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RQ1
Does ML-driven GA find unique promising self-
assembling peptides (high quality candidates) while 
exploring the global space?

RQ2 What does the GA reveal about the ML self-assembly 
predictor? RQ3 How do GA-generated peptides compare to


peptides from the experimental dataset?

Exploration of Large Peptide Space Guided by GA Driven ML

Genetic algorithm (GA) Promising  peptides
ML model used as GA fitness funtion
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Analysis of GA-Generated Peptides Collected Over 200 Independent GA Runs

What do mutations tell us about the 
predictive model?

GA selection reshaped aa composition

Insert

Adds aa

Swap 

Exchanges aa 

Delete

Removes aa

Substitute

Replaces aa

GA used mutation mainly to 
probe local variants within the 
predictor’s high-score region.

89,6%
of them happened on 
high-scoring peptides

Length-associated preference

Adding one residue usually increased the predicted score, 
whereas deletion rarely did.I V V WI I W
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Vast, diffuse exploration Convergence to high scoring candidatesIntelligent search with GA

Global Exploration and Local Exploitation  

GA guided by

Retrained prediction model200 5011independent GA runs suggested peptides where

Within each run, the GA focused the 
population on a smaller set of high-

fitness peptides.

Different runs produced different results: 
99.9% of final sequences were not found in 

any other run

Within a single run, peptides converge 
to a place and are more similar than 

starting population.

RQ1
Thousands unique, high scoring candidates; runs converged locally, but explored different sequence neighborhoods. This 
reflects local exploitation within each run, while the lack of overlap between runs indicates global exploration of different 
sequence solutions. Median fitness in final populations is 90.9 which means while exploring the global space solutions are 
high scoring. 
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Inspired by the process of natural selection
F M

5010 unique sequences
are

Hight fitness region

Selection enriched I/V/L/M/C/F and strongly 
depleted charged residues, revealing the 

compositional region favored by generative model. 
This computational preference does not establish 

that individual residues cause self-assembly.

Experimental setup

4 experimental conditions

x200 GA runs

Larger and more balanced dataset

[1] dataset [2] dataset
Combined dataset


256 SA 91 SA
334 SA

112 NSA 117 NSA 276 NSA

368 → 610 peptides total

Retrained model 

accuracy: 77.1%
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RQ2
GA search exposed predictor 
preferences for 
hydrophobicity, charge, and 
peptide length

Strategies to dampen length bias
Original GA Modified GA

Modification of initial 
population strategyOriginal  

ML model 5251 5016 Original GA:

100% peptides with 3-24 aa

Retrained

ML model 3870 4270 

3 aa 24 aa

number of peptides Modified GA:

90% peptides with 3-6 aaModifying GA with:


→ Fitness penalty favoring length diversity,

→ Initial populations with shorter peptides 3 aa 24 aa

98.5% peptides length 10

mutation events

8,761

Modified GA effect

Clustering  GA-Generated Peptides: Where Do Experimental Peptides Map?

What is clustering? → grouping similar data points based on defined measure of similarity. For example: HDBSCAN →Groups together data points that are tightly packed, leaving out points in sparse areas as outliers.

UMAP preserves embedding while 
reducing dimensionality

Represent a peptide through 13 physicochemical 
properties 13 features per peptide = 13D space


Below is 3D space - so imagine 13D!
HDBSCAN groups together data points close in space13 columns

For each

peptide
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3.9% peptides from the 
dataset map to 
unclustered regions

0 GA candidates match 
sequences from the 
dataset 

0.887 median HDBSCAN 
membership strength

84.7% 13.4% 3 GA clusters

generated SA peptides 
occupy those clusters

 SA peptides from the 
dataset concentrate in 
those 3 clusters

I Peptide (“IIMIILIC”) 
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I

M

I

I

L

I

13  Features

length: 8

aromaticity: 3

... ... ...

C

charge: 7

hydrophobicity: 12

Clustering input: 2,667 unique GA candidates with predicted self-assembly probability >99.0% .

The 13 physicochemical features were embedded with UMAP and clustered with HDBSCAN in the resulting 2D space.

Experimental peptides projected into GA-derived clusters and marked 
as “x”. 3 GA-derived clusters contain no 

peptides from the experimental dataset
0 experimental peptides map to the largest 
cluster, which contains 32.4% of GA candidates

Very hard to visualize

and work with

UMAP

13D → 2D Clustering

RQ3 Despite the limited search space coverage by the 
dataset, GA explores new peptide-property regions

84.7% peptides from the dataset maps to 3 small clusters, in which 
13.4% GA generated peptides is located
 3 clusters contain only one


experimental peptide each

2,667 candidates  ·  11 clusters  ·  0.5% unclustered · largest family 32.4%  ·  bootstrap stability: ARI 0.76 ± 0.16
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TAKE HOME MESSAGE: ML-guided GA explored diverse search space neighbourhoods and identified thousands of high scoring self assembling peptide candidates, including regions not covered by the 
experimental dataset. The search also revealed model preferences for hydrophobicity, charge, and peptide length providing candidates for experimental testing.
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