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Check how risky invertase activity influences PV and
population
Check the impact of phages on PV and bacterial
population
Do behavioural clustering as the first step toward
identifying the most important parameters
Check variability of parameters inside and across
behavioural clusters

UMAPs colored
by cluster

The model’s behavior is stochastic, emergent in some cases and very diverse when
changing parameters, although the metrics do not perfectly characterize it.
We also observed interesting patterns: population sizes of bacteria and phages
determine the intensity of the phase variation; the phase variation is beneficial for
bacteria even at the risk of death from it.
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Bacterial populations with phase variation (PV) are unique
objects for study because of their evolutionary strategy.
They can reversibly switch their genotype and accordingly
the phenotype to adapt to sudden changes in the
environment.
In the beginning we had an agent-based model (ABM),
which well described the population with phase variation by
specifying the behaviour of agents, but not the whole
system. Our goal was to test its descriptive ability, assess
the limits of applicability and create a predictive model
based on it.

Globally: make a model that is capable not of describing, but of predicting phase
variation (PV)

Identify more homogeneous clusters and biologically annotate them
Find the parameters that most strongly influence PV according to the
mathematical prediction
Provide biological annotation of these parameters
Plug these parameters into anODE model

Clustering of simulations by metrics. Simulations were run on 100,000 parameter sets.
This image is 2D projection of simulation results in metric space. It shows how diverse the model's
behavior is with different parameters.

The plot shows influence of parameters on metrics. We can see that
only a few parameters do it signifi cantly. It can be concluded that the
metrics somewhat poorly reflect the behavior of the model, or the
influence of the parameters is mainly complex and is not reflected in
pair correlations. 

Spearman correlations are not very strong, albeit there is still
some correlation between certain metrics

The fewer the phages, the higher the phase switch count
The more bacteria, the higher the phase switch count
At very high phage concentrations, the phase switch count also increases

Metric vs. metric

Metric vs. parameter

PCA log colored by mertic

The standard deviation of most parameters in clusters is very large (~30%). This may mean that the simulation
results are very loosely located in the metric space, and this reduces the quality of clustering.

Invetase penalty and frequency
 impact on biomass

Bacterial and phage population correlation 
with phase switch count as PV measure

This graph shows how the probability of genotype change and the risk of dying from
it affects biomass.

This plot shows how the probability of genotype change and the
risk of dying from it affects biomass. It can be concluded that the
ability to change genotype is important for bacteria even despite
the high risk: at the maximum tolerable risk, they use it to the
fullest.
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