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Abstract:

Altruism has made biologists wonder and argue for decades because at first glance
it might seem to contradict Darwinian evolution, as altruistic behavior would lower the
fitness of an individual while not providing any direct benefits; however, this
phenomenon happens everywhere in nature, from little primates looking out for
predators while their peers feed, to nesting birds that protect unrelated offspring, or
even humans, where charity is only one of many examples. But even more
interestingly it happens in every multicellular creature, as each individual cell limits
its reproduction to ensure the survival of the larger organism (with the clear
exception of cancer cells).

In this text we propose to study a simple system of plasmid containing bacteria to
analyse how multilevel selection can emerge and favour altruistic behavior, as it is
advantageous (selfishly) for a plasmid to replicate as much as possible while at the
same time causing a burden on its host, therefore diminishing its chances to
replicate and grow in the bacterial population. We use a computer simulation built
around a Moran process and previous knowledge on plasmid intracellular
interactions to model and shed light on such an interesting and relevant dynamic.



1. Introduction:

Altruism occurs everywhere in nature, across a huge variety of clades and
organization levels; just to cite some examples we have the warning calls present in
both birds (Trivers, 1971), and primates (Wheeler, 2008): by warning against
predators, individuals are not only forced to limit feeding and foraging to watch over
their environment, but also run a higher risk of being hunted as warning calls attract
predators. Another behavior observed in birds is the mobbing of predators in order to
repel them, attacking instead of escaping, and risking individual harm (Krams et al.,
2007). Vampire bats perform an even more direct and astonishing act, as successful
foragers will regurgitate blood directly into the mouth of unsuccessful individuals
(Denault & McFarlane, 1995). We see an extreme sacrifice in colonial insects, with a
huge majority of individuals completely surrendering any chance of reproduction to
serve the colony (Wenseleers & Ratnieks, 2006). But even more interestingly, certain
environmental conditions can trigger the formation of nascent multicellularity in
snowflake yeast via the formation of communal protein aggregates (Gulli et al.,
2019). Even cancer develops altruistic behavior as a mechanism to undermine
therapy (Talukdar et al., 2016)(Pal et al., 2016), and to such an extent that it has
been proposed that such a cooperative and altruistic action could be related to the
origin of complex multicellular eukaryotic life forms (Krsmanovic, 2011).

As we have seen, the topic of altruism has both medical and academic relevance,
and for this reason it has been a topic of extensive study and controversy.
Consequently, a formal definition of altruism, and five mechanisms have been
proposed under which it could emerge and thrive (Nowak, 2006). An altruistic
individual, also called a cooperator pays a cost c that generates a benefit b to
another individual, while a selfish individual, or defector pays no cost and receives
no benefit. All these costs are calculated in terms of relative fitness and behaviours
have to be hereditary. Intuitively we see that while a group of cooperators has
maximal fitness, a defector would have an advantage among cooperators,
threatening to invade the population and destroy the cooperative dynamic. Hence
the need for mechanisms to maintain altruism as an evolutionary stable strategy.

The possibilities for maintaining cooperation are, according to (Nowak, 2006): Kin
selection, assuming that members of a population are closely related, or can
recognize their kinship, such that to cooperate with others would be like helping a
fraction of the self, because they share a relevant fraction of genetic material. Direct
reciprocity, in which individuals recognize each other and have repeated encounters
among themselves, so selfishness is discouraged as it would cause other individuals
to avoid cooperating with selfish individuals. Indirect reciprocity, this mechanism
requires more individuals to work, as it is based on the creation of a ‘reputation’, acts
of cooperation have to be recorded so members of a community hold information on
which individuals cooperate and which don't, so they can act accordingly. Network



reciprocity, in this case the survival of cooperators relies on population structure,
given by spatial or social relations that allow subgroups to form, such separation can
isolate cooperators and give them an advantage that would make them prosperate.
And finally, the one we will focus on, group selection or multilevel selection; selection
must be applied on two organizational levels, on individuals and on groups, such
groups should split in two when they reach a certain size, and while groups of
cooperators grow faster (therefore have an advantage) selfish individuals have a
better chance to invade and dominate a particular group, causing opposing
evolutionary forces.

Our model consists of a bacterial population of constant size that contains plasmids,
so each plasmid sub-population has its own average copy number; each cycle a
bacteria divides with an individual probability negatively correlated to its average
plasmid copy number, a bacteria dies with homogenous probability as in a simple
Moran process (Moran, 1958), additionally, plasmid mutations are predicted, and to
evaluate if they take over or disappear we calculate their fixation probability
according to the findings made by (Ramirez & Pedraza, 2020) in her bachelor thesis.

2. General objective:

To develop a stochastic simulation of the evolution of a plasmid-containing
population of bacteria

3. Specific objectives:

- Model the changes in frequency of bacteria containing plasmids with different
average copy numbers.

- Include the appearance of competitor plasmids via mutation into the dynamics
and the intra-cell competition

- Determine the overall dynamics of the average copy number in the
population.

- Quantify how population size, mutation rate and associated fitness costs
affect the average plasmid copy number.

4. Methods:

Let's assume we want to simulate how a finite population evolves in time. To make
things simple, let's imagine we have a constant population size. (Moran, 1958) tells
us that we can select an individual to reproduce (duplicate), and another one to die,
where each individual has some chance to be chosen. Now, as we start with an
homogenous population, we need to introduce mutations to introduce change and
every individual has a chance to mutate. This process constitutes one cycle, and we



need to do a number of cycles equal to the population size to get a whole
generation. In a traditional Moran process mutations happen from one discrete allele
to another, in our model mutations appear according to a probabilistic function and
are continuous.

The chances of mutating, duplicating and dying dictate the future of our population.
Here we will suppose the chance of dying is homogeneous along the population and
that the chance of reproducing is negatively correlated to the average plasmid copy
number. Even though the change of mutating is homogenous for plasmids, we use
bacterias as our individuals, so that plasmids with a higher average copy number are
more likely to mutate, and mutants with a higher average copy number relative to the
bacterium they originated in will have an advantage. Conversely, as more plasmids
pose an energetic burden on bacteria, the chance of reproducing increases on
bacteria with fewer plasmids. Further detail on how we weight such probabilities will
be discussed along this section.

In the thesis work of (Ramirez & Pedraza, 2020) she proposes equations that relate
the Hill coefficient h, repression coefficient K (describers of the protein interaction
that results a particular plasmid copy number) of two plasmids and the cost Ca
associated with having a difference in K, given by:

1)𝐶𝑎 = (0. 029ℎ − 0. 036) 𝐿𝑛( 𝐾𝑎
𝐾𝑏 )

And to calculate the average plasmid copy number :𝑛

2)𝑛 = (27. 93𝑒−ℎ + 1. 56)𝐾

We also need to know the probability that a single mutant plasmid will invade the cell
it originated in, or simply disappear, given by (Nowak, 2006)

3)  ρ
𝐴

= 1−1/𝑟

1−1/𝑟𝑁

Where ρA is the probability of fixation, r = 1-Ca, and N is the expected plasmid copy
number. To get the number of mutants for each individual bacteria we use .

4)𝑃
𝑥

= 𝑛𝐶𝑝 * 𝑝𝑥 * 𝑞𝑛−𝑥

Where p is the mutation probability and n is the average number of plasmids. Each
time we apply this function we get a number of mutants, for each of them we



calculate their average copy number (later detailed) and then use equation 3) to
determine if the mutation fixates or disappears, if one of the mutation fixates no
further mutations are evaluated. To get the new plasmid copy number of a mutant we
use a gamma function centered around the original value. The parameters we used
are shape=2, scale=3, and size=1; displaced by the original value so it is centered
around it instead of zero.

Figure 1. Illustration of the gamma function used to generate mutants

Note that the expected value of this function is zero, but as in nature, a significant
improvement of protein function (higher number of plasmids) is less likely than a
deterioration.

Finally, to determine the probability of bacterial duplication, we used a rather
arbitrary equation:

5)𝑟 = 1

1+𝑛*10
−6

The logic behind is that the cost of an additional plasmid is miniscule, as the
additional energy spent for each is proportional to the average number of plasmids
because more energy has to be used to replicate each plasmid, such a small
reduction of fitness would be unnoticeable, but is effect is noticeable along the
course of multiple generations and many repetitions.

A python script called runSimulation has been developed for the main simulation, it
is available via github repository



https://github.com/colombianBP/TesisNicolasHoyos, and is organized in the following
way: First, the variables corresponding to the hill coefficient (which we assume to be
constant, as its variability is significantly lower than that of the repression coefficient),
the plasmid mutation rate, and the bacterial population size are declared to be easily
manipulated. Second, we declare a function to generate mutants and then a function
that loops through the cycles. The number of cycles to run is multiplied by the
number of bacteria in order to select a quantity of generations instead of cycles; the
mentioned loop is nested in order to generate repetitions. This script generates
compressed binary files in order to save disc space, and writes down the information
in order to liberate ram every 500 cycles. These files contain the mean of the
average number of plasmids for all bacteria on each cycle, each file being an
independent repetition. In order to analyse the generated data three separate scripts
were made: First, getRangeAverage takes a range of generations from each of the
different independent replicates, and creates a line graph showing the frequencies of
each mean value; the resolution is set to 1000 divisions, and returns averages and
standard deviations, this script was used to generate Figure 2. The second,
sampleTimepoints, uses the same principle as the first, but takes samples from
homogeneously distributed time points (in generations) and creates an average. In
order to create a time series to evaluate the change in n as the number of
generations simulated increases, this script was used to generate Figure 3. Finally,
we use timeAverage to generate Figure 4; this script takes homogeneously
distributed timepoints on a large interval in order to generate a frequency histogram.

As time and computing power limitations posed a huge limit to the amount and
extent of our simulations, we decided to use only colony sizes of 100 and 1000
bacteria. In order to validate our model, we needed to start with values of well𝑛
above and below our expectations to get an idea of the number of generations
needed for the model to stabilize. We used a mutation constant of 1e-6, starting
values of =1 and =20, a bacterial population size of n=100 and n=1000, and𝑛 𝑛
200’000 generations, with 100 and 5 repetitions respectively. Then, we chose
reasonable starting values to make a fair comparison while all other parameters
were kept the same: a high starting point of =4, and a low starting point of =2.𝑛 𝑛
Finally, in order to determine statistical significance between the two populations, a
t-test was performed on an average of both starting points on 100’000 random time
points along the final half of the second simulation; for this section, 50 and 15
repetitions were made.

5. Results:

In this first assay we want to ensure the parameters we selected, and our overall
model generates stability on an average number of plasmids that is biologically
expected, and to estimate the amount of generations and repetitions it would take to
achieve such stability.

https://github.com/colombianBP/TesisNicolasHoyos


Figure 2: Shows the average among repetitions along generations for n=100, 100 repetitions
were used, while for n=1000 only 5 were used.

As we can appreciate on figure 2, populations of 1000 bacteria stabilize much faster
along generations, and around a value of 3, which is biologically viable. For our later
simulations we decided to start closer to the point of equilibrium in order to have a
better resolution and differentiate the stabilization points of bacterial populations of
100 and 1000.



Figure 3: Shows the average among repetitions along generations for n=100, 50 repetitions
were used, while for n=1000 only 15 were used.

It is clear from figure 3 that for =100, the average plasmid copy numbers converges𝑛
around 3.5, while for =1000 a lot of variability is observed, this is probably because𝑛
lesser repetitions were made, as it is much more computationally demanding. In
order to probe if the number of plasmids tend to be lower for larger bacterial
communities, a random sample starting after 100’000 generations was taken
comparing averages between high and low starting points.



Figure 4: The plot shows the distribution of values of along a homogenous sample of𝑛
100’000 timepoints, for bacterial populations of 100 and 1000; corrected by relative
frequency.

A t-test was performed in order to assess statistical significance, yielding a p-value of
<1x10-6, too small to be accurately calculated, reporting an increase of 9.94%, from
3.38 for n=100 to 3.55 at n=1000. This was completely unexpected, as according to
the model of multilevel selection exposed by (Nowak, 2006), a larger population is
expected to promote altruistic behavior, therefore reducing the average number of
plasmids, opposite to what was observed

6. Conclusions:

Along this study the purpose of creating and validating a model of plasmid containing
bacteria in which the evolution of a simple gene codes for plasmid copy number was
achieved; evidence was found supporting the hypothesis that multilevel selection can
drive population change, as the number of groups (bacteria) poses an effect on a
individual characteristic, favoring competition rather than cooperation and displacing
the balance. Notice that the only force avoiding the plasmid to completely disappear
is the selfishness of the plasmid itself. Our results contradict the current hypothesis
that a bigger population promotes an altruistic strategy. We believe that this is
caused by a phenomenon analogous to clonal interference, because no clonal
population can dominate over the whole populations, as bacteria with different
numbers of plasmids are permanently appearing, but further investigation will be
needed in order to pinpoint the reasons for this unexpected behavior.

As the code used for this project has been published, anyone would be able to run it,
and even modify it to make subsequent analysis; even the formulas used to calculate
certain factors such as the plasmid weight on the bacteria or the distribution of
mutations can be modified. It can be used to analyse the relationships among any of
the constants used. It is likely that certain improvements could be made in order to
improve the computational cost, as larger bacterial populations are desirable but too
costly to simulate.

The effect of size might be small, but as bioreactors tend to maintain populations of
around 106 - 1010 it represents an evolutionary pressure that might have a
biologically significant effect. further investigation using this model could include
evaluating the effect of changes in the mutation rate, a pressure associated with the
presence or the quantity of plasmids, or take into account plasmid free cells.
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