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Ovid (MEDLINE and EMBASE) Search Strategy:
1	automat*
2	exp ARTIFICIAL INTELLIGENCE/	
3	exp MACHINE LEARNING/	
4	exp DEEP LEARNING/	
5	exp DEEP NEURAL NETWORK/	
6	exp CONVOLUTION ALGORITHM/	
7	((deep or supervised or unsupervised or machine) and learning)
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9	exp MAGNETIC RESONANCE IMAGING/	
10	exp CARDIOVASCULAR MAGNETIC RESONANCE/	
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13	(heart or cardi* or myocard* or coronar* or ventric* or LV or RV or atri*)

14	(segment* or conto* or annotat* or label*)
15	exp IMAGE SEGMENTATION/	
16	exp SEGMENTATION ALGORITHM/	
17	14 or 15 or 16	

18	8 and 12 and 13 and 17	
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	Compliance with CLAIM

	Author
	Year
	Journal
	Country
	Images
	Segmentation
	Cases
	Dataset
	Validation
	Performance evaluation
	Public code
	Study description domain
	Dataset description domain
	Model description domain
	Performance domain
	All domains

	Abdelaziz (1)
	2015
	Technical
	Algeria
	Short axis
	RV
	60
	Single centre
	Internal holdout
	Other metrics
	No
	71%
	67%
	80%
	80%
	74%

	Abdelrauof (2)
	2021
	Technical
	Egypt
	Multiple
	Both ventricles
	250
	Multiple public
	Internal holdout
	DSC & other metrics
	No
	63%
	44%
	100%
	70%
	62%

	Abdeltawab (3)
	2020
	Technical
	USA
	Short axis
	LV
	176
	Public & single centre
	External testing
	DSC & other metrics
	No
	50%
	50%
	80%
	50%
	54%

	Afshin (4)
	2014
	Technical
	Canada
	Short axis
	LV
	58
	Single centre
	Internal holdout
	Other metrics
	No
	71%
	64%
	100%
	70%
	73%

	Alandejani (5)
	2022
	Medical
	UK
	Four chamber
	RA
	365
	Multi-centre
	Internal holdout
	DSC
	No
	71%
	73%
	80%
	70%
	73%

	Albà (6)
	2015
	Technical
	Spain
	Short axis
	Both ventricles
	60
	Single centre
	Internal holdout
	Other metrics
	No
	75%
	63%
	100%
	100%
	79%

	Albà (7)
	2018
	Technical
	Spain
	Short axis
	LV
	1200
	Public
	Internal holdout
	Other metrics
	No
	71%
	64%
	80%
	40%
	61%

	Ammar (8)
	2021
	Technical
	Morocco
	Short axis
	Both ventricles & myocardium
	150
	Public
	Internal holdout
	DSC & other metrics
	No
	86%
	64%
	80%
	50%
	67%

	Ammar (9)
	2012
	Technical
	Algeria
	Short axis
	LV
	45
	Public
	Internal holdout
	Other metrics
	No
	86%
	64%
	100%
	60%
	73%

	Ankenbrand (10)
	2021
	Medical
	Germany
	Short axis
	LV
	1140
	Public
	Internal holdout
	DSC
	No
	86%
	64%
	100%
	40%
	67%

	Atehortúa  (11)
	2016
	Technical
	Colombia
	Short axis
	RV
	48
	Public & multicentre
	Internal holdout
	DSC & other metrics
	No
	75%
	75%
	100%
	50%
	72%

	Attar (12)
	2019
	Technical
	UK
	Multiple
	Both ventricles
	4275
	Public
	Internal holdout
	DSC & other metrics
	No
	86%
	55%
	80%
	60%
	67%

	Augusto (13)
	2021
	Hybrid
	UK
	Short axis
	Myocardium
	1983
	Multicentre
	External testing
	Other metrics
	No
	71%
	64%
	100%
	60%
	70%

	Avendi (14)
	2016
	Technical
	USA
	Short axis
	LV
	45
	Public
	Internal holdout
	DSC & other metrics
	No
	88%
	75%
	40%
	90%
	77%

	Avendi (15)
	2017
	Medical
	USA
	Short axis
	RV
	32
	Public
	Internal holdout
	DSC & other metrics
	No
	86%
	64%
	100%
	70%
	76%

	Bai (16)
	2018
	Medical
	UK
	Multiple
	Four chambers
	4875
	Public
	Internal holdout
	DSC & other metrics
	Yes
	86%
	58%
	100%
	70%
	74%

	Barba-J (17)
	2018
	Hybrid
	Mexico
	Short axis
	LV
	15
	Public
	External testing
	DSC & other metrics
	No
	75%
	81%
	100%
	90%
	85%

	Bartoli (18)
	2020
	Hybrid
	France
	Short axis
	LV
	449
	Multicentre
	External testing
	DSC & other metrics
	No
	75%
	44%
	0%
	40%
	44%

	Beache (19)
	2014
	Technical
	USA
	Short axis
	LV
	8
	NR
	Internal holdout
	DSC
	No
	71%
	67%
	100%
	80%
	76%

	Bhatt (20)
	2021
	Technical
	Canada
	Short axis
	Myocardium
	11
	NR
	Internal holdout
	DSC
	No
	71%
	73%
	80%
	60%
	70%

	Bhuva (21)
	2019
	Medical
	UK
	Short axis
	LV
	709
	Multicentre
	External testing
	Other metrics
	No
	38%
	56%
	80%
	60%
	56%

	Borra (22)
	2020
	Medical
	Italy
	Axial
	LA
	100
	Public
	Internal holdout
	DSC & other metrics
	No
	63%
	44%
	100%
	70%
	62%

	Brahim (23)
	2021
	Technical
	Tunisia
	Short axis
	Myocardium & scar
	150
	Public
	Internal holdout
	DSC & other metrics
	Yes
	50%
	44%
	80%
	50%
	51%

	Brodoefel (24)
	2012
	Medical
	Germany
	Short axis
	LV
	20
	Single centre
	Internal holdout
	Other metrics
	No
	75%
	56%
	100%
	60%
	67%

	Budai (25)
	2020
	Technical
	Hungary
	Short axis
	Both ventricles
	5570
	Public & single centre
	External testing
	DSC & other metrics
	Yes
	75%
	44%
	80%
	60%
	59%

	Campello (26)
	2021
	Technical
	Spain
	Short axis
	Both ventricles
	375
	Multicentre
	Internal holdout
	DSC & other metrics
	No
	88%
	50%
	60%
	50%
	59%

	Carbajal-Degante (27)
	2021
	Technical
	Mexico
	NR
	Both ventricles
	NR
	Public
	Internal holdout
	DSC & other metrics
	No
	71%
	64%
	100%
	70%
	73%

	Cardenas (28)
	2020
	Technical
	Argentina
	Short axis
	Myocardium
	15
	Public
	Internal holdout
	DSC
	No
	50%
	38%
	80%
	40%
	46%

	Carminati (29)
	2016
	Medical
	Italy
	Short axis
	Scar
	20
	Single centre
	Internal holdout
	DSC
	No
	75%
	44%
	100%
	90%
	70%

	Chang (30)
	2020
	Technical
	China
	Short axis
	Both ventricles
	150
	Public
	Internal holdout
	DSC & other metrics
	No
	71%
	64%
	80%
	40%
	61%

	Chen (31)
	2021
	Medical
	USA
	Short axis
	LV
	5143
	Public & single centre
	External testing
	DSC
	Yes
	50%
	56%
	60%
	50%
	54%

	Chen (32)
	2018
	Technical
	China
	NR
	RV
	145
	Single centre
	Internal holdout
	DSC
	No
	57%
	64%
	60%
	20%
	48%

	Chenoune (33)
	2012
	Technical
	France
	Short axis
	Myocardium
	10
	Single centre
	Internal holdout
	Other metrics
	No
	63%
	63%
	100%
	90%
	74%

	Cui (34)
	2021
	Technical
	China
	Short axis
	LV
	200
	Public
	Internal holdout
	DSC & other metrics
	No
	63%
	69%
	100%
	80%
	74%

	Curiale (35)
	2019
	Technical
	Argentina
	Short axis
	LV
	140
	Public
	Internal holdout
	DSC & other metrics
	No
	57%
	67%
	80%
	80%
	71%

	Curialea (35)
	2019
	Technical
	Argentina
	Short axis
	LV
	140
	Multiple public
	Internal holdout
	DSC & other metrics
	No
	88%
	38%
	100%
	50%
	59%

	Davies (36)
	2022
	Medical
	UK
	Multiple
	LV & myocardium
	3,309
	Multicentre
	External testing
	Other metrics
	No
	63%
	56%
	80%
	80%
	67%

	Daviller (37)
	2019
	Technical
	France
	Short axis
	Myocardium
	30
	Single centre
	Internal holdout
	DSC & other metrics
	No
	71%
	67%
	100%
	70%
	74%

	Dharanibai (38)
	2014
	Technical
	India
	Short axis
	LV
	30
	Public
	Internal holdout
	DSC & other metrics
	No
	71%
	45%
	83%
	60%
	62%

	Diller (39)
	2020
	Hybrid
	Germany
	Multiple
	Both ventricles
	395
	Multicentre
	External testing
	DSC & other metrics
	No
	75%
	38%
	100%
	20%
	49%

	Do (40)
	2020
	Medical
	USA
	Short axis
	Myocardium
	22
	Single centre
	Internal holdout
	DSC & other metrics
	No
	63%
	25%
	60%
	40%
	41%

	Dreijer (41)
	2013
	Hybrid
	South Africa
	Short axis
	LV
	78
	Multiple public
	External testing
	DSC & other metrics
	No
	63%
	44%
	100%
	50%
	56%

	Du (42)
	2020
	Technical
	China
	Short axis
	Myocardium
	20
	Public
	External testing
	DSC & other metrics
	No
	63%
	56%
	100%
	50%
	62%

	Du (43)
	2021
	Technical
	China
	Two chamber
	RV
	68
	Public
	Internal holdout
	DSC & other metrics
	No
	86%
	75%
	100%
	70%
	79%

	Du (44)
	2019
	Hybrid
	China
	Short axis
	LV
	145
	Multicentre
	Internal holdout
	DSC
	No
	86%
	67%
	100%
	80%
	79%

	Du (45)
	2020
	Hybrid
	China
	NR
	LA
	100
	Public
	Internal holdout
	DSC & other metrics
	No
	71%
	64%
	100%
	50%
	67%

	El-Rewaidy (46)
	2022
	Medical
	USA
	Short axis
	RV
	935
	Public & single centre
	External testing
	DSC & other metrics
	No
	88%
	75%
	100%
	90%
	85%

	Eslami (47)
	2013
	Technical
	Germany
	Short axis
	LV
	104
	Single centre
	Internal holdout
	DSC & other metrics
	No
	88%
	50%
	100%
	60%
	67%

	Fadil (48)
	2021
	Medical
	Singapore
	Short axis
	Both ventricles
	619
	NR
	External testing
	DSC & other metrics
	No
	88%
	69%
	100%
	90%
	82%

	Fahmy (49)
	2019
	Medical
	USA
	Short axis
	Myocardium
	665
	Single centre
	Internal holdout
	DSC & other metrics
	No
	71%
	64%
	100%
	40%
	64%

	Fahmy (50)
	2021
	Medical
	USA
	Short axis
	Scar
	191
	Multicentre
	External testing
	Other metrics
	No
	57%
	64%
	20%
	50%
	52%

	Fahmy (51)
	2020
	Medical
	USA
	Short axis
	Scar
	1073
	Multicentre
	Internal holdout
	DSC & other metrics
	No
	75%
	56%
	20%
	90%
	64%

	Farrag (52)
	2021
	Technical
	Canada
	Multiple
	Myocardium
	60
	Single centre
	Internal holdout
	DSC
	No
	71%
	64%
	100%
	70%
	73%

	Feng (53)
	2018
	Technical
	Singapore
	Multiple
	Myocardium
	30
	Single centre
	Internal holdout
	Other metrics
	No
	75%
	75%
	100%
	80%
	79%

	Feng (54)
	2016
	Technical
	China
	Short axis
	LV
	45
	Public
	External testing
	DSC
	No
	86%
	64%
	100%
	80%
	79%

	Ferreira (55)
	2020
	Medical
	UK
	Short axis
	LV
	492
	NR
	Internal holdout
	DSC
	No
	71%
	73%
	80%
	40%
	64%

	Freling (56)
	2013
	Medical
	Netherl&s
	Multiple
	RV
	65
	Single centre
	Internal holdout
	Other metrics
	No
	63%
	63%
	100%
	80%
	72%

	Gao (57)
	2013
	Medical
	UK
	Short axis
	LV
	25
	Single centre
	Internal holdout
	DSC
	No
	86%
	67%
	100%
	80%
	79%

	Ghadimi (58)
	2021
	Medical
	USA
	Short axis
	Both ventricles
	108
	Multicentre
	Internal holdout
	DSC
	Yes
	86%
	67%
	100%
	80%
	79%

	Giannakidis (59)
	2015
	Technical
	UK
	Short axis
	Scar
	13
	Single centre
	Internal holdout
	Other metrics
	No
	88%
	81%
	80%
	80%
	82%

	Gonzales (60)
	2021
	Hybrid
	USA
	Multiple
	LA
	37
	Single centre
	Internal holdout
	DSC & other metrics
	No
	88%
	63%
	100%
	80%
	77%

	Goyal (61)
	2020
	Medical
	USA
	Short axis
	LV
	21
	Single centre
	Internal holdout
	Other metrics
	No
	57%
	73%
	80%
	70%
	70%

	Goyal (62)
	2019
	Hybrid
	USA
	NR
	Both ventricles
	NR
	Single centre
	Internal holdout
	DSC
	No
	86%
	67%
	100%
	90%
	82%

	Guo (63)
	2020
	Technical
	Canada
	Short axis
	Both ventricles & myocardium
	NR
	Public
	Internal holdout
	DSC
	No
	71%
	64%
	100%
	60%
	70%

	Gupta (64)
	2018
	Medical
	Sweden
	Short axis
	LV
	20
	NR
	Internal holdout
	DSC & other metrics
	No
	71%
	64%
	100%
	20%
	58%

	Hajiaghayi (65)
	2017
	Technical
	USA
	Short axis
	LV
	33
	Single centre
	Internal holdout
	DSC & other metrics
	No
	86%
	67%
	100%
	60%
	74%

	Hann (66)
	2021
	Technical
	UK
	Short axis
	LV
	NR
	Public & single centre
	External testing
	DSC
	No
	86%
	67%
	100%
	70%
	76%

	Hautvast (67)
	2012
	Medical
	Netherl&s
	Short axis
	LV
	1555
	Public
	Internal holdout
	Other metrics
	No
	71%
	67%
	100%
	70%
	74%

	He (68)
	2020
	Technical
	China
	Short axis
	LV
	100
	Public
	Internal holdout
	DSC & other metrics
	No
	86%
	67%
	100%
	70%
	76%

	Heidenreich (69)
	2021
	Medical
	Germany
	Short axis
	Scar
	75
	Single centre
	Internal holdout
	DSC & other metrics
	No
	63%
	56%
	100%
	70%
	67%

	Ho (70)
	2021
	Medical
	Korea
	Short axis
	LV
	300
	Public
	Internal holdout
	Other metrics
	No
	88%
	69%
	100%
	80%
	79%

	Hu (71)
	2019
	Technical
	China
	Short axis
	LV
	900
	Public & single centre
	External testing
	DSC
	No
	86%
	67%
	100%
	40%
	68%

	Hu (72)
	2014
	Medical
	China
	Short axis
	LV
	45
	Public
	Internal holdout
	DSC & other metrics
	No
	88%
	63%
	100%
	70%
	74%

	Hu (73)
	2013
	Medical
	China
	Short axis
	LV
	45
	Public
	Internal holdout
	DSC
	No
	88%
	50%
	40%
	80%
	64%

	Huang (74)
	2017
	Medical
	Taiwan
	Short axis
	LV
	10
	Single centre
	Internal holdout
	Other metrics
	No
	75%
	56%
	100%
	60%
	67%

	Isensee (75)
	2018
	Technical
	Germany
	Short axis
	Both ventricles & myocardium
	150
	Public
	Internal holdout
	DSC
	No
	71%
	64%
	100%
	50%
	67%

	Kadir (76)
	2012
	Technical
	UK
	Short axis
	LV
	12
	Single centre
	Internal holdout
	Other metrics
	No
	88%
	69%
	100%
	70%
	77%

	Kar (77)
	2021
	Medical
	USA
	Short axis
	LV
	42
	Single centre
	Internal holdout
	DSC & other metrics
	Yes
	57%
	45%
	80%
	70%
	61%

	Kar (78)
	2021
	Medical
	USA
	Short axis
	LV
	42
	Single centre
	Internal holdout
	DSC & other metrics
	Yes
	63%
	50%
	100%
	50%
	59%

	Kar (79)
	2020
	Technical
	USA
	Short axis
	LV
	42
	Single centre
	N/A
	Other metrics
	Yes
	88%
	50%
	80%
	50%
	62%

	Khalifa (80)
	2012
	Technical
	USA
	NR
	LV
	26
	Single centre
	External testing
	DSC & other metrics
	No
	71%
	75%
	80%
	90%
	79%

	Khamechian (81)
	2018
	Medical
	Iran
	Short axis
	Myocardium
	37
	Public & single centre
	External testing
	Other metrics
	No
	88%
	56%
	100%
	90%
	77%

	Khened (82)
	2019
	Technical
	India
	Short axis
	Both ventricles & myocardium
	350
	Multiple public
	External testing
	DSC & other metrics
	No
	57%
	64%
	80%
	40%
	58%

	Kim (83)
	2020
	Technical
	Republic of Korea
	Short axis
	Myocardium
	145
	Public & single centre
	External testing
	DSC
	No
	75%
	44%
	100%
	90%
	69%

	Kim (84)
	2019
	Technical
	South Korea
	Short axis
	Myocardium
	110
	Public & single centre
	Internal holdout
	DSC
	Yes
	88%
	44%
	100%
	90%
	72%

	Koehler (85)
	2021
	Technical
	Germany
	Multiple
	RV
	294
	Public & multicentre
	Internal holdout
	DSC
	Yes
	75%
	44%
	100%
	50%
	59%

	Kumar (86)
	2020
	Medical
	India
	NR
	LV
	NR
	Single centre
	Internal holdout
	DSC & other metrics
	No
	57%
	64%
	80%
	40%
	58%

	Kurzendorfer (87)
	2017
	Technical
	Germany
	Short axis
	Scar
	30
	Multicentre
	Internal holdout
	DSC
	No
	50%
	50%
	100%
	60%
	59%

	Lebenberg (88)
	2012
	Technical
	France
	Short axis
	LV
	45
	Public
	Internal holdout
	Other metrics
	No
	63%
	63%
	80%
	40%
	59%

	Li (89)
	2019
	Technical
	China
	NR
	RV
	48
	NR
	Internal holdout
	DSC
	No
	38%
	50%
	80%
	60%
	54%

	Li (90)
	2020
	Technical
	China
	NR
	Scar
	58
	Single centre
	Internal holdout
	DSC & other metrics
	No
	38%
	56%
	80%
	60%
	56%

	Liao (91)
	2017
	Technical
	China
	Short axis
	LV
	1140
	Multiple public
	Internal holdout
	Other metrics
	No
	63%
	50%
	100%
	30%
	54%

	Lin (92)
	2020
	Medical
	China
	Short axis
	LV
	45
	Public
	Internal holdout
	DSC & other metrics
	No
	38%
	50%
	100%
	70%
	59%

	Lindsey (93)
	2020
	Technical
	USA
	Short axis
	Both ventricles & myocardium
	100
	Public
	Internal holdout
	DSC & other metrics
	No
	63%
	56%
	80%
	50%
	59%

	Liu (94)
	2019
	Technical
	China
	NR
	Myocardium
	32
	Single centre
	Internal holdout
	DSC
	No
	71%
	64%
	80%
	50%
	64%

	Liu (95)
	2020
	Technical
	China
	NR
	Both ventricles
	85
	NR
	Internal holdout
	Other metrics
	No
	63%
	63%
	80%
	60%
	64%

	Liu (96)
	2012
	Medical
	China
	Short axis
	LV
	45
	Single centre
	Internal holdout
	DSC
	No
	50%
	38%
	60%
	50%
	46%

	Liu (97)
	2018
	Hybrid
	China
	Short axis
	LV
	30
	Single centre
	External testing
	DSC
	No
	71%
	64%
	100%
	60%
	70%

	Liu (98)
	2017
	Technical
	China
	Short axis
	Myocardium
	33
	Single centre
	Internal holdout
	DSC & other metrics
	No
	50%
	81%
	100%
	70%
	74%

	Luo (99)
	2020
	Medical
	China
	NR
	Both ventricles & myocardium
	250
	Public & single centre
	External testing
	DSC & other metrics
	No
	88%
	69%
	100%
	50%
	72%

	Luo (100)
	2021
	Hybrid
	China
	NR
	RV
	45
	Single centre
	Internal holdout
	DSC & other metrics
	No
	75%
	50%
	80%
	50%
	59%

	Luo (101)
	2015
	Medical
	China
	Short axis
	LV
	26
	Single centre
	Internal holdout
	Other metrics
	No
	14%
	73%
	60%
	30%
	45%

	Luo (102)
	2020
	Technical
	China
	Short axis
	Both ventricles
	428
	Public
	Internal holdout
	Other metrics
	No
	38%
	44%
	80%
	20%
	41%

	Ma (103)
	2019
	Technical
	China
	Short axis
	Both ventricles & myocardium
	150
	Multiple public
	External testing
	DSC & other metrics
	No
	43%
	64%
	80%
	40%
	55%

	Ma (104)
	2017
	Hybrid
	China
	Multiple
	LA
	NR
	Public
	External testing
	DSC & other metrics
	No
	38%
	75%
	100%
	60%
	67%

	Ma (105)
	2016
	Hybrid
	China
	Short axis
	LV
	45
	Public
	Internal holdout
	DSC
	No
	63%
	69%
	100%
	70%
	72%

	Ma (106)
	2021
	Technical
	China
	Short axis
	RV
	30
	Single centre
	Internal holdout
	DSC & other metrics
	No
	50%
	44%
	80%
	60%
	54%

	Mahapatra (107)
	2013
	Technical
	Switzerl&
	NR
	LV
	30
	Public
	Internal holdout
	DSC & other metrics
	No
	63%
	56%
	100%
	40%
	59%

	Mahapatra (108)
	2013
	Technical
	Switzerl&
	NR
	Both ventricles
	30
	Public
	Internal holdout
	DSC & other metrics
	No
	57%
	64%
	100%
	70%
	70%

	Mahapatra (109)
	2014
	Technical
	Switzerl&
	Short axis
	RV
	32
	Single centre
	Internal holdout
	DSC
	No
	50%
	63%
	100%
	70%
	67%

	Mamalakis (110)
	2021
	Technical
	UK
	Short axis
	Myocardium & scar
	60
	Multiple public
	External testing
	DSC
	Yes
	71%
	73%
	80%
	70%
	73%

	Matthew (111)
	2012
	Medical
	UK
	Short axis
	LV
	15
	Single centre
	Internal holdout
	Other metrics
	No
	71%
	73%
	100%
	80%
	79%

	Moccia (112)
	2019
	Technical
	Italy
	Short axis
	Scar
	30
	Single centre
	Internal holdout
	DSC
	No
	43%
	64%
	100%
	60%
	64%

	Morais (113)
	2017
	Technical
	Portugal
	Short axis
	Myocardium
	75
	Multicentre
	Internal holdout
	DSC & other metrics
	No
	43%
	73%
	100%
	70%
	70%

	Morris (114)
	2018
	Hybrid
	USA
	Four chamber
	Four chambers
	31
	Single centre
	Internal holdout
	DSC & other metrics
	No
	50%
	19%
	100%
	30%
	38%

	Nambakhsh (115)
	2013
	Technical
	Canada
	Short axis
	LV
	20
	Single centre
	Internal holdout
	DSC & other metrics
	No
	63%
	56%
	100%
	80%
	69%

	Ngo (116)
	2017
	Technical
	Vietnam
	Short axis
	LV
	45
	Public
	Internal holdout
	DSC
	No
	71%
	64%
	100%
	80%
	76%

	Niu (117)
	2019
	Technical
	China
	Short axis
	Myocardium
	83
	Public
	Internal holdout
	Other metrics
	No
	78%
	56%
	80%
	70%
	68%

	Oktay (118)
	2017
	Technical
	UK
	Short axis
	Both ventricles
	50
	Public
	Internal holdout
	DSC & other metrics
	No
	63%
	44%
	100%
	80%
	64%

	Paknezhad (119)
	2016
	Technical
	Singapore
	Two chamber
	LV
	51
	NR
	Internal holdout
	Other metrics
	No
	63%
	44%
	100%
	80%
	64%

	Penso (120)
	2021
	Technical
	Italy
	Short axis
	Both ventricles
	220
	Single centre
	External testing
	DSC & other metrics
	No
	88%
	63%
	100%
	60%
	72%

	Pérez-Pelegrí (121)
	2021
	Technical
	Spain
	Short axis
	LV
	397
	Single centre
	Internal holdout
	DSC
	No
	88%
	44%
	80%
	50%
	59%

	Punithakumar (122)
	2013
	Technical
	Canada
	Short axis
	LV
	58
	Single centre
	Internal holdout
	Other metrics
	No
	88%
	56%
	80%
	60%
	67%

	Punithakumar (123)
	2015
	Technical
	Canada
	Short axis
	RV
	48
	Public
	External testing
	Other metrics
	No
	75%
	44%
	60%
	50%
	54%

	Puyol-Anton (124)
	2020
	Medical
	UK
	Short axis
	LV
	900
	Public
	Internal holdout
	DSC
	No
	50%
	44%
	100%
	60%
	56%

	Qin (125)
	2020
	Technical
	China
	Short axis
	LV
	30
	Single centre
	Internal holdout
	DSC
	No
	63%
	50%
	100%
	40%
	56%

	Queiros (126)
	2017
	Technical
	Portugal
	Short axis
	LV
	45
	Public
	Internal holdout
	DSC & other metrics
	No
	57%
	73%
	80%
	60%
	67%

	Queirós (127)
	2014
	Technical
	Belgium
	Short axis
	LV
	45
	Public
	Internal holdout
	DSC & other metrics
	No
	63%
	50%
	80%
	60%
	59%

	Queirós (128)
	2016
	Medical
	Portugal
	Short axis
	Myocardium
	318
	Multicentre
	Internal holdout
	Other metrics
	No
	71%
	64%
	80%
	70%
	70%

	Razeghi (129)
	2020
	Medical
	UK
	Axial
	LA
	396
	Public & single centre
	External testing
	DSC
	Yes
	75%
	44%
	100%
	70%
	64%

	Ringenberg (130)
	2014
	Technical
	USA
	Short axis
	RV
	48
	Public
	Internal holdout
	DSC
	No
	71%
	64%
	80%
	60%
	67%

	Romaguera (131)
	2018
	Technical
	Brazil
	Short axis
	Myocardium
	45
	Public
	Internal holdout
	DSC & other metrics
	No
	63%
	44%
	80%
	50%
	54%

	Rostami (132)
	2020
	Technical
	Iran
	NR
	LV
	45
	Public
	Internal holdout
	DSC & other metrics
	No
	50%
	38%
	80%
	60%
	51%

	Ruijsink (133)
	2020
	Medical
	UK
	Multiple
	Both ventricles
	2829
	Public & single centre
	External testing
	DSC & other metrics
	Yes
	50%
	63%
	100%
	80%
	69%

	Sander (134)
	2020
	Medical
	Netherl&s
	Short axis
	Both ventricles & myocardium
	100
	Public
	Internal holdout
	DSC & other metrics
	Yes
	71%
	64%
	80%
	50%
	64%

	Sandfort (135)
	2021
	Medical
	USA
	NR
	LV
	70
	Single centre
	Internal holdout
	DSC & other metrics
	No
	63%
	56%
	60%
	40%
	54%

	Scannell (136)
	2020
	Medical
	UK
	Short axis
	Myocardium
	175
	Single centre
	Internal holdout
	DSC
	No
	63%
	69%
	100%
	40%
	64%

	Shaaf (137)
	2022
	Medical
	Malaysia
	Short axis
	LV
	150
	Public
	Internal holdout
	DSC & other metrics
	No
	63%
	38%
	80%
	50%
	51%

	Shahzad (138)
	2017
	Technical
	Netherl&s
	Four chamber
	LV
	145
	Multicentre
	Internal holdout
	DSC
	No
	38%
	44%
	80%
	60%
	51%

	Sharma (139)
	2020
	Technical
	Australia
	NR
	LV
	5051
	Public
	Internal holdout
	DSC & other metrics
	No
	75%
	38%
	80%
	40%
	51%

	Shen (140)
	2021
	Medical
	USA
	Short axis
	Both ventricles
	99
	Single centre
	Internal holdout
	DSC & other metrics
	No
	75%
	44%
	80%
	60%
	59%

	Shi (141)
	2021
	Technical
	China
	Short axis
	Both ventricles
	NR
	Public
	External testing
	DSC & other metrics
	No
	57%
	64%
	100%
	40%
	61%

	Shi (142)
	2021
	Medical
	China
	Short axis
	Myocardium
	150
	Public
	Internal holdout
	DSC
	No
	75%
	63%
	80%
	70%
	69%

	Simantiris (143)
	2020
	Technical
	Greece
	NR
	Both ventricles & myocardium
	NR
	Public
	Internal holdout
	DSC
	No
	63%
	69%
	80%
	50%
	64%

	Sliman (144)
	2013
	Technical
	USA
	Short axis
	LV
	15
	Single centre
	External testing
	DSC & other metrics
	No
	75%
	44%
	100%
	60%
	62%

	Suinesiaputra (145)
	2015
	Technical
	New Zeal&
	Short axis
	LV
	95
	Public
	Internal holdout
	DSC & other metrics
	No
	71%
	64%
	80%
	60%
	67%

	Suinesiaputra (146)
	2018
	Medical
	UK
	Multiple
	LV
	4874
	Public
	Internal holdout
	Other metrics
	No
	50%
	56%
	80%
	80%
	64%

	Sun (147)
	2021
	Technical
	Netherl&s
	Short axis
	LV
	325
	Public & single centre
	External testing
	DSC & other metrics
	No
	86%
	64%
	80%
	40%
	64%

	Tan (148)
	2017
	Technical
	Malaysia
	Short axis
	LV
	1340
	Multiple public
	External testing
	Other metrics
	No
	75%
	63%
	100%
	50%
	67%

	Tan (149)
	2018
	Medical
	Malaysia
	Multiple
	LV
	1350
	Multiple public
	External testing
	DSC & other metrics
	No
	88%
	44%
	100%
	60%
	64%

	Tan (150)
	2018
	Hybrid
	Malaysia
	Short axis
	LV
	1346
	Multiple public
	External testing
	DSC & other metrics
	Yes
	25%
	50%
	80%
	40%
	46%

	Tandon (151)
	2021
	Medical
	USA
	Short axis
	Both ventricles
	87
	Single centre
	Internal holdout
	DSC & other metrics
	No
	75%
	69%
	100%
	70%
	74%

	Tao (152)
	2019
	Medical
	Netherlands
	Short axis
	LV
	596
	Multicentre
	External testing
	DSC
	No
	71%
	64%
	100%
	90%
	79%

	Tao (153)
	2014
	Medical
	Netherlands
	Short axis
	LV
	50
	Single centre
	Internal holdout
	DSC
	No
	71%
	82%
	100%
	70%
	79%

	Tao (154)
	2016
	Medical
	Netherlands
	NR
	LA
	46
	Single centre
	Internal holdout
	DSC
	No
	86%
	82%
	100%
	70%
	82%

	Tarroni (155)
	2019
	Technical
	UK
	Multiple
	LV
	3100
	Public
	External testing
	DSC
	No
	75%
	75%
	100%
	70%
	77%

	Tobon-Gomez (156)
	2012
	Technical
	Spain
	Short axis
	Both ventricles
	95
	Multicentre
	External testing
	Other metrics
	No
	63%
	69%
	100%
	70%
	72%

	Tong (157)
	2019
	Technical
	China
	Short axis
	Both ventricles
	150
	Public
	Internal holdout
	DSC & other metrics
	No
	63%
	63%
	80%
	70%
	67%

	Tsadok (158)
	2013
	Technical
	Israel
	Multiple
	LV
	126
	Public
	Internal holdout
	DSC & other metrics
	No
	63%
	81%
	100%
	90%
	82%

	Tufvesson (159)
	2016
	Hybrid
	Sweden
	Short axis
	Myocardium
	183
	Multicentre
	Internal holdout
	DSC & other metrics
	No
	71%
	73%
	80%
	60%
	70%

	Ukwatta (160)
	2014
	Technical
	USA
	Short axis
	LV
	47
	NR
	Internal holdout
	DSC
	No
	63%
	75%
	100%
	90%
	79%

	Valinoti (161)
	2018
	Medical
	Italy
	NR
	LA
	26
	Single centre
	Internal holdout
	Other metrics
	No
	71%
	73%
	80%
	70%
	73%

	Veni (162)
	2013
	Technical
	USA
	NR
	LA
	130
	NR
	Internal holdout
	DSC
	No
	63%
	44%
	80%
	70%
	59%

	Vesal (163)
	2021
	Technical
	Germany
	Short axis
	LV
	145
	Public
	Internal holdout
	Other metrics
	Yes
	86%
	64%
	100%
	60%
	73%

	Vigneault (164)
	2018
	Technical
	UK
	Multiple
	Four chambers
	63
	Multiple public
	External testing
	Other metrics
	No
	38%
	50%
	100%
	70%
	59%

	Wang (165)
	2020
	Medical
	China
	Short axis
	LV
	83
	Public
	Internal holdout
	DSC & other metrics
	Yes
	75%
	50%
	100%
	70%
	67%

	Wang (166)
	2021
	Hybrid
	China
	Axial
	Myocardium & blood pool
	20
	Public
	Internal holdout
	DSC
	No
	63%
	56%
	100%
	40%
	59%

	Wang (167)
	2021
	Medical
	USA
	Short axis
	LV
	61
	Multiple public
	External testing
	DSC
	No
	71%
	64%
	100%
	60%
	70%

	Wang (168)
	2015
	Hybrid
	China
	Short axis
	LV
	45
	Single centre
	Internal holdout
	Other metrics
	No
	43%
	64%
	80%
	40%
	55%

	Wang (169)
	2019
	Technical
	USA
	Short axis
	LV & RA
	17
	Single centre
	Internal holdout
	DSC
	No
	71%
	64%
	80%
	70%
	70%

	Wang (170)
	2015
	Technical
	China
	Short axis
	LV
	45
	Public
	Internal holdout
	DSC & other metrics
	No
	71%
	73%
	100%
	40%
	67%

	Wang (171)
	2020
	Technical
	China
	NR
	LV
	83
	Public
	Internal holdout
	DSC
	No
	71%
	73%
	100%
	50%
	70%

	Wantanajittikul (172)
	2016
	Technical
	Thail&
	Short axis
	Myocardium
	30
	Single centre
	Not reported
	DSC & other metrics
	No
	29%
	64%
	80%
	20%
	45%

	Wech (173)
	2022
	Medical
	Germany
	Short axis
	Both ventricles & myocardium
	567
	Multiple public
	Internal holdout
	DSC
	Yes
	63%
	25%
	40%
	30%
	36%

	Wei (174)
	2013
	Technical
	Singapore
	Short axis
	Myocardium
	20
	Single centre
	Internal holdout
	DSC & other metrics
	No
	57%
	45%
	40%
	50%
	48%

	Wei (175)
	2013
	Technical
	Singapore
	Multiple
	LV
	21
	Single centre
	External testing
	DSC
	No
	75%
	36%
	20%
	40%
	43%

	Woie (176)
	2015
	Medical
	Norway
	Short axis
	Scar
	41
	Single centre
	Internal holdout
	Other metrics
	No
	75%
	19%
	20%
	30%
	33%

	Wu (177)
	2021
	Technical
	China
	NR
	LV
	195
	Multiple public
	Internal holdout
	Other metrics
	No
	57%
	45%
	80%
	30%
	48%

	Wu (178)
	2021
	Medical
	China
	Two chamber
	Both ventricles
	55
	Public & single centre
	Internal holdout
	DSC
	No
	75%
	31%
	20%
	80%
	51%

	Wu (179)
	2020
	Technical
	China
	NR
	LV
	45
	Public
	Internal holdout
	DSC & other metrics
	No
	86%
	64%
	100%
	70%
	75%

	Wu (180)
	2021
	Medical
	UK
	Short axis
	Myocardium
	19
	Single centre
	Internal holdout
	DSC & other metrics
	No
	75%
	62%
	67%
	56%
	64%

	Wu (181)
	2018
	Technical
	USA
	Coronal
	NR
	19
	Single centre
	Internal holdout
	DSC & other metrics
	No
	86%
	55%
	67%
	80%
	71%

	Wu (182)
	2020
	Technical
	China
	Short axis
	LV
	78
	Public & single centre
	Internal holdout
	NR
	No
	86%
	58%
	50%
	78%
	69%

	Xie (183)
	2020
	Technical
	China
	Short axis
	LV
	195
	Multiple public
	Internal holdout
	DSC & other metrics
	No
	63%
	56%
	67%
	60%
	60%

	Xiong (184)
	2019
	Technical
	USA
	NR
	LA
	60
	Single centre
	Internal holdout
	DSC & other metrics
	No
	88%
	69%
	100%
	80%
	79%

	Xu (185)
	2020
	Technical
	China
	Multiple
	Scar
	165
	Multicentre
	Internal holdout
	DSC & other metrics
	No
	71%
	64%
	83%
	67%
	70%

	Xu (186)
	2020
	Technical
	Canada
	Short axis
	Scar
	280
	Single centre
	Internal holdout
	DSC & other metrics
	No
	86%
	64%
	100%
	60%
	73%

	Xu (187)
	2018
	Technical
	China
	Multiple
	Scar
	165
	Single centre
	Internal holdout
	DSC & other metrics
	No
	75%
	56%
	100%
	50%
	63%

	Xue (188)
	2020
	Hybrid
	USA
	Short axis
	Myocardium
	1139
	Multicentre
	Internal holdout
	DSC & other metrics
	Yes
	88%
	44%
	100%
	80%
	69%

	Xue (189)
	2020
	Medical
	USA
	Short axis
	LV
	12984
	Multicentre
	Internal holdout
	DSC
	Yes
	88%
	69%
	100%
	60%
	74%

	Yan (190)
	2019
	Technical
	China
	Short axis
	LV
	200
	Multiple public
	Internal holdout
	DSC & other metrics
	No
	63%
	50%
	100%
	10%
	49%

	Yan (191)
	2020
	Hybrid
	China
	NR
	LV
	150
	Multicentre
	Internal holdout
	DSC
	No
	75%
	81%
	40%
	70%
	72%

	Yang (192)
	2018
	Technical
	UK
	NR
	Scar
	37
	Single centre
	Internal holdout
	DSC
	No
	75%
	25%
	25%
	60%
	45%

	Yang (193)
	2019
	Hybrid
	China
	Short axis
	Both ventricles & myocardium
	162
	Public & single centre
	External testing
	DSC & other metrics
	No
	86%
	27%
	0%
	60%
	47%

	Yang (194)
	2021
	Technical
	China
	Short axis
	Both ventricles & myocardium
	150
	Public
	Internal holdout
	DSC & other metrics
	No
	71%
	64%
	100%
	90%
	78%

	Yang (195)
	2017
	Hybrid
	Singapore
	Short axis
	LV
	NR
	NR
	Internal holdout
	DSC
	No
	88%
	38%
	40%
	60%
	54%

	Zabihollahy (196)
	2019
	Technical
	Canada
	Four chamber
	Scar
	34
	Single centre
	Internal holdout
	DSC & other metrics
	No
	88%
	69%
	100%
	70%
	77%

	Zabihollahy (197)
	2020
	Technical
	Canada
	Multiple
	Myocardium & scar
	34
	Single centre
	Internal holdout
	DSC & other metrics
	No
	75%
	19%
	100%
	50%
	49%

	Zarvani (198)
	2021
	Technical
	Iran
	NR
	LV
	NR
	Public
	Internal holdout
	DSC & other metrics
	No
	71%
	45%
	100%
	40%
	58%

	Zhang (199)
	2021
	Technical
	China
	Short axis
	Both ventricles & myocardium
	340
	Multiple public & single centre
	External testing
	DSC & other metrics
	No
	71%
	64%
	100%
	70%
	73%

	Zhang (200)
	2021
	Technical
	USA
	Multiple
	LA
	100
	Single centre
	Internal holdout
	DSC & other metrics
	No
	88%
	69%
	100%
	70%
	76%

	Zhang (201)
	2019
	Medical
	China
	Short axis
	Scar
	299
	Single centre
	Internal holdout
	DSC
	Yes
	88%
	54%
	75%
	70%
	69%

	Zhao (202)
	2020
	Technical
	China
	Short axis
	RA
	3
	NR
	Internal holdout
	DSC & other metrics
	No
	88%
	50%
	60%
	80%
	67%

	Zheng (203)
	2018
	Technical
	France
	Short axis
	Both ventricles
	3980
	Multiple public
	External testing
	DSC & other metrics
	Yes
	88%
	31%
	20%
	40%
	44%

	Zheng (204)
	2014
	Medical
	China
	Short axis
	Myocardium
	144
	NR
	Internal holdout
	Other metrics
	No
	75%
	44%
	80%
	90%
	67%

	Zheng (205)
	2015
	Medical
	China
	Short axis
	LV
	111
	Single centre
	Internal holdout
	DSC
	No
	75%
	44%
	60%
	60%
	56%

	Zhu (206)
	2020
	Hybrid
	USA
	Short axis
	Myocardium
	305
	Single centre
	Internal holdout
	DSC
	No
	75%
	25%
	100%
	70%
	56%

	Zhu (207)
	2013
	Technical
	USA
	NR
	LA
	64
	Public
	Internal holdout
	DSC & other metrics
	No
	86%
	73%
	100%
	80%
	82%

	Zotti (208)
	2019
	Technical
	Canada
	Short axis
	Both ventricles & myocardium
	150
	Public
	Internal holdout
	DSC & other metrics
	No
	88%
	81%
	100%
	90%
	87%



DSC; Dice similarity coefficient, LA; left atrium,  LV; left ventricle,  NR; not reported,  RA; right atrium,  RV; right ventricle, 
[bookmark: _248rdyxafhlf]

Compliance with the criteria of CLAIM for all included studies and the division of criteria into study description, dataset description, model description and model performance domains is shown below in Supplementary Table 2.
[bookmark: _5wuv8pitjwm3]Supplementary Table 2: Compliance with CLAIM checklist
	
	No.
	Criteria
	Domain
	Yes
	No

	Title & abstract

	Title
	1
	Identification as a study of AI methodology, specifying the category of technology used (e.g., deep learning)
	Study description
	90.9%
	9.1%

	Abstract
	2
	Structured summary of study design, methods, results, and conclusions
	Study description
	52.6%
	47.4%

	Introduction

	Introduction
	3
	Scientific and clinical background, including the intended use and clinical role of the AI approach
	Study description
	92.3%
	7.7%

	
	4
	Study objectives and hypotheses
	Study description
	94.3%
	5.7%

	Methods

	Study design
	5
	Prospective or retrospective study
	Study description
	36.0%
	64.0%

	
	6
	Study goal, such as model creation, exploratory study, feasibility study, non-inferiority trial
	Study description
	95.2%
	4.8%

	Data sources
	7
	Data sources
	Dataset description
	93.8%
	6.2%

	
	8
	Eligibility criteria: how, where, and when potentially eligible participants or studies were identified (e.g., symptoms, results from previous tests, inclusion in registry, patient-care setting, location, dates)
	Dataset description
	74.2%
	25.8%

	
	9
	Data pre-processing steps
	Dataset description
	93.8%
	5.7%

	
	10
	Selection of data subsets, if applicable
	Dataset description
	92.8%
	6.7%

	
	11
	Definitions of data elements, with references to Common Data Elements
	Dataset description
	99.5%
	0.5%

	
	12
	De-identification methods
	Dataset description
	11.2%
	88.8%

	
	13
	How missing data were handled
	Dataset description
	8.6%
	91.4%

	Ground truth reference standard
	14
	Definition of ground truth reference standard, in sufficient detail to allow replication
	Dataset description
	67.6%
	32.4%

	
	15
	Rationale for choosing the reference standard (if alternatives exist)
	Dataset description
	N/A
	N/A

	
	16
	Source of ground-truth annotations; qualifications and preparation of annotators
	Dataset description
	54.8%
	45.2%

	
	17
	Annotation tools
	Dataset description
	30.6%
	69.4%

	
	18
	Measurement of inter- and intrarater variability; methods to mitigate variability and/or resolve discrepancies
	Dataset description
	41.9%
	58.1%

	Data Partitions
	19
	Intended sample size and how it was determined
	Dataset description
	4.3%
	95.7%

	
	20
	How data were assigned to partitions; specify proportions
	Dataset description
	89.4%
	10.6%

	
	21
	Level at which partitions are disjoint (e.g., image, study, patient, institution)
	Dataset description
	87.0%
	13.0%

	Model
	22
	Detailed description of model, including inputs, outputs, all intermediate layers and connections
	Model description
	94.7%
	5.3%

	
	23
	Software libraries, frameworks, and packages
	Model description
	74.2%
	25.4%

	
	24
	Initialization of model parameters (e.g., randomization, transfer learning)
	Model description
	91.7%
	8.3%

	Training
	25
	Details of training approach, including data augmentation, hyperparameters, number of models trained
	Model description
	78.3%
	21.7%

	
	26
	Method of selecting the final model
	Model description
	91.6%
	8.4%

	
	27
	Ensembling techniques, if applicable
	Model description
	50.0%
	50.0%

	Evaluation
	28
	Metrics of model performance
	Model performance
	99.5%
	0.5%

	
	29
	Statistical measures of significance and uncertainty (e.g., confidence intervals)
	Model performance
	77.5%
	22.5%

	
	30
	Robustness or sensitivity analysis
	Model performance
	60.8%
	39.2%

	
	31
	Methods for explainability or interpretability (e.g., saliency maps), and how they were validated
	Model performance
	64.1%
	35.9%

	
	32
	Validation or testing on external data
	Model performance
	21.5%
	78.5%

	Results

	Data
	33
	Flow of participants or cases, using a diagram to indicate inclusion and exclusion
	Dataset description
	10.0%
	90.0%

	
	34
	Demographic and clinical characteristics of cases in each partition
	Dataset description
	18.2%
	81.8%

	Model performance
	35
	Performance metrics for optimal model(s) on all data partitions
	Model performance
	88.9%
	11.1%

	
	36
	Estimates of diagnostic accuracy and their precision (such as 95% confidence intervals)
	Model performance
	20.7%
	79.3%

	
	37
	Failure analysis of incorrectly classified cases
	Model performance
	32.1%
	67.9%

	Discussion

	Discussion
	38
	Study limitations, including potential bias, statistical uncertainty, and generalizability
	Model performance
	76.1%
	23.9%

	
	39
	Implications for practice, including the intended use and/or clinical role
	Model performance
	75.6%
	24.4%

	Other information

	Other information
	40
	Registration number and name of registry
	Study description
	N/A
	N/A

	
	41
	Where the full study protocol can be accessed
	Study description
	0.0%
	100.0%

	
	42
	Sources of funding and other support; role of funders
	Study description
	82.3%
	17.7%



N/A = not applicable. Checklist adapted from Mongan et al. 2020 (209).



Public datasets
Public datasets used in the included studies are: LV Segmentation Challenge (LVSC) in 2009 (210) and 2011 (145), LV infarct (LVIC) in 2012 (211), RV Segmentation Challenge (RVSC) in 2012 (212), Segmentation Algorithms, Theory and Applications (SATA) in 2013 (213), Whole-Heart and Great Vessel Segmentation from 3D Cardiovascular MRI in Congenital Heart Disease (HVSMR) in 2016 (214), Automated Cardiac Diagnosis Challenge (ACDC) in 2017 (215), Multi-Modality Whole Heart Segmentation (MM-WHS) in 2017 (216), Atrial Segmentation Challenge (ASC) in 2018 (217), Left Ventricle Full Quantification (LVQuan) in 2018 and 2019 (218), Multi-sequence Cardiac MR Segmentation Challenge (MS-CMRSeg) in 2019 (219), Evaluation of Myocardial Infarction from Delayed-Enhancement Cardiac MRI (EMIDEC) in 2020 (220).
[bookmark: _9i69hw5ekgm4]Supplementary Table 3: Public datasets
	Name of dataset
	Year
	No. of patients
	Cardiac chamber
	Images
	Main pathology
	Source
	Accessible

	York (221)
	2008
	33
	LV
	Short axis cine
	Cardiomyopathy, aortic regurgitation, enlarged ventricles and ischaemia
	Hospital for Sick Children, Toronto, Canada 
	Yes

	LVSC (210)
	2009
	45
	LV
	Short axis cine
	Hypertrophy, heart failure, with or without infarction
	Sunnybrook Health Sciences Centre, Toronto, Canada. 
	Yes

	LVSC II (145)
	2011
	200
	LV
	Short axis cine
	Coronary artery disease and myocardial infarction
	Multicenter from the DETERMINE trial (Defibrillators to Reduce Risk by Magnetic Resonance Imaging Evaluation)
	No

	LVIC (211)
	2012
	30
	LV
	LGE-MRI
	Ischaemic cardiomyopathy
	Multicentre from the Cardiac Atlas Project
	Yes

	RVSC (212)
	2012
	48
	RV
	Short axis cine
	Myocarditis, ischaemic cardiomyopathy, suspicion of arrhythmogenic right ventricular dysplasia, dilated cardiomyopathy, hypertrophic cardiomyopathy, aortic stenosis
	Rouen University Hospital, Rouen, France
	Yes

	cDEMRIS (222)
	2012
	60
	LA
	LGE-MRI
	Atrial Fibrillation
	Multicentre
	Yes

	LASC (223)
	2013
	30
	LA
	Whole heart
	Healthy
	King’s College London, London, UK
	No

	SLAWT (224)
	2016
	10
	LA
	LGE-MRI
	Healthy
	Single centre not specified
	

	HVSMR-I (214)
	2016
	20
	Whole heart
	3D-MRI
	Congenital heart defects
	Boston Children’s Hospital, Boston, Massachusetts
	No

	MM-WHS (216)
	2017
	60
	Whole heart
	cine
	Cardiac function insufficiency, cardiac edema, hypertension, sick sinus syndrome,arrhythmia, coronary atherosclerosis, aortic aneurysm, dilated cardiomyopathy aortic stenosis etc.
	Single centre not specified
	Yes

	ACDC (215)
	2017
	150
	LV, RV
	Short axis cine
	Myocardial infarction, dilated/hypertrophic cardiomyopathy,abnormal RV
	University Hospital of Dijon, Dijon, France
	Yes

	LASC II (217)
	2018
	154
	LA
	LGE-MRI
	Atrial Fibrillation
	The University of Utah, Utah, USA
	Yes

	LVQuan’18 (218)
	2018
	175
	LV
	Short axis cine
	Regional wall motion abnormalities, myocardial hypertrophy, dilated cardiomyopathy, mildly enlarged LV, atrial septal defect, LV systolic dysfunction, LAD territory ischemia, and constrictive pericarditis
	London Healthcare Center and St. Joseph’s HealthCare, Ontario Canada
	Yes

	LVQuan’19 (225)
	2019
	85
	LV
	Short axis cine
	Not specified. 
	Not specified.
	Yes

	MS-CMRS (219)
	2019
	45
	LV, RV
	bSSFP-MRI
LGE-MRI
T2
	Underwent cardiomyopathy
	Not specified
	Yes

	OCMR (226)
	2020
	286
	Whole heart
	cine
	Non- specified
	Multicentre Amazon Web Services Public Dataset
	Yes

	EMIDEC (220)
	2020
	150
	LV
	DE-MRI
	Myocardial infarction 
	University Hospital of Dijon, Dijon, France
	No

	M&MS (26)
	2020
	350
	Whole heart
	cine

	Cardiac multi-disease, different cardiomyopathies 
	Three countries (Spain, Germany and Canada)  and different vendors (Siemens, Phillips, General Electric and Canon)

	Yes

	HVSMR-II (227) 
	2021
	90
	Whole heart
	3D-MRI
	Congenital heart defects, involving extreme anatomical variability
	Boston Children’s Hospital, Boston, Massachusetts
	Yes

	M&Ms-2 (26)
	2021
	360 
	Whole heart
	cine

	Healthy, Dilated Left Ventricle, Hypertrophic Cardiomyopathy, Congenital disease, Arrhythmogenesis, Dilated Right Ventricle, Tricuspidal Regurgitation
	Multicentre, Spain
	Yes

	LAScarQS(228)
	2022
	194
	LA (LGE)
	LGE-MRI
	Atrial Fibrillation
	Multicentre
	Yes


[bookmark: _r37ax4ap8ozf]
[bookmark: _o0xcpvh2d32g]ACDC; Automatic Cardiac Diagnosis Challenge, cDEMRIS; Cardiac Delayed Enhancement Segmentation Challenge, EMIDEC; automatic Evaluation of Myocardial Infarction from Delayed-Enhancement Cardiac MRI, HVSMR; Whole-Heart and Great Vessel Segmentation; LA; Left Atrium, LAScarQS, Left Atrial and Scar Quantification & Segmentation Challenge, LASC; Left Atrial Segmentation Challenge,  LGE; Late Gadolinium Enhancement, LV; Left Ventricle,  LVIC; Left Ventricle Infarct Challenge, LVQuan; Left Ventricle Full Quantification, LVSC; Left Ventricle Segmentation Challenge, MM-WHS; Multi-Modality Whole Heart Segmentation, M&MS; Multi-Disease, Multi-View & Multi-Center Right Ventricular Segmentation in Cardiac MRI, MS-CMRS; Multi-Sequence Cardiac MR Segmentation, RV; Right Ventricle, RVSC; Right Ventricle Segmentation Challenge, SLAWT; Segmentation of Left Atrial Wall for Thickness
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[bookmark: _2pez2pebksd8]Supplementary Table 4: PRISMA checklist
	Section and Topic
	Item #
	Checklist item
	Location where item is reported

	TITLE
	 

	Title
	1
	Identify the report as a systematic review.
	Page 1

	ABSTRACT
	 

	Abstract
	2
	See the PRISMA 2020 for Abstracts checklist.
	Page 2

	INTRODUCTION
	 

	Rationale
	3
	Describe the rationale for the review in the context of existing knowledge.
	Pages 3-4

	Objectives
	4
	Provide an explicit statement of the objective(s) or question(s) the review addresses.
	Page 4

	METHODS
	 

	Eligibility criteria
	5
	Specify the inclusion and exclusion criteria for the review and how studies were grouped for the syntheses.
	Page 4

	Information sources
	6
	Specify all databases, registers, websites, organisations, reference lists and other sources searched or consulted to identify studies. Specify the date when each source was last searched or consulted.
	Page 4

	Search strategy
	7
	Present the full search strategies for all databases, registers and websites, including any filters and limits used.
	Supplementary Materials

	Selection process
	8
	Specify the methods used to decide whether a study met the inclusion criteria of the review, including how many reviewers screened each record and each report retrieved, whether they worked independently, and if applicable, details of automation tools used in the process.
	Pages 4-5

	Data collection process
	9
	Specify the methods used to collect data from reports, including how many reviewers collected data from each report, whether they worked independently, any processes for obtaining or confirming data from study investigators, and if applicable, details of automation tools used in the process.
	Page 5

	Data items
	10a
	List and define all outcomes for which data were sought. Specify whether all results that were compatible with each outcome domain in each study were sought (e.g. for all measures, time points, analyses), and if not, the methods used to decide which results to collect.
	Supplementary Tables 1 & 2

	
	10b
	List and define all other variables for which data were sought (e.g. participant and intervention characteristics, funding sources). Describe any assumptions made about any missing or unclear information.
	Supplementary Tables 1 & 2

	Study risk of bias assessment
	11
	Specify the methods used to assess risk of bias in the included studies, including details of the tool(s) used, how many reviewers assessed each study and whether they worked independently, and if applicable, details of automation tools used in the process.
	 Methods

	Effect measures
	12
	Specify for each outcome the effect measure(s) (e.g. risk ratio, mean difference) used in the synthesis or presentation of results.
	Pages 5-6

	Synthesis methods
	13a
	Describe the processes used to decide which studies were eligible for each synthesis (e.g. tabulating the study intervention characteristics and comparing against the planned groups for each synthesis (item #5)).
	Page 4
Figure 1

	
	13b
	Describe any methods required to prepare the data for presentation or synthesis, such as handling of missing summary statistics, or data conversions.
	Page 4
Figure 1

	
	13c
	Describe any methods used to tabulate or visually display results of individual studies and syntheses.
	Figure 1
Figure 2
Supplementary Tables

	
	13d
	Describe any methods used to synthesize results and provide a rationale for the choice(s). If meta-analysis was performed, describe the model(s), method(s) to identify the presence and extent of statistical heterogeneity, and software package(s) used.
	Page 5

	
	13e
	Describe any methods used to explore possible causes of heterogeneity among study results (e.g. subgroup analysis, meta-regression).
	N/A

	
	13f
	Describe any sensitivity analyses conducted to assess robustness of the synthesized results.
	N/A

	Reporting bias assessment
	14
	Describe any methods used to assess risk of bias due to missing results in a synthesis (arising from reporting biases).
	 Methods

	Certainty assessment
	15
	Describe any methods used to assess certainty (or confidence) in the body of evidence for an outcome.
	 N/A

	RESULTS
	 

	Study selection
	16a
	Describe the results of the search and selection process, from the number of records identified in the search to the number of studies included in the review, ideally using a flow diagram.
	Page 5
Figure 1

	
	16b
	Cite studies that might appear to meet the inclusion criteria, but which were excluded, and explain why they were excluded.
	 No

	Study characteristics
	17
	Cite each included study and present its characteristics.
	Supplementary Table 1

	Risk of bias in studies
	18
	Present assessments of risk of bias for each included study.
	 Supplementary Table 2

	Results of individual studies
	19
	For all outcomes, present, for each study: (a) summary statistics for each group (where appropriate) and (b) an effect estimate and its precision (e.g. confidence/credible interval), ideally using structured tables or plots.
	Figure 3
Supplementary Table 1

	Results of syntheses
	20a
	For each synthesis, briefly summarise the characteristics and risk of bias among contributing studies.
	 Supplementary Table 2

	
	20b
	Present results of all statistical syntheses conducted. If meta-analysis was done, present for each the summary estimate and its precision (e.g. confidence/credible interval) and measures of statistical heterogeneity. If comparing groups, describe the direction of the effect.
	N/A

	
	20c
	Present results of all investigations of possible causes of heterogeneity among study results.
	N/A

	
	20d
	Present results of all sensitivity analyses conducted to assess the robustness of the synthesized results.
	N/A

	Reporting biases
	21
	Present assessments of risk of bias due to missing results (arising from reporting biases) for each synthesis assessed.
	 Results and Supplementary Table 2

	Certainty of evidence
	22
	Present assessments of certainty (or confidence) in the body of evidence for each outcome assessed.
	 N/A

	DISCUSSION
	 

	Discussion
	23a
	Provide a general interpretation of the results in the context of other evidence.
	Pages 7-10

	
	23b
	Discuss any limitations of the evidence included in the review.
	Pages 7-10

	
	23c
	Discuss any limitations of the review processes used.
	Page 9

	
	23d
	Discuss implications of the results for practice, policy, and future research.
	Page 9

	OTHER INFORMATION
	 

	Registration and protocol
	24a
	Provide registration information for the review, including register name and registration number, or state that the review was not registered.
	Page 5

	
	24b
	Indicate where the review protocol can be accessed, or state that a protocol was not prepared.
	Page 4

	
	24c
	Describe and explain any amendments to information provided at registration or in the protocol.
	N/A

	Support
	25
	Describe sources of financial or non-financial support for the review, and the role of the funders or sponsors in the review.
	Page 1

	Competing interests
	26
	Declare any competing interests of review authors.
	Page 1

	Availability of data, code and other materials
	27
	Report which of the following are publicly available and where they can be found: template data collection forms; data extracted from included studies; data used for all analyses; analytic code; any other materials used in the review.
	 N/A
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