.40
Taylor et al. 2018 ( | ©0.970 0.963 0.977 12.54
Taylor et al. 2018 ( | ©0.900 0.887 0.913 12.46
Taylor et al. 2018 ( | 0.970 0.969 0.971 12.58
Taylor et al. 2018 ( | 0.850 0.848 0.852 12.58
_____________________ e e e
D+L pooled ES | 0.918 0.870 0.965 100.00
_____________________ e

Heterogeneity chi-squared = 12176.25 (d.f. = 7) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.9%
Estimate of between-study variance Tau-squared = 0.0047

Test of ES=0 : z= 37.56 p = 0.000
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Supplementary Figure 78 — Pooled PPV for diagnosing pneumothorax on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ e e e e e e e e e e e e e
Majkowska et al. 201 | 0.900 0.886 0.914 16.68
Majkowska et al. 201 | 0.487 0.465 0.509 16.63
Taylor et al. 2018 ( | ©.710 0.690 0.730 16.64
Taylor et al. 2018 ( | 0.450 0.428 0.472 16.63
Taylor et al. 2018 ( | ©.280 0.277 0.283 16.71
Taylor et al. 2018 ( | 0.150 0.148 0.152 16.71
_____________________ P
D+L pooled ES | ©0.496 0.369 0.623 100.00
_____________________ e e e e e e e e e e e e e e e e e

Heterogeneity chi-squared = 18934.81 (d.f. = 5) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 100.
Estimate of between-study variance Tau-squared = 0.0252

Test of ES=0 : z= 7.64 p = 0.000
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Supplementary Figure 79 — Pooled AUC for diagnosing tuberculosis on Chest X-ray

Hwang et al. 2018 (f | 0.996 0.985 1.007 2.45
Hwang et al. 2018 (g | 0.977 0.965 0.989 2.14
Lakhani et al. 2017 | 0.980 0.958 1.002 0.60
Lakhani et al. 2017 | 0.970 0.943 0.997 0.41
Lakhani et al. 2017 | 0.990 0.974 1.006 1.16
Pasa et al. 2019 | 0.925 0.890 0.960 0.25
Qin et al. 2019 (a) | 0.940 0.927 0.953 1.61
Qin et al. 2019 (b) | 0.940 0.927 0.953 1.61
Qin et al. 2019 (c) | 0.920 0.905 0.935 1.25
_____________________ o
D+L pooled ES | ©0.979 0.978 0.981 100.00
_____________________ e e e e
Heterogeneity chi-squared = 4153.52 (d.f. = 15) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.6%

Estimate of between-study variance Tau-squared = ©0.0000

Test of ES=0 : z= 1097.17 p = 0.000
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Supplementary Figure 80 — Pooled sensitivity for diagnosing tuberculosis on Chest X-

ray
Study | ES [95% Conf. Intervall % Weight
_____________________ e
Hwang et al. 2018 (b | 0.952 0.921 0.983 0.12
Hwang et al. 2018 (c | 0.943 0.905 0.981 0.08
Hwang et al. 2018 (d | 1.000 1.000 1.000 32.85
Hwang et al. 2018 (e | 1.000 1.000 1.000 32.85
Hwang et al. 2018 (f | 1.000 1.000 1.000 32.84
Hwang et al. 2018 (g | 0.947 0.930 0.964 0.37
Lakhani et al. 2017 | 0.920 0.877 0.963 0.06
Lakhani et al. 2017 | 0.920 0.877 0.963 0.06
Lakhani et al. 2017 | 0.973 0.947 0.999 0.17
Lakhani et al. 2017 | 0.973 0.947 0.999 0.17
Qin et al. 2019 (a) | ©.580 0.552 0.608 0.14
Qin et al. 2019 (b) | 0.710 0.684 0.736 0.17
Qin et al. 2019 (c) | ©0.470 0.442 0.498 0.14
_____________________ e
D+L pooled ES | 0.998 0.997 0.999 100.00
_____________________ e e e e e e e e e e e e e e e e e e e e e e e e e

Heterogeneity chi-squared = 2791.50 (d.f. = 12) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 99.6%
Estimate of between-study variance Tau-squared = 0.0000

Test of ES=0 : z= 1850.98 p = 0.000
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Supplementary Figure 81 — Pooled specificity for diagnosing tuberculosis on Chest X-

ray
Study | ES [95% Conf. Intervall % Weight
_____________________ e
Hwang et al. 2018 (b | 1.000 1.000 1.000 49.49
Hwang et al. 2018 (c | 0.957 0.923 0.991 0.02
Hwang et al. 2018 (d | 0.914 0.872 0.956 0.02
Hwang et al. 2018 (e | 0.980 0.959 1.001 0.06
Hwang et al. 2018 (f | 0.938 0.897 0.979 0.02
Hwang et al. 2018 (g | 0.911 0.889 0.933 0.06
Lakhani et al. 2017 | 0.947 0.911 0.983 0.02
Lakhani et al. 2017 | 0.987 0.969 1.005 0.08
Lakhani et al. 2017 | 0.947 0.911 0.983 0.02
Lakhani et al. 2017 | 1.000 1.000 1.000 49.45
Qin et al. 2019 (a) | ©.970 0.960 0.980 0.30
Qin et al. 2019 (b) | 0.960 0.949 0.971 0.23
Qin et al. 2019 (c) | 0.960 0.949 0.971 0.23
_____________________ e e
D+L pooled ES | 1.000 0.999 1.000 100.00
_____________________ e e e e e e e e e e e e e e e e e e e e e e e e e

Heterogeneity chi-squared = 253.28 (d.f. = 12) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 95.3%
Estimate of between-study variance Tau-squared = 0.0000

Test of ES=0 : z= 3707.41 p = 0.000
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Supplementary Figure 82— Pooled accuracy for diagnosing tuberculosis on Chest X-ray

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Lakhani et al. 2017 | 0.933 0.893 0.973 9.59
Lakhani et al. 2017 | ©.953 0.919 0.987 10.87
Lakhani et al. 2017 | ©0.960 0.929 0.991 11.43
Lakhani et al. 2017 | 0.987 0.969 1.005 14.33
Pasa et al. 2019 | ©.862 0.816 0.908 8.54
Qin et al. 2019 (a) | 0.940 0.927 0.953 15.19
Qin et al. 2019 (b) | 0.940 0.927 0.953 15.19
Qin et al. 2019 (c) | 0.920 0.905 0.935 14.86
_____________________ e
D+L pooled ES | ©0.940 0.921 0.959 100.00
_____________________ e e e e

Heterogeneity chi-squared = 45.40 (d.f. = 7) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 84.6%
Estimate of between-study variance Tau-squared = ©0.0006

Test of ES=0 : z= 95.85 p = 0.000
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SupplementaryFigure 83 — Pooled AUC for diagnosing breast cancer on mammogram

Study | ES [95% Conf. Intervall] % Weight
_____________________ o
Agnes et al. 2020 | ©0.990 0.979 1.001 2.65
Akselrod-Ballin et a | 0.720 0.653 0.787 2.08
Al-Masni et al. 2018 | 0.965 0.931 0.998 2.50
Antropova et al. 201 | 0.860 0.817 0.903 2.39
Arevalo et al. 2016 | 0.826 0.799 0.853 2.55
Becker et al. 2017 | ©0.790 0.695 0.885 1.70
Cai et al. 2019 | 0.934 0.885 0.983 2.32
Cogan et al. 2019 | 0.951 0.913 0.989 2.45
Dhungel et al. 2017 | 0.910 0.848 0.972 2.15
Duggento et al. 2019 | 0.785 0.744 0.826 2.41
Gao et al. 2018 (b) | 0.920 0.864 0.976 2.23
Ha et al. 2019 | ©0.860 0.772 0.948 1.80
Huyng et al. 2016 | 0.810 0.779 0.841 2.52
Kim et al. 2018 | 0.841 0.802 0.880 2.44
Kim et al. 2018 | 0.906 0.890 0.922 2.62
Kooi et al. 2017 | ©0.895 0.880 0.910 2.63
Kooi et al. 2017 | ©0.906 0.902 0.910 2.66
Kooi T et al. 2017 | 0.804 0.786 0.822 2.61
Li et al. 2019 (b) | 0.905 0.892 0.918 2.64
McKinney et al. 2020 | 0.889 0.885 0.893 2.67
McKinney et al. 2020 | 0.811 0.797 0.824 2.64
Mendel et al. 2018 ( | 0.880 0.808 0.952 2.01
Qiu et al. 2017 | ©0.790 0.723 0.857 2.08
Ragab et al. 2019 (a | 0.880 0.856 0.904 2.57
Ragab et al. 2019 (b | 0.940 0.928 0.952 2.65
Ribli et al. 2018 | 0.950 0.910 0.990 2.43
Rodriguez-Ruiz et al | ©.890 0.850 0.930 2.43
Rodriguez-Ruiz et al | 0.840 0.826 0.854 2.64
Samala et al. 2017 | 0.820 0.795 0.845 2.57
Shen et al. 2019 (a) | 0.860 0.825 0.895 2.48
Shen et al. 2019 (b) | 0.850 0.814 0.886 2.47
Shen et al. 2019 (c) | 0.950 0.909 0.991 2.41
Sun et al. 2017 | ©.880 0.857 0.903 2.58
Teare et al. 2017 | 0.922 0.894 0.950 2.54
Wang et al. 2016 | 0.890 0.819 0.961 2.03
Wang et al. 2016 | 0.900 0.859 0.941 2.41
Wang et al. 2017 | 0.971 0.952 0.990 2.61
Wu et al. 2019 (a) | 0.895 0.865 0.925 2.53
Wu et al. 2019 (b) | 0.876 0.859 0.893 2.62
Yala et al. 2019 | 0.680 0.670 0.690 2.65
Yala et al. 2019 | 0.820 0.815 0.825 2.66
_____________________ o
D+L pooled ES | 0.873 0.853 0.894 100.00
_____________________ o

Heterogeneity chi-squared = 3368.73 (d.f. = 40) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 98.8%
Estimate of between-study variance Tau-squared = 0.0042

Test of ES=0 : z= 82.81 p = 0.000
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Supplementary Figure 84 — Pooled sensitivity for diagnosing breast cancer on

mammogram

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Agnes et al. 2020 | ©0.960 0.939 0.981 4.23
Al-Masni et al. 2018 | 1.000 1.000 1.000 4.24
Bandeira Diniz et al | 0.904 0.863 0.945 4.18
Bandeira Diniz et al | 0.915 0.883 0.947 4.21
Becker et al. 2017 | 0.716 0.610 0.822 3.89
Cai et al. 2019 | ©0.870 0.804 0.936 4.10
Duggento et al. 2019 | ©.844 0.807 0.881 4.20
Gao et al. 2018 (b) | 0.830 0.752 0.908 4.04
Ha et al. 2019 | 0.846 0.755 0.937 3.97
Jung et al. 2018 (a) | 0.910 0.882 0.938 4,22
Jung et al. 2018 (b) | 0.980 0.962 0.998 4.23
Kim et al. 2018 | 0.761 0.737 0.785 4.22
Li et al. 2019 | ©0.956 0.947 0.965 4.24
Li et al. 2019 (b) | 0.657 0.635 0.679 4.23
McKinney et al. 2020 | 0.681 0.676 0.687 4.24
McKinney et al. 2020 | 0.575 0.558 0.592 4.23
Peng et al. 2016 (a) | ©0.986 0.963 1.009 4.22
Peng et al. 2016 (b) | ©0.958 0.919 0.997 4.19
Qiu et al. 2017 | 0.631 0.551 0.711 4.03
Ribli et al. 2018 | 0.900 0.845 0.955 4.14
Rodriguez-Ruiz et al | ©0.860 0.816 0.904 4.18
Teare et al. 2017 | 0.901 0.870 0.932 4.21
Wang et al. 2016 | ©0.890 0.847 0.933 4.18
Wang et al. 2018 | 0.874 0.836 0.912 4.19
_____________________ e
D+L pooled ES | 0.851 0.779 0.923 100.00
_____________________ o

Heterogeneity chi-squared = 16331.45 (d.f. = 23) p = 0.000
I-squared (variation in ES attributable to heterogeneity) =
Estimate of between-study variance Tau-squared = 0.0322

Test of ES=0 : z= 23.04 p = 0.000

99.
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Supplementary Figure 85 — Pooled specificity for diagnosing breast cancer on
mammogram

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Agnes et al. 2020 | 0.960 0.939 0.981 5.85
Al-Masni et al. 2018 | 0.940 0.898 0.982 5.10
Bandeira Diniz et al | 0.964 0.938 0.990 5.72
Bandeira Diniz et al | 0.907 0.873 0.941 5.45
Becker et al. 2017 | 0.696 0.588 0.804 2.64
Cai et al. 2019 | 0.867 0.800 0.934 4.07
Duggento et al. 2019 | 0.624 0.576 0.673 4.84
Gao et al. 2018 (b) | ©.940 0.891 0.989 4.82
Ha et al. 2019 | 0.882 0.800 0.964 3.49
Kim et al. 2018 | ©.885 0.867 0.903 5.94
Li et al. 2019 | ©.954 0.944 0.963 6.10
Li et al. 2019 (b) | 0.953 0.943 0.963 6.09
McKinney et al. 2020 | 0.962 0.960 0.965 6.15
McKinney et al. 2020 | 0.865 0.853 0.877 6.05
Peng et al. 2016 (a) | 0.893 0.832 0.954 4.34
Peng et al. 2016 (b) | ©.889 0.827 0.951 4.29
Qiu et al. 2017 | 0.800 0.734 0.866 4.10
Rodriguez-Ruiz et al | 0.790 0.738 0.842 4.72
Teare et al. 2017 | ©0.783 0.740 0.826 5.08
Wang et al. 2016 | 0.900 0.859 0.941 5.16
_____________________ o
D+L pooled ES | 0.882 0.859 0.905 100.00
_____________________ o

Heterogeneity chi-squared = 667.25 (d.f. = 19) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 97.2%
Estimate of between-study variance Tau-squared = 0.0023

Test of ES=0 : z= 74.50 p = 0.000
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Supplementary Figure 86 — Pooled accuracy for diagnosing breast cancer on
mammogram

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Abdelsamea et al. 20 | 0.952 0.913 0.991 3.60
Agnes et al. 2020 | 0.965 0.945 0.985 3.84
Akselrod-Ballin et a | 0.770 0.707 0.833 3.15
Al-Antari et al. 201 | 0.929 0.887 0.970 3.56
Al-Antari et al. 201 | 0.990 0.980 0.999 3.91
Al-Masni et al. 2018 | 0.970 0.939 1.001 3.72
Bandeira Diniz et al | 0.948 0.917 0.979 3.71
Bandeira Diniz et al | 0.910 0.877 0.943 3.68
Cai et al. 2019 | 0.877 0.812 0.942 3.12
Chougrad et al. 2018 | 0.974 0.969 0.978 3.93
Chougrad et al. 2018 | 0.967 0.952 0.981 3.88
Chougrad et al. 2018 | 0.955 0.926 0.984 3.74
Dhungel et al. 2017 | 0.870 0.797 0.943 2.95
Gao et al. 2018 (b) | ©.900 0.838 0.962 3.16
Ha et al. 2019 | ©0.867 0.781 0.953 2.69
Jadoon et al. 2016 | ©0.812 0.798 0.826 3.89
Jiao et al. 2016 | 0.967 0.947 0.987 3.84
Jiao et al. 2018 (a) | 0.925 0.883 0.967 3.54
Jiao et al. 2018 (b) | 0.974 0.949 0.999 3.78
Li et al. 2019 | ©0.946 0.936 0.955 3.91
Li et al. 2019 (b) | ©.909 0.896 0.922 3.89
Peng et al. 2016 (a) | ©.960 0.922 0.998 3.60
Peng et al. 2016 (b) | @.920 0.867 0.973 3.34
Ragab et al. 2019 (a | 0.710 0.676 0.744 3.67
Ragab et al. 2019 (b | 0.736 0.714 0.758 3.82
Sun et al. 2017 | 0.824 0.797 0.851 3.76
Wang et al. 2016 | ©.850 0.769 0.931 2.78
Wang et al. 2016 | ©0.897 0.855 0.939 3.55
_____________________ o
D+L pooled ES | ©.905 0.880 0.930 100.00
_____________________ o

Heterogeneity chi-squared = 1314.10 (d.f. = 27) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 97.9%

Estimate of between-study variance Tau-squared = 0.0042

Test of ES=0 : z= 70.75 p = 0.000
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Supplementary Figure 87 — Pooled AUC for diagnosing breast cancer on ultrasound

Study | ES [95% Conf. Interval] % Weight
_____________________ o
Antropova et al. 201 | 0.900 0.882 0.918 8.27
Becker et al. 2018 | 0.840 0.788 0.892 6.58
Byra et al. 2019 (a) | 0.890 0.840 0.940 6.68
Byra et al. 2019 (b) | 0.893 0.846 0.940 6.84
Byra et al. 2019 (c) | 0.881 0.818 0.944 5.90
Cheng et al. 2016 (a | 0.896 0.870 0.922 7.95
Ciritsis et al. 2019 | 0.838 0.766 0.910 5.42
Ciritsis et al. 2019 | 0.967 0.914 1.020 6.49
Fujioka et al. 2019 | 0.913 0.863 0.963 6.66
Hizukuri et al. 2018 | 0.976 0.954 0.998 8.14
Kim et al. 2012 | 0.870 0.791 0.949 5.05
Qi et al. 2019 | 0.980 0.973 0.987 8.51
Stoffel et al. 2018 | ©.730 0.579 0.881 2.40
Tanaka et al. 2019 | 0.951 0.917 0.985 7.57
Xiao et al. 2019 | 0.930 0.895 0.965 7.54
_____________________ o
D+L pooled ES | ©.909 0.881 0.936 100.00
_____________________ o

Heterogeneity chi-squared = 169.24 (d.f. = 14) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 91.7%
Estimate of between-study variance Tau-squared = 0.0023

Test of ES=0 : z= 64.41 p = 0.000
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Supplementary Figure 88 — Pooled sensitivity for diagnosing breast cancer on
ultrasound

Study | ES [95% Conf. Intervall % Weight
_____________________ o
Becker et al. 2018 | ©.842 0.790 0.894 6.04
Byra et al. 2019 (a) | 0.848 0.791 0.905 5.89
Byra et al. 2019 (b) | 0.851 0.796 0.906 5.96
Byra et al. 2019 (c) | 0.8607 0.730 0.884 5.31
Cao et al. 2019 | ©.800 0.752 0.848 6.14
Cheng et al. 2016 (a | 0.787 0.752 0.822 6.42
Choi et al. 2019 | ©.850 0.806 0.894 6.23
Fujioka et al. 2019 | 0.958 0.922 0.994 6.40
Hizukuri et al. 2018 | 0.930 0.894 0.966 6.40
Lin et al. 2014 | 0.912 0.843 0.981 5.56
Qi et al. 2019 | ©.874 0.856 0.892 6.69
Stoffel et al. 2018 | 0.500 0.329 0.671 2.89
Tanaka et al. 2019 | ©.909 0.864 0.954 6.19
Xiao et al. 2019 | ©.887 0.844 0.930 6.25
Yap et al. 2018 (a) | ©.980 0.964 0.996 6.71
Yap et al. 2018 (b) | ©0.920 0.878 0.962 6.28
Yap et al. 2019 | ©0.568 0.468 0.668 4.63
_____________________ e e e
D+L pooled ES | 0.853 0.815 0.891 100.00
_____________________ o

Heterogeneity chi-squared = 263.56 (d.f. = 16) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 93.9%
Estimate of between-study variance Tau-squared = 0.0056

Test of ES=0 : z= 43.73 p = 0.000
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Supplementary Figure 89 — Pooled specificity for diagnosing breast cancer on
ultrasound

Study | ES [95% Conf. Intervall % Weight
_____________________ e e e
Becker et al. 2018 | ©.804 0.748 0.860 7.03
Byra et al. 2019 (a) | 0.863 0.808 0.918 7.10
Byra et al. 2019 (b) | 0.834 0.777 0.891 6.97
Byra et al. 2019 (c) | 0.854 0.785 0.923 6.25
Cheng et al. 2016 (a | 0.857 0.827 0.887 8.50
Choi et al. 2019 | ©0.954 0.928 0.980 8.69
Fujioka et al. 2019 | 0.875 0.816 0.934 6.85
Hizukuri et al. 2018 | 0.931 0.895 0.967 8.22
Lin et al. 2014 | ©.936 0.876 0.995 6.81
Qi et al. 2019 | ©0.967 0.957 0.976 9.19
Stoffel et al. 2018 | 1.000 1.000 1.000 9.27
Tanaka et al. 2019 | ©.870 0.817 0.923 7.21
Xiao et al. 2019 | ©.899 0.858 0.940 7.92
_____________________ e
D+L pooled ES | 0.901 0.870 0.931 100.00
_____________________ e

Heterogeneity chi-squared = 348.20 (d.f. = 12) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 96.6%
Estimate of between-study variance Tau-squared = 0.0026

Test of ES=0 : z= 58.32 p = 0.000
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Supplementary Figure 90 — Pooled accuracy for diagnosing breast cancer on ultrasound

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Byra et al. 2019 (a) | ©0.860 0.804 0.916 7.09
Byra et al. 2019 (b) | ©.840 0.784 0.896 7.05
Byra et al. 2019 (c) | ©0.830 0.756 0.904 6.12
Cao et al. 2019 | ©.730 0.677 0.783 7.23
Cheng et al. 2016 (a | 0.824 0.791 0.857 8.20
Chiao et al. 2019 | 0.850 0.760 0.940 5.31
Choi et al. 2019 | ©0.921 0.888 0.954 8.18
Ciritsis et al. 2019 | 0.871 0.806 0.936 6.56
Ciritsis et al. 2019 | 0.930 0.854 1.006 5.98
Fujioka et al. 2019 | 0.925 0.878 0.972 7.52
Hizukuri et al. 2018 | 0.876 0.830 0.922 7.56
Lin et al. 2014 | 0.923 0.858 0.988 6.59
Qi et al. 2019 | ©.935 0.922 0.948 8.82
Xiao et al. 2019 | ©.894 0.852 0.936 7.78
_____________________ e
D+L pooled ES | ©.873 0.841 0.906 100.00
_____________________ e e e e e e e

Heterogeneity chi-squared = 104.34 (d.f. = 13) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 87.5%
Estimate of between-study variance Tau-squared = 0.0031

Test of ES=0 : z= 52.81 p = 0.000
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Supplementary Figure 91 — Pooled F1 score for diagnosing breast cancer on ultrasound

Study | ES [95% Conf. Intervall] % Weight
_____________________ e
Cao et al. 2019 | ©.740 0.688 0.792 16.04
Cao et al. 2019 | ©0.794 0.735 0.852 15.36
Tao et al. 2019 | ©.908 0.872 0.943 17.60
Xiao et al. 2019 | ©.870 0.824 0.916 16.66
Yap et al. 2018 (a) | 0.910 0.878 0.942 17.89
Yap et al. 2018 (b) | ©0.890 0.842 0.938 16.45
_____________________ O
D+L pooled ES | 0.855 0.803 0.906 100.00
_____________________ e

Heterogeneity chi-squared = 41.29 (d.f. = 5) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 87.9%
Estimate of between-study variance Tau-squared = 0.0035

Test of ES=0 : z= 32.73 p = 0.000
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Supplementary Figure 92 — Pooled PPV for diagnosing breast cancer on ultrasound

Study | ES [95% Conf. Intervall % Weight
_____________________ e
Cao et al. 2019 | ©0.690 0.635 0.745 15.14
Cheng et al. 2016 (a | 0.822 0.789 0.855 15.94
Choi et al. 2019 | ©.895 0.857 0.933 15.79
Hizukuri et al. 2018 | 0.930 0.894 0.966 15.85
Lin et al. 2014 | 0.939 0.881 0.997 15.01
Stoffel et al. 2018 | 0.500 0.329 0.671 9.02
Yap et al. 2019 | 0.704 0.612 0.796 13.25
_____________________ e
D+L pooled ES | 0.804 0.727 0.880 100.00
_____________________ e

Heterogeneity chi-squared = 94.60 (d.f. = 6) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 93.7%
Estimate of between-study variance Tau-squared = 0.0092

Test of ES=0 : z= 20.65 p = 0.000
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Supplementary Figure 93 — Pooled NPV for diagnosing breast cancer on ultrasound

Study | ES [95% Conf. Intervall % Weight
_____________________ b
Cheng et al. 2016 (a | 0.834 0.802 0.866 20.43
Choi et al. 2019 | 0.932 0.901 0.963 20.48
Hizukuri et al. 2018 | 0.931 0.895 0.967 20.22
Lin et al. 2014 | 0.906 0.835 0.977 17.53
Stoffel et al. 2018 | 1.000 1.000 1.000 21.33
_____________________ .
D+L pooled ES | 0.922 0.851 0.992 100.00
_____________________ b

Heterogeneity chi-squared = 143.05 (d.f. = 4) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 97.2%
Estimate of between-study variance Tau-squared = ©0.0060

Test of ES=0 : z= 25.70 p = 0.000
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Supplementary Figure 94 — Pooled AUC for diagnosing breast cancer on MRI

Study | ES [95% Conf. Intervall] % Weight
_____________________ o
Antropova et al. 201 | 0.890 0.867 0.913 27 .96
Antropova et al. 201 | 0.880 0.826 0.934 9.05
Antropova et al. 201 | 0.880 0.826 0.934 9.21
Dalmis et al. 2019 | 0.852 0.823 0.881 22.22
Herent et al. 2019 | ©.816 0.757 0.875 7.94
Truhn et al. 2018 | 0.880 0.824 0.936 8.55
Zhou et al. 2019 | 0.858 0.819 0.897 15.07
_____________________ e e e
D+L pooled ES | 0.868 0.850 0.886 100.00
_____________________ e

Heterogeneity chi-squared = 8.31 (d.f. = 6) p = 0.216
I-squared (variation in ES attributable to heterogeneity) = 27.8%
Estimate of between-study variance Tau-squared = 0.0002

Test of ES=0 : z= 95.08 p = 0.000
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Supplementary Figure 95 — Pooled sensitivity for diagnosing breast cancer on MRI

Study | ES [95% Conf. Interval] % Weight
_____________________ o
Antropova et al. 201 | 0.8600 0.734 0.866 26.11
Dalmis et al. 2018 | ©0.643 0.527 0.758 18.49
Truhn et al. 2018 | ©.783 0.712 0.854 25.30
Zhou et al. 2019 | ©0.864 0.826 0.902 30.09
_____________________ o
D+L pooled ES | ©0.786 0.710 0.861 100.00
_____________________ e

Heterogeneity chi-squared = 15.39 (d.f. = 3) p = 0.002
I-squared (variation in ES attributable to heterogeneity) = 80.5%
Estimate of between-study variance Tau-squared = 0.0046

Test of ES=0 : z= 20.39 p = 0.000
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Supplementary Figure 96 — Pooled specificity for diagnosing breast cancer on MRI

Study | ES [95% Conf. Intervall] % Weight
_____________________ e
Antropova et al. 201 | 0.820 0.757 0.883 32.64
Truhn et al. 2018 | ©0.846 0.784 0.908 32.82
Zhou et al. 2019 | ©.703 0.652 0.754 34.54
_____________________ e
D+L pooled ES | ©0.788 0.697 0.880 100.00
_____________________ O

Heterogeneity chi-squared = 14.53 (d.f. = 2) p = 0.001
I-squared (variation in ES attributable to heterogeneity) = 86.2%
Estimate of between-study variance Tau-squared = ©0.0056

Test of ES=0 : z= 16.89 p = 0.000
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Supplementary Figure 97 — Pooled AUC for diagnosing breast cancer on digital breast
tomosynthesis

Study | ES [95% Conf. Intervall % Weight
_____________________ T
Fan et al. 2019 | ©0.960 0.932 0.988 22.62
Li et al. 2019 (a) | 0.917 0.904 0.930 27.57
Mendel et al. 2018 ( | 0.890 0.821 0.959 10.75
Samala et al. 2016 | ©.900 0.839 0.961 12.65
Samala et al. 2018 | ©.900 0.839 0.961 12.65
Samala et al. 2019 | ©.820 0.742 0.898 9.29
Yousefi et al. 2018 | ©.870 0.745 0.995 4.48
_____________________ e
D+L pooled ES | ©0.908 0.880 0.937 100.00
_____________________ e

Heterogeneity chi-squared = 16.32 (d.f. = 6) p = 0.012
I-squared (variation in ES attributable to heterogeneity) = 63.2%
Estimate of between-study variance Tau-squared = 0.0007

Test of ES=0 : z= 62.08 p = 0.000
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Supplementary Figure 98 — Pooled sensitivity for diagnosing breast cancer on digital
breast tomosynthesis

Study | ES [95% Conf. Interval] % Weight
_____________________ O
Fan et al. 2019 | ©.900 0.856 0.944 25.66
Li et al. 2019 (a) | ©.659 0.637 0.681 26.05
Samala et al. 2016 | ©.866 0.797 0.935 24.92
Yousefi et al. 2018 | ©.910 0.804 1.016 23.37
_____________________ e e e e e e e
D+L pooled ES | 0.831 0.675 0.988 100.00
_____________________ e

Heterogeneity chi-squared = 125.66 (d.f. = 3) p = 0.000
I-squared (variation in ES attributable to heterogeneity) = 97.6%
Estimate of between-study variance Tau-squared = 0.0243

Test of ES=0 : z= 10.41 p = 0.000
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Supplementary Figure 99 — Pooled accuracy for diagnosing breast cancer on digital
breast tomosynthesis

Study | ES [95% Conf. Intervall % Weight
_____________________ e e e
Bevilacqua et al. 20 | 0.920 0.835 1.005 2.09
Li et al. 2019 (a) | ©.918 0.906 0.930 96.95
Yousefi et al. 2018 | 0.868 0.743 0.993 0.96
_____________________ e e e
D+L pooled ES | 0.918 0.905 0.930 100.00
_____________________ e e e

Heterogeneity chi-squared = 0.61 (d.f. = 2) p = 0.738
I-squared (variation in ES attributable to heterogeneity) = 0.0%
Estimate of between-study variance Tau-squared = 0.0000

Test of ES=0 : z= 146.25 p = 0.000
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