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Table S1. Computer-assisted diagnosis (CADXx) studies (adapted and modified from references [1-

3)).

Postpolypect
E .
Author, year . Adquisition of Training/ l’l.dOSCOPIC S/E/PPV/NPV/ or.ny
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technology interval
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Trainine set: Automatic 5:97.8%
& set: quantification Magnification E: 97.8%
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2010[4] Testing set: 134 e
images classification of opy no reported
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p ' Automated AC:93.1 %
classification
with SVM.
Predicting the
histology of
1 1
C(t’uiicrt:‘ 5: 97.8 %
Training set: on narrow-band E:97.9 %
Takemur 1519 polyps. imacin NBI + PPV: not
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11(;2(1103051;%’8 CNN for 5:85 %
Still images and frames classification of White-light E:78.9 %
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images.
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8645 images; adenoma and magnification NPV:97.6 %
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pre-testing set: nonadenoma < AC:91.8%
26,412 images). 5-mm
Testing set: 295 rectosigmoid
lesions. lesions.
Deep learning
Training set:
. & model for S:>92 %
55890 images e L o
. classification L E: 60-65 %
. (internal . White-light
Hossain, o L into PPV: not o
P Still images ~ validation set: colonoscopy + >90 %
2023[28] 8557 images) adenomatous NBI + BLI reported
oot Sef_ 115 andnon- NPV: 75 - 86 %
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POyPps. polyps.
CNN
Same (CAD_EYE) for S: 88.6 %
Rondonotti Diagnosisin characteristics characterization - White-light E: 88.1%
’ P gno , . in BLImode of colonoscopy = PPV:85.1 % >92.6 %
2023[29] real-time  as described in ) i o
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mm).
AC: accuracy; Al artificial intelligence; BLI: blue-laser imaging; CNN: convolutional neural net-
work; E: specificity; NBI: narrow band imaging; NPV: negative predictive value; PPV: positive pre-
dictive value; P: prospective; R: retrospective; S: sensitivity; SVM: support vector machine.
Table S2. Artificial intelligence prediction of submucosal invasion in retrospective studies.
N f
Author (year) Study type Aim um.ber ° Sensitivity Specificity Accuracy AUC
patients
196 patients :
Retrospective . . - 91 Learn-
Design and Differentiate ing set (706 im-
. . . shallow and ages) Validation set: . ]
Minami et al. prospective . o Validation set: o
. deep - 49 valida- 87.2% 74.4% 0.758
(2022)[30] validation of a . : 35.7%
CNN. Sinel submucosal tionset (394 im- Test set: 75.7%
-omge invasion ages)
center study - 56 test set
(560 images)
Retrospective -Training set:
Design and Prediction of 1692 lesions
Lui TKL et al prospective curative (8000 images) ) o ) o o
(2019)[31] validation ofa  endoscopic - Test set: 76 Test set: 88.2% Test set: 77.9% 85.5% 0837
CNN. Single resection lesions (567
center study images)
Test sot Tl 91.1%(includin 0.97(including
Retrospective . . . . . . g advanced advanced
. Differentiate 813 Jesions: (including  set(including
Design and : CRC): CRC):
LuoY et al prospective shallow and - 657 train-  advanced advanced
(2021)[32] validation of a deep ingset (7734) CRC):91.2%  CRC): 91%’
. submucosal - 156 test Testset (only Test set (only
CNN. Single . . Test set (only Test set (only
invasion set (1634) early cancer): early cancer):
center study 65.39 68.5% early early cancer):
o s cancer):68.3% 0.729
R]:e;tersoisiezz(\i/e Prediction of 1035 lesions: Test set Test Test Test
Tokunaga M et rosgective adequacy for - 824 train-  (including set(including set(including set(including
12 02‘?)[ 3] pli d rt)i o of curative ing set (2751) advanced advanced advanced advanced
a VSNIS ;’inolea endoscopic - 211test CRC):96.7% CRC):75% CRC):90,3% CRC): 0.91%
-omg resection set (691)

center study
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Test set (only
deep early
cancer):51.2%

Retrospective Test set Test set Test set
. P Differentiate 533 lesions: (including (including (including
Design and :
YaoL et al validation of a shallow and - 339 train-  advanced advanced advanced
deep ing set CRC):78.8% CRC):96.2%  CRC): 90.4%
(2022)[34] CNN.
. submucosal - 194 test Testset (only Testset (only Test set (only
Multicenter . .
stud invasion set early cancer): early cancer): early cancer):
Y 50% 96.2% 91.2%

AUC: area under the curve; CNN: convolutional neural network; CRC: colorectal cancer.
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