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Supplementary Methods

Data Collection and Curation

Our research began with a rigorous collection and curation process to create a specialized

dataset focused on antimicrobial peptides (AMPs). We organized the dataset into three

distinct groups based on peptide charge density, with the goal of exploring the impact of

specific biochemical properties on antimicrobial activity and identifying potential variations

associated with peptide charge density. Charge density was calculated as the ratio of net

charge to peptide length, where length refers to the number of amino acids. Based on the

computed charge density values, peptides were divided into three categories: low charge

density (-0.3 to 0.1), moderate charge density (0.1 to 0.25), and high charge density (0.25

to 0.75) as depicted in supplementary figure 2c. These divisions allowed us to systemati-

cally study the impact of increasing electrostatic character on the peptides, physicochemical

properties and predictive features.

For each of the three AMP datasets, an equal number of non-AMP sequences were selected

with matching charge density distributions, respectively. This ensured that comparisons were

not biased by inherent disparities between positive and negative samples. Balanced datasets

were thus created for each class, allowing for robust machine learning based classification and

feature analysis across different peptide property regimes. The complete machine learning

pipeline is illustrated in figure 1a.

Positive Dataset Creation:

To create our model, we compiled antimicrobial peptides (AMPs) from multiple publicly

available databases, including dbAMP 2.0,1 the Data Repository of Antimicrobial Pep-

tides (DRAMP),2 and the Database of Antimicrobial Activity and Structure of Peptides

(DBAASP v3).3 To ensure high-quality and non-redundant data, duplicate sequences across

databases were removed. We retained only sequences composed entirely of standard amino
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acids by excluding those containing non-standard residues, and only peptides with exper-

imentally validated activity data were included. For dbAMP, sequences labeled as “Vali-

dated” and containing target activity values (e.g., MIC or IC50) below 128 µM were selected

using regular expressions to extract numeric concentration values. For DRAMP, peptides

were included only if cytotoxicity data were available and the IC50/CC50 values were less

than or equal to 200 µM. Sequences labeled as non-cytotoxic were excluded. For DBAASP,

peptides were filtered based on standard activity measure types such as MIC, IC50, EC50,

MIC90, LC50, and MIC50. For the DBAASP dataset specifically, peptides were further fil-

tered using predefined activity thresholds for each experimental measure type (e.g., MIC

< 125 µM, IC50 < 125 µM, EC50 < 50 µM, MIC90 < 100 µM, LC50 < 40 µM, 50% cell

death < 80 µM, MIC50 < 110 µM). Each activity type was processed separately, retaining

only sequences meeting its respective cutoff, and the filtered subsets were then combined to

generate a high-confidence set of experimentally active peptides.

Negative Dataset Extraction:

In the absence of a comprehensive public repository of experimentally validated non-antibacterial

peptides (non-AMPs), we constructed a negative dataset by querying the UniProt database.4

To avoid potential antimicrobial activity, entries containing any of the following keywords

were excluded: antifungal, secretory, excreted, effector, virucidal, antiseptic, microbicidal,

biocidal, anti-fungal, anti-biotic, anti-microbial, etc. To ensure a fair comparison with the

AMP dataset, non-AMP sequences were also categorized based on charge density into three

groups: high (0.25-0.75), moderate (0.10-0.25), and low (-0.30-0.10), using the same thresh-

olds defined for AMPs.

Feature Extraction

1. Structural Features: We used ESMFold5 to predict 3D structures for all peptide se-

quences and generated PDB files. Using Bio.PDB’s6 PDBParser and DSSP, we computed
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structural descriptors including mean relative solvent accessibility (Mean RSA), backbone di-

hedral angles (Mean Phi, Mean Psi), and secondary structure content-percentages of helices,

sheets, and coils. Additional structure-based descriptors such as radius of gyration (RoG),

solvent-accessible surface area (SASA), and compactness were obtained using mdtraj.

2. Physicochemical Properties: Using the peptides package,7 we calculated 12 key

physicochemical descriptors such as residue frequencies, aliphatic index, Boman index, net

charge, isoelectric point, and hydrophobic moment. We also included Kidera factors, which

are ten principal components derived from 188 physicochemical and biochemical properties

of amino acids, providing a compact yet rich representation of sequence behavior.

3. Cheminformatic Descriptors: With RDKit,8 cheminformatic features were ex-

tracted including topological polar surface area (TPSA), LogP (a measure of lipophilicity),

and heavy atom countcommonly used descriptors in molecular modeling and drug discovery.

4. Sequence-Based Pseudo Composition: We utilized the PyBioMed9 library, pseu-

doAAC module to calculate Amphiphilic Pseudo Amino Acid Composition (APPACC) fea-

tures, which incorporate both amino acid composition and sequence-order information, cap-

turing local and global sequence characteristics relevant to biological activity.

Each peptide sequence was ultimately represented by a total of 57 features across these

four categories as depicted in figure 1b.

Model Training and Evaluation

In this study, we utilized the open-source machine learning library Scikit-learn to develop

predictive models for antimicrobial peptides. Several supervised classification algorithms

were explored, including Random Forest (RF),10 XGB,11 Decision Tree (DT),12 Naive Bayes

(NB),13Catboost14 . To ensure reliable performance estimation and reduce the risk of over-

fitting, we implemented ten-fold cross-validation. Model evaluation was conducted using

multiple metrics, including precision, sensitivity (recall), and the Area Under the Receiver

Operating Characteristic Curve (AUC-ROC). These metrics provide a comprehensive as-
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sessment of both the model’s discriminative ability and its robustness in classifying AMPs

versus non-AMPs.

Accuracy measures the overall proportion of correctly classified samples among all sam-

ples. It is defined as:

Accuracy =
TP + TN

TP + TN+ FP + FN

where TP is the number of true positives, TN is the number of true negatives, FP is the

number of false positives, and FN is the number of false negatives. Accuracy provides a

straightforward measure of model performance.

Precision measures the proportion of correctly predicted positive samples among all

samples predicted as positive. It is defined as:

Precision =
TP

TP + FP

where TP is the number of true positives and FP is the number of false positives.

Sensitivity (Recall) measures the proportion of actual positive samples that are cor-

rectly identified by the model. It is defined as:

Recall =
TP

TP + FN

where FN is the number of false negatives.

Area Under the Receiver Operating Characteristic Curve (AUC-ROC) quan-

tifies the overall ability of the model to discriminate between positive and negative classes

across all classification thresholds. The ROC curve plots the true positive rate (TPR) against

the false positive rate (FPR), defined as:

TPR =
TP

TP + FN
, FPR =

FP

FP + TN

The AUC score ranges from 0.5 (no discriminative ability) to 1.0 (perfect discrimination).
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Redundancy Reduction Using CD-HIT

To examine the potential influence of sequence redundancy and subtle sequence-level infor-

mation leakage, we applied CD-HIT (Cluster Database at High Identity with Tolerance) to

each charge-density subgroup using a 95% sequence identity threshold. CD-HIT clusters

highly similar peptide sequences and retains a single representative sequence from each clus-

ter, thereby removing families of near-identical peptides that may arise from evolutionary

relationships or design heuristics. This procedure ensures that no two peptides in the filtered

datasets share more than 95% sequence identity.

Application of CD-HIT resulted in a notable reduction in dataset size across all charge-

density subgroups, reflecting the removal of closely related sequences. Machine learning

models were then retrained on the resulting non-redundant datasets using the same training,

validation, and evaluation protocols as in the primary analysis. For the low charge-density

subgroup, the post CD-HIT model achieved a training accuracy of 0.92 and a test accuracy

of 0.90, with a precision of 0.91, recall of 0.85, and ROC AUC of 0.95. The intermediate

charge-density subgroup showed a training accuracy of 0.92 and a test accuracy of 0.89, with a

precision of 0.90, recall of 0.87, and ROC AUC of 0.95. For the high charge-density subgroup,

the corresponding values were a training accuracy of 0.92, test accuracy of 0.91, precision of

0.91, recall of 0.89, and ROC AUC of 0.97. The consistency of performance metrics before

and after CD-HIT filtering indicates that the predictive behavior of the models does not rely

on redundant or highly similar sequences.

External Dataset Validation

To further assess the generalizability of the model, we performed an independent external

validation using newly reported antimicrobial peptides from the DBAASP database. Only

peptides reported in 2025 were considered to ensure that these sequences were entirely ab-

sent from the curated datasets used for model development and interpretation. After data

cleaning, this external set contained 111 AMPs. To maintain class balance, 111 non-AMP
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sequences were randomly selected from the UniProt negative dataset.

Because the newly reported AMPs are predominantly characterized by high charge/length

values, this external benchmark effectively represents the high charge-density subgroup. The

trained model was able to correctly predict these AMPs and the accuracy on the external

validation set was found to be 0.98. In order to identify the SHAP values on the external

benchmark, we retrained the XGBoost model on the newly reported AMP dataset using

the same hyperparameters as the original high charge-density model and evaluated its per-

formance.The model demonstrated a good performance on the external dataset, achieving

a training accuracy of 0.94 and an external test accuracy of 0.89. The corresponding pre-

cision was 0.86, sensitivity (recall) was 0.90, and the ROC AUC was 0.93. These results

indicate that the learned decision patterns generalize well to newly reported AMPs and are

not restricted to the specific composition of the original dataset.

Feature Importance Analysis

We used SHAP (SHapley Additive exPlanations)15 to evaluate the contribution of each fea-

ture to model predictions. SHAP values quantify how much each feature shifts the prediction

from a baseline, with the sign indicating the direction of influence. For every instance in

the training dataset, SHAP values were computed for all features. SHAP values provide a

consistent and locally accurate measure of how individual features influence the output of a

trained model, thereby facilitating mechanistically grounded interpretation of machine learn-

ing outcomes. The absolute values were taken to focus on the magnitude of influence rather

than direction. These were then averaged across all instances to obtain a global importance

score for each feature. Features with higher mean absolute SHAP values were considered

more influential. The method provides an interpretable, model-agnostic measure of feature

impact.
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Feature Ablation Analysis Based on SHAP Values

To directly evaluate the robustness of the SHAP-identified descriptors, we performed a fea-

ture ablation analysis in which XGBoost models were retrained using only the top three and

top five features ranked by mean SHAP values within each charge-density subgroup.

For the low charge-density subgroup, the model achieved an accuracy of 0.78, precision

of 0.78, recall of 0.83, and ROC AUC of 0.87 when restricted to the top three features.

Performance improved to an accuracy of 0.85, precision of 0.85, recall of 0.87, and ROC

AUC of 0.92 when the top five features were included. In the intermediate subgroup, the top

three features yielded an accuracy of 0.77, precision of 0.84, recall of 0.70, and ROC AUC of

0.86, while the top five features increased performance to an accuracy of 0.81, precision of

0.85, recall of 0.76, and ROC AUC of 0.90. Similarly, in the high charge-density subgroup,

models trained using the top three features achieved an accuracy of 0.84, precision of 0.87,

recall of 0.80, and ROC AUC of 0.92, which further improved to an accuracy of 0.86, precision

of 0.88, recall of 0.85, and ROC AUC of 0.93 when the top five features were used.

These results demonstrate that the most influential features identified by SHAP retain

substantial predictive power even when considered in isolation, supporting their relevance

across distinct electrostatic regimes. Based on this ablation analysis, we report the top five

features in the main manuscript (Fig. 4), as this set provides a balanced representation of

the dominant physicochemical descriptors while preserving the strong predictive capacity

observed in the reduced-feature models.
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Figure S1: Distributions of helical content in non-AMPs (orange, Class 0) and AMPs (blue, Class 1) represented as kernel
density estimates.
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Figure S2: Distributions of top features, Hydrophobic moment , SASA, Arginine frequency, Charge and Cysteine frequency
for low charge-density peptides. Non-AMPs (orange, Class 0) and AMPs (blue, Class 1) are shown as kernel density estimates.
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Figure S3: Distributions of top features, Boman index, Hydrophobic moment, charge, Tryptophan frequency and LogP
for intermediate charge-density peptides. Non-AMPs (orange, Class 0) and AMPs (blue, Class 1) are shown as kernel density
estimates.
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Figure S4: Distributions of top features, LogP, Tryptophan frequency, Hydrophobic moment, Serine frequency and Glutamic
acid frequency for high charge-density peptides. Non-AMPs (orange, Class 0) and AMPs (blue, Class 1) are shown as kernel
density estimates .
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Figure S5: Absolute SHAP value distributions for the top five features in each charge/length category. Panels show (a) the
low charge/length subgroup, (b) the intermediate charge/length subgroup, and (c) the high charge/length subgroup .
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Table 1: Performance of five ML models across Low, Intermediate, and High charge-by-
length datasets.

Recall Precision Accuracy ROC AUC
Model Low Int High Low Int High Low Int High Low Int High

XGB 0.87 0.84 0.90 0.92 0.92 0.92 0.90 0.88 0.91 0.95 0.95 0.97
RF 0.74 0.75 0.77 0.82 0.83 0.86 0.79 0.79 0.82 0.88 0.88 0.91
CB 0.84 0.82 0.88 0.88 0.89 0.92 0.86 0.85 0.90 0.93 0.93 0.96
DT 0.78 0.81 0.70 0.82 0.73 0.86 0.81 0.74 0.79 0.84 0.79 0.861
NB 0.80 0.72 0.81 0.80 0.82 0.86 0.80 0.78 0.84 0.87 0.86 0.91
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