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Understanding how gene regulatory networks evolve is crucial to step closer to answering funda-
mental questions in evolutionary biology, such as how organisms adapt to frequent environmental
change, how biological innovation comes to be and how multicellularity evolves. In this study, the
effect of different parameters was tested on a model of gene regulatory network evolution. Evolving
networks experiences 2 alternative environments. We found that increasing the time between en-
vironmental changes increased the ability of the GRNs to learn one environment, but this came at
the cost of forgetting the previous. Furthermore, as the number of genes whose concentration was
considered in the fitness function increase, the average fitness decreased, but surprisingly, increasing
the mutation rate of edge weights had the opposite effect. Lastly, the shape of functions describing
regulatory interactions greatly influenced robustness. The experiments performed have used more
biologically accurate assumptions than most other studies done on the subject previously, and tested
novel parameters. Future work could further explore many of these parameters, as they can have
significant effects on GRN evolution and still little is known about them.

I. Introduction

Many years have passed since the publication of the
Origin of Species by Charles Darwin, who gave us the fun-
damental mechanism for evolution which resulted in the
birth of modern biology. Thanks to the work of count-
less scientists since then, we know have an overall good
understanding of how life evolves on Earth. However,
there are still some fundamental questions that need to
be answered. How do species adapt to variable environ-
ments? How do species “remember” past environmental
change and adapt faster when the environment changes
again? How is the effect of a mutation translated into a
change in traits? How does evolutionary innovation come
to be? The answer seem to be hidden in the evolution of
development.

Multicellular organisms have the same sequence of nu-
cleotides in each and every one of their cells. Yet, cells
can look and behave very differently. This is due to the
ability of differential gene regulation, and as a result each
cell type (e.g. muscle, blood, stem, etc.) has a different
specific set of genes activated or repressed. There genes
are called transcription factors, their sole purpose is
to regulate (i.e. promote or repress the expression of)
other genes. Thus, we can build gene regulatory net-
works (GRNs) where nodes represent genes, either reg-
ulatory or non-regulator (so called effector genes) and
edges represent regulatory interactions. This network is
directed, weighted, has feedback loops, self-loops and its
hierarchical. At the moment of fertilization, eggs only
contain proteins from their mother (in sexually repro-
ducing organisms). However, shortly after, the zygote
starts expressing its own genes. This is initiated by the
mother’s proteins, coded by so called maternal genes,
and they mainly activate the expression of transcription
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factors that themselves activate transcription factors and
so on. Finally, effector genes are switched on that give
different cell types their unique properties. GRNs can
evolve through mutations in the genes that affect what
they regulate, or by de novo gene birth, gene duplication
or gene deletion. While GRNs are subject to evolution,
they themselves influence the direction and speed of evo-
lution. Thus understanding the evolution of GRNs can
reveal important insights in the mechanism evolution.

A. Related work

The first attempt to understand the evolution of reg-
ulatory networks is described in [1] followed by [2] and
it heavily inspired the implementation of the model this
work. The former argued for the importance of gene
duplication and network clustering, while the latter
looked at the effect of stabilising selection on network
robustness. Since then, many studies investigated the
evolution of gene regulatory networks computationally,
using different modelling assumptions, level of biological
realism and detail, modelling techniques, and aiming to
answer various questions.

Many studies have found that robustness emerges in
GRNs, but they mostly investigated using static environ-
ments [3–5]. Runneburger and Rouzic 2016, for example,
found that even though selection pressure on robustness
is weak and indirect, mutational robustness evolved, and
that interestingly complexity and size of the network had
less effect than mutation rate [3].

Studies that instead investigated the effect of envi-
ronmental fluctuations generally found that over time
populations were able to adapt faster (as fewer muta-
tion were needed for adaptation) to a new environment
if the population has been experiencing the fluctuation
in that environment in a similar fashion for evolutionary
significant time [6]. Most studies investigating the ef-
fect of environmental variability also found the emer-
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gence of robustness. For example, [7] found that popu-
lations experiencing 2 alternating environments evolved
GRNs that had high robustness, yet there were criti-
cal nodes that when removed/added had highly bene-
ficial effects and switched the expression pattern to be
optimal in the other environment, enabling the popula-
tions to adapt faster when the environment changed. An-
other study instead focused on the ability of GRNs that
have been evolving under fluctuating natural selection to
generate adaptive phenotypes in novel environment and
found that variable environments did select for an in-
creased capacity of GRNs to adapt to new environments
[8].

Recent papers have made comparison between the evo-
lution of development and learning, and found that under
some circumstances GRNs can “learn” similar to how
neural networks learn, as the structure of the GRN that
evolves in changing environments can preserve informa-
tion about past selection, “remembering” and “learning”
that way. This could then enable faster adaptation to
the reappearing alternative environment [9, 10].

In this project the aim was to create a model of GRN
evolution that uses more biologically relevant assump-
tions than many of the previous studies and investigate
the effect of variables we know little about. This would
allow us to answer the following questions:

• Is there an increase in robustness over generations?
This has been shown before to be true, so if our
model shows the same we at least replicated previ-
ous results and can be more confident that we are
on the right track.

• Would we still observe robustness emerging if we
introduce a cost of having more nodes in the GRN?
Previous studies attributed much of the observed
robustness to increasing networks size, adding a
cost to it would force evolution to select for it only
if truly advantageous.

• In a variable environment, what kind of strategies
emerge, generalists or specialists? 1 In particular,
we can investigate how does the frequency of envi-
ronmental change influence which of these win in
the long term.

• What kind of network structures emerge? What are
common network properties like average clustering,
network density, etc.?

• What is the relevance of the many possible parame-
ters that influence the evolution of GRNs? Among
them, number of effector genes, steepness of the
sigmoid function describing regulatory interactions,
season length and edge mutation rate.

1 Generalist: medium fitness in either environments, Specialist:
high fitness in one but low fitness in the other environment.

The following assumptions have been used while de-
signing the experimental protocol:

• The fitness is going to be a function of only the
output (effector genes) of the network, not the in-
termediate nodes (regulatory genes). This allows
for more creativity in the internal wiring and ex-
pression levels.

• Nodes will have an energy cost - this is biologically
realistic and prevents our network size from explod-
ing.

• Networks will start with a very few nodes and edges
and then grow, instead of initializing a random net-
work with many nodes and edges.

II. Methods

Code is available at:

www.github.com/Cpetak/GRN_model

The experiments have been set up as follows:

A. Creating individuals

A population with a fixed population size of 1000 was
generated at the beginning of each experiment. Each in-
dividual started with an adjacency matrix (w) that only
contained a maternal gene and a set number of effector
genes (E) depending on the experiment. The adjacency
matrix represents a weighted, directed GRN. Weights
represent the strength and sign of the regulatory inter-
action and direction indicates which gene activates or
represses others. Effector genes are genes whose concen-
tration is considered the output of the GRN and whose
concentration gives the individuals their expression pat-
tern (I). The maternal gene represents the protein that
comes from the mother in developing embryos, and is al-
ways expressed in our model. The initial weights in the
model were 0.1 for all edges, except for the edge of the
maternal gene with itself (self-loops were allowed), which
was 1 to allow for continuous expression. New weight
were randomly drawn from a Gaussian distribution with
probability

p(x) =
1√

2πσ2
e−

(x−µ)2

2σ2 (1)

with µ = 0, σ = 1. Gene concentrations (~P ) ranged
between 0 and 1.

~P (0) := {P1(0), . . . , PN (0)}

www.github.com/Cpetak/GRN_model
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Where N is the total number of nodes in the network,
including the maternal, regulatory, and effector genes.

When generating the individuals’ expression pattern,
the adjacency matrix is iteratively multiplied with the

vector containing the gene concentrations (~P ).

Pi(t+ τ) = s (gi(t))

gi(t) :=
∑N
j=1 wijPj(t)

(2)

Where τ is a time constant, w is the adjacency matrix,
gi describes the ”strength” of interaction of the product
of gene j with gene i and s(x) is a sigmoid function:

s (xi) =
1

1 + e−α(xi−0.5)
(3)

The value of α was different depending on the exper-
iment. This is repeated until further matrix multiplica-
tion doesn’t change the gene concentrations vector any-
more, or matrix was iteratively multiplied 3 × N times.
If the loop ends before a stable concentration is reached,
the gene expression pattern is determined to be invalid
and a fitness of 0 is assigned. Otherwise, the individual’s

expression pattern is the subset of ~P that contains only
the concentrations of the effector genes.

Let’s look at an example with 4 effector genes.
Initial gene concentrations:

~P (0) := {P1(1), P2(0), P3(0), P4(0), P5(0)}
(only maternal gene is switched on, N=total number of
genes).

Initial adjacency matrix (w):

w =


1 0.1 0.1 0.1 0.1
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0


Network represented by the adjacency matrix visu-

alised:

The adjacency matrix is then iteratively multiplied

with the following vector: ~P = [1, 0, 0, 0, 0]. Once ~P
doesn’t change anymore, we take the elements that rep-
resent the concentrations of the effector genes and that is
the individual’s expression pattern. (In this specific ex-

ample ~P doesn’t change, but mutations can change the
initial network so that it does in future generations).

B. Mutations

Four types of mutations were implemented:

1. De novo gene mutation

With probability 0.005, networks could gain an addi-
tional node with no edges (later, other mutations could
add edge). This was implemented by adding a column
and row of 0’s to the adjacency matrix.

2. Gene duplication

With probability 0.005, networks could gain an ad-
ditional node which was a copy of an already existing
node, meaning that a new node was added that inher-
ited the edges of a random node in the network. This
was implemented by copying a column and a row in the
adjacency matrix and inserting them at the right and
bottom respectively. Effector or maternal genes couldn’t
be duplicated.

3. Gene deletion

With probability 0.01, networks could loose a random
node and all its connections. This was implemented
by deleting a random column and its corresponding row
from the adjacency matrix.

4. Edge mutation

With probability depending on the specific experiment,
a randomly chosen edge’s weight was replaced with a
value randomly drawn from the Gaussian distribution
mentioned above.

C. Generating optimal expression patterns and
fitness function

Optimal expression patterns (i.e. sequences of num-
bers that represent the expression patterns with the high-
est possible fitness in each environment, denoted by O)
were generated for two alternative environments by two
beta distributions. The probability density function for
beta is:

o(x, a, b) =
Γ(a+ b)xa−1(1− x)b−1

Γ(a)Γ(b)
(4)

It was implemented in python using the

scipy.stats.beta.pdf



4

function. Beta takes a and b as shape parameters. For
all experiments, for one of the environments the optimal
expression was generated based on a beta distribution
with a = 2, b = 7, and the other was the same distri-
bution but mirrored on the x-axis (see Figure 1). These
distributions were chosen such that there is little overlap
between optimal expression patterns of the two environ-
ments and so that results will be easier to interpret (as
visual inspection of the individuals’ expression pattern
will indicate fitness).

FIG. 1: Beta distributions showing optimal expression
patterns, orange in one, blue in the alternative

environment.

The fitness of an individual was calculated based on the
distance between the individual’s gene expression pattern
and the optimal expression pattern for the specific envi-
ronment the individual was experiencing the following
way:

f(Ii) =

(
1− 1

E

E∑
i=1

|Ii −Oi|

)3

(5)

Where f is the fitness function, I is the individual’s ex-
pression pattern, E is the number of effector genes, and
O is the optimal gene expression pattern. In some exper-
iments, the fitness function considered the individuals’
GRN size:

f(Ii) =

(
1− 1

E

E∑
i=1

|Ii −Oi|

)3

− c(N − (E + 1)) (6)

Where c is the cost of having many nodes (ranges be-
tween 0 and 1), N is the total number of nodes, and
E + 1 is the number of effector genes and the maternal
gene. This meant that if, for example, the node cost was
set to 0.1, then the fitness of an individual would decrease
by 0.1 times the number of gene in its GRN that are not
maternal or effector genes.

D. Calculating robustness and strategy

Each generation the robustness of 10% of the popu-
lation was calculated. After the expression pattern and
fitness of an individual was calculated, a random edge
of its GRN was mutated and the expression pattern and
fitness was calculated again. This was repeated 50 times.
The expression robustness was determined by dividing
the number of mutations that changed the original ex-
pression pattern by 50. The fitness robustness was deter-
mined by dividing the number of mutations that changed
the original fitness by 50. A further measure was cal-
culated to keep track of what proportion of the fitness
changing mutations increased and decreased the fitness
(later referred to as beneficial mutation rate and delete-
rious mutation rate).

Each generation the strategy of 10% of the population
was also calculated.

• Strategy “low”: in both of the environments fit-
ness < 0.3, or in one of the environments fitness
< 0.3, in the other fitness < 0.7.

• Strategy “high”: in both environments fitness >
0.7, or in one of the environments fitness > 0.7, in
the other fitness > 0.3.

• Strategy “specialist”: in one of the environ-
ments fitness > 0.7, in the other fitness < 0.3.

• Strategy “generalist”: in both of the environ-
ments 0.3 < fitness < 0.7.

E. Evolution

After the initial population and optimal expression
patterns were generated, individuals were mutated, their
gene expression pattern was calculated, and they were
selected for reproduction with a certain probability
weighted by their fitness such that individuals with
higher fitness were more likely to be selected. This was
done such that the population size would always stay the
same. One individual could be selected multiple times.
In some experiments there was elitism, where the top x
individuals (depending on the variable “elite size”) with
the highest fitness were select in a deterministic manner,
while the rest were selection fitness proportionally. Fit-
ness was calculated based on the current environment,
that determined which beta distribution to compare the
individuals’ gene expression patterns. The environment
switch every n generations depending on the variable
called season length. Individuals selected for reproduc-
tion were copied to a new population whose individuals
where mutation, their gene expression pattern was cal-
culated and they where selected for the next population
in a fitness proportional manner.
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Edge mutation rate Season length E Alpha
0.01 100 10 5
0.05 200 20 10
0.1 300 30 20
0.8 - - -

TABLE I: Different parameters used for the experiments

The number of environments was always 2, population
size 1000. 3 kinds of node costs were tested in prelim-
inary experiments: 0.0001, 0.001, and 0.01. Since with
higher node costs populations’ GRNs weren’t learning
much, node cost of 0.0001 were used for further exper-
iments. Similarly, elite sizes of 0 (everyone is selected
fitness proportionally), 0.05 (top 5% of the population
reproduces deterministically) and 0.1 (top 10% of the
population reproduces deterministically )were tested but
as individuals’ fitness were much lower with higher elite
sizes, for further experiments elite size of 0 was used.

See Table I for the different parameters that were used
for the final, longer experiments. Every combination of
these parameters was run for at least 7000 generations.
All combinations of parameters were repeated 5 times,
thus in total 540 experiments were run.

F. Data analysis

Temporal plots were created using Wandb. The rest
of the plots and statistics were generated using mainly
numpy, pandas, matplotlib, networkx and sklearn. Code
is available here.

The effect of edge mutation rate, number of effector
genes, season length and alpha on average fitness, aver-
age GRN size, expression robustness, and fitness robust-
ness was explored using barplots, a pairwise correlation
coefficient matrix and linear regressions. Also Wandb’s
parameter importance analysis was used to determine the
relative importance of these variables.

Every generation, the adjacency matrix of the individ-
ual with the highest fitness was saved to a csv (replacing
the previously stored network to avoid memory issues).
These adjacency matricies were read into networkx ob-
jects and for each network average clustering, network
density, degree centrality, total number of nodes, num-
ber of regulatory nodes (N-(E+1)), number of edges and
number of communities were calculated. Again, to in-
vestigate the effect of edge mutation rate, number of ef-
fector genes, season length and alpha on these network
properties, a pairwise correlation coefficient matrix was
generated. Next, the CCDF (double check this) was plot-
ted for all networks. Finally, the gene expression pattern
along with the optimal gene expression pattern of each
network was plotted for visual investigation.

Equation for computing the clustering coefficient for

FIG. 2: Pairwise correlation coefficient matrix showing
the sign and strength of interactions.

nodes:

cu =
1

deg(u)(deg(u)− 1))

∑
vw

(ŵuvŵuwŵvw)
1/3

where deg(u) is the degree of u and edge weights ŵuv
are normalized by the maximum weight in the network
ŵuv = wuv/maxw.
Network density:

d =
m

n(n− 1)

where n is the number of nodes and m is the number of
edges.
Degree centrality: The degree centrality for a node v is
the fraction of nodes it is connected to.
For community detection the community.best partition()
function was used.

III. Results

A. Overall effects of variables

First population-wide fitness, GRN size (number of
regulatory nodes, i.e. not effector or maternal genes)
and robustness values were averaged over generations for
every run of an experiment to look at overall trends. See
Figure 2 for the pairwise correlation coefficient matrix.
Also, see appendix for barplot comparing all variables
and their combinations.

1. Effect on average fitness

The number of effector genes (E) had a strong nega-
tive effect on average fitness, regardless of the effect of
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other variables. On the other hand, there was a positive
relationship between season length and average fitness.
While α didn’t seem to have an effect, with increased
edge mutation rate the average fitness increased too. In-
terestingly, this didn’t hold when E = 10, here edge rate
had varying effect.

2. Effect on average GRN size

Interestingly, similar effect was found regarding GRN
size. E, again had a negative effect, while season length
had a positive effect. The value of α had no effect. GRN
size affected edge mutation rate the most strongly, in-
creasing the edge mutation rate increased GRN size.

3. Effect on average expression robustness

Since fitness and expression robustness had almost per-
fect correlations (so most mutations that altered the ex-
pression pattern also affected the fitness of the individ-
ual), only one of them was further investigated. Again,
interactions with similar sign were found. E had a weak
negative effect on robustness (a notable exception be-
ing when the edge rate was 0.01 there was a positive ef-
fect), while season length had a weak positive effect. The
strongest effect, again, edge mutation rate had, which
was positive. The biggest difference from the previous
two paragraphs was regrading the effect of α, which this
time had a strong positive effect on robustness.

Overall, the effect of E was negative, but season length
and edge mutation rate had a positive effect, and α only
had an effect in robustness.

When correlating population-wide fitness, GRN size
and robustness values, fitness had no correlation with
GRN size (R-squared = 0.08), or robustness (R-squared
= 0.04), however, there was a strong positive relationship
between GRN size and robustness (R-squared = 0.49).
See Figure 3

B. Temporal effects of variables

Next, population-wide fitness, GRN size and robust-
ness values were plotted over generation. In addition,
the beneficial and deleterious mutation rate, as well as
the frequency of strategies in the population were plot-
ted.

As seen in Figure 4, the variation in fitness was increas-
ing with decreasing E. With E = 10, the fitness ranged
between 0.18 and 0.82, while for E = 20 it ranged be-
tween 0.25 and 0.5, and for E = 30 between 0.3 and 0.41.
Interestingly, when the season length was increased from
100 to 500, the lower limit was the same for all E, but
the higher limit still decreased with increasing E. When
the edge mutation rate was increased, these differences
became smaller.

FIG. 3: There was a positive relationship between GRN
size and expression robustness, R-squared=0.49

In Figure 5, the frequency of beneficial and deleterious
mutations is shown over time. The patterns were similar
as before, with increasing E, the range decreased, and
increasing the season length and edge mutation rate had
similar effects as well.

Lastly, in Figure 6, the frequency of generalist and spe-
cialist strategies is shown over time. Specialist and gen-
eralist frequencies don’t add up to 100% as there can also
be ”high fitness strategies” and ”low fitness strategies”
that had high fitness in both or neither environments.
However, the frequency of ”high fitness strategies” was
always 0.

When season length was set to 100, at the beginning of
a season the frequency of generalists increased until about
halfway through the season when specialists took over
and their frequency increased up until the next change
in the environment. When the season length was in-
creased, at the beginning of a season while the frequency
of generalists still increased, the specialist strategy took
over relatively quickly and their frequency stay around
100% until the end of the season when the environment
changed again. Finally, when E was increased, specialists
never took over.

C. Effects of variables on final best GRN

The adjacency matrix of the fittest individual in the
last generation was saved and analysed. Since degree cen-
trality highly correlated with network density, the former
was taken out of further analysis to avoid redundant vari-
ables. For the rest of the variables, a pairwise correlation
coefficient matrix was generated, See Figure 7.

Edge mutation rate and season length had positive ef-
fect on all network properties, although the letter had
weaker relationships. Alpha seem to have no effect on any
of the network properties. The most interesting variable
was E, which negatively affected all except number of
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(a) Season length: 100, alpha: 5, edge mutation rate: 0.01

(b) Season length: 500, alpha: 5, edge mutation rate: 0.01

(c) Season length: 500, alpha: 5, edge mutation rate: 0.1

FIG. 4: Average fitness over generations with different
E, season length and edge mutation rate. No smoothing
was applied. Means with minimum and maximum are

shown.

nodes, but this is misleading since increasing the number
of effector genes by default increases the total number of
nodes and so we have to look at the number of regulatory
genes to get a clearer picture of what was selected for.

Next, the complementary cumulative distribution

(a) Season length: 100, alpha: 5, edge mutation rate: 0.01

(b) Season length: 500, alpha: 5, edge mutation rate: 0.01

(c) Season length: 100, alpha: 5, edge mutation rate: 0.1

FIG. 5: Frequency of beneficial and deleterious
mutations over generations with different E, season
length, and edge mutation rate. No smoothing was
applied. Means with minimum and maximum are

shown.

function (CCDF) of node degree distribution of each of
the best network was plotted. The shape of the CCDF
didn’t depend on any of the variables we tested (E, sea-
son length, edge mutation rate, alpha). Instead, it de-
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(a) Season length: 100, alpha: 5, edge mutation rate: 0.01,
E:10

(b) Season length: 500, alpha: 5, edge mutation rate: 0.01,
E: 10

(c) Season length: 500, alpha: 5, edge mutation rate: 0.01,
E: 30

FIG. 6: Frequency of generalist and specialist strategies
over generations with different E, and season length.
Smoothing of 0.7 was applied. Means with minimum
and maximum are shown. Dashed vertical lines show

change in environment.

pended entirely on the number of regulatory nodes in the
GRN, see Figure 8. There was no indication of power-law

FIG. 7: Pairwise correlation coefficient matrix showing
the sign and strength of interactions.

distribution.

(a) CCDF of networks with more than 30 regulatory nodes

(b) CCDF of networks with less than 10 regulatory nodes

FIG. 8: Complementary cumulative distribution
function (CCDF) of all highest fitness networks
separated based on number of regulatory nodes.
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Finally, the expression patterns generated by these
GRNs were visually inspected. There were expression
patterns that fit the optimal expression pattern well for
one of the environments but not the other (i.e. special-
ist)(Figure 9.a), and there were some that fit the optimal
expression patterns for both environments (Figure 9.b).
There were also some that seemed to have a random ex-
pression pattern and didn’t “learn” any of the optimal
patterns (Figure 9.c).

IV. Discussion

A. Value of α

The steepness of the sigmoid function (s) increases with
increasing alpha (α). Experiments were run with 3 levels
of steepness. Of all the tests that were run, alpha only
had a significant effect on the robustness of the network.
The steeper the sigmoid function, the more robust the
networks have become. This result is in line with our
expectations and observations and theory from previous
studies. If the function is steep, most output gene con-
centrations will either be 1 or 0, and a great percentage
of mutations in the network won’t have any effect as even
if the input to the sigmoid function changes (output of
the g function in equation 2) the output of the sigmoid
will likely be the same. On the other hand, when the
function is more linear, mutations that lead to a different
output of g in equation 2, will also likely effect the output
of the sigmoid function. However, I suspect that while
these networks are robust on average, they are also frag-
ile, as rare specific mutations could dramatically change
the output of a steep sigmoid function, from 0 to 1 or 1
to 0.

It has been experimentally shown that the activation of
genes earlier in development usually happens in a switch-
like manner, meaning that when a certain concentration
of an activating transcription factor is reached, the tar-
get gene is switched on. On the other hand, downstream
genes are usually more sensitive to the concentration of
the activating transcription factor as the regulatory in-
teraction is more linear. It has been argued that this has
evolved to buffer variation earlier in development but fine
tune the expression of effector genes [11]. The effect of
steepness of these regulatory interaction describing func-
tions on GRN evolution has not been explicitly tested
to the best of my knowledge, but it was predicted that
the more steeper the sigmoid function, the more robust
the network becomes against mutations [12], so the re-
sults here are in agreement with the results of previous
studies.

B. Number of effector genes

Increasing E had a negative effect on GRN size, robust-
ness and most strongly on average fitness. Reduced aver-

(a) Season length: 100, alpha: 20, edge mutation rate: 0.01,
E:10

(b) Season length: 100, alpha: 20, edge mutation rate: 0.01,
E: 20

(c) Season length: 200, alpha: 10, edge mutation rate: 0.8,
E: 30

FIG. 9: Expression patterns of individuals with the
highest fitnesses.
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age fitness could be because it is much harder to optimize
for more dimensions. This could also explain the differ-
ences in fitness ranges in the temporal figures. E = 10
GRNs could “learn” the most, and get their expression
patterns closest to the optimal, thus their average fit-
ness quickly increased, but then dropped when the envi-
ronment changed. Similarly, since they were “learning”,
the fraction of mutations beneficial for them decrease the
most for E=10 over time (and thus the fraction of mu-
tations deleterious for them increased). Another increas-
ing observation was that increased E favored the emer-
gence of the generalist over the specialist strategies. This,
again, could be because they were “learning” slower than
their lower E counterparts and thus information from the
previous environment was still retained. This idea was in-
troduced by Rago et al. 2019, that argued that a reduced
learning rate could actually be advantageous to retain
information and thus have a long-term advantage when
the environment switches back [10]. Interestingly, E also
negatively affected average clustering, density, number
of regulatory gene, and number of edges of the final best
GRN. In a future study, I would like to further inves-
tigate why there was a negative effect on GRN size (i.e.
number of regulatory nodes) and therefore robustness (as
they are strongly positively correlated), as having many
effector genes whose concentration is what matters for
natural selection is biologically realistic and hasn’t been
studied in depth as far as I know.

C. Season length

Increasing the season length (i.e. number of genera-
tions between environment changes) had a positive effect
on GRN size, robustness and most strongly on average
fitness. The reason for the increased average fitness is
clearly visible on Figure 4. When the season length is
short, the environment changes much more frequently.
When the environment changes, individuals’ that were
selected for before now had expression patterns very dif-
ferent from the optimal expression pattern, hence very
low average fitness was observed after the switch. Sea-
son length also changed the range of fitness the popula-
tions reached over the generations, since in longer seasons
populations could evolve longer and get to a much higher
fitness. This of course, in many cases, also meant that
the fitness dropped lower when the environment finally
changed, as the populations “learned” the new environ-
ment more and thus also forgot the previous environ-
ment more as well. Based on a similar argument to the
one described for E, when seasons were longer, deleteri-
ous mutation rates increased much more while beneficial
mutation rate decrease much more. Unsurprisingly, in-
creasing the season length also increased the frequency
of specialists. Generalists go extinct if the environment
doesn’t switch back quickly to the environment they are
still “remembering” despite their long-term advantage
(given that the environment switches back at one point).

Season length had only weak positive relationships with
the investigated network properties of final best GRNs.
Again, I think it would be really interesting to further
study the interaction between season length and GRN
size and robustness.

D. Edge mutation rate

Surprisingly, edge mutation rate had a weak positive
effect on average fitness (also visible on temporal figures)
and a strong positive effect on GRN size and robustness.
Also, edge mutation rate very strongly positively affected
average network clustering, network density, total num-
ber of nodes, number of regulatory genes and number
of edges. I hypothesize that this is because, since indi-
viduals with high edge mutation rates weren’t “learning”
much through adjusting their weights (especially the ones
with edge mutation rate = 0.8), they instead “learned”
through adjusting their network structure through addi-
tions of nodes 2 and edges. New nodes are initiated with
0 weight edges (meaning no interaction), but due to the
high edge mutation rate a lot of these edge were likely
mutated to non-zero weights thus the number of edges
in the networks increased with increased edge mutation
rate. These reasons also explain why there was a positive
relationship between edge mutation rate and robustness
(remember, this was calculated based on the effect of edge
mutations). Edge mutation rate didn’t have an effect on
strategy.

V. Future work

In follow up studies, it will be essential to run the ex-
periment for many more generations and with more in-
dividuals in the populations. It would be interesting to
play more with elite size, have the sigmoid function for
each node mutable independently, have the mutation rate
itself have a mutation rate and run everything with more
than two environments that alternate. To test for modu-
larity the number of communities were calculated, how-
ever, this metric is not really that informative without
knowing what these communities are exactly and what
their modularity score is. I would also like to run every-
thing again with random instead of fitness proportional
reproduction to see exactly what network properties are
due to how I grow the network and what is the result of
selection. Finally, I would be curious to see what hap-
pens if the envionmental change is unpredictable (i.e. it
doesn’t happen every x generation but with a certain
probability). For example, Tsuda et al. 2010, found

2 de novo and node duplication rates were the same always, but
when edge mutation rate was 0.8, individuals with more nodes
were selected



11

that gene duplications were much more commonly fixed
when environments were unpredictably fluctuating [13]

and Steiner 2012 found that GRNs were became much
less evolvable with increasing randomness of environmen-
tal fluctuations [14].
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