Supplementary material: Systematic review
of the performance evaluation of clinicians
with or without the aid of machine learning
clinical decision support system
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Table S2: Statistics of participants for the studies selected for the review

Author Number of participants | Experts | Naive
Dhombres et al. [S1] 2 X
Lundberg et al. [S2] 5

Steiner et al. [S3] 6

Lindsay et al. [S4] 40

Kaini et al. [S5] 11

Wu et al. [S6] 6

Wang et al. [S7] 8

Raipurker et al. [S§] 9

Wijnberge et al. [S9] N/A

Su et al. [S10] 6

Zhou et al. [S11] 5

Tajmir et al. [S12] 3

Sim et al. [S13]

Lee et al, [S14]

Kozuka et al. [S15]

Jang et al. [S16]

Cha et al [S17

Cai et al. [S18

Sato et al. [S19]

et al. [S20]

Choi et al. [S21

Choi et al. [S22

Shang et al. [S23]

Roller et al. [S24]

Wang et al. [S25]

Yacoub et al. [S26]

Wei et al. [S27]

Wataya et al. [S28]

Toda et al. [S29]
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Table S4: Statistics of participants for the studies selected for the review

Study design

Author Within subject  Cross-over design =~ Washout period
Dhombres et al. [S1] X X 60
Lundberg et al. [S2]

Steiner et al. [S3] x x 28
Lindsay et al. [S4] x

Kaini et al. [S5] X X 14
Wu et al. [S6]

Wang et al. [S7]

Raipurker et al. [S§] x X 10
Wijnberge et al. [S9]

Su et al. [S10]

Zhou et al. [S11] x X 60
Tajmir et al. [S12] x X N/A
Sim et al. [S13] X X 0.17
Lee et al, [S14] X

Kozuka et al. [S15] x X 14
Jang et al. [S16] X X 28
Cha et al [S17 X

Cai et al. [S18 X X 28
Sato et al. [S19] x 28
et al. [S20] x

Choi et al. [S21 X

Choi et al. [S22 X X 14
Shang et al. [S23] x

Roller et al. [S24] x

Wang et al. [S25] x

Yacoub et al. [S26] x

Wei et al. [S27] x

Wataya et al. [S28] x X 7
Toda et al. [S29] x

Sum 24 12

Percentage / average 82.76% 41.38% 24.3
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