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Abstract-
As advances in molecular biology continue to reveal ‘ D NA
additional layers of complexity in gene regulation, com- .
putational models need to incorporate additional fea- wnscnptlon
tures to explore the implications of new theories and hy- ‘ R NA
potheses. It has recently been suggested that eukary-
otic organisms owe their phenotypic complexity and di- \Flanslation
versity to the exploitation of small RNAs as signalling p
molecules. Previous models of genetic systems are, for ‘ PrOte| N }

several reasons, inadequate to investigate this theory.
In this study, we present an Artificial Genome model o )
of genetic regulatory networks based upon previous Figure 1: The Central Dogma. Information is transmitted
work by Torsten Reil, and demonstrate how this model from DNA to protein through RNA.
generates networks with biologically plausible struc-
tural and dynamic properties. We also extend the model
to explore the implications of incorporating regulation
by small RNA molecules in a gene network. We demon-
strate how, using these signals, highly connected net-
works can display dynamics that are more stable than
expected given their level of connectivity.

network connectivity. The possibility of multiple control
systems, each with fundamentally different signal costs an
speeds, has not been considered. The purpose of this paper
is twofold: firstly, to present our GRN model and describe
its relevance to the biological systems we aim to simulate;
secondly, to demonstrate the ability of this model to insesa

) the range of phenomena that can be simulated by using it to
1 Introduction model the role that small RNAs may play in gene regulation.

L Initially, some background is provided on the traditional
One of the most surprising results to emerge from the COMjiew of gene regulation in biology and the way in which this

pletion of the Human Genome Project was that the nUms ofiected in current models. Recent discoveries concern-
ber of genes in the genome was far lower than initially X4 the role of small RNA molecules that are challenging

pected [14]. The 35,000 or so genes that are estimated O, ey are then described. A new model is proposed that
encoded by the human genome is not significantly greatgpnerates networks with multiple levels of regulatory con-
than the number of genes found in organisms considereddg,| - nitial results illustrating the structural and dyni

be less “complex”, such as the nematode w@nelegans  ,,herties of this model are then presented and discussed.
(around 20,000 genes) and the fruit I melanogaster pina)y the future directions of this model with respect to
(around 13,500 genes). These figures suggest that dies of evolvability are discussed.

greater complexity of the higher eukaryotes is not due to ad-
ditional genes, as generally thought, but rather to the co
plexity of the regulatory interactions controlling thei-e

prejsmn. | " lation has it tThe most simplistic view of gene regulation, and the cur-
_However, complex genetic reguiation nas Its Own CoSlgan; jominant paradigm, is that expressed by the “central
It is well known that higher levels of connectivity tend todogma” of molecular biology, first expressed in 1957, that

push network behaviour towards chaos [23]. Furthermore,ipif@rmation flows from DNA through RNA to protein (see

has been shown that as the number of genes to be regulaﬁ% re 1). Implicit in this view is the idea of a unique map-

increases, the nu_mber of regulator)_/ genes required to ¢ hg from gene to protein in which RNA plays only a medi-
trol their expression grows quadratically [9]. One metho tory role

by which higher eukaryotes may have bypassed this com- The operon model of gene regulation, developed by Ja-

plexilty Iimitqtionlis % e2><9ploiting small RNA molecules as cob and Monod in 1961 [19], refined the central dogma by
regulatory signals [28, 29]. groposing a distinction between two different types of gene

¥ Gene Regulation

h Previous r|r|10dels of gdenegc rerg]]ulatory net.worI;s (GR'_\I ne type, “structural’ genes, encode the proteins that play
ave generally operated under the assumption that a sin e functional role in the metabolism of a cell. The other

mechanism, based on regulatory proteins, is responsible %%e, “regulatory” genes, encode proteins that act as tran-
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Figure 2: The Operon Model. DNA encodes two class e
of proteins. Structural proteins play a functional rolehe t mRNA X
cell's metabolism. Regulatory proteins interact with DN/
to control the rate of transcription of other genes. Figure 3: The Intron/Exon Structure of Genes. Genes

are generally separated on the chromosome by long, non-
coding intergenic regions. A single gene consists of both
eprotein-coding exons and non-coding introns, which are re-
moved before an mRNA is translated into a protein.

scription factors (TFs), controling the rate of transédpt
of other genes without otherwise affecting the proteing th
encode (see figure 2).

Early complex systems models of gene regulation were

based on this idea of a simple, protein-based regulatogf these “junk”, or noncoding, sequences is significans It i
logic. In particular, the Random Boolean Network (RBN)now known that many of these noncoding regions are tran-
model developed by Kauffman was designed to study thgyribed into RNA, and that these RNA molecules, although
global patterns of behaviour exhibited by networks of innot translated into proteins, play an important functional
teracting genes [21, 22]. RBNs exhibit many propertieg|e [3].

common to genetic systems, including complex periodic be- | the last few years, many more studies have provided

haviour, self-organisation and robustness [2, 23]. evidence for the important role that RNA plays in the reg-
ulation and control of genetic events (see [8] for a recent
3 A Role for RNA review). A large quantity of RNA is transcribed from

the genome, of which only a small fraction is messenger

Since the 1960s, advances in molecular biology have r&NA molecules (MRNAs) that will be translated into pro-
vealed a more complicated picture of gene regulation, pajeins. Many other noncoding RNAs (ncRNAs) are also
ticularly in eukaryotic organisms. Initially, it was found transcribed, ranging in size over several orders of magni-
that there was considerably more genetic information ifude from several kilobases down to around 20 nucleotides.
the genome than was required to specify the protein-codinthese ncRNAs appear to play a role in a number of ge-
genes. Separating these genes were long sequences of Diic processes, including regulation of transcriptiod an
whose purpose was unknown. Towards the end of theanslation, the modification of chromatin structure, amel t
1970s, it was also discovered that the DNA coding for aprocessing, modification and stability of RNA and protein
individual protein was not necessarily arranged in a centirmolecules [11] (see figure 4).
uous sequence. Most eukaryotic genes consist of coding As noncoding regions and introns are characteristic fea-
segments (exons) broken up by long noncoding segmentfes distinguishing eukaryotic genomes from those of the
(introns) that are removed prior to translation (see figyre 3simple, more compact genomes of prokaryotes, it has been
Exons are frequently joined together in a variety of differproposed that regulatory RNA may form the basis of a par-
ent combinations, permitting several different protembe  ajle| control system [27]. This more sophisticed level af-re
produced from a single DNA sequence. This alternativglatory control may have been one of the key features that
splicing mechanism is likely to contribute significantly toenabled the evolution of multicellularity and the subseque
the greater complexity of eukaryotes [37]. increase in phenotypic complexity and diversity found in

A widespread early view of these intronic and intereukaryotic organisms. This idea has been further explored
genic sequences, which constitute over 90% of the humamd developed into the idea that information processing by
genome, was that they were “junk” DNA. Explanations folsmall RNA molecules (sSRNAs) may provide a “meta’-level
the origin of these DNA sequences included that they are thg regulation allowing for the evolution of new and com-
non-functional remnants of gene duplication events or thglex functions by modulating the control architecture of an
result of parasitic DNA sequences, conferring no advantaggherwise stable core proteome [28, 29]. To date, no com-

to the genome as a whole [40]. Another suggestion was thaijtational models of GRNs exist that explicitly incorparat
these noncoding regions act as separating regions to allei(ltiple levels of regulatory control.

“exon-shuffling” — rapid exploration of evolutionary space
via the recombination of functional building blocks [16]. 4
Subsequent investigations revealed that damage to thes

intronic and intergenic regions frequently results in deve Current complex systems approaches to modeling GRNs
opmental defects [31], suggesting that the specific contegfe generally based on the outdated “central dogma” view

eModeling Framework
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of gene regulation described above, and rarely incorpc

such features as alternative splicing, post-transcripti Figure 5: Artificial Genome Model - Gene Structure: A
processing and RNA-mediated regulation. More signifigene is identified by a promoter sequence (TATA) and con-
cantly, most models make no distinction between regulatosjsts of the followingy bases. The first: bases specify the
and structural genes and proteins. In Kauffman’s network8)RNA sequence, the remainder is non-coding. An mRNA
for example, all nodes are regulatory and no environmesequence is translated into a protein binding sequence of
tal input/output or system functionality is modeled. Whilelengthb using an artificial genetic code (see figure 6). A
many insights have been gained from such environmentalfyotein sequence regulates a gene by binding with a match-
isolated models, crucial issues relating to the functityal ing sequence in its regulatory region.

and control of complex behaviour call for the ability to em-

bed a system in a dynamic environment. o .

One of the most important contributions that system@_tt_ra_cmrs_th"’.lt exh|b|_t _robustness to perturbation and sen
level models can make is to provide mappings from biolog§|t|V|ty to |n!t|al conditions. However, some of the rL_IIes
ical processes to computational analogues that reveal néfed (0 define the network structure and behaviour in the
insights into the way systems are structured and controlleficde! are arbitrary and amenable to a greater level of bio-
The mapping from a DNA sequence to a Computationéﬁ)glcm]UStIflcatIOI’_l. A more biologically grou_nded vermio
string is a widely accepted analogy, as is the mapping fro the AG model is presented here. In particular, the pro-
genetic and metabolic systems to networks. What is 1e§§SS of_gene expression, m_o_dek_ad as asingle step n the AG
frequently considered, however, is the process by which if1°d€l. is expanded to explicitly include DNA transcription
formation encoded in a string is transformed into a networl@"d RNA processing and translation. The modified model
One field in which this mapping has been investigated is AIS US€d to generate genetic networks with both protein and

tificial Life, where developmental models have been use'czi)’\I'A"mem""teCI regulatory interactions. . e

to increase the potential phenotypic complexity that can be Ge”"’?"e: At the heart of the model is the artificial
encoded in a genotype (e.g., [10, 12, 34]). The model th nome itself, a sequence of bases of lenfgthwe have

we have chosen as our starting point, the Artificial Genom osen 1o use four bases (A, C, T and G) to match those

(AG) [33], uses a DNA-inspired representation for its genopresent in regl DNA sequences. - L
type (see figure 5). Transcription: The beginning of a transcription unit is

The AG model provides a simple yet elegant means (gefined_by the presence of a standard promoter region (an
generating regulatory networks that addresses sevetial crf1€7nating sequence of T's and As of length analo-

cisms levelled at previous models, including their abstratg.ous. to the ‘fTATA box” _that indicates an R'\_IA polymerage
tion from biology and limited extensibility [13]. In congsa  2inding site in eukaryotic genomes. The primary transcript

to the random generation of networks used by many exis9€n€) is defined as thebases following the promoter re-

ing models, the structure and function of AG networks ar8/on (se€ ﬁg“r_e 5. _
extracted from an underlying sequence, analogous to a bi- P0c€ssing: In biological systems, the primary tran-

ological genome. Utilising a sequence level of represent§9ript is subject to several processing steps that restliein

tion provides an intuitive link to the biological emergence®roduction of a protein-coding mRNA. In our model, the
of regulatory networks from DNA sequences. It also peﬁ-n_RNA sequence 1S defined to be the firstbases of the
mits an increased level of control over individual facets oP"Mary transcrlpt. . .

gene expression, such as transcription, translation apd re _|ransiation:inabiological system, the mRNA sequence
ulatory binding. We have previously demonstrated how I3 translated into an amino acid chain that is then folded

sequence-based model closely related to that described hiBf® @ Protein. A subset of these amino acids define the

can be used to explore the effects of more biologically pla2inding domain of the protein that interacts with DNA to
sible mutation operators [39]. control gene activity. In our model, the artificial genetic

The AG model as initially presented by Reil [33] poS_codeis used to translate an mRNA into a a sequence of bases
sesses many interesting features, such as point and cyd/i@t SPECify the regulatory motif recognised by the prdéein



5 Structure

2nd
5.1 Differences between Artificial Genome networks and
A C T G random networks

AlAICIlU |G The first issue we address is how networks generated us-

ing the AG framework differ from randomly generated net-
1st ClUIGI|A |C works (e.g., the random Boolean networks developed by

Kauffman [23]).

T G |A I[C|lU The number of genedy, in AG networks scales linearly
with the length of the genomé,

G|C|U|G|A

N =1¢/47 3)

wherep is the length of the promoter sequence. Average
Figure 6: The Artificial Genetic Code: The above code i§ietwork connectivity in AG networks also scales linearly:
used to translate mRNA sequences into protein binding se- .
quences. The code has been designed such that mutations to K=1/4 (4)
the third base are always neutral, while mutations to the firs \yherep is the length of the protein binding sequence.

and second bases will always alter the binding sequence.gq |arge systems, this relation results in an average con-
nectivity considerably higher than has previously been ar-

DNA-binding domain. The mRNA sequence is translate§U€d to occur in biological systems (e.g., in [23, 38], where
into a binding domain of length according to an artificial 't IS Suggested that an average connectivity of around two
genetic code. The mRNA sequence is read in triplets, i3 Kely). However, there is a growing opinion that actual
which the first and second bases specify the target and tH@MNectivity in gene networks may be denser rather than
third base is redundant (see figure 6). sparser. The combinatorial nature of gene regulation in eu-

GRN StructureA subset of the protein products encodd@Yotes is proving to be more complex than initially sus-
the functional outputs of the network. The remainder arBected [26, 36]. In particular, factors such as competition
TFs that regulate other genes. Targets for each TF are fouffj Metabolic resources and transcription factors [6] die
by searching for subsequences matching the TF binding S4/S€ roles of co-regulators and other “accessory” pretein
quence in the regulatory region of each gene, which extenlfscromatin remodeling and DNA binding modulation [26]
from the end of the preceding gene to the beginning of tH"d the structure of network architecture [7] may greatly in
current gene. As any one TF can act as either a repres§hf2se the number of input signals that affect transcriptio
or an activator depending on context, the binding affinity of ' & 9iven gene.

a particular TF is determined by the three bases preceding The most significant difference between AG networks
its binding site. The strength of the binding affinity is cal—f"md randomly constructed networks is in the distribution of

|é18ut and output connection&(,, and K,,; respectively).
Randomly constructed networks are usually generated with
activation and a negative weight, inhibition a fixed number of inputs per node and randomly assigned

GRN Dynamicsin this simple model, time is measuredUtPuts, resulting in a Poisson output distribution. Fdr ne

in discrete units and the activation state of each gene Y¥rks generated using the AG framewokk;, follows an

Boolean (i.e., either on or off). The input to a node at eacﬁxponential distribution an&,,.; follows a Poisson distri-
time step is determined by summing the inputs (weighte tion.

by the strength of the binding affinity) from each TF that Analyses of regulatory networks in biology have re-
regulates it: vealed an exponential distribution of both inputs and out-

puts [20]. Computational studies have suggested that this
net;(t) = Z wija(t — 1) 1) “sca_le fr_ee” connectivit_y_ confer_s several advantages, _in-
r _cludlng increased stability at higher levels of connectiv-
ity [1, 15, 30]. Clearly, both random networks and the AG
wherea; (¢ — 1) is the activation state of gerjeat the  model are failing to capture an important aspect of GRN
previous time step and,; is the strength of the regulatory strycture.
interaction between genésandj. The current activation The biologically unrealistidy,,; distribution generated
state of a node is determined by thresholding the net inpub'y the AG model results from the assumption of fixed-
1 if nets(t) > 0.5 length binding sequences. It is possible to rectify this
a;(t) = { 0 otherz/vise_ ‘ (2) anomaly by modifying the model to allow the length of
genes, and their resulting regulatory products, to vary by
defining a “gene end” sequence (three consecutive ‘As)
similar to the way in which a promoter region is used to
identify gene start sites. Due to the relatively short geaom

culated by converting the base-4 sequence to a real-valu
weight in the rangé—w, w]. A positive weight indicates



Input and Output Distributions - Artificial Genome Network
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5.3 The evolvability of SRNA-regulated networks

From an evolvability perspective, we hypothesize that sys-
tems regulated by sSRNA molecules as well as proteins are

_ o Y i likely to have an advantage over those regulated by proteins
L o x o X 0 20 40 60
£ s e alone.
T X% x The shape of the search landscape is likely to differ con-
0.001 T siderably between protein-mediated regulation and sRNA-
“Kin - oox x e mediated regulation. In biological systems, several kvel
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of indirection exist between a nucleotide sequence and the

functional product it encodes. Not only is the primary se-
K quence substantially edited and translated into aminsacid
but the function of a protein molecule depends largely on the
Figure 7: Input and Output Distributions for the Artifi- three-dimensional shape into which these amino acids fold.
cial Genome Network (Genome length = 500,000; promotdRrotein folding is an extremely complex problem, contain-
length = 4; gene-end length = 3; data points were averagéty a high degree of neutrality, and is not yet fully under-
over 20 genomes). Both input and output distributions shostood. A complex, nonlinear mapping between sequence-
an exponential trend. Inset: Unscaled data for the outplevel mutations and changes to protein function will result
distribution (see text for details). in rugged and difficult to search landscapes. On the other
hand, sRNA molecules are untranslated and frequently in-
_ teract with DNA and RNA targets via template match-
lengths used, regulatory products fell into a small numbey, [17]. In these cases, there will be a simpler, one-to-
of di;crgte classes according to size. As before, ?he out_ e mapping between mutations to the coding sequence and
distribution of each of these classes follows a Poisson d'Ehanges to the signalling function. The search landscape
tribution. However, when all of these distributions are sug;ii| be therefore be smoother and more easily searched. We

perimposed, the overall trend is exponential (see figure 7q ¢ rrently investigating the evolvability of variouasses
Itis also likely that evolution plays a role in determinifgt ¢ A networks.

distribution of K,,,;, and studies are planned to investigate
the plausibility of modelling these processes. .
P Y g P 6 Dynamics

5.2 The effect of adding sSRNAs 6.1 The effect of SRNAs on system stability

The next issue we address with regard to network structupg, previously described by Reil [33], the AG model, as it
i; the effect of adding a second class of signalling molexulgtands, can produce a wide range of dynamics, from single-
(i.e., SRNA molecules) to the model. The additional reguspint and cyclic attractors to “chaotic” behaviour, depend
latory links were defined by modifying the processing stagfyg upon the parameters used and the resulting level of con-
described in Section 4 to include the production of both Aectivity. More generally, it has been established that the
MRNA sequence of length as well as an SRNA sequencepase space of dynamic network models can be divided into
of lengths. Unlike mRNA sequences, which are translatedjisordered and ordered regions depending on the level of
into proteins prior to binding, SRNA sequences bind in theig,nnectivity and the bias determining whether a given node
untranslated state. As would be expected, the primaryteffeg 4ctive or not [24]. It has been hypothesised that the condi
on network structure is to increase the level of connegtivittions necessary for interesting behaviour are likely taucc
that may be obtained from a genome of given length: ¢ the phase transition between these two regimes (the so-
b ) called “edge of chaos”) [25].
K =10/ +1(/4 One effect of incorporating sSRNA interactions into a

One of the key features of small RNA molecules is thafetwork with low connectivity is to shift its dynamics
they require much less DNA to encode than proteins. If affom the ordered region of phase space toward the or-
AG network regulated only by protein signals were requiredlered/disordered boundary, simply due to the increase in
to achieve the same level of connectivity as a network regonnectivity. When both sRNA and protein signals operate
ulated by both protein and SRNA signals, it would requirdVith the same time constant, network behaviour was found
G to be increased by a factor af+ 4=, In situations t0 be more chaotic.
where high connectivity is advantageous but there is some
cost associated with genome size, the potential for a singfe2 The behaviour of networks with multiple rates of in-
gene to provide multiple different outputs already progide  teraction

some reduction in these costs for a regulatory system USImore interesting possibility is to consider the role that

SRNAs. SRNAs may play in stabilizing the behaviour of highly con-
nected, chaotic networks when they operate at an increased
rate with respect to proteins. Several different approsche
such as artificial evolution [5], have previously been used
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Figure 8: Expression Patterns for AG Network: (a) with pirogeonly; (b) with proteins and sRNA. In figure (b), the
sRNA signals operate faster than the protein signals bytarfa¢ 35. In these graphs, each row represents the state of a
single gene, black when expressed, white when not expreasagttical column therefore describes the state of thaenti
network at a given time step and the entire graph shows hoat#tte of the network activity changes over time. Network
parameters: N = 188 (only the first 100 genes are shown), K4752.No claim is made for the biological plausibility of
the exact parameter values, which have been chosen puiilysteate the characteristic behaviour of the model.

to generate highly connected networks that display ordered It has been shown that much of the interesting behaviour
behaviour. Structural properties such as scale-free topaf Boolean networks disappears when the assumption of
ogy [15, 30, 1] and modularity [4, 32] also appear to provideynchronous updating is removed [18]. To test what oc-
an intrinsic level of stability to highly connected netwsrk curred when synchrony was not assumed, we altered the
A significant feature of employing SRNAs as transcripupdating rule such that, rather than all proteins being up-
tional regulators is that they have considerably shortdr codated together everytime steps, each protein was updated
ing sequences and hence may be transcribed in less timéth probability1/r at each time step. Under this updating
Furthermore, sRNAs are able to operate without beingcheme, the periodic behaviour seen above disappears, how-
translated. Therefore, functional signals can be prodfared ever, the increased rate of the SRNA interactions does still
more rapidly than would be the case if proteins alone wergppear to stabilize network dynamics, based upon measure-
used [35]. We investigated the effect of reducing the rate ehents of the Hamming distance between successive states.
protein interactions with respect to SRNA interactionsisTh We are investigating alternate statistical measures to- cha
time delay was implemented by updating the input fronacterize network stability in asynchronous models.
sRNA-regulatory links every time step, but only updating
the input from protein-regulatory links everytime steps. 7 Conclusions and Further Work
It was found that, in almost all cases, chaotic dynamic tra-
jectories collapsed into comparatively short periodidegc This study has presented a model of genetic regulation in-
Interestingly, in some cases, network behaviour exhibitecbrporating a number of biological correspondences. We
different classes of behaviour at two different time-ssale have demonstrated that when networks are extracted from a
In the short term, at time-scales 7, the network moved sequence representation, rather than being randomly-gener
towards an attractor with short period length. The changsted, they possess structural properties more closelpappr
in input that occurred each time the protein-regulatorigdin imating those found in biological organisms. The model
were updated was sufficient to shift the network between atas been used to simulate the networks that result when
tractors, resulting in the network exhibiting more complexwo qualitatively different regulatory mechanisms, piote
dynamics over longer time-scales (see figure 8) mediated and sRNA-mediated, are used. Current work is



focussing on quantifying the effect of multiple interactio [11] S. R. Eddy. Non-coding RNA genes and the mod-
rates on network dynamics and using artificial evolution
to further investigate the properties of gene networks with
SRNA regulation.
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