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Correlation circle associated to PCA shown in Figure S1.
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Figure S2. PCA (a) and t-SNE (b) projections of amino acid composition between AMPs and Non-
AMPs.



Antibiotics 2023, 12, 725

3 of 11

Component 2 (21.21%)

Component 2 (13.43%)

1.00

0.75

0.50

0.25

0.00

-0.25

-0.50

-0.75

-1.00

-1.00 -075 -050 -025 0.0 0.25 0.50 0.75 1.00
Component 1 (25.53%)

Correlation circle associated to PCA shown in Figure S2.

0.75

0.50
Charge

025 HydrophRatio ol
M ensit
0.00 ‘IEX

Instabilt

|
o
N
a

Aromaticity
-0.50

-0.75

-1.00

-1.00 -0.75 -0.50 -025  0.00 0.25 0.50 0.75 1.00
Component 1 (37.22%)

Figure S3. Correlation circle associated to PCA shown in Figure 5 in the main text.
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Figure S4. PCA (a) and t-SNE (b) projections of amino acid composition between common peptides
of Gram+ and Gram- categories. In blue, peptides are labelled as AMP in both categories, in red both
are Non-AMP, in green peptides are AMP for Gram+ and Non-AMP for Gram- and in black the
opposite.
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¢ ML model comparison

Table S1. Comparison of ML classifiers tested for Gram+ AMP prediction (10 Times 10-Fold Cross-
Validation. The values in brackets represent the standard deviation obtained via 10-fold cross vali-

dation.
Model Accuracy Sensitivity Specificity AUC-ROC MCC

LGBMClassifier 0.80(0.02) 0.81(0.02) 0.78(0.02) 0.88(0.01) 0.59 (0.03)
RandomForestClassifier 0.80(0.02) 0.80(0.03) 0.80(0.03) 0.88(0.01) 0.60 (0.04)
ExtraTreesClassifier 0.80(0.02) 0.80(0.03) 0.80(0.03) 0.88(0.02) 0.60 (0.04)
XGBClassifier 0.80(0.02) 0.81(0.02) 0.78(0.02) 0.88(0.01) 0.59 (0.03)
CatBoostClassifier 0.80(0.01) 0.83(0.02) 0.78(0.02) 0.88(0.01) 0.61 (0.02)
GradientBoostingClassifier 0.79 (0.01) 0.81(0.02) 0.76(0.02) 0.86(0.01) 0.57(0.02)
AdaBoostClassifier 0.74(0.02) 0.76(0.02) 0.71(0.02) 0.81(0.01) 0.47 (0.03)
KNeighborsClassifier 0.73 (0.02) 0.79 (0.03) 0.67(0.04) 0.8(0.02) 0.47(0.04)
LogisticRegression 0.73(0.02) 0.76(0.02) 0.70(0.03) 0.79(0.02) 0.46 (0.04)
DecisionTreeClassifier 0.72(0.02) 0.74(0.03) 0.70(0.03) 0.72(0.02) 0.44 (0.04)
RidgeClassifier 0.72(0.02) 0.77(0.02)  0.66 (0.04) - 0.44 (0.04)
LinearDiscriminantAnalysis 0.72(0.02) 0.78(0.03) 0.67 (0.03) 0.78(0.02) 0.45(0.04)
Multi-layer Perceptron 0.68 (0.06) 0.76 (0.24) 0.60 (0.25) 0.80(0.02) 0.41 (0.08)
GaussianNB 0.67(0.02) 0.79(0.03) 0.55(0.03) 0.7(0.02) 0.35(0.04)
SGDC(lassifier 0.65(0.08) 0.64(0.29)  0.66 (0.34) 0.0(0.0)  0.35(0.13)
QuadraticDiscriminantAnalysis  0.51 (0.03) 0.49 (0.22)  0.54 (0.18) 0.51 (0.03) 0.03 (0.05)

DummyClassifier 0.51 (0.0) 1.0 (0.0) 0.0 (0.0) 0.50 (0.0) 0.0 (0.0)

Table S2. Comparison of ML classifiers tested for Gram- AMP prediction (10 Times 10-Fold Cross-
Validation. The values in brackets represent the standard deviation obtained via 10-fold cross vali-

dation.
Model Accuracy Sensitivity Specificity AUC-ROC MCC

CatBoostClassifier 0.80 (0.03) 0.79 (0.05) 0.81(0.03) 0.87(0.02) 0.60 (0.06)
LGBMClassifier 0.80(0.02) 0.79(0.04) 0.81(0.04) 0.87(0.02) 0.60 (0.05)
RandomForestClassifier 0.80 (0.02) 0.78 (0.04) 0.81(0.03) 0.88(0.02) 0.60(0.04)
XGBClassifier 0.80(0.02) 0.79(0.04) 0.81(0.04) 0.88(0.02) 0.60 (0.04)
ExtraTreesClassifier 0.79 (0.02) 0.78(0.04) 0.81(0.03) 0.87(0.02) 0.59(0.04)
GradientBoostingClassifier 0.78 (0.02) 0.78 (0.05) 0.78(0.03) 0.85(0.02) 0.56(0.05)
Multi-layer Perceptron 0.74(0.03) 0.80(0.10) 0.68(0.11) 0.82(0.02) 0.49 (0.04)
KNeighborsClassifier 0.74 (0.02) 0.77(0.03) 0.71(0.03) 0.81(0.02) 0.48(0.03)
LogisticRegression 0.74 (0.02) 0.75(0.04) 0.73(0.03) 0.82(0.02) 0.49 (0.04)
AdaBoostClassifier 0.74 (0.02) 0.74(0.03) 0.74(0.02) 0.81(0.02) 0.49(0.04)
RidgeClassifier 0.73 (0.03) 0.76 (0.03)  0.70 (0.04) - 0.46 (0.05)
LinearDiscriminantAnalysis 0.72(0.02) 0.76 (0.03) 0.69 (0.04) 0.79(0.03) 0.45 (0.04)
DecisionTreeClassifier 0.71(0.02) 0.72(0.03) 0.69(0.04) 0.71(0.02) 0.41(0.04)
GaussianNB 0.67 (0.03) 0.76(0.03) 0.58(0.04) 0.71(0.03) 0.35(0.05)
SGDClassifier 0.66 (0.09) 0.62(0.32) 0.70 (0.28) 0.0 (0.0) 0.36(0.17)

QuadraticDiscriminantAnalysis  0.55 (0.04) 0.71(0.03)  0.40 (0.09) 0.56 (0.04) 0.12(0.09)
DummyClassifier 0.51 (0.0) 0.0 (0.0) 1.0 (0.0) 0.50 (0.0) 0.0 (0.0
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e  CalcAMP prediction results

Table S3. Results of ML classifiers created for Gram+ AMP prediction. The values in brackets rep-
resent the standard deviation obtained via 10-fold cross validation.

Model Accuracy Sensitivity Specificity AUC-ROC MCC
RF_tuned 0.81(0.01) 0.81(0.03) 0.82(0.01) 0.89(0.02) 0.63 (0.02)
RF_tuned_sel 0.82(0.01) 0.81(0.03) 0.82(0.03) 0.89(0.01) 0.63 (0.03)
ET_tuned 0.80(0.02) 0.80(0.02) 0.81(0.02) 0.88(0.02) 0.61(0.04)

ET_tuned_sel 0.81(0.01) 0.81(0.03) 0.82(0.01) 0.89(0.01) 0.63 (0.03)
XGBoost _tuned ~ 0.80(0.02) 0.81(0.02) 0.80 (0.02)  0.88 (0.01)  0.61 (0.04)
XGBoost_tuned_sel ~ 0.81 (0.01) 0.81(0.02) 0.81(0.02) 0.89 (0.02) 0.62 (0.03)
LightGBM_tuned  0.81(0.02) 0.81(0.03) 0.81(0.03) 0.88(0.02) 0.62 (0.04)
LightGBM_tuned_sel 0.81(0.02) 0.81 (0.03) 0.81(0.03) 0.89 (0.02) 0.63 (0.04)
CatBoost_tuned ~ 0.80 (0.01) 0.81(0.03) 0.79 (0.03) 0.87 (0.02)  0.60 (0.02)
CatBoost_tuned_sel ~ 0.81 (0.01) 0.82(0.02) 0.80 (0.03)  0.88 (0.01) 0.62 (0.02)

Table S4. Results of ML classifiers created for Gram- AMP prediction. The values in brackets rep-
resent the standard deviation obtained via 10-fold cross validation.

Model Accuracy Sensitivity Specificity AUC-ROC MCC
RF_tuned 0.81(0.02) 0.81(0.03) 0.82(0.01) 0.89(0.01) 0.63 (0.04)
RF_tuned_sel 0.81(0.02) 0.80(0.02) 0.81(0.02) 0.89(0.02) 0.61(0.03)
ET_tuned 0.81(0.01) 0.82(0.02) 0.80(0.02) 0.89(0.01) 0.62(0.02)

ET_tuned_sel 0.81(0.01) 0.80(0.02) 0.81(0.02) 0.89(0.01) 0.61(0.03)
XGBoost _tuned ~ 0.81(0.01) 0.82(0.02) 0.81(0.02) 0.89 (0.01) 0.63 (0.03)
XGBoost_tuned_sel ~ 0.82 (0.01) 0.82(0.03) 0.82(0.02) 0.90(0.02) 0.64 (0.03)
LightGBM_tuned  0.81(0.01) 0.81(0.03) 0.82(0.03) 0.89 (0.01) 0.63 (0.03)
LightGBM_tuned_sel 0.80 (0.02) 0.80 (0.03)  0.80 (0.03)  0.88 (0.01)  0.60 (0.04)
CatBoost_tuned ~ 0.80 (0.01) 0.80(0.02) 0.79 (0.02) 0.88 (0.01)  0.60 (0.03)
CatBoost_tuned_sel ~ 0.81(0.02) 0.81(0.02) 0.81(0.03) 0.89 (0.02) 0.62 (0.04)
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¢  Comparison with other datasets

CalcAMP was compared to four existing tools freely available:
- iAMPpred (http://cabgrid.res.in:8080/amppred/server.php)

— DBAASP (https://dbaasp.org/tools?page=general-prediction)

- RF-AmPEP30 and Deep-AmPEP30 (https://cbbio.online/AXPEP/)
— AMP Scanner Vr.2 (https://www.dveltri.com/ascan/v2/ascan.html)

Comparison with AmPEP dataset

The AmMPEP benchmark dataset is composed of 94 AMPs and 94 Non-AMPs (se-
downloaded on their website:
https://cbbio.online/AXPEP/?action=dataset. No modification were performed on this da-

quences with 5-30 AA in length) and was

taset and it were used as it was presented. However, it is important to note that this da-
taset presents several peptides in common with the training dataset of our models. The
common peptides are the same for both the Gram+ and Gram- dataset and are shown in
figure S5 with a confusion matrix representing how they are labelled in the respective
datasets. In particularly, on their 94 peptides classified as AMP: 17 are common to Cal-
cAMP training dataset whom 6 of them are labelled as Non-AMP, contrarily to AmPEP
dataset. On their negatives peptides, only 3 are common whom 1 is not classified similarly.

CalcAMP dataset
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Figure S5. Matrix of labels for the common peptides between training dataset of CalcAMP+ and
CalcAMP- models and AmPEP external benchmark dataset.

Table S5. Comparison of different AMP prediction classifiers using AmPEP benchmark dataset.

Model Accuracy Sensitivity Specificity AUC-ROC MCC
Deep-AmPEP30 0.84 0.89 0.78 0.93 0.67
RF-AmPEP30 0.88 0.98 0.79 0.95 0.78
AMP_Scanner 0.76 0.81 0.70 0.81 0.51
iAMPpred 0.70 0.74 0.65 0.75 0.40
DBAASP 0.79 0.77 0.81 -* 0.57
Average 0.79 0.84 0.75 0.86 0.59
CalcAMP+ 0.74 0.55 0.94 0.80 0.53
CalcAMP- 0.71 0.53 0.88 0.77 0.44

* For DBAASP, AUC-ROC cannot be calculated and ROC-curve displayed since it only returns bi-

nary results and we do not have access to the probabilities associated.
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Figure S6. Receiver operator characteristic (ROC) curves of the different AMP classifiers and their
area under the curve score obtained using AmPEP external benchmark dataset.

Comparison with Antimicrobial Peptide Scanner vr.2 dataset

The Antimicrobial Peptide Scanner vr.2 validation dataset is composed of 354 AMPs
and 354 Non-AMPs (sequences from 11 to 172 AA in length) and was downloaded on
their website: https://www.dveltri.com/ascan/v2/about.html. For this dataset, some mod-
ifications were performed, more precisely we retained only peptides with a length be-
tween 5 and 30 AA so that every prediction model are able to process it. We ended with
185 AMPs and 204 Non-AMPs. As for AmPEP, it is important to note that this dataset
presents several peptides in common with the training dataset of our models. This com-
mon peptides are the same for both Gram+ and Gram- dataset and are shown in figure S7
with a confusion matrix representing how they are labelled upon datasets. In particularly,
on their 185 peptides classified as AMP: 70 are common to CalcAMP training dataset
whom 23 of them are labelled as Non-AMPs, contrarily to Antimicrobial Peptide Scanner
vr.2 validation dataset. On their negatives peptides, none are common.

CalcAMP dataset
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a=)

=

«

3]

4 0 0
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Figure S7. Matrix of labels for the common peptides between training dataset of CalcAMP+ and
CalcAMP- models and adapted Antimicrobial Peptide Scanner vr.2 validation dataset.
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Table S6. Comparison of different AMP prediction classifiers using adapted Antimicrobial Peptide
Scanner vr.2 validation dataset.

Model Accuracy Sensitivity Specificity AUC-ROC MCC
Deep-AmPEP30 0.88 091 0.85 0.93 0.77
RF-AmPEP30 0.92 0.94 0.91 0.97 0.84
AMP_Scanner 0.96 0.98 0.95 0.99 0.93
iAMPpred 0.89 0.92 0.87 0.96 0.79
DBAASP 0.85 0.82 0.88 - 0.70
Average 0.90 0.91 0.89 0.96 0.81
CalcAMP+ 0.77 0.52 1.00 0.83 0.59
CalcAMP) 0.69 0.40 0.95 0.71 0.43

* For DBAASP, AUC-ROC cannot be calculated and ROC-curve displayed since it only returns bi-
nary results and we do not have access to the probabilities associated.
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g 04 . Deep-AmPEP30 (AUC = 0.93)
= —— RF-AmPEP30 (AUC = 0.97)
—— AMP_Scanner (AUC =0.99)
0.2 —— iAMPpred (AUC = 0.96)
—— CalcAMP+ (AUC = 0.83)
—— CalcAMP- (AUC = 0.71)
0.0 ~
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure S8. Receiver operator characteristic (ROC) curves of the different AMP classifiers and their
area under the curve score obtained using adapted Antimicrobial Peptide Scanner vr.2 validation
dataset.
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e  CalcAFP prediction results

Table S7. Results of ML classifiers created for AFP prediction. The values in brackets represent the
standard deviation obtained via 10-fold cross validation.

Model Accuracy  Sensitivity  Specificity AUC-ROC MCC

RF_tuned  0.78(0.03)  0.66(0.06)  0.86(0.04)  0.85(0.03)  0.54 (0.06)
RF_tuned_sel 078 (0.02)  0.65(0.03)  0.87(0.02)  0.85(0.02)  0.54 (0.04)
ET tuned  0.78(0.03)  0.65(0.06)  0.87(0.02)  0.84(0.03)  0.53 (0.06)
ET_tuned_sel 0.78(0.03)  0.65(0.05)  0.87(0.03)  0.84(0.03)  0.53(0.06)

e  Comparison with other datasets

CalcAFP was compared to three existing tools freely available:
- iAMPpred (http://cabgrid.res.in:8080/amppred/server.php)
- ClassAMP, SVM model (http://www.bicnirrh.res.in/classamp/predict.php)
- Antifp, Main_binary_model3 (https://webs.iiitd.edu.in/raghava/antifp/pre-

dict3.php)

Comparison with Antifp dataset

The Antifungal dataset 3 (Antifp_Main) validation dataset is composed of 291 AFPs
and 291 Non-AFPs (sequences from 4 to 100 AA in length) and was downloaded on their
website: https://webs.iiitd.edu.in/raghava/antifp/algo.php. For this dataset, some modifi-
cations were performed, more precisely only peptides with a length between 5 and 35 AA
were retained so that every prediction model are able to process it. We ended with 58
AFPs and 67 Non-AFPs. Once again a few peptides of this dataset are common to the
training dataset of our models. This common peptides are shown in figure S9 with a con-
fusion matrix representing how they are labelled upon datasets. In particularly, on their
58 peptides classified as AFP: 7 are common to CalcAFP training dataset whom 2 of them
are labelled as Non-AFPs, contrarily to Antifp main validation dataset. On their negatives
peptides, only 2 are common whom 1 is not classified similarly.

CalcAFP dataset
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Figure S9. Matrix of labels for the common peptides between training dataset of CalcAFP model
and adapted Antifp main validation dataset.
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Table S8. Comparison of different AFP prediction classifiers using adapted Antifp main validation

dataset.

Model Accuracy Sensitivity ~ Specificity = AUC-ROC MCC
iAMPpred 0.61 0.59 0.63 0.63 0.21
ClassAMP 0.37 0.33 0.40 -* -0.27

Antifp 0.82 0.78 0.85 -* 0.63

Average 0.60 0.57 0.63 - 0.19

CalcAFP 0.48 0.12 0.79 0.46 -0.12

* For ClassAMP and Antifp, AUC-ROC cannot be calculated and ROC-curve displayed since it only
returns binary results and we do not have access to the probabilities associated.

Since the probabilities associated to the prediction from half of the tested model are
not accessible, the ROC-Curve associated to these results were not displayed.
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