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ABSTRACT

Antimicrobial peptides have been regarded as potential candidates as an alternative to conventional
antibiotics; however, their activity is a complex interaction between their sequence composition and
physicochemical properties. This study aimed at understanding structure—activity relationships and to
build machine-learning models to classify the antimicrobial peptides by combining sequence-derived
and molecular descriptors. Conflicting annotations were eliminated, and amino-acid composition,
hydrophobicity, hydrophobic moment, charge density, length, molecular weight, and isoelectric point
and amino-acid composition were analysed for the relevant features. Antimicrobial peptides were
generally shorter and more positively charged than the non-antimicrobial peptides and had a unique
residue-composition pattern. Logistic regression revealed that four variables (peptide length, net
charge, hydrophobic moment and aromaticity) were important independent predictors of whether a
peptide was antimicrobial or not. Four classifiers were tested with sequence-only, physicochemical-
only and combined feature sets. XGBoost with combined features had the highest performance with
93.6% accuracy, 0.977 ROC-AUC, 0.975 PR-AUC and 0.871 Matthews correlation coefficient. The
discrimination was not so much dependent on peptide size, as evidenced by the good predictive
performance of length-controlled sensitivity analysis. It is shown that these results support the
usefulness of using interpretable physicochemical descriptors together with sequence data for robust
prediction of antimicrobial peptides.

Keywords: antimicrobial peptides; structure—activity relationship; physicochemical properties; machine
learning; XGBoost
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1. Introduction

AIR has become a global health threat, undermining the effectiveness of traditional antibiotics and
proving to be essential to search for alternative therapeutic approaches. AMPs have been the subject
of many studies due to their broad activity against bacteria, fungi, viruses and other pathogens, and
their occurrence in a variety of different organisms. They are also rapidly acting, structurally diverse
and relatively non-conventional resistant agents, making them potential templates for future anti-
infective agents (Bucataru & Ciobanasu, 2024; Gani et al., 2025). However, translating these peptides
into clinically viable therapeutics is also challenging due to factors such as activity, toxicity, stability,
selectivity and pharmacokinetics, which are highly dependent on the sequence and structure of these
peptides (Cresti et al., 2024; Girdhar et al., 2024).

The biological activity of an AMP is tightly coupled with its physicochemical properties, including its
length, molecular weight, net charge, isoelectric point, hydrophobicity, amphipathicity and amino
acid composition. The hydrophobic residues promote insertion and disrupt the microbial membrane,
while the positively charged residues allow them to attract the negatively charged microbial
membrane by electrostatic attraction. This balance is important since very hydrophobic peptides may
be more toxic to the host cells and less potent against microbes if one of these properties is not
sufficient. The rational manipulation of sequence composition has thus been the primary focus for
AMP optimization and structure—activity relationship analysis (Cardoso et al., 2020; Huynh et al.,
2021). Computational methods are gaining in importance to assist this process, correlating peptide
descriptors with functional outcomes and narrowing the experimental search space.

However, the exponentially growing number of curated repositories of AMPs has opened the door for
large-scale characterization based on data. The current databases store both peptide sequences and
their biological activities, structural information, and experimental annotations and allow comparative
analysis of different AMP families (Mondal et al., 2023; Pirtskhalava et al., 2021). Database
development has also advanced and classification systems are becoming more improved, which has
also enabled standardized computational benchmarking (Wang, 2022; Wang, 2023). These resources
enable the study of the relationship between combinations of sequence and physicochemical
properties that distinguish active peptides from non-antimicrobial sequences and the identification of
molecular patterns that have antimicrobial activity.

As peptide complexity increases, the use of machine learning becomes increasingly significant in
predicting their activity in AMP. However, traditional algorithms can integrate several variables
derived from sequences and physicochemical properties to build classifiers that can capture nonlinear
relationships in peptide feature space (Wang et al., 2022; Wan et al., 2024). Interpretable molecular
descriptors combined with computational classification have shown great potential for AMP
prediction and are therefore important to incorporate with physicochemical-based encoding (Lin et
al., 2021). Recent studies have begun to explore deep learning, where neural networks can learn
informative representations directly from peptide sequences and enhance the predictive discovery
process (Al-Omari et al., 2024; Lin et al., 2025). There are still obstacles related to data quality, class
imbalance, sequence redundancy, model interpretability, and the generalizability of computational
predictions in biology (Brizuela et al., 2025).

Beyond classification, Al is changing the way peptide discovery is happening. Recurrent neural
networks are applied to generating new antimicrobial peptides de novo, and protein-language models
and diffusion-based methods can search wider sequence space and suggest novel candidates (L1 et al.,
2024; Wang et al., 2024). The use of Al to generate peptides, predict activity, optimize their
physicochemical properties, and select candidates for testing is becoming more common and is being
consolidated into single computational pipelines (Goles et al., 2024; Szymczak & Szczurek, 2023).
Recent years have also seen the shift of the focus from the recognition of simple AMPs to
controllable peptide design and validation (Sun et al., 2026). In spite of these developments, there are
clear relationships between sequence characteristics, physicochemical properties, and antimicrobial
classification that are still interpretable, as predictive accuracy does not necessarily indicate the
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molecular basis of antimicrobial activity.

In the context of this, the present study combines structure—activity analysis with supervised
classification to investigate the contribution of peptide composition and physicochemical properties
to antimicrobial properties. To assess the potential for better discrimination and biological
interpretability when integrating complementary molecular information, the study compares
sequence-only, physicochemical-only, and combined feature representations. This framework can
also be used to identify influential properties that can be used in the next peptide screening and
rational design. Combined, these analyses help to connect the dots between prediction and
interpretable molecular mechanisms of antimicrobial peptide activity.

Objectives:

e To describe and compare the various sequence-based and physicochemical properties that are
important for antimicrobial peptide activity.

e To build and test machine-learning algorithms that categorize antimicrobial and non-
antimicrobial peptides based on their sequence, physicochemical properties, and sequence-
plus- physicochemical properties.

e To determine the most important molecular descriptors that aid in antimicrobial peptide
classification and understand their role in structure—activity relationships.

2. Methodology

2.1 Study Design

The study employed a secondary data computational (SDCB) approach to investigate the structure—
activity relationships and classified the antimicrobial peptides based on sequence-derived and
physicochemical properties. The analysis integrated the dataset of antimicrobial peptides (AMPs)
(Roy, 2020) with the MarLys AMP database - MLAMP_db (Marczak et al., 2026).

2.2 Data Sources

Antimicrobial peptide sequences, activity annotations, amino acid composition, physicochemical
descriptors like molecular mass, isoelectric point, net charge, GRAVY, hydrophobic moment and
structural properties were obtained from the MarLys AMP database —- MLAMP _db. There were 2,638
sequences of antimicrobial peptides (AMPs) and 3,700 sequences of non-AMPs in the antimicrobial
peptide dataset, which was mostly used for binary classification of AMP/non-AMP.

2.3 Data Cleaning and Dataset Integration

The sequences from both sets were transformed to uppercase and verified for valid amino-acid
characters. Identification and merging of exact duplicate sequences. The two datasets were integrated
using complete peptide sequence as the matching key. To reduce the possibility of conflicting
annotations, the records in the second dataset that were labelled as non-AMP but had the
antimicrobial annotation in MLAMP_db were excluded.

2.4 Sequence and Physicochemical Feature Extraction

The features derived from the sequence were peptide length and the relative abundance of the 20
common amino acids. Other factors were positively charged and negatively charged residue fractions,
hydrophobic residue content and charge density. Physicochemical properties were molecular weight,
net charge, isoelectric point, GRAVY, hydrophobic moment, aromaticity, and selected structural
descriptors.

2.5 Structure—Activity Relationship Analysis

The differences between sequence and physicochemical characteristics of the two groups (AMP and
non-AMP) were investigated by descriptive and inferential analyses. This was done by using
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parametric or non-parametric group comparisons depending on the variable distribution. Spearman
correlation analysis was applied to explore the association between physicochemical descriptors and
effect sizes.

2.6 Multivariable Activity Analysis

The independent contribution of sequence-derived and physicochemical properties to antimicrobial
activity was determined using binary logistic regression. The dependent variable was the AMP status,
and molecular and sequence descriptors were used as predictors. Odds ratios and 95% confidence
intervals were reported to see what impact individual characteristics had on the relative contribution.

2.7 Machine-Learning Classification

Four supervised learning algorithms were used to test: Logistic Regression, Support Vector Machine,
Random Forest and XGBoost. Three different feature configurations were evaluated: sequence
features only, physicochemical features only, and a combination of the two. The smallest area
approach was used to conclude if there is any improvement in classification when both feature types
are integrated.

2.8 Model Training and Performance Evaluation

The selected dataset was split to train and test subsets and stratified. The optimization of the model
was done through cross-validation within the training data; the pre-processing and scaling were
performed without exposing the test data. The accuracy, sensitivity, specificity, precision, F1 score,
Matthews correlation coefficient, ROC-AUC, PR-AUC and confusion matrices were used to evaluate
performance.

2.9 Feature Importance and Sensitivity Analysis

Two different approaches were implemented: feature-importance analysis and SHAP analysis, which
was used to identify the variables that are most strongly associated with the classification of AMP.
Special attention was paid to net charge, hydrophobicity, hydrophobic moment, peptide length,
isoelectric point, and amino-acid composition. A second sensitivity analysis using more similar
sequence-length distributions (both  AMP and non-AMP) was also conducted to assess for
classification bias due to sample length.

2.10 Ethical Considerations

The study was not conducted on humans, did not involve identifiable personal data, did not involve
animal experimentation, and did not involve the collection of prospective biological samples. As a
result, informed consent and institutional ethics committee approval were not necessary for the
current computational study. Information on data source and data provenance was maintained for
transparency and reproducibility.

3. Results

3.1 Dataset Integration and Final Analytical Cohort

The antimicrobial peptides (AMP) database was integrated with the database of MarLys (AMP_db)
by exact amino acid sequence matching. A total of 103,143 unique peptide sequences were in the
cleaned MLAMP database, while the antimicrobial peptides dataset had 2638 AMP and 3700 non-
AMP sequences. There are 2638 sequences in the MLAMP db. Of the non-AMP sequences, 304
were also found in MLAMP db, but 295 were specifically labelled as antimicrobial and were
therefore excluded due to activity conflicts. The summary of peptides in the final classification cohort
following conflict resolution is provided in Table 1, which revealed 6,043 peptides: 2,638 AMPs
(43.65%) and 3,405 non-AMPs (56.35%).
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Table 1. Integration and preprocessing of the two peptide datasets
Dataset processing step n

Unique sequences in cleaned MLAMP_db 103,143

AMP sequences in antimicrobial peptides dataset | 2,638

Non-AMP sequences in antimicrobial peptides

dataset 3,700
AMP sequences matched with MLAMP_db 2,638
Non-AMP sequences overlapping MLAMP_db 304

Conflicting non-AMP records removed 295

Final AMP records 2,638
Final non-AMP records 3,405
Final analytical cohort 6,043

There was a significant length difference between peptides in the two groups. The median length of
the amino acid sequences of the AMP sequences was 30 amino acids, while the median length of the
amino acid sequences of non-AMP peptides was 65 amino acids. The corresponding mean lengths
were 33.59 + 17.04 and 59.59 + 22.74 residues, respectively. The significant change in sequence-
length distribution is shown in Figure 1.
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Figure 1. Distribution of peptide sequence length among antimicrobial and non-antimicrobial
peptides

3.2 Sequence and Physicochemical Characteristics

Several physicochemical properties were found to be different between the AMP and non-AMP
groups. The net positive charge, isoelectric point, hydrophobic moment, proportion of positive
residues and charge density of the AMPs were significantly higher as presented in Table 2. Non-AMP
peptides were longer, were larger, and included more negatively charged residues.

The median pH 7 net charge of AMPs was 2.77 vs. 0.68 for non-AMPs. Again, the median charge
density of AMP sequences was 0.093, while that of non-AMP sequences was 0.015. The hydrophobic
moment was also significantly higher for the AMPs (median 0.141) than for the non-AMPs (median
0.077). These differences were statistically significant and notably large in the case of peptide length,
molecular weight, negative-residue fraction, and charge density.
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Table 2. Comparison of major sequence and physicochemical characteristics between AMP and
non-AMP peptides

: AMP, © | AMP median | Non-AMP, | Non-AMP | p- | Rank-
Variable mean + (IQR) mean £ SD | median (IQR) | value biserial
SD ! vala effect
3359+ 5959+
Length o 30043 |22 65(43-78) | <0.001 | -0.606
3262.27 726588
Meoile}ft“lar fggg;g £ | (2206.24- gggzgi = | 484853- | <0.001 | -0.610
weig : 4676.67) : 8733.00)
Isoelectric 9.09 + 9.38 (8.59— 8.08 (5.29—
e T 10.00) 753223 | g0 <0.001 | 0.411
Netcharge | 324% | 2.77(0.93- 0.68 (-2.16-
ot e T 048472 | S'o <0.001 | 0.413
0003+ | -0.052(- 0130+ | -0.144(-
GRAVY " 10850  |0.549-0.516) | 0.624 0.534-0.216) | 001 | 0-097
Hydrophobic | 0.161 £ | 0.141 (0.078— | 0.087= | 0.077 (0.049—
moment | 0.103 0.230) 0.055 0.112) <0.001 ) 0.442
Positive
: 0162 | 0.154(0.106- | 0.120+ | 0.113 (0.085—
;e“d.ue 0.086 0.200) 0.057 0.149) <0.001 ) 0.327
raction
Negative
: 0.050= | 0.040(0.000- | 0.101+ | 0.098 (0.057—
;e“d.“e 0.053 0.078) 0.062 0.139) <0.001 | -0.507
raction
Charge 0103+ | 0.093 (0.048— | 0.011= | 0.015(-0.036-
density 0.100 0.152) 0.083 0.062) <0.001 | 0.562

The amino acid content was also found to vary between the two groups. The amino acid composition
of AMP sequences was specifically enriched in lysine, glycine, cysteine and isoleucine as shown in
Figure 2. The compositional difference was the highest for lysine, which constitutes about 10.35% of
the residues in AMPs, as compared to 6.11% in non-AMPs. In contrast, the positive net charge of

antimicrobial sequences was correlated with the lower representation of glutamate and aspartate in
the AMPs.

. AMP
s Non-AMP
10+

Mean composition (%)

A C D E F G H 1 K L M N P Q R S T v w Y
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Figure 2. Mean amino-acid composition of antimicrobial and non-antimicrobial peptide
sequences
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The combined sequence and physicochemical feature space was subjected to PCA analysis, which
resulted in some separation between AMP and non-AMP peptides. The two first PCs captured about
31.3% of the total variance, PC1 accounting for 18.2% of the variance and PC2 for 13.1%. The amino
acid sequence of AMPs was summarily moved towards positive PC1 values, while non-AMP
peptides were largely clustered towards the negative pole of PC1 as shown in Figure 3.
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Figure 3. Principal component representation of antimicrobial and non-antimicrobial peptides
based on standardized sequence and physicochemical descriptors

3.3 Multivariable Structure—Activity Relationships

Standardized physicochemical predictors were evaluated for their association with AMP status in a
reduced multivariable logistic regression model. As seen in the Table 3, the sequence length was
inversely correlated with antimicrobial status. An odds ratio of 0.279 was observed for peptide length,
a one-SD increase of which was associated with around 72% lower odds of being classified as AMP.
By contrast, there was a significant positive correlation of net positive charge with antimicrobial
activity. Increased net charge was found to be marginally associated with significantly increased odds
of being in the AMP status by an approximate factor of 2.89 per unit increase in net charge.
Hydrophobic moment was also independently associated with antimicrobial activity with odds ratio
of 1.384. There was a slight negative correlation with aromaticity. Isoelectric point and GRAVY were
not found to be independent significant factors when adjusted for the other physicochemical factors.
The results showed that the size of the peptide, the electrostatic charge and the amphipathic structure
were more informative than the bulk hydrophobic properties for AMP status.

Table 3. Multivariable logistic regression of physicochemical properties associated with AMP

status
Predictor OR per 1- 95% CI p-value
SD increase
Sequence length | 0.279 0.254-0.305 | <0.001
Isoelectric point | 0.906 0.800-1.027 | 0.123
ot charge at Pt | 5 gog 2.497-3354 | <0.001
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GRAVY 1.051 0.984-1.123 | 0.137
Hydrophobic 1.384 1.269-1.509 | <0.001
moment

Aromaticity 0.835 0.784-0.889 | <0.001

3.4 Classification Performance

The performance of machine learning was tested for the different combinations of sequences and
physicochemical features. Table 4 shows that in general, the models generated using trees performed
better than logistic regression and SVM. When the only features available are sequences, XGBoost
has an accuracy of 92.97% and an ROC-AUC of 0.9724. The performance with physicochemical
properties alone was slightly worse, where XGBoost achieved an accuracy of 90.57% and an ROC-
AUC 0f 0.9614.

The combination of the sequence and physicochemical features gave the best overall results.
XGBoost achieved 93.63% accuracy, 92.80% sensitivity, 94.27% specificity, 92.72% F1-score, and
an MCC of 0.871. Its ROC-AUC reached 0.9769, while PR-AUC was 0.9746.

Table 4. Classification performance across feature sets and machine-learning algorithms

Accurac | Sensitivit | Specificit FI- ' vc [ROC | pRe
Feature set Model scor C - AUC
y y y e AUC
Logistic
Sequence Regressio | 0.839 0.843 0.836 8'82 0.675 1 0911 (1)'87
n
Sequence SVM 0907 | 0917 0.899 2'89 0.812 | 0.963 8'95
Sequence Random 1 ) 573 | 0913 0.931 091 14 844 | 0.971 | %20
Forest 2 9
Sequence XGBoost | 0.930 0.917 0.940 (9)'91 0.857 |1 0.972 2'96
. . Logistic
fhyswoc}lemlca Regressio | 0.820 0.824 0.816 8'80 0.637 | 0.897 (1)'86
n
fhymo"hemlca SVM 0872 | 0.866 0.877 2'85 0.740 | 0.934 8‘90
Physicochemica | Random 0.899 0.881 0.913 0.88 0.795 | 0.961 0.95
1 Forest 4 5
fhymo"hemlca XGBoost | 0.906 | 0.883 0.924 (1)'89 0.808 | 0.961 2'95
Logistic
Combined Regressio | 0.844 | 0.849 0.840 2'82 0.685 | 0.921 2'89
n
Combined SVM 0917 | 0915 0.918 (5)'90 0.831 | 0.965 (3)‘95
Combined Random 1500 {0,915 0.931 091 19 845 | 0.974 | 997
Forest 3 2
Combined XGBoost | 0.936 | 0.928 0.943 2'92 0.871 | 0.977 (5)'97

Five-fold cross-validation of the combined models within the training data set confirmed the stability
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of the combined models. Mean ROC-AUC values were 0.917 + 0.010 for Logistic Regression, 0.961
+ 0.007 for SVM, 0.966 + 0.006 for Random Forest, and 0.969 + 0.005 for XGBoost. The ROC
curves shown in Figure 4 also support this finding and shows that the ensemble models have better
discrimination with XGBoost having the highest ROC-AUC.
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Figure 4. Receiver operating characteristic curves of classifiers developed using combined
sequence and physicochemical features

The independent test set had 642 true negatives, 490 true positives, 39 false positives, and 38 false
negatives for the best performing XGBoost classifier. The confusion matrix is displayed in Figure 5
with well-balanced detection of both the AMP and non-AMP classes.
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Figure 5. Confusion matrix of the combined-feature XGBoost antimicrobial peptide classifier
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3.5 Feature Importance and Sensitivity Analysis

Sequence and physicochemical features were identified as some of the most important features by
permutation-based feature importance for the XGBoost classifier. The largest decrease in ROC-AUC
after permuting was caused by methionine composition, followed by the composition of cysteine,
hydrophobic moment, molecular weight, peptide length, arginine composition, and charge density, as
reported in Table 5.

Table 5. Leading predictors in the combined-feature XGBoost classifier

Mean

Rank | Feature permutation
importance

1 Methionine composition | 0.0267

2 Cysteine composition 0.0114

3 Hydrophobic moment 0.0095

4 Molecular weight 0.0073

5 Sequence length 0.0060

6 Arginine composition 0.0046

7 Charge density 0.0035

8 Leucine composition 0.0027

9 Glycine composition 0.0026

10 Hydrpphobic residue 0.0025

fraction

By looking at the ranking presented in Figure 6, the discrimination of the models was not based on
just one parameter, but rather on using a mixture of sequence composition and physicochemical
properties.

Methionine

Cysteine

Hydrophobic moment

Molecular weight

Sequence length

Feature

Charge density

Arginine

Hydrophobic fraction

Glycine

Leucine

i T T T T T
0.000 0.005 0.010 0.015 0.020 0.025
Decrease in ROC-AUC after permutation

Figure 6. Permutation-based importance of the ten most influential features in the combined
XGBoost classifier

Given the large variation in peptide length within the AMP and non-AMP groups, a sensitivity
analysis was carried out using peptides of a similar length. Balancing the representation of AMP and
non-AMP peptides in the 2,552 peptides obtained by exact-length matching. As presented in Table 6,
even though the strong length imbalance has been eliminated, the performance of XGBoost does not
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drop much with ROC-AUC of 0.936, PR-AUC of 0.931 and MCC of 0.718. The result shows that the
classification was not only based on the length of peptides.

Table 6. XGBoost performance after exact sequence-length matching

Metric Value
Length-matched sample size 2,552
Accuracy 0.859
Precision 0.859
Sensitivity 0.859
Specificity 0.859
F1-score 0.859
MCC 0.718
ROC-AUC 0.936
PR-AUC 0.931

The results presented as a whole indicate that AAMPs have certain unique properties that include
their amino-acid composition, amphipathic properties, positive electrostatic attributes, and overall
sequence length. When the sequences were integrated with their physicochemical descriptors, the best
predictive results were obtained, and the length-controlled analysis reaffirmed that discrimination was
maintained even after the influence of sequence length was minimized.

4. Discussion

In the present study, it is found that the antimicrobial peptide activity can be distinguished by the
combination of sequence related and physicochemical properties. AMPs were found to be shorter,
more positively charged and more amphipathic than non-AMPs and exhibited distinctive amino-acid
composition patterns. These results align with known structure—activity relationships indicating that
the interactions between peptides and membranes (as well as antimicrobial activity) are governed by
charge, hydrophobicity, and organization (Gagat et al., 2024; He et al., 2021). The findings of the
enrichment of positive residues and the higher isoelectric points for AMPs corroborate the
electrostatic attraction of cationic peptides towards negatively charged microbial surfaces (Islam et
al., 2023; Huynh et al., 2021).

The discriminating physicochemical variables that had the highest scores were net charge and charge
density. The biological relevance of their importance is supported by the fact that a positively charged
residue favors membrane association and that charge distribution is important for peptide orientation,
insertion and disruption. Similarly, recent machine-learning evidence has also shown that charge
density is a feature that is mechanistically informative forAMP discrimination (Malshikare et al.,
2026). But antimicrobial behaviour is not just explained by the charge. The present results also
revealed that the AMPs had a higher hydrophobicity moment, which meant that they had more
amphipathic organization. This is evidence for the notion that the efficacy of AMPs depends not only
on their hydrophobicity but also on their electrostatic interactions with microbial membranes, not
necessarily on the highest possible level of hydrophobicity (He et al., 2021; Schifano & Caputo,
2022). Modifications of hydrophobic side chains have been associated with changes in potency,
selectivity and toxicity (Pandit et al., 2021; Van der Walt et al., 2024) and such modifications have
been performed via similar structure—activity studies.

In addition, amino-acid composition was used to aid discrimination between AMP and non-AMP
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sequences. There was an enrichment of lysine and differences in the levels of cysteine, arginine,
glycine, leucine, and methionine were observed and used to make predictions in the model. This
observation is in line with computational peptide design studies unveiling that residue composition
and local sequence context carry information on functional properties that go beyond what is
encompassed by global physicochemical descriptors (Cardoso et al., 2020; Wang et al., 2022). There
are growing examples of such patterns being directly used in sequence-oriented modelling, such as
recurrent neural networks and representation learning techniques that can capture higher-order
residue relationships (Li et al., 2024; Wang et al., 2024).

The results of the classification were consistent with the benefit of fusing the sequence and
physicochemical information. The combination of the feature set performed best, with XGBoost
attaining 93.6% accuracy, 0.977 ROC-AUC, 0.975 PR-AUC and an MCC of 0.871. This is consistent
with the previous findings by machine-learning classifiers to integrate multiple peptide descriptors of
diverse types for AMP recognition (Lin et al., 2021; Teimouri et al., 2023; Wan et al., 2024). Recent
deep-learning systems are able to generate sequence representations automatically, yet conventional
machine-learning methods are still useful if interpretability and selection of models based on
biological connections to physicochemical property is desired (Al-Omari et al., 2024; Lin et al.,
2025). Also, current reviews highlight data quality, redundancy control, model transparency, and
biological generalizability as factors to consider when considering predictive performance (Brizuela
et al., 2025).

The sensitivity analysis was an important qualification. The performance of XGBoost dropped off
after exact length matching, but it was still very good: ROC-AUC was 0.936 and MCC was 0.718.
This suggests that while peptide length made a significant contribution to initial discrimination it was
not sufficient to explain the predictive signal. The length control experiments indicate that the charge
distribution, amphipathicity, amino acid content, and other molecular properties are independent
features that discriminate between antimicrobial peptides. This is because models trained on unequal
sequence-length distributions might be overestimating biological discrimination by taking advantage
of the variability of lengths instead of features that are mechanistically informative.

In addition to classification, the results enable a computational approach to rational discovery of
AMPs. Feature analysis can be used to determine molecular properties that could be used to prioritize
candidate peptides prior to experimental testing (interpretable feature analysis), and newer Al-based
approaches can also leverage these constraints to drive sequence generation and optimization (Goles
et al., 2024). With the increasing complexity of peptide sequence space explored, generative models
are now looking into antimicrobial activity, physicochemical feasibility, and reduced toxicity (Sun et
al., 2026). The present findings dovetail into these approaches by demonstrating consistency of
conventional descriptors even as representation-learning techniques get more complex.

The overall study results suggest that the best classification of the antimicrobial peptides is obtained
by combining sequence composition with physicochemical properties. It was found that shorter
length, higher positive charge, higher charge density, higher amphipathicity score and residue
composition were central features of AMP status. The results confirm known structure—activity
relationships and show that interpretable machine-learning models can be used to yield robust
predictions and meaningful biological insights for antimicrobial peptide screening and design.

5. Conclusion

The results of this study show the possibility of classification of antimicrobial peptides based on the
sequence-derived characteristics and physicochemical properties. There were, overall, fewer amino
acids, higher positive charge and more amphipathicity in antimicrobial peptides than in non-
antimicrobial peptides, and distinct patterns of amino-acid composition. The following discriminative
features were identified: net charge, charge density, hydrophobic moment, peptide length, molecular
weight, and selected residue frequencies, which are all in accord with the structure—activity principles
of peptide—membrane interaction. XGBoost with combined sequence and physicochemical features
set was the model that had the best predictive performance among the models evaluated, with high
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accuracy, ROC-AUC, PR-AUC and Matthews correlation coefficient values. The strong classification
performance also seen after sequence-length matching further supported this point that classification
was not solely based on peptide size, but also on some general characteristics of the molecules. The
results underscore the importance of the use of interpretable biochemical descriptors and machine
learning approaches towards the identification of antimicrobial peptides. The study also offers a
framework to prioritize peptide candidates prior to experimental testing, using biologically
meaningful features. Future studies should include quantitative activity data, toxicity information,
external validation datasets, and more sophisticated sequence representations to enhance the
predictive generalizability and facilitate rational design of potent, selective, and clinically potent
antimicrobial peptides.
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