
Machine learning aided discovery of 
membrane disruptive, non-hemolytic

anticancer peptides
AMLD – AI & the Molecular World
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Membrane disruptive peptides

05.05.22 Markus Orsi – DCBP Universität Bern – Reymond Group 2
Baeriswyl S. et al. A Mixed Chirality α-Helix in a Stapled Bicyclic and a Linear Antimicrobial Peptide Revealed by X-Ray Crystallography. RSC Chem. Biol. 2021, 2 (6), 1608–1617

Overcome drug resistance

Low immunogenicity

Good biocompatibility

Easy synthesis

Hemolytic effects

Low metabolic toxicity
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Peptide design Activity prediction Selection and 
synthesis

Post hoc 
analysis

Select peptides and 
validate selection 

experimentally

Gain further insight on 
experimental results

Generate de novo 
virtual peptide library

Predict putative activity 
to guide selection

Dr. Alice Capecchi Elena Zakharova



Peptide design
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Activity predictionPeptide design Selection and synthesis Post hoc analysis

• Trained on 9’548 linear sequences from DBAASP
• Two layers of gated recurrent unit (GRU) cells
• Transfer learning with 53 peptides active against HeLa cells   

Recurrent Neural Network 
(RNN)

Capecchi A. et al. Machine Learning Designs Non-Hemolytic Antimicrobial Peptides. Chem. Sci. 2021, 12 (26), 9221–9232
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Activity prediction

Markus Orsi – DCBP Universität Bern – Reymond Group 5

Activity predictionPeptide design Selection and synthesis Post hoc analysis

• Trained on DBAASP activity data of 6’641 sequences
• Two layers of GRU cellsActivity classifier

05.05.22
Capecchi A. et al. Machine Learning Designs Non-Hemolytic Antimicrobial Peptides. Chem. Sci. 2021, 12 (26), 9221–9232



Selection and synthesis
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Activity predictionPeptide design Selection and synthesis Post hoc analysis

• LD > 5 from training sets and LD > 4 from test set
• Discarded sequences with LD > 8 (90% quantile)
• Pred. helicity > 0.8; hydrophobic moment > 0.3
• Max. length = 15 AA; L-AA only
• Butina clustering centroids

Selection filters

Name Sequence HeLa (cancer) PAO1 (bacterial) A. Baumannii (bacterial) Helix, %
A-1 FAKKFFKKFAKFAFK Active Active Active 73.7
A-2 WFKRILKYLKKLV Active Active Active 65.5
A-3 WLNALKKILGHLIRH Active Active Active 78.5
A-4 KYLKYLVRLVGRLYR Active Active Active 68.3
A-5 WKRIVRIIRWIRKYY Active Inactive Inactive 74.1
A-6 FAARILRAWFRFLRR Active Inactive Active 75.4
A-7 SISRLWHSLLRHLLH Active Inactive Active 75.9
A-8 KNFKKLMKKVASVL Inactive Active Active 50.7
A-9 KWRSKIKKIMRTFK Inactive Active Active 45.9
A-10 GLLGRLAKLLANS Inactive Active Active 49.3
A-11 SFSKWMGKLKNIFKK Inactive Active Active 50.0
A-12 LLRHCLRRIRDRLV Inactive Active Active 69.5
A-13 VFRQWQKIMRRLVRR Inactive Inactive Active 48.8
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Post hoc analysis
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Activity predictionPeptide design Selection and synthesis Post hoc analysis

• Trained on DBAASP hemolysis data of 2’262 sequences
• Architecture similar to activity classifier
• Only one layer of GRU cells

Hemolysis classifier
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Name Sequence Predicted Experimental Outcome
A-1 FAKKFFKKFAKFAFK Non-hemolytic Non-hemolytic True
A-2 WFKRILKYLKKLV Hemolytic Hemolytic True
A-3 WLNALKKILGHLIRH Hemolytic Hemolytic True
A-4 KYLKYLVRLVGRLYR Non-hemolytic Hemolytic False
A-5 WKRIVRIIRWIRKYY Hemolytic Hemolytic True
A-6 FAARILRAWFRFLRR Hemolytic Hemolytic True
A-7 SISRLWHSLLRHLLH Hemolytic Hemolytic True
A-8 KNFKKLMKKVASVL Non-hemolytic Non-hemolytic True
A-9 KWRSKIKKIMRTFK Hemolytic Non-hemolytic False
A-10 GLLGRLAKLLANS Hemolytic Non-hemolytic False
A-11 SFSKWMGKLKNIFKK Hemolytic Non-hemolytic False
A-12 LLRHCLRRIRDRLV Non-hemolytic Non-hemolytic True
A-13 VFRQWQKIMRRLVRR Hemolytic Non-hemolytic False

Capecchi A. et al. Machine Learning Designs Non-Hemolytic Antimicrobial Peptides. Chem. Sci. 2021, 12 (26), 9221–9232
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Activity predictionPeptide design Selection and synthesis Post hoc analysis
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Predicted non-hemolytic

Predicted hemolytic

Probst D. and Reymond J.-L. Visualization of Very Large High-Dimensional Data Sets as Minimum Spanning Trees. J Cheminform 2020, 12 (1), 12.

MAP4
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MAP4 
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