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MM: {FLAIR, DWI-b1000} {Early}

DWIFLAIR

Moon et al. (57)

1-VH

MM: {FLAIR, DWI-b1000) {Early}

None reported

Zhang et al. (19)

M

SM: {DWI-b0, DWI-b1000, DWI-ADC} {N/A}

None reported

‘Wong et al. (52)

Not reported

SM: {DWI-b0, DWI-b1000, DWI-eADC} {N/A]

None reported

Khezrpour et al.
(58)

2H

SM: {FLAIR} {N/A}

DWIFLAIR

Hu et al. (59)

4L

MM: {DWI-ADC, PWI-CBE, PWI-rCBV, PWI-MTT, PWLTTP,
PWI-Tmax, Raw 4D PWI} {Early}

DWI-PWI

Gheibi et al. (42)

Not reported

MM: {FLAIR, DWI} {Early}

None reported

Kumar et al. (60)

4L

MM: {FLAIR, T2WI, TIWL, DWI-b1000, PWI-CBF, PWI.CBV, PWI-
TTP, PWI-Tmax, DWI-ADC, PWI-rCBE, PWI-rCBY, PWLMTT, Raw
4D PWI) {Early)

DWI-PWE
DWIFLAIR

Liu et al. (16)

MM: {TIWI, T2WI, DWI-b1000, PWI-CBF, PWI-CBV, PWL-TTP,
PWI-Tmax} {Early}

DWI-PWI

Zhao et al. (61)

SM: {DWI-ADC, DWI-b0, DWI-b1000} {N/A}

None reported

Liu et al. (32)

SM: {DWI-b0, DWI-ADC, DWLIS} {N/A}

None reported

Karthik et al.
(48)

MM: {FLAIR, T2WI, TIWI, DWI-b1000} {Early}

DWI-FLAIR

Li et al. (62)

MM: {FLAIR, DWI-b1000, PWI-CBF, PWI-CBV, PWI-TTP, PWI-
Tmax) {Early)

DWIPWE;
DWI-FLAIR

Aboudi et al. (63)

MM: {FLAIR, T2WI, TIWI, DWL-b1000} {Early}

DWIFLAIR

Pinto et al. (64)

MM: {DWI-ADC, PWI-rCBE, PWI-rCBV, PWI-MTT, PWLTTP,
PWI-Tmax, Raw 4D PWI) {Late}

DWI-PWI

Choi et al. (65)

MM: {DWI-ADC, PWI-rCBF, PWI-rCBV, PWI-MTT, PWI-TTP,
PWI-Tmax, Raw 4D PWI} {Early}

DWIPWI

Kim et al. (66)

SM: {DWI-b0, DWI-b1000, DWI-ADC} {N/A}

None reported

Woo et al. (30)

SM: {DWI-b1000, DWI-b0, DWI-ADC} {N/A}

None reported

Lee etal. (31)

SM: {DWI-b1000, DWI-b0, DWI-ADC} {N/A}

None reported

Lee et al. (67)

M: [DWI, DWI-ADC, FLAIR, PWI-Tmax, PWI-TTP, Pred(init)]
(Early)

DWI-PWI

Karthik et al.
(68)

MM: {FLAIR, T2WI, TIWI, DWI-b1000} {Early}

DWI-FLAIR

Zhang et al. (69)

SM: {DWI-b1000} {N/A)

DWI-FLAIR

Ouetal. (70)

SM: {DWI-b1000, DWI-eADC} {N/A}

None reported

Vupputuri ¢ tal.

MM: {FLAIR, PWI-CBF, PWI-CBV, PWLTTP, PWI-Tmax, DWI-
ADC, PWI-rCBF, PWL-rCBV, PWI-MTT, Raw 4D PWI) {Early}

DWIPWI;
DWI-FLAIR

MM: {FLAIR, T2WI, TIWL, DWIL-b1000} {Early}

DWIFLAIR

Duan et al. (73)

Not reported

MM: {T2WI, DWI-b1000, DWI-b0} {Late}

None reported

Lucas et al. (74)

2H

MM: {DWI-ADC, PWI-1CBE, PWI-rCBY, PWI-MTT, PWI-TTP,
PWI-Tmax, Raw 4D PWI] {Early}

DWIPWI

Nazari-Farsani
et al. (49)

Not reported

SM: {DWI-b1000, DWI-ADC} {N/A}

None reported

Wei et al. (53)

1-VH

SM: {DWI-b1000} {N/A}

TI-T%
T2 FLAIR;
TI-FLAIR

Liand Ji (75)

1-VH

MM: {TIWI, T2WI, T2WI-FLAIR, DW1, DWI-ADC} {Early}

T2-FLAIR;
TI-FLAIR

Liu et al. (76)

Not reported

MM: {T2WI, DWI, DWI-ADC} {Early}

None reported

Cornelio et al.
@)

2H

MM: {DWI-ADC, PWIrCBE, PWI-rCBV, PWI-MTT, PWLTTP,
PWI-Tmax, Raw 4D PWI} {Early}

DWIPWI

Yu et al. (50)

Not reported

MM: {DWI-b1000, DWI-ADC, PWI-Tmax, PWI-MTT, PWI-CBF,
PWI-CBV} {Early}

None reported

Wu et al. (78)

MM: {DWI-b1000, DWI-ADC, FLAIR} {Early}

DWIFLAIR

Guerrero et al.
(39)

MM: {FLAIR, TIWI} {Early)

None reported

Jeong et al. (79)

MM: {DWI-b1000, DWI-ADC, FLAIR} {Hybrid)

DWI-FLAIR

Gui et al. (80)

MM: {DWI-b1000, DWI-ADC, FLAIR] {Early}

DWIFLAIR
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MC: multi-center

Stroke
stage

Acute;
Subacute

Age

Gender

Mean
NIHSS

Mean
stroke-to-
MRI time

Mean
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volume

(in ml)

Karthik et al.

MC:3

Subacute

[18+]

(10, 346.1]

MC: 2

Acute

(184

(16, 160.4]

Olivier et al.
G4

MC: 6

Acute
Subacute

[16-94]

2184

Clerigues et al.
(55)

Acute
Subacute

[18+]

SISS: 17.59
SPES: 13321

SISS: [10, 346.1]
SPES: [45.6,
252.2)

Liu et al. (56)

Subacute

[18+]

17.59

(1.0, 346.1]

Moon et al. (57)

Acute

[0.0, 250]

Zhang et al. (19)

Acute

[35-90]

‘Wong et al. (52)

Acute

Subacute

17.59

(10, 346.1]

Hu et al. (59)

Acute

37.83

(16, 160.4]

Gheibi et al. (42)

Acute

Kumar et al.
(60)

Acute
Subacute

SISS: 17.59
SPES: 13321
1S17: 37.83

SISS: [1.0, 346.1]
SPES: [45.6,
2522]
1817: [1.6, 160.4]

Liu et al. (16)

SPES: 13321
LHC: -

SPES: [45.6,
2522]
LHC: -

Zhao et al. (61)

Acute

Liu et al. (32)

Acute
Subacute

[52-73)

312

(155, 5.33]

Karthik et al.
(48)

Subacute

[18+]

17.59

[1.0, 346.1]

Liu et al. (62)

Acute
Subacute

[18+]

SISS: 17.59
SPES: 13321

SISS: (10, 346.1]
SPES: [45.6,
2522

Aboudi et al.
©)

Subacute

[18+]

17.59

[1.0, 346.1]

Pinto et al. (64)

Acute

[18+]

37.83

(16, 160.4]

Choi et al. (65)

Acute

[18+]

37.83

(16, 160.4]

Kim et al. (66)

Acute

[58-79)

1219

(0.0, 279.4]

‘Woo et al. (30)

Acute

[24-98]

Lee et al. (31)

Acute

[24-98]

(03, 227.6)

Lee et al. (67)

Acute

[19+]

(052, 71.8]

Karthik et al.
(68)

Subacute

[18+]

17.59

(10, 346.1]

Zhang et al. (69)

Subacute

[18+]

17.59

(10, 346.1]

Oucet al. (70)

Acute

Vupputuri et al.
(@]

Acute
Subacute

[18+]

SISS: 17.59
SPES: 13321
IS17: 37.83

SISS: [1.0, 346.1]
SPES: [45.6,
2522]
1517 [1.6, 160.4]

Abdmouleh
etal. (72)

Subacute

[18+]

17.59

(10, 346.1]

Duan et al. (73)

Acute

Lucas et al. (74)

Acute

(16, 160.4]

NazariFarsani
et al. (49)

Acute

[18+]

(15, 123]

Wei et al. (53)

Acute

Li and Ji (75)

Acute

Liu et al. (76)

Acute
Subacute

[49-88]

Cornelio et al.
@7

Acute

[18+]

(16, 160.4]

Yu et al. (50)

Acute

[16,117]

Wu et al. (78)

Subacute

[0.0575, 340.28)

Guerrero et al.
(39)

Acute

Jeong et al. (79)

Subacute

[0.0575, 340.28]

Gui et al. (80)

Subacute

[0.0575, 340.28]
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Stroke types

Inclusion criteria
Ischaemic

Exclusion criteria

Rationale for inclusion/exclusion

Differences in clinical ions, lesion appearances, & aetiologies

Stroke stages

« Acute
« Subacute

Hyperacute (unless in minor proportion in
the dataset)
Chronic

Prioritize stages where MRI plays a more prominent role in diagnosis
and treatment planning

Imaging

All MRI modalities
All scanner types

All CT modalities
Any other non-MRI modality

MRI allows in vivo assessment offering better soft tissue contrast &
resolution than CT and PET

Algorithms

All DL approaches (e.g,
supervised, unsupervised)
Algorithms segmenting both:
ischaemic core and penumbra

Non-DL algorithms

Algorithms segmenting only WMH or
brain tissue/tumours

Algorithms performing semi-automated
segmentation (with human interaction)
Algorithms running on simulated/
synthetic lesions

DL is the current state-of-the-art computational approach, much better
than others at learning complex hierarchical features

Population

Humans (all ages/sexes)

Non-human studies (e, animal based)
Human studies using synthetic data

Human-based studies are more clinically relevant. Synthetic data may
not fully capture variations and complexities of real clinical stroke
lesions

Publishing

Peer-reviewed studies
Proceedings of MICCAL MIDL,
and IEEE led conferences
Publications in English
Publications between 2015 and
2023

Pre-prints.
Studies not available in any of the
searched databases

To only retain the most reliable sources of information while also
aiming for a wide readership

Completeness

Studies with sufficient information
to be reproduced

Studies not reporting segmentation
performance scores

Reproducibility is key in scientific research
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