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Abstract:
Antimicrobial peptides are polypeptide sequences of 12-50 residues characterized by
their charged and hydrophobic cores that were long thought to kill bacteria by a
general mechanism; disrupting their membranes leading to cell lysis and death. Their
direct antibacterial activities and the lack of bacterial resistance have stimulated their
therapeutic avenues against antibiotic-resistant infections. Major limitations
preventing AMPs from translating into clinics are their low metabolic stability, poor
oral bioavailability and high toxicity. Reducing hurdles to clinical trials without
compromising the therapeutic promises of peptide candidates becomes an essential
step in peptide-based drug design.

In this presentation, I will discuss the development of machine-learning models and
outlier detection methods that ensure robust predictions for the discovery of AMPs
and the design of novel peptides with reduced hemolytic activity. Our best models,
gradient boosting classifiers, predicted the hemolytic nature from any peptide
sequence with 95–97% accuracy. Nearly 70% of AMPs were predicted as hemolytic
peptides. Applying multivariate outlier detection models, we found that 273 AMPs
(~ 9%) could not be predicted reliably. Our combined approach led to the discovery of
34 high-confidence non-hemolytic natural AMPs, the de novo design of 507 non-
hemolytic peptides, and the guidelines for non-hemolytic peptide design.
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Antimicrobial Peptides (AMPs):  
innate lines of defense against pathogens

�X Nguyen LT et al., Trends in Biotechnology (2011)  

Different mechanisms of action against bacterial membranes: 
Main attractive features of developing synthetic AMPs as antibiotics



Most AMPs must interact with bacterial membranes  
…but NOT all act to destroy them

Le C.-F. et al., Antimicrobial Agents and Chemotherapy (2017) �X



Bacterial resistance to AMPs?

Magana M. et al., Lancet Infectious Diseases (2020) �X



�XMahlapuu M. et al., Frontiers Cell. Infect. Microbiology (2016) 

Alternatives to conventional antibiotics
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Defines toxicity

The toxicity of peptides can be broadly classified into 3 categories: 
- cytotoxicity 
- haemotoxicity (lysis of red blood cells) 
- immunotoxicity 

Various methods exist to predict cytotoxicity, immunotoxicity/allergenicity of 
peptides but almost none for predicting peptides with haemolytic capacity

Chaudhary K., et al. Scientific Reports (2016) �X



�X

The rise of online predictors for haemolytic activity



�XPlisson F., et al. Scientific Reports (2020) 

ML-guided discovery and design of non-hemolytic AMPs
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Binary classifiers to predict hemolytic nature & activity
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Outlier Score Outlier Score

Percentile Outlier Score

Hepcidins (fish)
Bactericidins (insect)
Maximins (toad)
Cyclotides (plant)

Neuropeptide-like proteins (nematode)
Cathelicidins (fish)
Brevinins (frog)
Dermaseptins (frog)

~70% AMPs were predicted haemolytic. 
273 out 3,081 (~9%) AMPs are outliers

Discovery of novel (non-)hemolytic AMPs

Plisson F., et al. Scientific Reports (2020) 
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P27-Seminalplasmin,  
Odorranain-M1,  
Ranatuerin-2PRb,  
Ocellatin-PT6,  
Maximin 45,  
rt-CATH-1b/2a

300 out of 317 known haemolytic peptidesa  b  
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Deep mutational scanning to find key residues

Fowler, D. & Fields, S. Nature Methods (2014) - ligand binding, protein stability 
Rollins, N. et al., Nature Genetics (2019) - double mutants / 3D protein structure

prob (hemolytic)
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De novo design of 5,000 random peptide sequences

507 (~10%) were non-haemolytic peptides and low outlier scores.

“To design non-hemolytic peptides; peptide sequences should be neutral or slightly 
charged sequences with ~ 20% positively and negatively charged residues (ratio 3:1), 
an equal proportion (~ 30%) of aromatic/aliphatic residues (ratio 1:2) and small amino 
acids in random peptide sequences to insure robust hemolytic predictions.”

Plisson F., et al. Scientific Reports (2020) 



Conclusions
Predictive models (Gradient Boosting) were able to classify 95-97%
(HemoPI-1) the hemolytic nature of any peptide sequence.

External validation with hemolytic AMPs (HAMPs) identified 300 out of
317 known hemolytic peptides.

First application of multivariate outlier detection to peptide predictive
modelling. Average KNN was identified as the best outlier detector across
all HemoPI databases.

Applications
~70% AMPs of the Antimicrobial Peptide Database (3081) were predicted
as hemolytic peptides.

Deep mutational scanning (single mutants) can help identifying key
residues associated with a biological activity (fitness function).

De novo design amplified the key characteristics (properties, AAs) found
in (non-)hemolytic peptides.
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