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Abstract

Evolutionary algorithms rarely deal with ontogenetic, non-
inherited alteration of genetic information because they are
based on a simple, direct genotype-phenotype distinction. In
contrast, in Nature several processes have been discovered
which alter genetic information encoded in DNA before it is
translated into amino-acid chains. Ontogenetically altered ge-
netic information is not inherited but extensively used in reg-
ulation and development of phenotypes. An example of post-
transcriptional alteration of gene-encoding sequences is the
process of RNA Editing. Here we introduce a novel Agent-
based model of genotype editing and a computational study of
its evolutionary performance in static and dynamic environ-
ments. This model builds on our previous Genetic Algorithm
with Edition, but presents a fundamentally novel architecture
in which coding and non-coding genetic components are al-
lowed to co-evolve. Our goal is twofold: (1) to study the
role of RNA Editing regulation in the evolutionary process,
and (2) to investigate the conditions under which genotype
edition improves the performance of evolutionary algorithms.
We show that edition allows evolving agents to perform bet-
ter in several classes of fitness functions, both in static and
dynamic environments.

Introduction
Although RNA editing (Bass, 2001) seems to play an es-
sential role in regulation and development of biological or-
ganisms, not much has been advanced to understand the
potential evolutionary advantages, if any, that RNA editing
processes may have provided. Here we continue our study
of the evolutionary advantages of genotype editing by in-
troducing an Agent-Based Model of Genotype Editing (AB-
MGE), which marks a substantial departure from our pre-
vious Genetic Algorithm with Edition (GAE) (Huang and
Rocha, 2003; Rocha and Huang, 2004; Huang and Rocha,
2004). While the GAE allowed a population of genotypes
to evolve under fixed editing constraints, the more realis-
tic ABMGE here presented allows editor parameters to co-
evolve with genotypes in a population of agents defined by a
genome with both coding and non-coding genetic material.

In previous work we had already shown that the GAE,
with appropriate editor parameters, can outperform the tra-
ditional Genetic Algorithm (GA) (Holland, 1975) in static

(Huang and Rocha, 2003; Huang and Rocha, 2004) and dy-
namic environments (Rocha and Huang, 2004). But for the
GAE to outperform the GA, we needed to define good edi-
tor parameters by hand. Thus, while we showed that geno-
type edition can in principle be beneficial in an evolution-
ary process, we did not show how such a process could on
its own discover the benefits of genotype edition. With the
ABMGE presented in this paper, we show that beneficial
editor parameters can be co-evolved to provide evolution-
ary advantages in both static and dynamic environments —
without much user intervention other than the usual varia-
tion probabilities. In (Huang and Rocha, 2005) we presented
a preliminary study of the ability of the ABMGE to track
changing extrema in dynamic environments using a simple
mutation on editor parameters. Here we explore a new form
of editor variation similar to genetic crossover, as well as
more extensive results on longer runs for static and dynamic
environments. The overall goal of our research is to gain a
deeper understanding of the evolutionary nature of genotype
editing as well as to exploit its insights to improve evolution-
ary algorithms and their applications to complex problems.

RNA Editing
RNA Editing (Bass, 2001) is a process of post-
transcriptional alteration of genetic information. Perhaps
the most famous form of RNA editing operates by deletion
and/or insertion of bases in the messenger RNA (mRNA)
molecules of organisms such as African Trypanosomes (Stu-
art, 1993). In this case, insertion/deletion editing is per-
formed by small guide RNA’s (gRNA’s) encoded mostly by
what was previously thought of as non-functional or non-
coding genetic material (Sturn and Simpson, 1990). 1 Guide
RNA’s (reviewed in (Simpson, 1999) ) are usually small se-
quences (compared to pre-edited mRNA’s) that are comple-
mentary to the region around the site to be edited. gRNA
molecules base-pair with mRNA regions to be edited and
then insert, and sometimes delete, uridines into the mRNA
(for examples see (Bass, 2001)). This edition alters the

1By non-coding genetic material we mean DNA not used to
encode proteins (no open reading frame) or known RNA products.
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aminoacid chain encoded in the edited mRNA, sometimes
extensively.

Another common type of RNA editing is edition via base
substitution. This type of RNA editing exists in mitochondr-
ial and chloropast RNA of many higher plants (with mostly
C-to-U substitution) and in the genomes of higher eukary-
otes such as mammals (with A-to-I substitution) (for reviews
see (Blanc and Davidson, 2003) and (Maas et al., 2003)).
This form of RNA editing is known to be important in the
development of more complex organisms. For instance, the
development of rats without a gene (ADAR1) known to be
involved in RNA editing, terminates midterm (Wang et al.,
2000). RNA editing processes have also been identified in
human brains (Mittaz et al., 1997). More recently, (Hoopen-
gardner et al., 2003) found that RNA editing plays a central
role in nervous system function and may play a role in ner-
vous system disorders such as epilepsy and Parkinson Dis-
ease. Furey et al (Furey et al., 2004) have also found statisti-
cal evidence that a significant amount of nucleotide discrep-
ancies in the human genome are due to RNA Editing (both A
to I/G substitution and the lesser known T to C substitution).

The importance of RNA Editing is thus unquestionable,
since it has the power to dramatically alter and regulate gene
expression. We have presented more thorough introductions
of RNA editing in previously published Artificial Life mod-
els of genotype edition (Rocha, 1995; Huang and Rocha,
2003; Rocha and Huang, 2004), therefore here we only high-
light some of its most salient features which are important
for the model we propose:

• A mRNA molecule may be more or less edited according
to the concentrations of the editing operators it encoun-
ters. Thus, several different proteins encoded by the same
gene may coexist in an organism or even a cell, if all (or
some) of the mRNAs obtained from the same gene, but
edited differently, are meaningful to the translation mech-
anism. This way, genotype editing can be successfully
used for gene expression regulation from external or de-
velopmental cues (Rocha, 1995; Mattick, 2003).

• Genotype edition is not equivalent to mutation. In all
cells, prokaryotic and eukaryotic, RNA is derived from
DNA. Mutations in RNA can appear if the DNA poly-
merase makes mistakes during the DNA replication or if
the RNA polymerase makes mistakes during the RNA.
However, only mutations that occur during DNA repli-
cation can become permanent and inheritable. If mis-
takes occur during transcription, they get incorporated
into that single transcript but not into other ones. Like-
wise, edited mRNA transcripts are not allowed inheri-
table variation. What is inheritable, and subjected to
variation, is the original non-edited gene(Rocha, 1995;
Rocha and Huang, 2004).

Modeling Genotype Editing
Genetic Algorithms (GA) (Holland, 1975) are based on an
idealized model of Natural Selection. GA operate on an
evolving population of artificial organisms, or agents. Each
agent is comprised of a genotype (encoding a solution to
some problem, typically in binary symbol strings) and a phe-
notype (the solution itself). Evolution occurs by iterated sto-
chastic variation of genotypes (or chromosomes), and selec-
tion of the best phenotypes in an environment according to
how well the respective solution solves a problem (or fit-
ness function). While idealized, GA, capture the process of
adaptation of agents under genetic variation and phenotypic
selection.

In traditional GA, this code between genotype and phe-
notype is a direct and unique mapping. In biological genetic
systems, however, before a gene is translated into the space
of proteins it may be altered through interactions with other
types of molecules, namely RNA editors such as gRNA’s.
Based upon this analogy, Rocha (Rocha, 1995) proposed the
expansion of the traditional GA with a process of stochas-
tic edition of genotypes, prior to them being translated into
solutions. In this model, genotype edition is performed by a
small set of smaller genetic strings, the editors, which sto-
chastically base-pair with genotypes. Each editor is asso-
ciated with a different editing function, such as insertion,
deletion or substitution of symbols into the original geno-
types. In each generation, before translation into the space
of solutions, each genotype has a certain probability (defined
by the editor’s “concentration”) of encountering an editor.
When there is an encounter, if the editor matches some sub-
sequence of the genotype, the editor’s function is applied
and the genotype is altered.

Figure 1: Individual Agent in the ABMGE.

In our previous implementations of this artificial geno-
type editing system, the set of editors did not evolve and



Table 1: The ABMGE Algorithm

1. Randomly generate an initial agent population, each
agent consisting of a codotype (a n-bit string)
and an editype.

2. Edit each agent’s codotype using the agent’s
editype and evaluate each agent’s fitness.

3. Repeat until l offspring have been created.
a. select a pair of parents for mating;
b. apply codotype variation operators
(mutation and crossover);
c. apply editype variation operators
(editor mutation and crossover).

4. Replace the current population with the new one.
5. Go to Step 2 until terminating condition.

was the same for every agent in the population (Huang and
Rocha, 2003; Rocha and Huang, 2004; Huang and Rocha,
2004). Our novel Agent-based Model of Genotype Editing
(ABMGE), that we present here, associates a different set
of editors to each agent, and furthermore allows them to co-
evolve with the genotypes of their respective agents. In this
new model, the agents in the population are defined by an
artificial genome that contains both coding and non-coding
components. The coding component encodes solutions to
a particular fitness function or environment, while the non-
coding component defines a set of editors which act on the
coding component. Let us refer to the coding portion of the
artificial genome as the codome, and to the non-coding por-
tion as the editome. In each generation, the coding compo-
nent of an agent’s genotype, the codotype may be stochas-
tically edited by the agent’s non-coding editors, the editype,
and produce a solution/phenotype different from what is en-
coded. Figure 1 depicts an agent in the ABMGE; table 1
depicts its algorithm.

Notice that our agents possess functionally and opera-
tionally distinct codomes and editomes — for instance with
separate variation operations (more details below). It would
probably be more biologically realistic to extract both func-
tions from a common artificial genome (e.g. as defined
by (Reil, 1999)). However, here we want precisely to ex-
plore the influence of an editome in the evolutionary process,
therefore we functionally separate it from the codome to bet-
ter test its relative importance.

The Editype
The editome of our agents consists of a family of r editors
each defined by a m-bit string: (E1,E2, . . . ,Er). The length
of the editor strings is defined much smaller than that of the
codotype strings: m << n, usually an order of magnitude.
An editor E j is said to match a substring, of size m, of a
codotype string, S, at position k if ei = sk+i, i = 1,2, . . . ,m,
1 ≤ k ≤ n−m, where ei and si denote the ith bit value of E j

and S, respectively. For each editor, E j, there exists an as-
sociated editing function, Fj, that specifies how a particular
editor edits the codotypes it matches. For instance, when the
editor matches a portion of a codotype string, a number of
bits may be inserted into or deleted from it.

If the editing function of editor E j is to add one specific
allele at sk+m+1 when E j matches S at position k, then all
alleles of S from position k + m + 1 to n−1 are shifted one
position to the right (the allele at position n is removed).
Analogously, if the editing function of editor E j is to delete
an allele, an allele at sk+m+1 is deleted when E j matches
S at position k. All the alleles after position k + m + 1 are
shifted in the inverse direction (one randomly generated al-
lele is assigned at position n). Finally, let the concentration
of the editor family be defined by (v1,v2, . . . ,vr); i.e., the
concentration of editor E j is denoted as v j. Then the proba-
bility that S encounters E j is given by v j. In the remaining
of this article, when we refer to an editor we mean a tuple
(E j,Fj,v j).

It is important to note that the “post-transcriptional”
edition of codotypes is not akin to mutation, because edi-
tions are not inheritable. Just like in biological organ-
isms, in our model, it is the unedited genotype (codotype
plus editype) that is reproduced, while agent fitness is
calculated using the phenotype produced from the edited
codotype. Therefore, the unedited and edited codotypes
can be viewed as mimicking coding (functional) DNA and
edited mRNA’s in biological organisms, respectively, even
though this model does not include a true DNA/RNA dis-
tinction. Furthermore, just like a mRNA molecule may be
edited in different degrees according to the concentrations
of editing operators it encounters, in our model the same
codotype may be edited differently because editor concen-
tration is a stochastic parameter that specifies the probability
of a given editor encountering the codotype before transla-
tion.

In Rocha’s formulation (Rocha, 1995), any bit-string ed-
itor function is possible, including substitution. Here we
use only insertion and deletion functions. However, given
that in evolutionary algorithms there is no equivalent of the
transcription of RNA from DNA, what we are modeling
is a generic process of non-inheritable alteration of an
agent’s genetic information (codotype) via edition, before
it is translated into a solution (phenotype) — not a specific
type of RNA Editing.

Editype Variation
The variation operations of codotypes (mutation and
crossover) operate just like in a regular GA. Therefore, here
we reserve detailed explanations only for the variation op-
erations of the editype. When two parents are selected for
reproduction in our algorithm (step 3 in table 1), in addition
to variation of codotypes as it is commonly done in GA, the
editype is also subjected to variation. In the current model,



we only apply variation to the set of editor strings E j, while
the associated functions Fj and concentrations v j remain un-
changed; we will consider variation on these parameters in
future work.
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Figure 2: Agent variation in the ABMGE for two selected parents
with r1 = 3, r2 = 4, and x = 2.

We implemented editype mutation as occurring simply on
editor bit-strings in the same way they occur in codotype
bit-strings: a bit-mutation probability, PEdMut , of each indi-
vidual bit of editor strings being flipped, which is indepen-
dent from bit-mutation on codotype strings with probability
PMut . We have introduced the ABMGE with editype muta-
tion in (Huang and Rocha, 2005) where we presented some
preliminary results. Here we introduce an additional editype
variation operator: editype crossover,which implements an
exchange of editors between a pair of parent agents. We
start with two parent agents a1 and a2, with r1 and r2 edi-
tors in their editypes, respectively. From this pair of agents,
two offspring agents, a3 and a4, are produced whose edi-
types also contain r1 and r2 editors, respectively. However,
x editors, chosen randomly from the editype of each agent,
are swapped between the parent agents to produce the off-
spring, where x is a random integer (sampled from a uni-
form distribution) from the interval [1,MIN(r1,r2)]. Editype
crossover occurs with a probability PEdCross, which is inde-
pendent from the typical codotype crossover of GA which
occurs with a probability PCross. Therefore, when two par-
ents are selected in step 3 of table 1, we may have that (1)
no crossover of any kind occurs, in which case the parents
are reproduced as they are; (2) codotype crossover occurs
with no editype crossover; (3) editype crossover occurs with
no codotype crossover; and (4) both types of crossover oc-
cur. In future work we will explore making both types of
crossover dependent. See figure 2 for a depiction of agent
variation mechanisms in the ABMGE.

Table 2: Small royal road function L1

t1 = 11111***********************************; c1 = 10
t2 = *****11111******************************; c2 = 10
t3 = **********11111*************************; c3 = 10
t4 = ***************11111********************; c4 = 10
t5 = ********************11111***************; c5 = 10
t6 = *************************11111**********; c6 = 10
t7 = ******************************11111*****; c7 = 10
t8 = ***********************************11111; c8 = 10

Experiments with the ABMGE
Static Environments
The performance of evolutionary algorithms is typically
evaluated by monitoring improvement of the solutions dis-
covered by the population of evolving agents in each gener-
ation. In many practical problems, a traditional performance
measure is the “best-so-far” curve that plots the fitness of
the best individual that has been seen thus far by genera-
tion n. We tested the behavior of the ABMGE with various
fitness functions which we have previously used to test the
simpler GAE (Huang and Rocha, 2003; Rocha and Huang,
2004; Huang and Rocha, 2004); for lack of space, here we
describe the ABMGE results on only two of these functions.

The first of these functions is a miniature of the class of
the “Royal Road” functions (Forrest and Mitchell 1993): the
small Royal Road SRR1, as depicted in Table 2. This func-
tion is defined by a set of schemata T = {t1, . . . , t8}. The
fitness of a bit string (codotype) S is defined as F(S) =∑

t∈T ctσt(S), where each ct is the value assigned to schema
t as defined in Table 2; σt(S) = 1 if schema t exists in S
and 0 otherwise. The optimum fitness for SRR1 is ascribed
to a single string with 40 1’s, and its value is 10 × 8 = 80.
This Royal Road function is selected as a testbed because
it serves as an idealized fitness environment with a single
optimum, particularly amenable to evolutionary search .

We contrasted the traditional GA with two versions of the
ABMGE: with and without editype crossover. Our experi-
ments with SRR1 use binary tournament selection, a popula-
tion of 40 agents over 200 generations for 50 runs. Codotype
variation (in both the ABMGE and the simple GA) is im-
plemented with one-point crossover and mutation rates of
PCross = 0.7 and PMut = 0.005, respectively. For the edit-
ome parameters (of the ABMGE), we employ the guidelines
discovered in (Huang and Rocha, 2004) to randomly gener-
ate editor families. The size of the family of the editors, r,
for each agent is randomly sampled from {1, · · · ,5}; the edi-
tors are generated as randomized bit-strings S j of size m also
randomly sampled from {2, · · · ,4}; the editor concentration
is randomly generated from [0,1]; and the editor function
inserts or deletes a number of bits randomly chosen from
{1,3} (which are fixed once the editor is generated).

We conducted our experiments on SRR1 for various values
of editype variation: PEdMut ∈ {0.01,0.05} and PEdCross ∈
{0.3,0.5,0.7,0.9}. Figure 3 depicts the results for PEdMut =



0.05 and PEdCross = 0.5. One can see that the averaged best-
so-far reached by both versions of the ABMGE is much
closer to 80 (the maximum) than what the traditional GA ob-
tains at the end of the experiments, and significantly better
for the ABMGE with both editype mutation and crossover.
This was observed for all values of PEdCross tested.2
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Figure 3: Performance of GA, ABMGE without crossover, and
ABMGE with crossover (PEdCross = 0.5) on SRR1.

In contrast to the amenable fitness function SRR1, we also
tested a much more complicated testbed, the modified Schaf-
fer’s function F7 (Huang, 2002) :

f (x) = 2.5− (x2
1 + x2

2)
0.25[sin2(50(x2

1 + x2
2)

0.1)+1],

where −1 ≤ xi ≤ 1 for i = 1, 2. A sketch of this func-
tion is displayed in Figure 4. To attain the global optimum
(2.5) at the center of the search space, the population has to
move across many deep wells and high barriers. Since there
are many local optima in the search space, the population
of an evolutionary algorithm can easily converge to any of
them. The multimodality of the problem is hence expected
to present substantial difficulty to evolutionary search.

Each of the two variables of F7 is encoded by 50 bits, and
thus each individual is a binary string of length 100. We con-
trasted the traditional GA with two versions of the ABMGE:
with and without editype crossover. We used the same pa-
rameters as those used for SRR1 except the agent population
size is 100 agents, the size of the family of the editors, r, for
each agent which was randomly sampled from {1, · · · ,20},
and we computed statistics for 100 runs. Figure 5 depicts
the results for PEdMut = 0.05 and PEdCross = 0.5. One can
see that the averaged best-so-far reached by both versions of
the ABMGE clearly outperform the traditional GA, and the
ABMGE with both editype mutation and crossover also out-

2The value of the averaged best-so-far performance metric is
calculated by averaging the best-so-fars (the fitness of the best in-
dividual that has been seen thus far by generation n) obtained at
each generation for all runs, where the vertical bars overlaying the
metric curves represent the 95-percent confidence intervals. This
applies to all the experimental results obtained in this paper.
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Figure 4: Modified Schaffer function F7.

performs the ABMGE without editype crossover. This was
observed for all values of PEdCross tested.

20 40 60 80 100 120 140 160 180
1.8

1.9

2

2.1

2.2

2.3

2.4

2.5

Generation

Av
er

ag
ed

 b
es

t−
so

−f
ar

s

Schaffer − Static − 200 Generations 

GA
ABMGE without crossover
ABMGE with crossover (PC = 0.5)

Figure 5: Performance of GA, ABMGE without crossover, and
ABMGE with crossover (PEdCross = 0.5) on F7.

Dynamic Environments
Evolutionary optimization in static environments, such as
those of the previous subsection, involve the search of the
extrema of functions. For dynamic environments, where the
fitness function changes in time, the interest is not so much
to locate the extrema but to follow it as closely as possible.
This section compares the extrema-tracking performance of
the traditional GA and the two versions ABMGE: with and
without editype crossover. To perform this study we adapted
the static fitness functions used above to a dynamic setting.3

Consider another Small Royal Road function, SRR0, in
which each schema is comprised of all 0’s rather than 1’s
as SRR1, but with all other parameters the same as SRR1.
Our first dynamic fitness function, the oscillatory royal road
(ORR), oscillates between SRR1 and SRR0at every p genera-
tions. Because SRR0 and SRR1 are maximally different, we

3Notice that the best-so-far measurement we used in stationary
environments is problematic in dynamic environments since it has
to be assured that the best solution found thus far is the best solution
for the current environment. Therefore, the best-so-far solution we
track is re-evaluated whenever a change in the environment occurs.



are able to study the effects of drastic environmental changes
when we oscillate them. The parameters of the dynamic en-
vironment simulations using ORR are the same as those used
for the static SRR1. In addition to various editype mutation
and crossover probabilities, we tested different oscillation
periods: p∈ {50,100,200,250}. Figure 6 depicts the results
for PEdMut = 0.05 and PEdCross = 0.5 and period p = 100 for
1000 generations.
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Figure 6: Performance of GA, ABMGE without crossover, and
ABMGE with crossover (PEdCross = 0.5) on ORR, p = 100.

It is clear that it is difficult for a population to re-adapt
to an entirely new environment, as the best-so-far solution
significantly declines when the environment changes. The
traditional GA, as time progresses degrades its performance
even when the first fitness environment (SSR1) returns. In-
deed, we ran the GA for 4000 generations for various oscil-
lation periods (plot not shown for lack of space) and its per-
formance on both environments eventually reaches the same
level, slightly under 40 — which means the GA is converg-
ing to a population with a balanced combination of schemas
of all 1’s and schemas of all 0’s.

As for the ABMGE, interestingly, the version with both
editype crossover and mutation performs best on the first fit-
ness environment (SSR1), and every time it repeats, but it
performs very poorly on the second environment — even
worse than the GA as time progresses. In contrast, the AB-
MGE version with editype mutation alone, is almost as good
as the other version on the first environment, but much better
on the second environment where it progressively improves
its performance — well beyond that of the regular GA. Edi-
type crossover, as here implemented, does not allow agents
to adapt to a drastic environmental change, though, unlike
the GA, it is capable of recovering its performance once the
environment changes back to the first state. Therefore, ed-
itype mutation alone seems to offer a much more flexible
agent architecture in drastic environmental changes, far out-
performing the traditional GA.

The ORR implements a drastically changing environment.
In general, when we study dynamic environments, we con-
sider less drastic changes. (Angeline, 1997) and (Bäck,

1998) reported a study of dynamic problems with three dif-
ferent modes of severity of changes. We use this idea to
build a dynamic version of the modified Schaffers function,
DF7, controlled by a parameter s to specify the severity of
fitness change:

f (X) = 2.5− (X2
1 +X2

2 )0.25[sin2(50(X2
1 +X2

2 )0.1)+1],

where Xi = xi + δ(t), −1 ≤ xi ≤ 1 for i = 1, 2. Due to lack
of space, here we only depict the results for severity s of 0.1
(though we have also computed values of 0.5 and 1):

δ(0) = 0,

δ(t) = δ(t−1)+ s. (1)

Note that t is used as an index for the environmental state,
whenever the environment changes (e.g., every p = 100 gen-
erations), t is increased by 1. The parameters of the dynamic
environment simulations using DF7 are the same as those
used for the static F7. We tried various editype mutation and
crossover probabilities, for fitness function change periods:
p = 100. Figure 7 depicts the results for PEdMut = 0.05 and
PEdCross = 0.5 and period p = 100 for 400 generations.
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Figure 7: Performance of GA, ABMGE without crossover, and
ABMGE with crossover (PEdCross = 0.5) on DF7.

Both versions of the ABMGE significantly outperform the
GA in this dynamic environment. However, given the con-
fidence intervals, there is not a significative difference be-
tween both versions of the ABMGE. Therefore we cannot
establish if editype crossover is beneficial as an editype vari-
ation mechanism, or if mutation alone is preferable. We are
currently running longer simulations of DF7, also with dif-
ferent fitness update periods. We expect to have those very
soon after submission to help us issue a more definitive con-
clusion on this matter.

Discussion
We introduced an evolutionary model of genotype editing
based on agents endowed with coding and non-coding por-
tions of their artificial genome: a codome and an editome.



The non-coding editome is used to alter encoded solutions
ontogenetically, without inheritance. We furthermore tested
different forms of variation on the editome, independently
from the codome, on several static and dynamic environ-
ments, and showed that it always significantly outperforms
the traditional GA which does not include an editome.

Thus, we conclude that the co-evolving genotype edit-
ing mechanism offers a significant evolutionary advantage.
This advantage is particularly interesting in dynamic, com-
plex environments as agents become better equipped to deal
with changing environments. Indeed, they both react quicker
to the change and produce fitter agents. While our highly
idealized models do not capture the reality of Biology, they
do imply that the process of RNA editing in nature is, like-
wise, advantageous in evolution. Indeed, our results em-
phasize the importance of genetic regulation by non-coding
genetic components. Additionally, the performance of our
algorithms positions them as useful and important novel
methods for evolutionary computation and machine learn-
ing. We have thus advanced the understanding of the evolu-
tionary role of RNA Editing, and we have developed a new
biologically-inspired algorithm with powerful search capa-
bilities — meeting the two goals we set up for this project.

There are many other aspects of the ABMGE that one can
study to further enhance the power of this agent-based evo-
lutionary algorithm. Naturally, we intend to apply them to
additional problems, but we also intend to study other forms
of editor variation, such as allowing the variation of other
editor parameters such as editor function, concentration, etc.
There is also much to investigate regarding dynamic envi-
ronments. Not only do we expect to study other dynamic
landscapes, but we need to investigate more deeply the in-
fluence of the changing period on performance.
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