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Abstract. Within the genetic programming community, there has been
growing interest in the use of computational representations motivated
by gene regulatory networks (GRNs). It is thought that these representations capture useful biological properties, such as evolvability and robustness, and thereby support the evolution of complex computational
behaviours. However, computational evolution of GRNs also opens up
opportunities to go in the opposite direction: designing programs that
could one day be implemented in biological cells. In this paper, we explore the ability of evolutionary algorithms to design Boolean networks,
abstract models of GRNs suitable for refining into synthetic biology implementations, and show how they can be used to control cell states
within a range of executable models of biological systems.
Keywords: Gene regulatory networks, Boolean networks, control, evolutionary algorithms

1

Introduction

Gene regulatory networks (GRNs) are biochemical systems that process information and generate complex responses within biological organisms. In effect,
they are the “genetic programs” of biological cells. Because of this, GRNs have
long been a source of inspiration to the genetic programming community, with
the first papers using representations motivated by GRNs published around the
turn of the millenium [24,3]. Recently this interest has started to blossom, with a
number of different research groups looking at how GRN-based approaches can
be used to solve computational problems within computers [18]. The motivations for this are various: to increase the evolvability of genetic programming [3],
to increase the robustness of executional systems [27], to support the evolution
of complex computational behaviours [19], and to increase the compactness or
efficiency of computation [32]. However, regardless of the motivation, the focus
of this research has been pretty singular: evolving GRN models that will be
executed in silico.
In the last decade, there has been considerable progress in the field of synthetic biology [17]. An important activity within synthetic biology is the design
and assembly of novel biochemical pathways that can be deployed within an

existing cell in order to change its behaviour. Typically this is aimed at implementing medical interventions in a way that is more precise and/or effective
than conventional therapeutic methods. At the moment, these synthetic circuits
usually take the form of conventional digital designs (i.e. feed-forward logic circuits), which can be coupled to the existing gene regulatory pathways through
the control of particular transcription factors. These logic circuits are themselves
implemented using proteins and nucleic acids, and can be deployed into cells using various mechanisms, including customised viruses [17,28]. It will likely soon
reach the point where a synthetic circuit can be delivered to a particular cell
within the human body.
Whilst the GP community is becoming more interested in computational representations found in biological cells, the synthetic biology community mainly
focuses on using computational representations found in silicon systems. Given
that we have found computational models of GRNs to exhibit desirable properties (e.g. compact expressiveness, intrinsic fault tolerance) that are not necessarily found in more conventional models of computation, this might seem like
an odd situation. In particular, why not use the existing design principles of
biological cells and build synthetic GRNs rather than Boolean logic circuits?
One answer to this question is that most synthetic biologists (and indeed most
people) do not understand the design principles of GRNs, and hence can not design synthetic GRNs that have particular computational behaviours. This would
appear to open up an opportunity for a community that can design GRNs that
have particular computational behaviours, and this is almost exactly what we
have been doing in recent years in the GP community, albeit with a fairly ad
hoc group of GRN models and target behaviours. In essence, we suggest there is
significant scope for using GP (and related approaches) to evolve programs that
could be run in vivo — that is, within biological cells — and hence close the
circle from biological inspiration to computational optimisation and back again
to biology.
In this paper, we present work on using evolutionary algorithms (EAs) to
design Boolean networks (BNs) that have a particular biological function. BNs
are a class of abstract GRN models that are known to have steady-state equivalence to more detailed quantitative models [35], such as systems of differential
equations, and have been successfully used to model various biological networks
[26]. Since they are composed of Boolean functions, they also lend themselves
well to implementation using existing synthetic biology techniques [28], so in
principle evolved models could be refined into biological implementations. This
is not necessarily the case with the more complex models currently used in the
GP community, and hence why we focus on this relatively abstract class of GRN
models.
An important problem in biology is the control of cell state [4]. This plays a
role in many diseases: for instance, many cancers are thought to be caused by
a cell transitioning to an abnormal cell state [13], and a potential cure would
involve guiding its transition back to a normal cell state. Transitions in cell state
are governed by a cell’s GRN, and it is necessary to intervene in the GRN’s natu-

ral dynamics in order to change this. At present, such interventions are typically
achieved by using a drug to target a single gene, forcing it to be permanently
on or off. However, this is a rather blunt form of intervention and unlikely to be
sufficient for causing large-scale changes within a cell’s behaviour. More effective
forms of intervention would involve the coordinated targeting of multiple genes
in a particular temporal pattern. In effect, this requires a control strategy, and
consequently much of the work in this area has focused on using conventional
control techniques to generate appropriate patterns of intervention [22,8]. However, this is an NP hard problem [1], meaning that in practice exact analytical
solutions can only be found for small systems. This in itself suggests a potential
role for metaheuristics such as EAs, which are often used to address problems
where analytical solutions are infeasible.
In previous work [29,30], we have shown that EAs can be used to design
BNs that can carry out control (i.e. generate a series of control interventions)
when coupled to a target BN. The target Boolean networks, in this case, were
randomly sampled from the space of all BNs of a given size, giving an estimate
of the general ability of evolved BNs to influence the dynamics of other BNs.
In the work reported in this paper, by comparison, we focus on the control of
actual models of biological regulatory networks, and show that evolved BNs
are able to govern these systems so that they transition to a specific attractor
corresponding to a particular cell state. In this sense, they are much closer to
being viable “genetic programs”.
Section 2 presents a brief introduction to BNs and describes the BN models of
biological networks that serve as control targets in this work. Section 3 describes
the experimental methodology. Sections 4 and 5 present results and discussion,
and Section 6 concludes.

2

Boolean Networks

A Boolean network (BN) is a discrete-time non-linear dynamical system represented as a directed graph G(V, E) composed of nodes, or vertices, V and edges
E [14,7]. The time evolution of a BN is expressed by a set of Boolean functions fi ,
i = 1, 2, 3, .... Each BN node has a binary state s which is updated synchronously
according to its Boolean function and the states of the k input nodes that are
connected to it. Formally, s(t + 1) = fi (s(t)), where s is a set of network states,
N is the number of nodes, s ∈ {0, 1}N , t = 0, 1, 2, 3, 4, ... is the discrete time,
and fi : {0, 1}N → {0, 1}. Since a BN is deterministic s(t + 1) is only determined
k
by s(t). The possible number of Boolean functions is 22 , and the state space is
N
finite and equal to 2 . Since the state space is finite, states must eventually be
repeated, leading to temporal structures called attractors. When used to model
GRNs, these attractors can be interpreted as the stable states (or cell types) of
a cell [12].
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Fig. 1: Biological models used as case studies in this work.

2.1

Boolean Models of Biological Networks

To evaluate the ability of our control method in realistic biological situations, we
selected five BNs from the literature that model well-known genetic regulatory
systems [21,15,6,2]. Several factors motivated this choice. First, we wanted to
look at the effect of network size, and the selected BNs vary in size from 10 nodes
to 40 nodes. Second, it is important to show that the method works on systems
with different state space structures. To address this, we chose BNs with different
numbers of stable states, since this gives some indication of the complexity of
the dynamics: the selected BNs have between 3 and 13 stable states, all of which
are point attractors (i.e. a single repeating expression state). Finally, the chosen
models are biologically diverse, capturing a range of different biological processes
(morphogenesis, signalling and cell cycle regulation) that occur in a range of
different species (single-celled organisms, plants, and animals). Each is briefly
described in this section.
T cell receptor signalling pathway T cells are a subgroup of white blood cells
that play a crucial role in the adaptive immune response, helping to protect the
host against different pathogens such as virus and bacteria. The inappropriate
activation of a T cell can lead to various autoimmune diseases. T cell receptor
(TCR) is a membrane protein found on the surface of T cells which contributes
to their activation by recognising antigen. A BN of the TCR signalling pathway
is described in [15] and is depicted in Fig. 1a. It comprises 40 genes and has
8 point attractors, corresponding to different activation and proliferation cell
states. See [15] for details of Boolean functions.
T helper cell differentiation network T helper cells, commonly called Th
cells, are a type of T cell that plays a critical and key role in the adaptive immune
system, where they help the immune activities of other immune cells such as B
cell antibodies, plasma cells and cytotoxic T cells. T helper cells differentiate
into one of the largest subcategories of cells, for example TFH, Th1, Th2, Th3,
Th9 and Th17, which produce and release several types of T cells cytokines to
regulate immune responses. A BN model of Th cell differentiation was developed
in [21]. This model, depicted in Fig. 1b, captures the activities of 23 genes and
has three point attractors, corresponding to different Th cell types. See [21] for
details of Boolean functions.
Flower morphogenesis in arabidopsis thaliana Morphogenesis, the development of an organism’s form through the process of cell differentiation, is an
important component of multicellular organisms, and often plays a role in disease development. The most widely studied models of morphogenesis concern
flower development in plants, and particularly within the model species arabidopsis thaliana, a small flowering plant. Flower morphogenesis occurs during
the entire life cycle from groups of undifferentiated cells known as meristems.
These develop into various different cell types in order to form the organs of a

flower, for example sepals, petals, stamens and carpels. A BN model of flower
morphogenesis in arabidobis thaliana is described in [2]. It comprises 15 genes
and has 10 point attractors, each corresponding to a different cell type. See Fig.
1c. Details of Boolean functions can be found in [20] and [2].
Fission yeast cell cycle regulation Fission yeast is the common name of
schizosaccharomyces pombe, a unicellular eukaryote whose cells are rod-shaped
and divide by medial fission. It is a well known system used to study cell growth
and division, mainly because of their simple shape and their place within the
eukaryotic lineage. The fission yeast cell cycle is the sequence of events that occur
in a cell leading to duplication of all its components and its division into two
almost identical daughter cells. A BN model of fission yeast cell cycle regulation
is given in [6]. It is formed by 10 genes and has 13 point attractors, corresponding
to different stable cell states within the cell cycle. See Fig. 1d. Details of Boolean
functions can be found in [6].
Budding yeast cell cycle regulation Budding yeast is another species of
yeast that has been widely used to study the eukaryotic cell life cycle. As the
name implies, new cells form as a bud that grows from an existing cell, rather
than undergoing fission. A BN model of budding yeast cell cycle regulation is
described in [6]. It has 12 genes and 7 point attractors. See Fig. 1e. Details of
Boolean functions can be found in [16].

3

Evolutionary Methods

In this paper we optimise Boolean networks to control Boolean models of real
biological networks. We focus on applying a control intervention (i.e. a series of
perturbations) that guides a trajectory of a controlled BN from a random initial
state to a particular stable state (attractor) in its state space. This is done by
coupling a controller BN to the controlled BN (see Fig. 2). During the course
of its execution, the controller BN generates a series of interventions by setting
the states of one or more target nodes (referred to as coupling terms) within the
controlled BN.
The topology, node functions, coupling terms, and timing parameters of the
controller BN are optimised using an EA. The effectiveness of a controller’s
interventions are measured using a fitness function that returns the Euclidean
distance between the target state and the actual state that is reached by the end
of a control period of 100 time steps of the controlled BN. This is linearly scaled
to the interval [0, 1], where a fitness of 1.0 indicates that the target state was
reached. The fitness distribution over 20 runs is used to give an estimate of the
ability of the EA to find a controller BN that can control a specified controlled
BN so that it reaches a specified stable state. This is repeated for each stable
state of each target network.
A controller BN has two evolved timing parameters, each within the range
[1, 50]. The first timing parameter determines the number of time steps the

controller BN will perform for each time step of the controlled BN, i.e. the
relative speed of the controller. The second timing parameter indicates how
frequently the controller BN is executed, in terms of the number of time steps
of the controlled network, i.e. how often it intervenes.
A controller RBN is represented as an array of nodes, each comprising a
k
Boolean function number between 0 and 22 , an initial state, and a set of input
nodes, where each input is indicated by its position within the array. For these
experiments, k is fixed at 2 (the edge-of-chaos regime, where computational behaviours are hypothesised to be maximal [11]) and the controller has a fixed
length of 15 nodes. In previous work, we have found this length to offer a fair
trade-off between expressiveness and search space size [29]. The solution chromosome also contains the timing parameters and the coupling terms. See Fig. 3.
A generational evolutionary algorithm is executed for 100 generations each run,
with a population size of 500, tournament selection (n = 3), uniform crossover
(pc = 0.15), point mutation (pm = 0.06) and elitism (n = 1).
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Fig. 2: Evolved controller Boolean network (representing a synthetic GRN) coupled to a controlled Boolean network (representing a native biological regulatory
network). Coupling between the two networks is implemented by copying the expression states from designated nodes in the controller to designated nodes in
the controlled network (depicted as dotted arrows in this diagram) at specified
intervals.
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Fig. 3: Example of a Boolean network’s genetic representation. Since k = 2, functions are numbered between 0 and 15. The timing and coupling terms indicate
that this network is iterated twice each time it is executed, it is executed every
8 steps of the controlled network, its control outputs (interventions) are copied
to nodes 2 and 5 of the controlled network, and its feedback (in) inputs from
the controlled network are copied from nodes 6 and 11.
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Results

Tables 1–5 present summary statistics for the fitness distributions of both the
natural (i.e. how close it gets to the target state in the absence of control) and
controlled dynamics of each case study BN for each target stable state. Table 6
summarises these results, showing the mean fitness achieved and the number of
target states reached (with and without control) within each biological network.
Without control, only a small number of these attractors were reached (4/32).
Even when they were reached, the standard deviations in fitness (i.e. in distance
from the target) were generally large. This indicates that, for a particular evolutionary run, most randomly sampled initial states will not be within the basin of
attraction of the target attractor, and hence the control problems are non-trivial.
In all the case study BNs, the EA was able to find controllers that can target
the majority of the steady states from a random initial state. Where the target
was reached, the standard deviation between runs tended to be low, meaning that
most runs are able to find BNs with optimal, or at least near-optimal, control
strategies: the maximum likelihood estimation is 1.0 when BN controllers are
successfully found and 0.9 otherwise. In all cases, the evolved controllers guided
the system closer to the target states than could be achieved in the absence of
control (see p-values in tables).
Some target BNs appear to be harder to control than others. The arabidopsis
thaliana and T cell receptor signalling networks both have three steady states
which were not reachable by the evolved controllers; although, in both cases,
the systems could be controlled to states not far from the target state. However,
there does not appear to be a simple relationship between the difficulty of the
control task and the number of attractors: for example, the fission yeast BN,
which has the most attractors, was the easiest to control. There is, however, a
mild negative correlation (-0.23) between network size and control fitness, and
indeed the largest network (T cell receptor signalling) was one of the hardest to
control.

Although the majority of target states could be reached, the evolved controllers were not able to reach all target states. Further research is required to
understand exactly why this is the case, though we can speculate it is likely
due to at least two reasons. First, in some target networks, the majority of
random states may fall far from the basin of attraction of a particular stable
state, making the problem intrinsically hard when an arbitrary initial state is
chosen. Second, transitions between states in BNs are typically not between adjacent states, meaning that in many cases there will not be valid transitions
from states which differ by a single bit from the target: this is likely to lead
to deceptive local optima in the state space. If this is the case, there may be
scope for using diversity preservation techniques (e.g. crowding, fitness sharing)
to navigate around local optima during optimisation. This is something we plan
to look at in future work. Nevertheless, the results are promising, and demonstrate that even basic evolutionary algorithms can solve state space targeting
problems, and can do so in a way that does not require a priori understanding
of the structure of the state space.

Table 1: Fitness distributions for the T cell receptor signaling pathway control
problem, indicating the ability of trajectories to reach each of the system’s stable
states both with and without control. A fitness of 1 is optimal.
Attractors
1
2
3
4
5
6
7
8
General Mean

Mean
0.996
0.975
0.996
0.975
0.996
0.969
0.975
1
0.985

Control
Std. Dev
0.009
0.026
0.009
0
0.009
0.010
0
0
0.008

Max
1
1
1
0.975
1
0.975
0.975
1
0.990

No Control
Mean Std. Dev Max
0.851 0.060
0.950
0.850 0.034
0.900
0.843 0.075
0.975
0.869 0.066
0.950
0.861 0.066
0.950
0.917 0.055
0.975
0.868 0.048
0.950
0.844 0.051
0.950
0.863 0.057
0.950

p-value
1.278 × 10−08
1.596 × 10−08
2.745 × 10−08
3.664 × 10−09
9.115 × 10−09
1.49 × 10−05
5.66 × 10−09
3.073 × 10−09
1.872 × 10−06

Table 2: T-helper cell differentiation
Attractors
1
2
3
General Mean

Mean
0.972
1
0.867
0.946

Control
Std. Dev
0.065
0
0.0446
0.036

Max
1
1
0.913
0.971

No Control
Mean Std. Dev Max
0.553 0.067
0.652
0.601 0.179
0.826
0.510 0.161
0.826
0.554 0.135
0.768

p-value
1.094 × 10−08
3.823 × 10−09
5.285 × 10−08
2.253 × 10−08

Table 3: Arabidopsis thaliana flower morphogenesis
Attractors
1
2
3
4
5
6
7
8
9
10
General Mean

Mean
1
0.926
0.989
0.933
1
0.933
1
1
1
0.996
0.977

Control
Std. Dev
0
0.030
0.033
0
0
0
0
0
0
0.015
0.0078

Max
1
0.933
1
0.933
1
0.933
1
1
1
1
0.979

No Control
Mean Std. Dev Max
0.863 0.137
1
0.561 0.124
0.800
0.635 0.100
0.733
0.800 0.049
0.866
0.835 0.144
0.933
0.217 0.150
0.800
0.919 0.042
1
0.624 0.074
0.733
0.382 0.184
0.933
0.256 0.059
0.333
0.609 0.110
0.831

p-value
1.094 × 10−08
2.75 × 10−09
5.693 × 10−09
2.726 × 10−09
2.549 × 10−09
3.027 × 10−09
3.3 × 10−08
3.062 × 10−09
4.479 × 10−09
4.45 × 10−09
7.263 × 10−09

Table 4: Fission yeast cell cycle
Attractors
1
2
3
4
5
6
7
8
9
10
11
12
13
General Mean

Mean
1
1
0.921
0.994
0.994
1
1
0.900
1
0.984
0.921
1
0.994
0.997

Control
Std. Dev
0
0
0.042
0.022
0.022
0
0
0
0
0.0373
0.041
0
0.022
0.014

Max
1
1
1
1
1
1
1
0.900
1
1
1
1
1
0.992

No Control
Mean Std. Dev Max
0.442 0.285
1
0.321 0.171
0.900
0.594 0.102
0.700
0.447 0.219
0.900
0.505 0.246
0.900
0.573 0.133
0.900
0.484 0.121
0.800
0.763 0.095
0.900
0.600 0.124
0.800
0.405 0.154
0.900
0.552 0.134
0.800
0.382 0.184
0.933
0.536 0.134
0.800
0.508 0.161
0.864

p-value
3.916 × 10−08
2.25 × 10−09
6.823 × 10−09
4.107 × 10−09
5.482 × 10−09
1.921 × 10−09
2.377 × 10−09
2.088 × 10−09
12.483 × 10−06
2.457 × 10−09
1.274 × 10−08
8.583 × 10−09
3.873 × 10−09
1.980 × 10−07

Table 5: Budding yeast cell cycle
Attractors
1
2
3
4
5
6
7
General Mean

Mean
1
1
1
1
1
0.916
1
0.988

Control
Std. Dev
0
0
0
0
0
0
0
0

Max
1
1
1
1
1
0.916
1
0.988

No Control
Mean Std. Dev Max
0.543 0.165
0.666
0.627 0.321
0.916
0.442 0.416
0.916
0.500 0.328
0.833
0.605 0.393
0.916
0.521 0.249
0.750
0.434 0.479
1
0.524 0.335
0.855

p-value
2.788 × 10−09
2.088 × 10−09
2.25 × 10−09
2.544 × 10−09
2.859 × 10−09
2.335 × 10−09
1.036 × 10−05
1.482 × 10−06

Table 6: Summary of the results, showing the mean fitness (1 is optimal) across
all runs, and the number of attractors reached, for each case study BN both when
under the control of an evolved BN and when following its natural dynamics (no
control) from a random initial state.
Mean Fitness
Attractors Reached
Network name
Size Control No Control Total Control No control
Fission yeast cell cycle
10
0.997
0.508
13
12
1
Budding yeast cell cycle
12
0.988
0.524
7
6
1
Arabidopsis thaliana
15
0.977
0.609
10
7
2
T helper cell differentiation 23
0.946
0.554
3
2
0
T cell receptor signalling
40
0.985
0.863
8
5
0

5

Discussion

The results of this study suggest that it is possible to evolve synthetic GRN
models that have specific, biologically-relevant, behaviours. This is not the first
time that EAs have been used to design and optimise GRNs for use within a
synthetic biology context. For example, a number of different research groups
have previously used EAs to design GRN models that have simple dynamical
behaviours such as oscillation and bistability [9,23,10]. Nevertheless, unlike these
earlier studies, the synthetic GRN models evolved in this work have behaviours
that could reasonably be described as computational or programmatic, since
controllers are essentially programs that carry out decisions based on their inputs.
This work is very much motivated by previous work in the GP community
where GRN models have been used to carry out computation. Control, in particular, has been a recurring application in this nascent research field, with GRN
models evolved to solve control tasks in robotics [32], computer gaming [27], and
chaotic systems [19], to name but a few. This seems natural, since control is one
of the principal behaviours carried out by biological GRNs. However, evolved
GRNs have also been used to solve more diverse tasks (e.g. image compression
[33]) and theoretical studies have shown that GRN models such as BNs are computationally universal [18], so in principle evolved synthetic GRNs could be used
to carry out a much broader range of computational tasks, and perhaps even be
used as the basis of general-purpose cellular computers. There is also no reason to limit the scope of this research to GRNs. BNs, for example, can be used
to model other important biological networks, such as intracellular signalling
networks.
In this work, we intentionally used a standard evolutionary algorithm and a
linear solution representation (essentially a genetic algorithm) in order to keep
things simple. In practice, there is plenty of scope for using more advanced
approaches. Notably, there has been a lot of work on evolving network structures,
and much of this would be directly applicable especially if we aim to evolve larger,

more complex networks. Recent work in applying NEAT to GRN models [5], and
applying Cartesian GP to recurrent networks [34] seem particularly relevant.
This is still early work, and there remains significant work to be done to show
that this is a viable approach to designing synthetic GRNs. Initially, we plan to
study the evolved controllers in order to gain insight into the nature (and diversity) of the computational behaviours that are carried out when solving these
control tasks. However, we also need to take into account biological constraints
when evolving controllers: for instance, restricting coupling terms to biologically
accessible targets (since currently any node in the target network can be used
for coupling), and focusing on biologically-meaningful initial conditions rather
than randomly sampling starting states.
Whilst this will help to build confidence that evolved controllers are doing
something useful and viable, we also need to demonstrate that the evolved controllers are robust. There are several aspects to this. First, there is the generality
of a controller’s behaviour; for instance, can a single controller tolerate different initial conditions? Second, there are the differences between simulation and
reality. Research in evolutionary robotics has shown that this kind of “reality
gap” can restrict the generality of evolved controllers. We know from existing
research [25] [27] that GRN models are less susceptible to this problem, given
their natural robustness. However, we also need to consider that the simulation
environment used in this work is quite different to biological reality. For instance,
biological cells are stochastic environments, both in terms of what occurs and
when things occur. We might address this, for example, by using probabilistic
BN models. There is also the question of how much confidence we have in the executable model used to evaluate a BN model, since this will determine how much
confidence we have in the evolved model. However, this is a more general issue
in biological modelling, and there has been significant progress in developing
reliable executable models of biological systems [31].
Refining evolved BN programs into actual synthetic biology realisations would
involve a number of extra challenges. For instance, in this work we evolved timing parameters to allow the controller and controlled systems to operate over
different timescales. This may also be possible to do within synthetic biology
implementations, e.g. using RNA interference rather than transcription factors
to speed up the controller’s logic, but it would not be trivial. Another issue might
be limitations placed on the controller’s size or topology due to the difficulty of
avoiding cross-talk within synthetic biology circuits.

6

Conclusions

The control of a cell’s state is an important problem: it is instrumental for controlling many disease processes, yet in practice it is very difficult to find a series
of interventions that will guide a cell between two different states. In this paper,
we describe a novel approach to solving this problem which involves optimising
a synthetic gene regulatory network which is then used to generate a pattern
of interventions based on the state of a target cell. The approach is evaluated

using computational simulation, representing the gene regulatory network as a
Boolean network, and the target cells as executable Boolean models. An evolutionary algorithm is then used to carry out optimisation of the Boolean network.
In the majority of the case studies we looked at, the evolutionary algorithm was
able to find Boolean networks that could successfully guide the target cell model
from a randomly sampled initial state to a biologically-meaningful cell state.
The choice of Boolean networks is not arbitrary. The fact that they are constructed from Boolean logic gates means that there is a potential pathway from
model to biological implementation through the use of existing synthetic biology
principles. The choice of an evolutionary algorithm is also not arbitrary, and is
motivated by a larger body of work in the field of genetic programming which
is concerned with using evolutionary algorithms to design programmatic behaviours. In recent years, the genetic programming community has increasingly
made use of models of gene regulatory networks to represent evolving computation. In addition to being intrinsically evolvable, these representations have also
proved able at expressing complex computational behaviours that are robust
yet compact. However, to our knowledge, this is the first time that evolutionary
algorithms have been used to design actual “genetic programs”.
From this perspective, it is interesting to note that synthetic biology focuses
on implementing feed-forward logic circuits and traditional models of computation within biological cells, rather than using native biological design principles.
This is in contrast to the opposing direction of travel in the genetic programming community. There are various reasons for this, but a significant factor is
the difficulty of designing gene regulatory networks, which are based around
principles of non-linear dynamical systems rather than well understood digital
design principles. However, the ability of evolutionary algorithms to optimise
these structures suggests that the genetic programming community could play
an important role in designing programs that will one day run in vivo within
biological cells.
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