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Codes

Codes for both generative and classification models are available from authors by request to Christina
Wang (christina.wang.19@ucl.ac.uk).
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Figure S1. Histogram of the length distribution of the positive data set (n =1119).
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Figure S2. Histogram of the MIC (minimal inhibitory concentration) distribution of the positive data set (n =
1119).
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Figure S3. Histogram of the length distribution of the negative UniProt data set (n =1119).
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Figure S4. Histogram of the length distribution of the negative AMP (antimicrobial peptide) data set (n = 142).



Tables

Table S1. Generative model hyperparameters optimised with Bayesian hyperparameter optimization.

Generative model Learning rate Hidden units Dropout rate Loss
<
Sequence' length <15 001 512 0.0 0.3627
residues
<
Sequence' length <20 0.001 480 0.0 0.2949
residues

Table S2. Classification model hyperparameters optimised with Bayesian hyperparameter optimization.

Classification models

Validati
(negative data set, Learning rate Hidden units Dropout rate aacclu:a:ton
MIC cut-off) y
Model Version 1
1 12 2 .8888889
(AMP, <100 uM) 0 > 0 0
Model Version 2
1 12 2 .88559324
(AMP, <50 uM) 0 > 0 08855
Model Version 3
1 12 1 .880239
(AMP, <10 uM) 3 0 > 0 088023955
Model Version 4
0.1 512 0.6 0.8526786
(UniProt, <100 uM)
Model Version 5
0.1 512 0.0 0.82211536
(UniProt, <50 uM)
Model Version 6 0.1 192 0.4 0.8158845

(UniProt, <10 uM)




Table S3. Performance comparison of our classification models (marked in bold) with other state-of-the-art
machine learning models. The SENS (sensitivity), SPEC (specificity), ACC (accuracy) and auROC (area under the
ROC curve) are displayed in percentages.

Method SENS (%) SPEC (%) ACC (%) auROC (%) Reference
AntiBP2 87.91 90.80 89.37 89.36 [1,2]
CAMP-ANN 82.98 85.09 84.04 84.06 [2, 3]
CAMP-DA 87.08 80.76 83.92 89.97 [2,3]
CAMP-RF 92.70 82.44 87.57 93.63 [2,3]
CAMP-SVM 88.90 79.92 84.41 90.63 [2, 3]
iAMP-2L 83.99 85.86 84.90 84.90 [2, 4]
iAMPpred 89.33 87.22 88.27 94.44 [2, 5]
DNN 89.89 92.13 91.01 96.48 [2]
Multi-scale DNN 91.01 93.64 92.41 97.23 [6]
CNN 96.2 97.8 97.0 - [7]
Model Version 1 (AMP, <100 uM) 89.3 714 87.3 82.3 -
Model Version 2 (AMP, <50 uM) 80.8 85.7 81.4 86.2 -
Model Version 3 (AMP, <10 uM) 89.1 86.2 88.6 90.2 -
Model Version 4 (UniProt, <100 uM) 93.8 96.9 95.3 98.2 -
Model Version 5 (UniProt, <50 pM) 94.2 93.8 94.0 98.1 -

Model Version 6 (UniProt, <10 pM) 97.1 94.2 95.7 98.1 -




Table S4. Predictions of the 14 AMP (antimicrobial peptide) sequences in the case study, by external AMP
classification tools.

Peptide AMP Deep- REF- iAMPpred CAMP- ADAM-
Scanner [2] AmPEP30 AmPEP30 [5] SVM [3] SVM [9]
[8]
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