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Antimicrobial peptides (AMPs) are emerging as potent alternatives
to conventional antibiotics, yet their diverse nature due to divergent
mechanisms of action hinders rational design. Here, we present an
electrostatics-stratified computational framework that uncovers key
physicochemical principles governing AMP activity. Experimentally
validated peptides were grouped by average charge per residue (i.e.,
the charge/length of the peptide) and analyzed through integrated
sequence-, structure-, and chemistry-based descriptors. Distinct mole-
cular signatures emerged across electrostatic regimes: low-charge/
length peptides rely on amphipathic organization via structural com-
pactness, whereas the intermediate-charge/length peptides exhibit
balanced hydrophobicity and electrostatics. The high-charge peptides
couple strong cationic attraction with lipophilicity and tryptophan
anchoring to mainly disrupt membranes. Interestingly, hydrophobic
moment, which is a measure of the amphipathicity, is found to be
important in all three classes of AMPs. This study identifies distinguish-
ing features of AMP sub-groups and suggests design guidelines for
developing selective and potent next-generation AMPs.

Antimicrobial resistance (AMR) has become a growing concern
and a major global health crisis. Bacterial AMR was reported to
contribute to an estimated 1.27 million deaths globally in 2019,
with projections indicating that the deaths attributable to AMR
could escalate to 10 million by 2050." This alarming reality has
driven urgent exploration of alternative therapeutic approaches,
with antimicrobial peptides (AMPs) emerging as one of the most
promising candidates due to their broad-spectrum activity,
rapid bactericidal actions, and fundamentally distinct mechan-
isms of action compared to conventional antibiotics.>* Despite
their immense therapeutic potential, clinical translation of
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AMPs has been hampered by significant knowledge gaps in
understanding their complex and diverse mechanisms of action.’
A well-studied class of AMPs are the cationic AMPs that primarily
target bacterial membranes, but they often exhibit multiple modes
of membrane association that are less understood.® Furthermore,
many AMPs are multifunctional and bind intracellular targets or
modulate immune responses.” Previous experimental studies have
highlighted a few relationships between the physicochemical
properties of the peptides and their antimicrobial activity. For
instance, it has been shown that the net charge and the number of
positively charged residues significantly affect the antimicrobial
and hemolytic activities of o-helical AMPs.® Increasing the charge
of magainin 2 from +3 to +5 improved the antibacterial activity, but
an increase to +6 or +7 led to increased hemolytic activity and loss
of antimicrobial activity.” Furthermore, chain length has been
shown to modulate the structure and stability of antimicrobial
peptides.'® Understanding these molecular principles is critical for
rational AMP design, as well as for identifying the functional
features that distinguish active peptides from inactive analogs.""

The advent of artificial intelligence (AI) and machine learn-
ing (ML) has revolutionized AMP research, enabling researchers
to decode complex relationships between peptide sequence,
structure, and biological activity.">™** The incorporation of deep
learning architectures and generative models has further
advanced the design of novel peptide sequences with desired
functional profiles, moving beyond the constraints of conven-
tional library screening.'® Recent developments include species-
specific predictive models and Al-driven feature selection that
highlights key physicochemical and sequence-based descriptors
linked to antimicrobial activity."®

While prior computational efforts have predominantly focused
on maximizing predictive accuracy, fewer studies have system-
atically dissected how specific physicochemical parameters con-
tribute to functional differentiation. Addressing this gap, we use a
stratified classification framework to identify the molecular
signatures underlying AMP function, with a focus on physico-
chemical, structural, and sequence-derived properties. AMPs as
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Fig.1 ML pipeline for AMP classification. (a) The main workflow is represented schematically and numbered. AMPs were collected from the DBAASP,
DRAMP, and dbAMP databases, while non-AMP sequences were obtained from UniProt. The data were split based on the charge/length ratio and
curated. Feature extraction was performed, followed by data standardization to ensure consistency in feature scales. Multiple ML models were trained
and evaluated for performance metrics, and the best model was analyzed for feature importance to interpret model decision-making. (b) Peptide
representation using multiple feature sets. Each sequence was represented using four complementary feature categories: (1) structural features predicted
using ESMFold-derived PDB files (9 features), (2) physicochemical properties consisting of 11 descriptors such as charge, Boman index, isoelectric point,
and hydrophobic moment, (3) sequence features based on amino acid frequencies, and (4) cheminformatic descriptors comprising 11 features.

well as non-active peptides (non-AMPs) were stratified into three
datasets, based on their charge per residue (i.e. the charge/
length ratio). Subsequently, three independent ML binary clas-
sifiers were trained on these datasets to distinguish AMPs from
non-AMPs. By ranking feature importance within each sub-
group, we identified key physicochemical determinants that
appear to align with known mechanisms of action. This inte-
grative approach not only enables accurate AMP classification
but also helps predict AMP signatures based on experimentally
established biophysical modes of action, providing design prin-
ciples for developing novel peptides with optimized potency and
selectivity.

Experimentally validated AMPs were compiled from the
dbAMP,"” DRAMP,'® and DBAASP" databases and curated. Non-
active peptide sequences were curated from the UniProt database.
The overall ML workflow is illustrated in Fig. 1. The peptides were
grouped into low (—0.3 to 0.1), moderate (0.1-0.25), and high
(0.25-0.75) charge/length sub-groups based on the ratio of net
charge to peptide length (Fig. 2). To ensure a fair comparison, the
non-active peptides were explicitly matched to the AMPs based on
the charge/length ratio. Since the charge-length distribution in
AMPs is uneven (Fig. 2C), these boundaries create regions that are
more balanced and sufficiently populated with both AMPs and
non-AMPs. Each peptide was represented using 51 features derived
from four descriptor sub-groups (Fig. 1b). The structural descrip-
tors such as the secondary structure fraction were calculated from
structures predicted using ESMFold.?° Short AMPs often sample
dynamic ensembles; the ESMFold-derived structures should be
viewed as sequence-encoded structural propensities. Similarly,
physicochemical properties, such as hydrophobic moment and
Boman index, cheminformatic features and sequence-based
pseudo composition were calculated (see the SI). The dataset was
first partitioned into three charge-density subgroups, and then an
80-20 train-test split was applied within each subgroup. Multiple
ML models such as Random Forest (RF)*' and eXtreme Gradient
Boosting XGB** were implemented using Scikit-learn. All cross-
validation was performed exclusively within the training set using
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Fig. 2 (a) Distribution of the net charge across all antimicrobial peptides
(AMPs) in the dataset. (b) Distribution of peptide lengths for all AMPs. (c)
Distribution of charge/length (charge per residue), used to define three
charge/length-based subgroups: low (—0.30 to 0.1), intermediate (0.1 to
0.25), and high (0.25 to 0.75). (d)-(f) Distribution of the hydrophobic
moment, hydrophobicity and percent helix values for AMPs within the
low-, intermediate-, and high-charge/length subgroups, respectively.

stratified 10-fold CV, and the model had no access to the test data
during fitting or hyperparameter selection. The features that
contribute most to the prediction of AMPs in the three sub-
groups were then analyzed by calculating the average SHAP
(SHapley Additive exPlanations)*® values for the best-performing
(XGBoost) model. Based on an ablation study described in
the SI, we report the top five features that retain substantial
predictive power of the model. Detailed descriptions of all
methods are provided in the SI.

The comprehensive dataset of experimentally validated AMPs
compiled in this study revealed a broad distribution of charge
and peptide length (Fig. 2a and b) (charge ranges between —5
and +15 and peptide lengths from 5 to 35 residues), in line with
their considerable electrostatic and structural diversity. To con-
comitantly account for these two parameters, we considered
charge/length (net charge per residue) as a composite descrip-
tor. From the resulting distribution (Fig. 2c), AMPs were broadly
grouped into low (—0.30 to 0.1), intermediate (0.1 to 0.25), and
high (0.25 to 0.75) charge/length sub-groups. Across these three
sub-groups, several of the descriptors, such as the hydrophobic
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moment, hydrophobicity, and helical content, are broadly dis-
tributed and exhibit overlapping values (Fig. 2d-f). High-charge/
length peptides exhibited larger hydrophobic moments but
lower overall hydrophobicity, reflecting their increased polarity
and electrostatic character. When comparing AMPs with non-
AMPs, AMPs displayed a bimodal helicity distribution (Fig. S1),
indicating that they often adopt either highly helical or com-
pletely unstructured conformations.

Multiple ML binary classification models were subsequently
trained on the three charge/length-based sub-groups (low, inter-
mediate, and high) to evaluate classification performance (see
Fig. 3). Amonyg all the tested models, XGBoost demonstrated the
best overall performance across the three charge/length sub-
groups. For the low and intermediate-charge density subgroups,
the model had a training accuracy of 0.91 and a test accuracy of
0.89 in both cases. The high-charge density subgroup showed a
training accuracy of 0.92 and a test accuracy of 0.91. A full set of
performance metrics for all the evaluated models is provided in
the SI and Table S1. To further assess the robustness and
generalizability of the model, we performed additional validation,
including feature-ablation, evaluation on an independent exter-
nal dataset, and redundancy reduction using CD-HIT at defined
sequence-identity thresholds (see SI). The strong performance
of XGBoost reflects its ability to capture non-linear patterns
and complex feature interactions within heterogeneous peptide
datasets.

The distinguishing features of AMP sub-groups were then
analyzed from the average SHAP values. The top 5 features for
AMP prediction within each charge/length subgroup are shown
in Fig. 4. The distributions of these features for AMPs and non-
AMPs are shown in Fig. S2-S4 in the SI, and the corresponding
absolute SHAP value distributions are given in Fig. S5, SI. Within
the low-charge/length peptide sub-group, the SHAP index
identified the hydrophobic moment, solvent-accessible surface
area (SASA), arginine content, charge and cysteine content
as key descriptors (Fig. 4a). These findings indicate that
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Fig. 3 Performance comparison of five ML models—Decision Tree, Ran-
dom Forest, Naive Bayes, XGBoost, and CatBoost, which were evaluated
across three charge/length sub-groups (low, intermediate, and high). The
evaluation metrics include (a) accuracy, (b) precision, (c) recall, and (d)
ROC-AUC.
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Fig. 4 Feature importance analysis using mean SHAP values. The most
influential features contributing to model predictions were identified for
the (a) low charge/length sub-group, (b) intermediate charge/length sub-
group, and (c) high charge/length sub-group. Single letter amino acid
codes denote residue frequency, and HM represents the hydrophobic
moment.

low-charge/length peptides that possess a minimal net positive
charge adopt compact and balanced amphipathic conformations.
To validate the feature-importance indices, we calculated the dis-
tribution of these features compared to those of non-active peptides
(Fig. S2). Indeed, AMPs exhibit a right-shifted hydrophobic moment
distribution and a left-shifted SASA distribution, indicating overall
reduced solvent exposure. Interestingly, the arginine (R) frequency
was lower in AMPs than in non-AMPs (Fig. S2c), suggesting that they
may not target membranes as their main mode of action. Indeed,
low-charge/length peptides such as Microcin J25 (MccJ25)** are often
internalized via different transport systems. Together, these features
highlight that structural compactness and balanced amphipathic
organization distinguish the active low-charge/length AMPs from
inactive peptides.

In the intermediate charge/length sub-group, Boman index
was identified as an important AMP signature, followed by
hydrophobic moment, net charge, tryptophan content and LogP
values (Fig. 4b). Comparison of the distribution of these metrics
with non-active peptides (Fig. S3) shows that in general AMPs
exhibit lower Boman index values, indicating reduced nonspe-
cific binding potential. In addition, comparatively higher hydro-
phobic moment values of AMPs (Fig. S3c) reflect stronger
amphipathic character that favors membrane interactions. Sur-
prisingly, although the distribution of the charge/length was the
same between the active and non-active peptides in this class,
the overall net charge is highlighted as an important feature. In
addition, the tryptophan content (W) was higher in a sub-group of
AMPs, consistent with the partitioning of Trp side chains at the
membrane-water interface. In conjunction, the lower Boman
index together with these properties suggests that AMPs in this
subgroup are less likely to interact non-specifically with protein
partners. For example, indolicidin (charge/length 0.23) exhibits both
enhanced membrane translocation and intracellular DNA binding.*®
In contrast, magainin 2 (charge/length 0.17) mainly forms
membrane pores and acts at the membrane interfaces.”® Together,
these findings suggest that intermediate-charge/length AMPs may
function through a balanced interplay of amphipathic alignment,
moderate electrostatics, and structural adaptability, enabling
both membrane-disruptive and intracellular modes of action.

Within the high-charge/length subgroup, SHAP values iden-
tified LogP as a critical factor (Fig. 4c). Furthermore, tryptophan
content (W), hydrophobic moment, and the frequencies of S
and E were associated with antimicrobial activity (Fig. 4c).

Chem. Commun., 2026, 62, 4067-4070 | 4069


https://doi.org/10.1039/d5cc06374d

Published on 27 January 2026. Downloaded on 4/8/2026 9:33:00 PM.

Communication

AMPs in this subgroup, despite their high charge, combine global
lipophilicity with residue-specific anchoring, enabling membrane
interactions. A comparison of these values with those of inactive
peptides (Fig. S4) reveals that AMPs display a right-shifted LogP
distribution compared to non-AMPs, reflecting enhanced lipo-
philicity and a greater tendency to partition into the membrane.
Similar to the intermediate sub-group, tryptophan (W) frequency
distributions show a marked enrichment in AMPs. The hydro-
phobic moment further contributes by reinforcing amphipathic
organization, promoting stable interfacial binding and orienta-
tion. In contrast, the presence of polar residues such as serine
and glutamic acid is a feature of inactive peptides. These
physicochemical trends align with previous findings linking
lipophilicity (LogP) to overall antimicrobial potency.”” For
instance, protegrin®® (charge/length: 0.33) and tritrpticin (0.38),
a Trprich peptide,”® induce membrane leakage through the
formation of pores. Collectively, these observations highlight that
LogP, Trp content, and hydrophobic moment constitute a com-
plementary set of descriptors integrating global lipophilicity,
residue-specific anchoring, and amphipathic organization.

In conclusion, this study establishes a charge/length-stratified
ML framework that suggests distinct mechanistic strategies under-
lying AMP activity. As the charge/length increases, the dominant
mechanism of action appears to transition from intracellular
targeting to membrane disruption, with intermediate-charge/
length peptides exhibiting features of both. Interestingly, hydro-
phobic moment, a measure of amphipathicity, is found to be
important in all three subgroups of AMPs. Low-charge/length
peptides may favor compact, amphipathically balanced structures
that facilitate intracellular interactions, whereas high-charge/
length peptides seem to achieve potent membrane permeabiliza-
tion through electrostatic attraction and residue-specific anchor-
ing. These findings indicate that the AMP function is likely
governed not by a single descriptor but by combinations of
features. In the low-charge/length subgroup, the balance of proper-
ties appears to be important, whereas in the high-charge sub-
group, membrane partitioning seems particularly critical. Taken
together, the results fit well with established biophysical princi-
ples, and the data-supported patterns we identify provide mecha-
nistic insights that can guide rational AMP design and help tune
potency and selectivity across different charge/length subgroups.
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