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Table $1. Summary of 68 ACP prediction models

Model name

G-ACP

ACP_DA

ACPScanner

Dataset size
Positive: 650

Negative: 650

Positive: 468
Negative: 600

Positive: 1151
Negative: 1139

Positive: 859

Negative: 859

Positive: 551
Negative: 150

Feature extraction method

one-hot encoding
physicochemical properties

PAAC

Extended Dipeptide Composition
(EDPC)

Ordinal Encoding (OE)
AAC
DPC
Grouped Tripeptide Encoding

SVMProt-188D
NetSurfP-3.0
ESM-1b
PEP-FOLD3

Model

2D CNN

Extra Trees (ET)

SVM
Decision Tree
RF
KNN

Light Gradient
Boosting Machine
(LGBM)

LGBM-GAT

Interpretability

SHAP

SHAP
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(A) Artificial Neural Network (ANN)
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(A) Explainable Al Models vs Non-Explainable Al Models
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(B) Method: SHAP (C)
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[ Combine dry and wet experiments to verify the model performance
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