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1 Introduction

The path from prebiotic chemistry to living systems capable of creating, storing, and trans-
mitting information, is not yet fully understood. Modern cells store information and perform
functions according to the central dogma of molecular biology [1]. Simply put, information,
primarily stored in DNA templates, is transcribed to RNA strands which are then trans-
lated into proteins to carry out particular functions. DNA replication and cell division are
the primary methods by which cells transmit their stored information. The complexity of
this process prompts the question of how life first began: was this complicated network of
interactions present in the earliest life forms? Was there a simpler method of generating and
maintaining information that then evolved into the complexity we see today?

The “RNA world hypothesis” is a prominent theory that posits the nature of early
life [2-4]. This theory hinges on the idea that RNA polymers can both serve as information-
carrying molecules and perform a variety of functions as ribozymes [5-8]. A crucial ele-
ment in this theory is the RNA replicase — an RNA strand able to catalyze RNA replica-
tion. Such a polymer would in principle immediately commence Darwinian evolution, with
template-directed enzymatic replication resembling that employed in modern cells. Though
experimental studies have found ribozymes capable of catalyzing particular mechanisms in
template-directed replication [9-11], generic, prebiotically-plausible replicases capable of ef-
ficiently catalyzing replication have yet to be found [12]. There are also theoretical reasons
suggesting that the path from replicases to modern cells is not without obstacles. Eigen [13]
has noted that replicases would quickly lose to their competitive “cousins” if they cannot
replicate their own template with high accuracy. This is known as the “error-catastrophe”
problem. Further, any cooperative enzymes in a well-mixed environment may be exploited
by parasitic molecules that benefit from the cooperative function but do not reciprocate.
Such dynamics could also lead to quick elimination of cooperators [14,15].

Another important aspect of the transition is the formation of membranes. Membranes



are of interest to the origin of life because they serve many independently useful functions.
For instance, they allow for the compartmentalization of reactions. They co-localize elements,
which could help cooperation and increase reaction rates. Membranes also help cooperative
functions in avoiding the parasitic take-over that occurs rapidly in a well-mixed system [14,
15]. Experimental groups have been able to create such compartments, including membrane
vesicles that can encapsulate relevant prebiotic polymers and divide [16,17]. There is also
evidence that the building blocks for lipid membranes could have existed in the prebiotic
world, either through import by meteorites [18-20], or by reactions in hydrothermal vents
[21,22]. Such molecules are then able to self-assemble into vesicles [23]. These vesicles, also
called “protocells,” would contain a form of heritable information, either as genetic polymers,
or “compositional genomes” [24] and (eventually) the necessary metabolism to maintain its
own existence [25,26].

There has been some interest in studying the simple vesicle systems that embed genetic
polymers [10,11,27]. Experimental efforts in this domain are young, and so far, they have of-
ten focused on simple template-directed polymerization inside protocells. As finding suitable
experimental setups with this many components is hard and labor-intensive, it is useful to
be able to ask questions about how particular enzymatic activities would affect the dynamics
of the system in a theoretical framework. Eigen’s observation with the “error-catastrophe”
paved they way for future experimental investigations. Similarly, this study aims to provide
a glance into the dynamics that are yet hard to test in the lab.

In this vein, we set up an in-silico experiment in which we simulate the dynamics of a
template-free elongation of polymers within protocells. While template-free production of
information has been studied before [28], and membrane dynamics and behavior has also been
studied, an interlocked system where both of these components play concurrent roles has not
been investigated. To elucidate the dynamics that are made possible by such a coupling, we

set up a platform to simulate a system of protocells that contain elongating polymers. While



the genetic polymers can be elongated, template-directed replication of these polymers does
not occur. We make minimal assumptions about the functionalities that are exist in this
system. We model the polymers with binary strings (alphabet € {0,1}), and protocells that
divide and die according to a simple Moran process (more on this in the Models and Methods
section).

A key component of our study is the presence of subsequences, called motifs, that alter
the behavior of the protocell they reside in. Specifically, we ask how motifs with a simple
ability — biasing the type of monomer that is added to the strands inside their protocell
— alter the dynamics of the system. Adami and Labar have recently argued that biasing
the alphabet in constructing information-carrying molecules can significantly improve the
rate at which entropy generates information and perhaps increase the chances of finding
replicase polymers [29]. In this study, we assume a single function for the motifs; however,
it is clear that such a function can assist (as Adami and Labar claim) in the emergence
of secondary functions that will give rise to more complexity. It is noteworthy however,
that in modern systems, such biases are not ubiquitous (and replication is template-directed
anyways). Hence, we do our analysis with the understanding that such a bias could have
been weakened or removed from the system once enzymatic replication took effect [30].

Biologically, this mechanism could be biasing the membrane import of particular monomers
[31,32] or catalyzing the creation or degradation of their constituent building blocks [33,34].
Though our work is primarily conceptualized in the context of RNA polynucleotides, our
account is consistent with other hypotheses for the earliest information-carrying molecules,
such as the coevolution of polynucleotides with polypeptides [35]. We first study the fate of
these motifs in protocell systems where only a single motif is active, demonstrating selection
in the absence of template-directed replication. We investigate which motif identities thrive
under the dynamics they create. Second, we study such motifs in cooperative and compet-

itive dynamics, showing that complex behavior can emerge from the simple mechanism of



biasing monomer addition.

2 Models and Methods

The prelife system we model is a population of protocells: elongating (genetic) polymers
contained within membranes. For simplicity, and in line with previous work [36,37], we use
a two letter alphabet to model these polymers as binary strands. Each protocell contains a
number of these strands. The strands elongate by attaching an activated 0 or 1 monomer,
present in the cell or environment, to their terminus (hence the attachment is directed). A
single monomer can also be added to an “empty” strand to start a new polymer of length
one. The simulation is consisted of three phases:

Initiation: The system starts as a fixed-sized population of N empty protocells. Each
protocell has a maximum number of possible strands M. Hence the total number of strands
in the population will never exceed N x M. The environment is constantly supplied with
activated monomers. After initiation, the system enters the elongation phase.

Elongation: During the elongation phase, each strand (including the empty ones) is
updated: either it is elongated at its terminus with probability r, or it remains unchanged.
Strands are capped at some maximum length (7 in our study). The type of the monomer
added (0 or 1) is determined with equal probability (b = 0.5). However, in the presence of
a motif, a particular pattern (see below), elongation in its host protocell is biased towards a
particular monomer. Once all strands have been updated, the division phase starts.

Division: The division phase works similar to the Moran process [38]. A protocell is
chosen at random and undergoes division in two. The contents of the parent cell are randomly
distributed in the two daughter cells. Then, a random protocell from the population is
eliminated, hence the population of protocells remains at the fixed size N. At this stage, the

process either terminates or re-enters the elongation phase.



The system undergoes many cycles of elongation-division. In Figure 1, we illustrate the
process of elongation and division in a population of size N = 2. For additional simulation
details, see Appendix B.

Motifs bias strand content. As a key component of our model, certain subsequences
(e.g. 1001), called motifs, can bias the elongation probability in favor of a specific monomer
type. For instance, the presence of a motif 1001 in a cell may increase the probability of
adding a 0 monomer, rather than a 1, to all the sequences within the protocells that contain
1001. We set b to be the probability of adding a 0 monomer.

For comparison to the simulation model described above, we also carry out a commonly
used stochastic chemical kinetics simulation method, the Gillespie algorithm [39]. In this
algorithm, rate constants are generated for each possible reaction in the system (elongation
and division are the two event types in our system). Each iteration, one reaction is randomly
chosen to occur with respect to its probability of occurrence (its rate constant divided by the
sum of all rate constants). To aid in the comparison of results, we pick rate constants such
that there is on average 1 division for every N M elongations, meaning that the sum of all
the rates of division is 1 and the sum of the rates for the elongation reactions is rN M. The
time that a particular reaction takes is exponentially distributed with mean m7 which is
the reciprocal of the sum of the rates of reaction. Note that while the main text of this study
focuses on analysis of the “three phase” version of the simulation, there is close agreement
with the results of both simulation methods. Figures detailing the results for the Gillespie
simulations are in Appendix A.

We study the dynamics in two sets of experiments. In the first set, there is only one
pattern that is denoted as a motif. Moreover, the presence or absence of a single motif
suffices to introduce the bias into the protocell. In the second set, there are two distinct

motifs in our system. In this case, the two motifs could be biasing the protocell towards the

same monomer type (which results in a system with similarities to the single motif case),



or the opposing type. In the more interesting case of opposing effects, the ultimate bias is

decided by the motif that has a higher concentration in the cell. In case of a tie, no bias is

introduced.
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Figure 1. Schematic presentation of the simulation process. We show the three stages of
simulation in each round. Here N =2, M = 7, and the motif is 1001.

3 Results

We investigate the steady-state properties of the system and study the effects of several
parameters on it. Our results are presented in three sections. First, we examine the case
where a single motif confers a bias on the system, comparing the frequency of the motif in
the population when we manipulate the identity of the functional motif. Second, we focus

on competitive/cooperative dynamics between two motifs that have opposite effects.



3.1 The role of motif identity on steady-state motif frequency

We first explore the effect of motif composition, i.e. the relative number of 0 and 1 monomers
in the motif strand, by examining motifs of length 5.

The motif frequency at steady state is maximized near the bias which corresponds with
the proportion of 0 monomers in the motif (Figs. 2a and 2b). In the simplest case, when the
motif is entirely made up of 0 monomers, i.e. 00000, the motif frequency is maximized when
b = 1.0, meaning that all monomers added when the motif is present will be 0 monomers
(All 0 dataset in Fig. 2a). One can think of this motif as the most elementary replicase.

Fixing the ratio of 0 and 1 monomers in the motif, the placement of the monomers in
the motif change the steady-state motif frequency and the proportion of cells in the system
with motif-containing polymers. Consider the motifs of length five with four 0 monomers
and one 1 monomer, i.e. 10000, 01000, 00100, 00010, and 00001 (Figs. 2c, 2d, and A1).

As we expect, when b = 0.5, there is no difference in the steady-state frequency of motifs,
regardless of their particular pattern. However, as the bias (b) approaches 1.0, we observe
that motifs with the 1 monomer towards the beginning (e.g. 10000) of the motif achieve
higher frequencies at steady state relative to competing motifs with the 1 monomer in final
positions (e.g. 00001). Notably, under higher biases, the number of cells containing a 10000
is lower, while the less frequent 00001 motifs are present in more cells, albeit at a lower
abundance per cell (Figs. 2d and A2).

To understand this discrepancy between the steady-state frequency of mirrored patterns,
we compare how 10000 and 00001 effect the dynamics of the system. We consider these
two motifs because they are especially good examples of this symmetry breaking effect,
diverging greatly in their steady-state frequencies. First, we observe that the difference in
motif frequency between the two patterns decreases as the time scales of the simulation shift
towards more frequent elongation relative to cell division (Fig. 3a). This suggests that if

strand are elongated for many rounds before their cell undergoes division, the difference
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Figure 2. Effect of motif identity on steady-state motif frequency. (a) The effect of motif
composition on the steady-state motif frequency. Each data sequence label refers to the number
of 1 and 0 monomers in the motif of length 5, e.g. ‘One 1’ is the average of steady-state motif
frequency for simulations using 10000, 01000, 00100, 00010, and 00001 motifs. All possible motifs of
length 5 are used. (b) Same as (a) without the ‘All 0" and ‘All 1’ data in order to aid in visualizing
the rest of the data relative to each other. (c) The effect of motif pattern on the steady state
motif frequency for length 5 motifs with a single 1 monomer. See Fig. A1l for Gillespie comparison.
(d) The effect of motif pattern on the frequency of cells with motifs at steady state for this same
set of motifs. Data sequences are the mean of 50 trials of steady-state motif frequencies with 95%
confidence intervals. All simulations run with » = 0.05, N = 100, M = 100, and a maximum strand
length of 7.

between the two systems vanishes. In other words, 10000 strands are produced more quickly
than their 00001 competition.

Second, we record whether each monomer is added to its polymer in the presence (or
absence) of a motif. In Fig. 3b, we show that 00001 motifs are often produced entirely in
the presence of themselves. In contrast, 10000 motifs build off of existing precursor strands,

“primers,” that are created without a motif-containing strand in the same protocell. Putting

these two pieces of evidence together, it is clear that the advantage for 10000 motifs lies within
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Figure 3. Explanation for symmetry breaking. (a) Effect of elongation rate on the ratio
of the two motif frequencies at steady state. (b) Motif elongation pattern. Histogram shows the
proportion of motifs that have each specific elongation pattern. A ‘+’ indicates that a particular bit
was added when a motif was present in the same protocell. A ‘-’ indicates the absence of a motif.
The plot ranges from the motif being created entirely without the presence of a motif (— — — — — )
to being created entirely in the presence of a motif (+ + + + +). This is for b = 0.9 and r = 0.05.
It is the result of 12 trials. For clarity, the bit on the bottom of the plot label corresponds with the
left side of the motif. Only patterns with a frequency above 0.005 are shown. N = M = 100 and
maximum strand length is 7 for all shown simulations.

their reliance on primers. Namely, if the division rate is high, it takes less time for a motif to
produce many copies of itself within a cell. To understand this better, consider the moment

when a motif with strong effect (b = 1.0) is introduced in a typical cell. In this case a 10000



motif will produce copies from a large proportion of the existing strands, i.e. 1/2 of the
strands of length 1, 3/4 of length 2 polymers, 7/8 of polymers of length 3, 7/16 of the length
4 strands, and so on. This also explains the high density of motifs within the cells in which
they exist.

However, this cell will also include a considerable number of all-0 polymers. These
polymers will be unable to become a motif, reducing the number of primers in the daughter
cells. Hence, while the concentration of motifs remain high in the cells that the motif first
appears, over time, these motifs dilute themselves within their lineage.

On the other hand, a 00001 motif with b = 1.0 is unable to directly produce any copies of
itself, resulting in very low concentration of such polymers in motif-containing cells. There
will be a large number of all-0 polymers that are only able to generate the motif when they
have separated from the 00001 containing cell. In this case, half of the 0000 strands in the
“neutral” cell are expected to produce the motif when elongations occur. This in turn results

in the high number of cells with a motif within them, although at low abundance.

3.2 Competitor and cooperator dynamics

We now turn our attention to the case where two motifs can coexist in the population and
both have the ability to alter monomer addition in the protocell. Cooperative dynamics
are characterized by motifs that pay a cost to confer a benefit to the other motif. That is,
the motif decreases its own probability of formation while increasing the probability that
the other motif is created. Competitive systems have selfish motifs that increase their own
probability of formation at the expense of the other.

In order to demonstrate these dynamics, we take the consider the motif patterns with
divergent single-motif behavior (10000 and 00001) in order to compare the two cases. We
investigate two motif pairs within each system, a : (00001,11110) and 5 : (10000,01111).

In a “cooperative” system, a 10000 motif biases the system towards 1 (which is the most

10



common element in the partner’s sequence) and a 01111 biases the system towards 0. In a
competitive system, a 10000 motif would bias the system towards 0 (its own most common
element) and compete with a 01111 motif that increases the addition of 1 monomers. We
focus on symmetric biases, where the two motifs confer biases b and 1 — b; the assignment
of which determines whether cooperative or competitive dynamics are at play.

We observe that for pair 3, which contains the pattern that did better in the single motif
regime, both motifs do better when they compete with each other, rather than cooperate
(Fig. 4). Moreover, their steady-state frequency when competing is close to half of what it
would be if there was only a single motif in the system when b is near 1.0. This is explained
by the idea that the cells are randomly chosen to specialize for each particular motif. For
pair 8 approximately half the cells specialize for the 10000 motif and half for 01111, resulting
in a motif frequency for each that is half that of the single case.

For pair «, which contains the “losing” pattern from the single motif system, cooperation
yields better results than competition. Surprisingly, the steady-state frequency of each of
the two strands in pair a under cooperation is better than the best performance (during
competition) that is achieved by pair 8 (Fig. 4 and A3). The 00001 motif pattern, less
successful in the single motif regime, thrives when cooperation becomes an option.

We observe that, for competitors, the difference between the frequencies at each time
point is rather large. In fact when the system is at steady state, the change in frequency
of each motif is almost exactly the opposite of the other’s change in frequency (Fig. A4).
For cooperators, the fluctuations do not correspond as such, and in general the difference in
frequency of cooperators stays small.

To understand the reasons behind the effect we see in Fig. 4, we revisit how the mo-
tifs are made. In particular, whether a motif is built in presence or absence of itself,
its cooperator/competitor/or none. In Fig 5a, we observe that for the cooperating pair

A : 00001, B : 11110 (« pair), most motifs are built under the following process: The dom-
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Figure 4. Steady state motif frequencies in cooperative and competitive dynamics
under Gillespie simulation. Steady state frequency of motif-containing strands as a function
of the bias in cooperative and competitive dynamics. In all cases, r = 0.05. Motif steady state
distributions are the average of 50 trials. The values of b are shown for the motif that promotes the
creation of 0 monomers (11110 and 01111 in subfigures (a) and (c), 00001 and 10000 in subfigures
(b) and (d)). The other strands in the same subfigure promote 0 monomers with probability 1 — b.
Shown are steady state motif frequencies for (a) pair o (11110 and 00001) under cooperation, (b)
pair « in competing case, (c¢) pair S (10000 and 01111) motifs in the cooperating case, and (d)
pair 8 under competitive dynamics. Shown in grey is the plot from the other pair under the same
dynamics (e.g. (a) has the pair 8 under cooperation shown in grey). See Fig. A3 for Gillespie
comparison.

inating cooperator builds the first four pieces of the sequence, namely it’s “primer”. For
instance, A builds 1111 and B builds 0000. Then as soon as the dominant cooperator is
swapped, it will first use the primer to make a large number of self copies. Namely, if B is
initially dominant and makes a lot of 0000 primers, once A becomes majority (by chance

or division), then the first step will entail adding 1s to the primers and producing many

00001s. These now dominating As will start making 1111 which will serve as a primer for B.

12



The cycle continues with B becoming dominant, making self-copies, and beginning to make
primers for A.

These results are summarized in Fig. 5a, and in contrast, one can see that the other
pair A : 10000, B : 01111 (B pair) do not have this ability (Fig. 5b). In this case, if
B were dominant, it would quickly create A strands by elongating existing strands with
0 monomers until A becomes dominant. Then A immediately begins creating B strands,
unable to create the self copies observed in pair «, and hence cooperation does not result in
improved performance for this pair.

These observations are further supported by noting that increasing the rate of elongation
relative to division causes pair « to do increasingly better than pair 5 in cooperation (Fig.
A5). As more elongation occurs, the pair is able to climb to higher frequencies by continually
oscillating between which motif is dominant. Thus relative to pair «, pair  is disadvantaged
by this increase in relative elongation rate. The relative rates of dominance changes is

supported by low frequency difference in pair 5 when compared to pair o (Fig. A4).

4 Discussion

Our investigation demonstrates three main aspects of the origin of life and the transition
from prelife to life.

First, selection can occur even without template-directed replication, as evidenced by
the motifs increasing in steady-state frequency when they introduce a bias (and this bias b
is closer to their proportion of 0 monomers). This observation is consistent with previous
theoretical work demonstrating the emergence of “prevolutionary dynamics” [36,37], dy-
namics resembling evolution before the presence of direct replication. There, the patterns
would encode inherent environmental bias into sequences. In our study, sequence pattern

is a function of its history as it is passed from mother protocells to daughters. In essence,
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Figure 5. Elongation under the influence of cooperative motifs. (a) Motif pair A : 11110
and B : 00001 successfully cooperate by building each other’s precursors. The values on the x-
axis show whether the particular monomer was added under the influence of motif A, motif B, or
neither (denoted by X). (b) Same plot for motif pair A : 01111 and B : 10000, shows that such
cooperative relationship does not exist for this pair, hence they do not exhibit selective advantage
through biasing the monomer balance towards the main element of their partner. N = 100, M =

100, 7 = 0.05, and maximum strand length 7 for all runs. Only patterns above a frequency of 0.005
are shown. Average of 12 trials.
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a sequence encodes some information about when and how long it co-resided in a cell with
a motif. Though we primarily consider RNA strands, our results may equally apply to any
system of polymers with similar chemical functions, such as polypeptides (though elongation
needs to be directional).

Second, membranes play an important role in driving the symmetry breaking of mirrored
motifs. The ability for membranes to separate motifs from their precursors allows for the di-
vergence of steady-state frequency for motifs that otherwise appear to be similarly composed
(i.e. 10000 performs better than 00001). That is, motifs that are produced quickly enough
(with the aid of primers) under the biased environment gain an advantage over motifs that
are built from empty slots.

Third, we observed that in systems with more than one motif, interesting cooperative
and competitive dynamics can emerge. Despite the simplicity of the function, we show that
there is a drastic difference in the performance of patterns that appear to be similar (mirrored
in composition), depending on whether they are cooperating or competing. These results
highlight that simple cooperative functions can arise from simple, prebiotically plausible
rules. Designing similar polymers in the lab, as it has been done in few occasions [6], can

shed more light on what simple cooperative mechanisms can achieve.

5 Contributions

In this study, I designed and implemented a computational platform to investigate the dy-
namics of template-free elongation within protocells. Using this platform, I modeled and
studied the behavior of motifs that bias the monomer composition within cells. I observed
that, surprisingly, motifs that are very similar in composition can behave differently. We
reaffirm this point further when we study pairs of motifs that engage in cooperative and

competitive dynamics.
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The computational model I have constructed can be used to answer other questions in the
domain of template-free elongation within protocells. One direction for future work could
be to analyze the cooperative and competitive dynamics for more motif pairs. It is also
possible that template-free elongation and monomer-biasing mechanisms in protocells could
be realized in a laboratory environment in the near future. The results obtained here could
help such researchers design experiments to move from these mechanisms to more complex

behavior.
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A Additional Figures
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Figure Al. Effect of motif identity on steady-state motif frequency under Gillespie
Simulation. The effect of motif pattern on the steady state motif frequency for length 5 motifs with
a single 1 monomer. The mean of 50 trials of steady-state motif frequencies with 95% confidence
intervals. All simulations run with » = 0.05, N = 100, M = 100, and a maximum strand length of
7. Note: fewer bias values were used than in the other simulation shown in Fig. 2c.
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a range of biases for 00001 motif. (c) Distribution of number of motifs per cell for the population
at steady state for bias 0.5, comparing 10000 motif and 00001 motif. (d) Distribution of number
of motifs per cell for the population at steady state for bias 1.0, comparing 10000 motif and 00001
motif. All simulations run with » = 0.05, NV = 100, M = 100, and a maximum strand length of 7.
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Figure A3. Steady state motif frequencies in cooperative and competitive dynamics
under Gillespie simulation. Steady state frequency of motif-containing strands as a function of
the bias in cooperative and competitive dynamics. Motif steady state distributions are the average
of 50 trials. The values of b are shown for the motif that promotes the creation of 0 monomers
(11110 and 01111 in subfigures (a) and (c), 00001 and 10000 in subfigures (b) and (d)). The other
strands in the same subfigure promote 0 monomers with probability 1 — b. Shown are steady state
motif frequencies for (a) pair o (11110 and 00001) under cooperation, (b) pair « in competing
case, (c) pair # (10000 and 01111) motifs in the cooperating case, and (d) pair § under competitive
dynamics. Shown in grey is the plot from the other pair under the same dynamics (e.g. (a) has
the pair 8 under cooperation shown in grey). Note: fewer bias values are used in this Gillespie
simulation than the results of the other simulation shown in in Fig. 4. All runs with r = 0.05,
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Figure A4. Oscillation patterns for cooperative vs competitive dynamics. Motif fre-
quency over time in cooperative and competitive dynamics. . (a) pair o (11110 and 00001) under
cooperation, (b) pair a in competing case, (c) pair 8 (10000 and 01111) motifs in the cooperating
case, and (d) pair 5 under competitive dynamics. In competitive dynamics, the mirrored motif
frequency around the average (in red) is shown for clarity of relationship between the two motif
frequencies. Shown are representative trajectories from a single simulation run for the pair and
type of dynamics. All have b = 0.9, N = M = 100, r = 0.05, and there is a maximum strand length

of 7 monomers.
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Figure A5. Effect of elongation rate on success of cooperators. Effect of elongation rate on
the ratio of the two motif frequencies at steady state under cooperative dynamics. N = M = 100
and maximum strand length is 7 for all shown simulations. Motif frequencies were computed by
taking the average of 50 trials, after which we computed the ratio.
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Figure A6. Elongation under the influence of competing motifs. (a) Motif pair A : 00001
and B : 11110 compete with each other, existing only when they create themselves in entirety. The
values on the x-axis show whether the particular monomer was added under the influence of motif
A, motif B, or neither (denoted by X). (b) Same plot for motif pair A : 10000 and B : 01111, shows
that these competitors are able to create themselves from precursors. N = 100, M = 100, = 0.05,

and maximum strand length 7 for all runs. Only patterns above a frequency of 0.005 are shown.
Average of 12 trials.
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B Simulation Details

Simulations were implemented in an object-oriented environment in Python, and run on
Harvard’s Odyssey Cluster. For the single motif case, 50 replicate trials of 7000 rounds
were run for the entire set of motifs of length 5, and biases b from 0 to 1 (step size 0.05).
Steady-state motif frequencies for each trial were calculated by taking the mean of 10 values
pulled from after round 1000, and then the overall mean used in the figures is the average of
the steady state frequencies for each trial. In the two-motif simulations, we ran 50 replicate
trials of 15000 rounds each, using rounds after 1000 for steady-state calculations. Gillespie
simulations were run for approximately the same amount of time, until 1000 or 15000 strand
divisions occurred (we only recorded the state of the system following an elongation event,
similar to the “three stage” simulation), for the single and two-motif cases, respectively. In
the analysis of elongation data during the creation of motif elongation pattern, only 12 trials
were used for computational tractability.

We tested our code to ensure that it was accurate in a few ways. First, we ran simulations
(not shown) with a small population size, and larger elongation and bias values to ensure
our predicted behavior emerged. We also verified that the predicted geometric strand length
distribution (derived in C.1, see Fig. C1) fit the strand length distribution of our simulated
results. Finally, we ran Gillespie simulations with the same expected values for number of
elongations per division which yielded extremely similar results (compare Figs. 2c and Al

and Figs. 4 and A3).
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C Derivation of motif distributions

C.1 Strand length distribution

To calculate the theoretical strand length distribution (without considering the limits we
place on strand length), we can find the probability that a particular strand is elongated k
times. We know that this is just a binomial distribution because in each time step, either the

strand elongates (with probability r) or it does not. The number of rounds that a strand can

possibly elongate is geometrically distributed with parameter N;—i-l’ which is the probability

that the strand’s host cell is killed. Thus, we have the theoretical strand length distribution

L ~ Bin (D, r) where D ~ Geom (ﬁ) Let us derive the probability distribution. To show

this in general (using simpler notation), let L ~ Bin (D,b) and D ~ Geom (g):

P(L=k)= gP(L = k|D=d)P(D =d) = di:; (Z) VE(1 —b)4F(1 = g)dg
~o(12) T () a-wra-or=o(5) S (D -na-or

d=k d=k

By ordinary generating function lemma, » 7, (Z) xd = # for fixed k, we have:

Y A S (I ) gb*(1 — g)*
Pll=k =g (1—b> T 00— g (1= (11— g

- <bib;8:§>);k+l - (gf;@ z)m)k <b+giql = b))

which is a Geometric distribution with parameter m, thus L ~ Geom (W), in

general. Specifically, we have:

1
L ~ Geom iVH
r+ yg(1—7)
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C.1.1 Ordinary generating function lemma

We want to show that > o2, (7)z" = # for fixed k. We know that:
1 =t k+1)—-1\ , = (n+k\ ,
<1—x>k+l‘§( ) ‘Z( ")

We can change to summing over n — k:

as desired.
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C.2 Comparison of strand length distribution with experimental

data
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Figure C1. Strand Length Distribution Strand Length distribution compared to theoretical
calculations. Result shown is for 00000 motif and b = 0.5, N = M = 100 and maximum strand
length is 7 for all shown simulations. Strand frequencies are the average of 50 trials.
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