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1 Results

1.1 Distribution of TFBS

We calculated the distribution of binding sites as a function of distance from the TSS.
For a sliding window, the TFBS density was calculated as the number of TFBS within
the window normalized by: (1) the window size, (2) number of promoters which at least
the length of the extent of the window, and (3) the total number of TFs. The results are
presented in Fig 1. The distribution of TFBS density is non-uniform for all organisms,
following an exponential distribution: binding sites are more likely to occur closer to the
TSS, which is corroborated by previous work [1]. TFBS density does not diminish to 0,
but rather plateaus around 5 x 10~° #TFBS/nt.

In addition, the distribution of binding sites per TF is heterogeneous. We calculated the
number of binding sites in a given window upstream of the gene for each TF and presented

the results in Fig 1.

1.2 Distribution of TFBS length

The length of binding sites varies between both prokaryotes and eukaryotes and transcrip-
tion factors. To better understand this distribution and improve the parameterization of
our simulations, we downloaded the distribution of binding sites for E. coli KI2 from
RegulonDB and several eukaryotes (D. melanogaster, C. elegans, and S. cerevisiae) from
JASPAR (shown in Fig 2) [2]. Because we parameterize our simulations with the number
of sites that have to match exactly, we are interested in determining the ‘effective’ binding
site length which is somewhere between the number of consensus sites and the total length
of the binding site motif. We calculate the average consensus sites and binding site length
for E. coli K12 and select eukaryotes in this study and find the effective binding site to exist
between 10-20 bp for E. coli K12 and 5-10 bp for eukaryotes.
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Figure 1. Left. The TFBS density (#TFBS/nt) was calculated for a sliding window along
upstream ncDNA regions of TUs. TFBS density is normalized by the number of TUs and
TFs in the study. Right. The distribution of TFBS broken out by TF is plotted for each

organism. The distribution of all TFs is denoted by a solid black line.

1.3 Effect of recombination on TFBS accumulation

We simulated the effect of recombination on TFBS accumulation on bacteria-like popu-
lations with an amount of ncDNA ~ 100 bp in length and a population size of 10°¢ in-

dividuals. Simulations lasted 10° generations. We only simulated organisms with small
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Figure 2. The distribution of binding site width (right) and consensus sites (right) for E.
coli K12 (top) and several eukaryotes (bottom). The solid vertical lines display the mean

length depicted in each plot.

regulatory regions because in previous work recombination between binding sites was ar-
gued to promote redundancy in this type of population - one that did not have a mutational
bias towards redundancy [3].

The recombination rate between two locations can be calculated from the nucleotide
distance d and the recombination frequency per base pair c as  ~ 0.5(1 — €2%). When d
is small, » =~ dc. The recombination rates for prokaryotes are on par with the per base pair
mutation rates (c/u ~ 1) [3]. Therefore a realistic recombination rate inside regulatory
regions for prokaryotes would be r = dc = 10 x 107 = 10~®. We performed a parameter
scan across both types of recombination - inside regulatory regions and between regulatory
regions - and present the results in Fig 3. Both recombination between regulatory regions
and inside regulatory regions elicit a minor effect on binding site accumulation. Even sim-
ulated recombination rates which exceed realistic values produce minimal change to bind-
ing site accumulation. Further, recombination between binding sites seemed to decrease

redundancy in the simulated population.
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Figure 3. Simulations incorporating recombination between and inside regulatory regions

have minor effect on binding site accumulation.

1.4 Effect of binding site length on TFBS accumulation in E. coli K12

We simulated long binding site sizes (10-20 bp) under E. coli K12 simulation settings
(N = 1e9, L = 100) to understand the effect of binding site size on TFBS accumulation
(see Fig 4). We found no response in number of TFBS and degree for binding sites longer
than 10 bp. Redundancy and multiplicity continued to decrease in binding sites longer
than 10 bp, but not to the same scale as what occurred between 6-10 bp. We attribute these
results to the viability constraint which requires genes to remain regulated and so limits the
binding sites available to be lost. This reduces the effect of the longer binding sites, which

are easier to lose and harder to gain.

1.5 Why recombination in short promoters does not lead to redun-

dancy

Previous work presented a theoretical argument that recombination between binding sites
in the promoter regions of prokaryotic species can lead to redundancy on the network

level [3]. Our results argue otherwise. To understand why this is the case, let us examine
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Figure 4. Results for simulations with N = 10 and L = 100 for varying binding site

sizes.

the possible recombination scenarios within regulatory regions containing binding sites.
Consider a stretch of regulatory ncDNA of length L discretized into g sections such that
each region harbors at most one binding site of length n. When recombination occurs in
one of these sections, each parent may have a binding site or only one parent has a binding
site. There are many outcomes for such a recombination: for the case where both parents
have a binding site, the outcomes are depicted in Figure 5.

First, consider what happens if only one parent has a binding site. Based on where the
crossover occurs relative to the binding site, the site may be unchanged if it is upstream,
moved if it is downstream, or lost if it is coincident. The probability of each of these events
based on the size of this binding site region L /g is shown in Figure 6. The probability that
recombination destroys a binding site decreases exponentially with respect to the size of
the binding region. As one would expect, it is equally probable for the binding site to be
upstream or downstream of the recombination event. But in any of these cases, because
neither recombinant gains a binding site through the event, redundancy is not promoted.

In the case where both parents have a binding site, there are several more scenarios
to consider. These scenarios are illustrated in Figure 5. For scenarios C and D there are
symmetric cases where the recombinant TFBS are mirrored. For example, A and B show
the symmetric case for binding sites co-occuring upstream or downstream of the crossover.
Of interest are the scenarios that cause redundancy (C), loss of one binding site (D), and

loss of both binding sites (E, C). Figure 6 shows the impact of each scenario with respect
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Figure 5. All possible results of a recombination event in a critical binding region (one of

g in each regulatory region).

to the length of a binding region L/g. When L/g = n, the crossover is guaranteed to
eliminate both TFBS. The probability of each scenario is a function of the binding region
size and length of a binding site (L/g). Interestingly, for bacteria, L/g is likely less than
100 bp, and so there is a significant probability that recombination would eliminate one
or both binding sites (scenarios C,D,E). For eukaryotes, L /g is much larger, and a greater
chance exists of swapping binding sites or causing redundancy (A,B and C). However,
even in this case, the scenario which promotes redundancy happens only 1/3 of the time.

Hence, it is unlikely that recombination would promote redundancy on the network level.
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Figure 6. The probability of each possible recombinant scenario if only one parent has a
binding site (left) or both parents have a binding site (right). The letters in the figure on

the right refer to the scenarios mentioned in Figure 5.

In the previous work which argued that recombination may promote redundancy, simu-
lations were run using a network-level model. Since the scenarios we discuss are results of

features on DNA sequence, the network level approach would be unable to simulate them.

2 Encoding regulatory pathways

2.1 Genotype

Regulatory pathways consist of genes that encode transcription factors that either activate
or inhibit the transcription of their own or other genes. The binding sites that mediate this
regulation exist along the sequence, both upstream, within, and downstream of the gene.
To preserve the sequential ordering of binding sites, the promoter and enhancer region for
a gene is discretized into g regions, where only one binding site may occur in each of these

g regions.
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Figure 7. A cartoon that illustrates a matrix for a genetic pathway comprising of genes,
transcription factors, and binding sites. The matrix representation denotes the binding
sites and their affinity. This discretization of binding sites represents where a binding site

may arise.

The pathway genotype is econded as a k£ x g matrix, where k£ is the number of genes in

the pathway, as shown in Figure 7. An allele is an instantiation of the k£ X ¢ matrix:

M= (b)

ij o
where b; ; encodes the status of the 4" binding region for the i"" gene. The regulatory
region for gene i is encoded as row ¢ in the matrix, and the columns preserve the ordering
of binding sites along the sequence. The binding site status, or b; ;, is either 0, for no
binding site present, or a value [1, k| for activation and [—1, —k] for inhibition, representing
the index of the transcription factor |b; ;| that binds to the given site. Formally, b, ; €
{—k,...,k} and

d >0 1 activated by d

bij =1 0 no regulation on ¢

d < 0 7 inhibited by d

In this work, we use £ = 5 and g = 10.
It is important to stress that this data structure is not an adjacency matrix. Previous ap-

proaches used adjacency matrices to encode genetic networks, but this leads to a departure
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from the sequential underpinnings of regulatory pathways [3, 4, 5]. An adjacency matrix
is a square matrix A;; (k x k) that encodes the weight, or presence, of an edge between
two vertices ¢ and j. For a given pathway topology (or adjacency matrix) there are several
configurations of binding sites along the genomic sequence. Hence, mutations and recom-
binations that could greatly change the binding site data structure may appear neutral on
the pathway topology.

To calculate the adjacency matrix from a regulatory pathway allele:

Aij= Y 8(|bjnl —1)sign(b;n), (1)
0<h<g
where
1 =0
6(z) =
0 otherwise
‘ 1 z >0
sign(x) =
-1 <0

The edge weight is positive for activation and negative for inhibition. If there is an
activating and inhibiting binding site for the same gene in a given promoter, the adjacency
matrix will report a value of 1 + —1 = 0, which hides the regulatory effect of the binding
sites. More complicated methods for determining the regulatory influence of competing

binding affinities can be investigated in future work.

2.2 Phenotype
2.2.1 Discrete

The work by Wagner determines an expression pattern of &k genes as a time series S(t) =
[S1(t), S2(t), ..., Sk(t)], but caleulates S;(t + 7) = o[¥F_; wy;S;(t)], where 7 is some
constant time step, o is the sign function, and w; ; is the regulatory influence between
gene-7 and gene-j [4, 5]. A product state at any time is either -1 for down regulation, O for
no regulation, or 1 for up-regulation. In the update equation S;(¢ + 7), influence outside of

these values are scaled using the sign function (o). The influence between genes can either
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be activating (w; ; > 0), inhibiting (w; ; < 0) or absent (w; ; = 0). The matrix w = (w; ;)
is the adjacency matrix of the regulatory pathway.

The equilibrium regulatory influence on each gene is given by S, which evolves from
a starting state S(0). This equilibrium state is viable if S(¢) is either convergent or cyclic
within &2 timesteps, at which point the equilibrium concentrations are given by f(S(k?))
if S(t) converges, or f(avg(S(p : k?))), where p is the period of the cycle and f maps
regulatory influence to gene-product concentration. The simplest mapping corresponds to
f(S) = 1+ S so that down-regulation corresponds to a concentration of 0, no regulation
corresponds to basal transcription of 1, and up-regulation corresponds to 2. The scalar
quantities for each case can be parameterized within the f mapping.

To determine the discrete phenotype given an allele M, first the adjacency matrix w
using Equation 1 is computed. Then, S; is computed for k? time steps from the start state
(e.g. S(0) =[1,—1,—1,...,—1]), depicted in Figure 8. If S converges or is cyclic within

k? steps, then S, is the equilibrium regulatory state.

2.2.2  Viability

Lynch employed a simple viability constraint in his evolutionary analysis of pathways that
required all genes to be regulated [3, ]. Intermediate transcription factors could be initiator
signals for other pathways downstream, and so the loss of regulation of an intermediate
gene which encodes a transcription factor would lead to the loss of the downstream pathway
as well. Such a scenario would be considered fatal to the cell.

This viability criterion is imposed on the aforementioned discrete phenotype function.
The calculation of viability is simple: the pathway is nonviable if any row in the pathway
genotype is all zeros (no binding sites exist for the gene), and viable otherwise. If a pathway

is not viable, then it is considered invalid.

2.3 Fitness

In this work, fitness is a function of the pathway equilibrium concentrations, given by the

discrete equilibrium method, or a topological property of the pathway. Since the equilib-
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Figure 8. The time evolution of the example pathway using the discrete method. White
signifies up-regulation, black down-regulation, and gray no regulation. The equilibrium
concentrations for the gene-products can be found by averaging the cyclic behavior,

which yields no regulation (the zero vector on top of the figure).

rium is given by a k-length binary array, we can classify genotypes by their associated
k-length array into ‘phenotype classes.” Genotypes in the same phenotype class are neutral
with respect to one another.

Fitness is modeled under three scenarios:

1. viability - requires that all genes in the pathway are regulated, given by viability(M),

0 otherwise.

2. abstract phenotype - each phenotype class (out of 2* possible classes) is assigned
a random fitness value from a uniform distribution. The fitness of a genotype is

assigned based on its phenotype class. Each simulation regenerates the phenotype to
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fitness mapping.

3. pathway properties - for a given pathway genotype M,
fitnessprop(M) = viability(M)[1.0 — s(Lprep — prop(M))],

where 0 < Ly, prop(M), s < 1. The variable s is a scaling factor which represents
the strength of selection contributed by deviation from the optimal property L.
While it is not biologically reasonable to assume selection operates on topological
properties of pathways alone, many studies have posited that redundancy, degree, or
topology are driven by adaptive forces or that they are the result of some gradient
ascent in fitness space. If this is the case, then there must be some contributing factor
that these properties play in the overall fitness of the individual. This contributing
factor is modeled as s, which may be insignificant (s = 107%) to substantial (s = 1).
Therefore, fitnessy..,(M) € {0} U [s, 1], since viability(M ) may equal 0. In
this study, we examine the effect of selection on the average degree (Degree) of
a pathway and the average number of redundantly regulated genes in the pathway

(Redundancy).

3 Evolving pathways

3.1 Mutation

Since our model deals only with the non-coding mutations that effect pathway structure,
pertinent mutations occur in the regulatory regions of the gene. Base pair mutations within
regulatory regions either have no effect, remove a binding site, or result in the gain of a
binding site. Lynch proposed formulas for the loss and gain rates of binding sites (y; and
ttq respectively) [3]. The loss rate is the per base pair mutation rate v times the length of a
binding site n. The gain rate is given by Lnu/4", where L is the length of DNA that may
harbor binding sites. The ratio of these rates a = 41;/1, scales with the size of regulatory
regions. Lynch showed that « is a function of the length of a binding site n and the length

of regulatory substrate per gene L: o = 4"/ L.
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Lynch recently calculated estimates of the per base pair mutation rate for organisms
across all major phlya [6]. Most mutation rates range between 10~® and 10719, although
viruses have extremely accelerated rates around 10~*. Therefore, if the binding site length
is 10 bp, the loss rate of binding sites ranges from 10~7 to 107°. « ranges from 1072 in
mammals to 10* in bacteria, and so the gain rate has a wide spread of 10~ to 10713,

Modeling a mutation is straightforward. For a pathway allele M, the number of po-
tential gain sites, gain(M), is the count of zero values in the matrix M and the number
of loss sites, loss(M), is the count of the number of non-zero entries. The total number
of random loss mutations for the allele can be calculated using the binomial distribution,
where freq(M) is the frequency of allele M in the population, and u, and u, are the loss

and gain rates of binding sites:

Hlosses = binomial (N freq(M), loss(M)uy)
And similarly the number of gain mutations:

# gains = binomial(N freq(M), gain(M )uy)

Once the number of losses has been determined for a given network allele, #;,sses
mutant variants of M are constructed by randomly (uniformly) selecting a binding site and
removing it (setting b; ; to 0). This process may introduce new alleles into the population;
however, not all mutant variants may be unique.

Similarly, once the number of gains has been determined, #.i,s mutant variants of
M are constructed by randomly selecting an empty binding site and setting it equal to a
random gene index in the pathway. The determination of an inhibition versus activation is
parameterized by p, the probability of creating an activation regulatory effect. In this work,
weuse p = 1/2.

To update the affinity of a gain mutation at binding site b; ;:
bi; = s,(uniform(0,1)) x uniform,.(1,k)

1 tx < p
sp(x) = . S
-1 txz>p

15



3.2 Recombination

To perform a crossover on the pathway genotype, let M; and M, be parent alleles with a
crossover event occurring in the b; ; region. Let m be the k x g pathway matrix unraveled
into a kg length vector such that M; ; = m;,.;. A recombinant is given as m = my[1 :
ig +j — 1] + malig + j : kg, with m[ig + j| sampled from the relevant distributions in
Figure 6. Disregarding redundancy in the discretized region does not preclude redundantly
regulated recombinants to form, it only precludes redundancy within a position on the
allele matrix. To avoid this issue altogether, it is possible to minimize L/g by more finely
discretizing the regulatory region (increasing g).

To perform a crossover between gene ¢ and gene ¢ + 1, steps are taken as before to
construct the parental kg length vectors. Then, a recombinant is given by m = m;[l :

ig+g—1]+me[(i+ 1)g: kgl

3.3 Population simulations

Population genetic simulations were used to understand the combined effect of muta-
tion, population size, and fitness on pathway evolution. In these experiments, an initially
monomorphic population of pathways evolves, where we assume the population to be hap-
loid, panmictic, and constant in size.

Given a population size IV, generation time G, and mutation ratio «, the population
simulations performed in this study used the following method. First, a seed pathway
genotype is randomly generated in addition to a k-length binary input signal, where £ is
the number of genes in the pathway. The k-length binary input signal can be interpreted
as the ‘environmental input’ to the regulatory pathway. The random pathway generated as
the genotype is guaranteed to have cM binding sites occupied, where M is the maximum
number of binding sites and c is a proportion (¢ = 0.5 in all experiments). The input signal
is used only for the simulations with fitness. A monomorphic (seed genotype) population
of size N is then evolved for GG generations. Results for complexity properties from a
simulation are weighted averages of allele properties based on their frequency. Alleles are

sampled after a burn in period of G/2, which allows for the population to reach steady
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state. We developed custom code written in Python/C to handle population simulations.

4 Data provenance

We curated binding site data on three organisms, collecting for each known binding site the
affiliated TF, affected TU, and distance from TSS. Using these properties of each binding
site, we calculated the regulatory complexity properties as averages over reporting TFs

(TFs present in the data):

o Avg TFBS =# TFBS per TU
e Avg Degree = # unique TFs per TU
e Avg Multiplicity = (average #TFBS per TF) per TU

e Avg Redundancy = Proportion of TUs with degree greater than 1

4.1 E. coli

We downloaded the E. coli TFBS data on 7/15/2011 from RegulonDB [7]. The TFBS
flat file provides information on each known BS, its affiliated TU, and the distance from

transcription start site.

4.2 C. elegans and D. melanogaster

We downloaded the BS information for C. elegans and D. melanogaster from modEN-
CODE on 7/4/2011 using the provided web services for both genes and TFBS [8, 9].
Genome wide ChIP-chip experiments have matched several TFs to their binding sites
throughout the C. elegans and D. melangoster genomes. However, the effect of each of
these binding sites are not well known on downstream targets. To build a conservative es-
timate, we associated binding sites identified using ChIP-chip experiments with the closest
downstream TU target and disregarded binding sites in introns, only using binding sites

in intergenic regions between gene clusters, where overlapping genes were considered a

single TU.
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4.3 S. cerevisiae

We downloaded the TFBS on S. cerevisiaefrom SwissRegulonDB [10]. The flat file down-

load provides a GFF file which we parsed using custom Python code.

4.4 A. thaliana

We downloaded the TFBS for A. thalianatrom agris-AtcisDB (http://arabidopsis.med.ohio-
state.edu/AtcisDB/) [11]. Non-coding regions which may harbor more binding sites were

trucated at 3,000 bp.

4.5 On the quantity of data

Despite the lower number of TFs sampled in C. elegans and D. melanogaster in comparison
to the other organisms, the distribution of TFBS count per TU matches that of S. cerevisiae
and E. coli K12, following a scale-free pattern (see Fig 1 A in the main text). The frequency
of intergenic regions harboring a given amount of binding sites log linearly decreases as
the number of binding sites increase. We observe this pattern regardless of the number of
transcription factors, the number of intergenic regions, or the length of the intergenic re-
gions. The data repository for binding sites in A. thaliana constrained upstream intergenic
regions to be at most 3,000 bp, although larger upstream regions exist in the genome. We
suspect that this truncation of intergenic regions in the A. thaliana data repository might
skew the distribution of TFBS count/TU from that of the other organisms. Notwithstanding
this truncation, the correlation of substrate length versus number of binding sites in the A.

thaliana genome shows a very strong correlation (r = 0.89).
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