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Abstract

Transcriptional regulation is crucial for all biological processes and well investigated at the molecular level for a wide range of

organisms. However, it is quite unclear how innovations, such as the activity of a novel regulatory element, evolve. In the case of

transcription factor (TF) binding, both a novel TF and a novel-binding site would need to evolve concertedly. Since promiscuous

functions have recently been identified as important intermediate steps in creating novel specific functions in many areas such as

enzyme evolution and protein–protein interactions, we ask here howpromiscuous binding of TFs to TF-binding sites (TFBSs) affects

the robustness and evolvability of this tightly regulated system. Specifically, we investigate the binding behavior of several hundred

TFs fromdifferent species at unprecedented breadth. Our results illustratemultiple aspects of TF-binding interactions, ranging from

correlations between the strength of the interaction bond and specificity, to preferences regarding TFBS nucleotide composition in

relation to both domains and binding specificity. We identified a subset of high A/T binding motifs. Motifs in this subset had many

functionally neutral one-error mutants, andwere bound bymultiple different binding domains. Our results indicate that, especially

for some TF–TFBS associations, low binding specificity confers high degrees of evolvability, that is that fewmutations facilitate rapid

changes in transcriptional regulation, in particular for large and old TF families. In this study we identify binding motifs exhibiting

behavior indicating high evolutionary potential for innovations in transcriptional regulation.

Key words: transcriptional regulation, evolution of regulatory networks, binding specificity, neutral networks,

multifunctionality.

Introduction

Transcriptional Regulation

Over billions of years, natural selection has generated an

amazing diversity of phenotypes performing an impressive

variety of biological functions (Carroll 2005; Davidson and

Erwin 2006). Genes and the traits they confer are highly

entangled through (co)regulation and complex interaction

networks, such as protein–protein and protein–DNA

(Barabasi and Oltvai 2004). Their combinatorial complexity

and nonlinear dynamic behavior helps explain the diversity

of life, given that differences in gene number between species

lack such explanatory power. A crucial role in increasing bio-

diversity is commonly ascribed to differential transcriptional

regulation (Berg et al. 2004; Mustonen and L€assig 2005;

Davidson and Erwin 2006; Elena et al. 2011; Payne and

Wagner 2014). Consequently, transcription factors (TFs) play

a major role in shaping biological processes by regulating

gene expression and genetic interactions (Wray 2007) via

binding to TF-binding sites (TFBSs). TFs have specific domains

binding to their preferred target TFBS at the target DNA. Just

like most other protein domains, the domains of TFs are func-

tional and evolutionarily well-conserved units which can be

rearranged over long evolutionary time scales (Moore et al.

2008; Schmitz et al. 2016). TFs mainly evolve by gene dupli-

cation and domain rearrangement which confer new func-

tional potentials to TFs (Amoutzias 2004; Schmitz et al. 2016).

Known TF DNA-binding domains include the homeobox

(Schofield 1987; Gehring 1992, 1993), ETS (Graves and

Petersen 1998; Oikawa and Yamada 2003; Gutierrez-

Hartmann et al. 2007), zinc finger (Laity et al. 2001; Krishna

et al. 2003; Gamsjaeger et al. 2007), fork head (Kaufmann

and Knochel 1996), and basic helix-loop-helix (bHLH) (Murre

et al. 1994; Chaudhary and Skinner 1999). Some TFs engage

in combinatorial binding, forming dimers ormultimers (Verger

and Duterque-Coquillaud 2002; Amoutzias et al. 2004; Veron

et al. 2007). This enables further fine-tuning of transcriptional

� The Author(s) 2019. Published by Oxford University Press on behalf of the Society for Molecular Biology and Evolution.

This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/by-nc/4.0/), which permits

non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For commercial re-use, please contact journals.permissions@oup.com

406 Genome Biol. Evol. 11(2):406–414. doi:10.1093/gbe/evy269 Advance Access publication December 28, 2018

GBE
D

ow
nloaded from

 https://academ
ic.oup.com

/gbe/article-abstract/11/2/406/5265245 by U
LB M

uenster - D
o not use user on 25 July 2019

http://creativecommons.org/licenses/by-nc/4.0/


regulation (Stampfel et al. 2015; Reiter et al. 2017) and affects

low-affinity interactions. One example for low-affinity binding

through combinatorial binding is interactions between homo-

typic-binding site clusters in Drosophila (Crocker et al. 2015).

The length of TFBS ranges from 5 to 30nt, although most

common is a binding region of 10nt (Berg et al. 2004; Spitz

and Furlong 2012; Stewart et al. 2012). Due to the relative

shortness of the TFBSs it is likely that binding between a TF

and its TFBS is not solely determined by sequence compatibil-

ity but also by the aforementioned combinatorial binding

(Spitz and Furlong 2012), as well as the regions flanking the

TFBS (Slattery et al. 2011, 2014; Song et al. 2011; Dror et al.

2015) which influence the site’s accessibility to TFs (Song et al.

2011; Dror et al. 2015). G/T rich regulatory regions are asso-

ciated with clusters of TFBSs for a variety of TFs, and A/T-rich

regions with more specific TFBSs (Lenhard et al. 2012).

Changes in TFBSs are the major cause for changes in gene

regulatory networks for several reasons: first, since binding

motifs are short and consequently more likely to arise through

random mutations, new components of gene regulatory net-

works may arise (Arnone and Davidson 1997; Stone et al.

2001). Second, changes in TFBSs which regulate TFs are

known to also change the functional specificity of TFs, for

example, following their duplication (Schmitz et al. 2016).

Nucleotide substitutions may either weaken or strengthen

binding between the TF and the TFBS. Despite components in

a regulatory network depending on each other, cases of new

functions arising due to substitutions in a TFBS are known

(Gadau et al. 2012; Simola et al. 2013). Consequently, a bal-

ance between conservation of function and innovation is nec-

essary for evolutionary changes to occur.

The evolutionary trajectories and possible fitness conse-

quences of successive point mutations have been extensively

researched in other systems, such as the sequence to structure

maps in RNA secondary structures (Schuster et al. 1994) and

in model proteins (Bornberg-Bauer 1997).

Sets of functional sequences in genotype space forming

the same phenotype are referred to as a neutral set

(Bornberg-Bauer 1997). If the sequences are also connected

through single mutations, they are usually referred to as a

neutral network (supplementary fig. 1, Supplementary

Material online) and can be considered as a subset of geno-

type space (Wright 1932; Wagner 2008). Here, genotype

space includes the set of all possible motifs consisting of

8nt, in other words 65,536 sequences representing potential

TFBSs in our data set. After removal of redundant motifs, our

genotype space contains 32,896 sequences. Among the

motifs forming genotype space the ones bound by a TF

form the neutral set of said TF. All motifs in the neutral set

that are connected through single mutations form the neutral

network of the TF. A large neutral network usually indicates

high mutational robustness of a function. The importance of

promiscuity and mutational robustness in exploring sequence

space and facilitating the emergence of new functions has

been postulated and observed in several systems over the last

years (Sikosek 2012; Sikosek and Chan 2014). Within the

framework of neutral networks, it follows that mutants which

are further away from the mutationally most stable and most

uniquely binding (or folding) consensus sequences are less

stable and functionally promiscuous. However, their promis-

cuity also sometimes links the native neutral network with

another network (in which the latent function becomes the

dominant function) such that these sequences can act as

“evolutionary bridges” (Bornberg-Bauer 1997; Anderson

et al. 2005; Wroe et al. 2007).

In the context of TFBS evolution, drift along a “native”

neutral network can thus lead to transitions which are facili-

tated by latent traits (weak binding to another TF). However,

the strengthening of such latent traits can be constrained by

the need to maintain the native function (Depristo 2007). A

proposed solution to this issue is the “escape from adaptive

conflict” (EAC) hypothesis (Hittinger and Carroll 2007; Des

Marais and Rausher 2008; Sikosek et al. 2012). In the context

of protein structures, the EAC model describes multifunc-

tional proteins as fluctuating between different structures,

where the ratio with which the structures occur is determined

by their thermostability. As a result, both the native function

and latent function are subject to selection (Sikosek et al.

2012). Those constraints can be loosened through either

the tradeoff between native and latent function or gene du-

plication followed by subfunctionalization (Aharoni et al.

2005; Sikosek et al. 2012).

Here, instead of fluctuations between structures, we con-

sider promiscuity of TFBSs bound by TFs. We propose promis-

cuity and EAC to be important for fine tuning and expanding

regulatory networks (supplementary fig. 2, Supplementary

Material online).

Accordingly, we study the binding specificity and the neu-

tral networks of different TFs to identify differences in their

binding preferences. Specifically, we find that motifs, such as

A/T-rich motifs, which can bind multiple TF families, exist and

may act as evolutionary bridges for exploring new functions.

Methods and Methods

The UniProbe Database

Uniprobe is a database storing data on TF binding that was

generated using universal protein-bindingmicroarray technol-

ogy. Binding motifs are represented by 32,896 possible

sequences consisting of 8 nt.

The data were generated in multiple experiments across a

wide range of species, most notably Homo sapiens,Musmus-

culus, and Saccharomyces cerevisiae. The database contains

data on multiple species and more than 500 TFs. Binding

strength between the TF and motifs is described by the so

called enrichment score (E-score). For each TF the E-scores for

all of the 32.896 contiguous motifs were checked to
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determine whether the TF bound to the motif or not. The

E-score is a common measure for binding strength and

was calculated based on the binding affinity between a

TF and the motif. Though the E-score does not directly

measure binding strength it has been found to accurately

correlate with binding (Badis et al. 2009; Nakagawa et al.

2013; Aguilar-Rodriguez et al. 2017). Current data are

accessible in the UniProbe public database (Newburger

and Bulyk 2009).

Processing and Visualization of the Binding Data

In order to investigate binding behavior we used Python

scripts to process the available data. We generally set the

threshold for functional binding at 0.35 (Badis et al. 2009;

Nakagawa et al. 2013; Aguilar-Rodriguez et al. 2017); how-

ever for some analyses, we also investigated behavior for

lower thresholds. It also has to be noted that there are known

cases of low-affinity interactions of biological significance

(Farley et al. 2015). Furthermore, we also investigated the

role of the A/T-content of the binding site in promiscuous-

binding of TFs. For the visualization of the results we used

Matlab, Matplotlib (Hunter 2007), and R (R_core).

Set Distance

Several measures can be implemented for the numerical as-

sessment of the similarity of sets. One of those measures of

similarity is the Jaccard Index. We present results relative to

the Jaccard index (J) due to its easy interpretability, but we

should highlight that similar results are obtained when

employing other measure. The Jaccard index (J) is defined

as the fraction of the intersection to the union of the

two sets. For sets A and B, the Jaccard index is defined as

J(A, B)¼ jA \ Bj/jA[ Bj. Additionally, for two sets of motifs A

and B the Jaccard distance is defined as dJ (A, B)¼ 1� J(A, B).

The Jaccard distance is particularly useful when the sets to

compare are of different sizes, as its normalization is designed

to take the union of both sets.

In order to check for a correlation between the sets of

motifs bound and sequence similarity the set distance of

two TF was then compared with their BLAST similarity

(Altschul et al. 1990). The sequences of two TF ware consid-

ered to be similar if the E-value was <1e-4.

Creating Networks

For the creation of networks of the bound TFBSs we utilized

networkx (Hagberg et al. 2008) with eachmotif bound by the

TF being represented by a node. Edges between nodes indi-

cate a mutational distance of 1 between them.

Results and Discussion

Binding Preferences of TFs and TFBSs

First, we characterized the binding preferences of all TFs and

motifs exhibiting promiscuous binding behavior. The data set

includes a variety of TFs utilizing different domain types from

several species. The most prevalent species in the set are

M. musculus, H. sapiens, and S. cerevisiae (for further details

see Materials and Methods). We use the common threshold

of E-score> 0.35 to identify binding interactions that are con-

sidered functionally relevant (Badis et al. 2009; Nakagawa

et al. 2013; Aguilar-Rodriguez et al. 2017). To assess the gen-

eral validity of the micro-array data, we compared the overall

patterns of binding preferences to the existing literature.

Regulatory regions with a high G/C content are associated

with multiple transcription initiation sites and a broad number

of TFs; A/T-rich regions generally mark a specific transcription

start site and often contain a so called TATA-box (Lenhard

et al. 2012). We initially observed unspecific binding in motifs

that are A/T rich (fig. 1, data labeled in black). However, the

observations could be skewed due to the abundance of data

on homeobox TFs and their preference to bind to A/T-rich

TATA-box motifs. After separately analyzing the data accord-

ing to the binding domains, the trend is no longer supported

(fig. 1). Instead, binding preferences seem to mainly be deter-

mined by the preferred bindingmotif of the TF. The specificity

of interaction has also been found to be influenced by the

domain type and nucleotide composition of the motifs.

Promiscuous binding has been observed between A/T-rich

TFBSs and the homeobox TFs. Homeoboxes require an

“ATTA” or similar motif to induce binding interaction

(Gehring 1992; fig. 1; supplementary table 1,

Supplementary Material online). Interestingly, the general

trend of promiscuity in A/T-rich motifs is present in all ana-

lyzed binding domains at low binding strength. It decreases

with increasing the threshold for binding strength for all an-

alyzed domain types except the homeoboxes (supplementary

fig. 3, Supplementary Material online). In summary, the ob-

served low-affinity interactions are more promiscuous com-

pared with interactions of higher affinity.

At high binding affinity the preferences of homeobox TFs

are in agreement with the available literature (Otting et al.

1990; Billeter et al. 1993; Gehring, 1993). This generally holds

up for all the binding domains. Zinc fingers of the C2H2 do-

main type contain a conserved alpha helix, and ligands of

cysteine and histidine (Laity et al. 2001; Gamsjaeger et al.

2007). The bHLH domain binds “CANNTG” as a consensus

motif (Murre et al. 1994; Chaudhary and Skinner 1999) mak-

ing it unlikely to bind motifs with an A/T-content of zero, one,

seven, or eight (nAT[0, 1, 7, 8]). Fork heads bind to a canonical

motif of “G/A T/C C/A A A C/T A” (Kaufmann and Knochel

1996), resulting in thembindingmotifs across thewhole spec-

trum of motif nucleotide composition. ETS TFs bind a core

motif of “5’-GGAA/T-3’” (Oikawa and Yamada 2003;
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Gutierrez-Hartmann et al. 2007;Wei et al. 2010) (supplemen-

tary table 1, Supplementary Material online).

When analyzing the mean and median numbers of bound

TFs (supplementary fig. 4, Supplementary Material online) it

seems to be in agreement with A/T-rich motifs binding indis-

criminate as described in the literature (Lenhard et al. 2012).

However, the large error bars show the amount of variance

when it comes to the number of bound TFs (supplementary

fig. 5, Supplementary Material online). Despite the clear trend

of A/T-rich motifs binding promiscuous it is possibly exagger-

ated through motifs that are extremely unspecific and again

the number of homeobox TFs in the data set.

Binding interactions are also more numerous at low

thresholds of binding strength (supplementary fig. 4,

Supplementary Material online). This indicates that weak

binding events might be numerous but can also be broken

up by a TF forming a stronger bond with the site. Some of

the low-affinity interactions might still have a biological

function when considering combinatorial binding interac-

tions (Crocker et al. 2015). Indeed, several TFs forming

homo- or heteromers occupying multiple binding motifs

that are located close to each other can still lead to stable

interactions despite low-affinity interactions being involved.

Here, analyzed chip-seq data do, however, not allow for

statements regarding combinatorial binding. When raising

thresholds of binding affinity the number of motifs binding

many TFs quickly decreases, indicating a tendency for the

motifs being rather specific in the sets of TFs they bind to.

Comparison of Sequence Similarity and Binding
Preferences

To check if similar TFs bind similar sets of binding motifs we

compared sequence similarity to the sets of bound motifs. In

order to compare the sets of bound motifs we utilized the

Jaccard Distance (see Materials and Methods) as a simple

measure of set similarity, ranging from 0 (same) to

1 (no overlap). Sequence similarity is defined by a BLAST E-

value<1e-4 (Altschul et al. 1990). In general, sequences with

high sequence similarity have >25% intersection between

their neutral sets (fig. 2). However, there are also several

exceptions, indicating that similar sequences do not always

equate tosimilarbindingpreferences.Anoticeableexample is

thezf-C2H2typezincfingers.Manypairsof thisTFfamilyshare

very few binding motifs despite having similar sequences. A

possible cause for the differences could be that zfC2H2 TFs

FIG. 1.—Binding preferences of TFs in relation to the A/T-content of TFBS for an E-score>0.35. Data points represent an 8-nt long motif. The colors

indicatewhich TF-binding domain themotif interactswith. Consequently all circles of the same color form the set of a domain. Each data point shows amotif

and the percentage of TF with the same domain binding the motif.

FIG. 2.—Comparison of set similarity (lower part) and sequence

similarity (upper part). Set similarity is based on Jaccard distance. A

distance of zero (red) equals 100% overlap of bound TFBS between

two TFs. Orange indicates a distance of 0.5 (50% overlap), and yellow

indicates a distance around 0.75 (25% overlap). Sequence similarity

was determined using BLASTp, with all pairs of sequences with an e-

value<1e-4 being considered as similar. Legend of domain types: B,

bHLH; Zf1, C2H2 zinc finger; Zf2, zinc-cluster; Zf3, Zn2Cys6 zincfinger;

F, fork head; H, Homeobox; E, ETS).
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tend to form dimers or multimers in order to bind to their

targets (Yanez-Cuna et al. 2012; Schulz et al. 2015; Reiter

et al. 2017),making 8 nt bindingmotifs insufficient to initiate

binding. Furthermore, their threshold for biologically func-

tional affinity might be lower due to combinatorial binding

resulting in low-affinity functional interactions (Crocker et al.

2015). Various TF families besides zincfingers are known to

form dimers and polymers in order to bind their targets.

Examples are TFs utilizing the ETS domain (Verger and

Duterque-Coquillaud 2002), and fork head TFs (De Val et al.

2008). Unlike the pairs of zfC2H2 pairs of ETS TFswere able to

bind similar sets of motifs. Also, despite only short binding

motifs being available and therefore combinatorial binding

being impossible, we did not observe failure to bind. In other

cases somepairs of TFs bind similar sets ofmotifs despite their

sequences being dissimilar. For example, the ETS TFs share

around 25% of their binding motifs with Zn2Cys6 TFs.

However, the overlap is higher than commonly observed for

dissimilar TFs, but still low compared with the overlap be-

tween TFs with similar sequences.

Networks of Bound TFBS

Each TF binds an individual set ofmotifs and these interactions

can be characterized as a network, with nodes representing

the sites bound by the TF and edges connecting two nodes

indicating a nucleotide substitution. All motifs connected

through a series of single mutations can be considered part

of the neutral network of a TF. We then analyzed properties

which are widely used to characterize the topological proper-

ties of a network in general (Seidman 1983; Albert and

Barabasi 2002; Bettstetter 2002; Newman 2003).

Specifically, we analyzed: 1) network density, which is defined

as the fraction of possible connections between nodes that

are observed in the network and corresponds to how densely

the nodes are connected to their neighboring nodes; 2) the

node degree, which describes the number of edges for each

node in the network. Nodes with a high network degree have

many neighbors with a mutational distance of 1; 3) network

size, defined by the number of nodes in a network, the higher

the number of nodes in the network the higher the promis-

cuity of the TF. Accordingly, the networks of promiscuous TFs

are large and possess higher node connectivity but lower net-

work density (fig. 3A and B). Nodes with high connectivity can

be considered as “hubs” in their networks. Here, we consider

nodes with a connectivity of 12 or higher in at least one net-

work as hubs, because they have �50% of their possible

neighbors in the network. The majority of the “hub” motifs

is very similar and has an A/T-content of seven or eight out of

8nt. Due to this high similarity the majority of the “hub”

motifs form a densely connected neutral network (supple-

mentary fig. 6, Supplementary Material online). The density

of the network further illustrates how close the motifs are

clustered in sequence space.

Binding Motifs Shared by TFs Using Different Binding
Domains

Binding competition and complex binding interactions are a

major factor in determining the development of an organism.

We compared the sets of motifs bound by multiple binding

domains to identify possible combinations of TFs involved in

combinatorial or competitive regulation. We considered all

possible combinations of three TFs with different binding

domains and picked groups sharing at least 5% of motifs.

All TFs fulfilling this condition were considered as candidates

for further analysis. The candidate TFs and their connections

with each other can be seen in supplementary figure 7,

Supplementary Material online. We found at least one pair

of TFs sharing TFBSs that are known to activate and repress

FIG. 3.—(A) Scatterplot illustrating the correlation of node degree in a

network with network size. Node degree is the number of edges from a

node to other nodes. Here, a high node degree indicates the TFBS has

manymutational neighbors in the set of bound sites. The figure shows the

average node degree for all 701 networks in connection to the number of

nodes in the network. We find high node numbers to be positively corre-

lating with high node degrees. (B) Scatterplot illustrating the correlation of

network density in a network with network size. We observe a tendency

for bigger networks to be less densely connected.
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the translation of the same gene. The TF Yox1p and Fkh2p

activate and repress Mcm1p, respectively (Darieva et al.

2010). Yox1p and Fkh2p bind to completely different regions

of Mcm1p; therefore, they do not seem to be directly com-

peting for the same motifs despite the intersection of motifs

both TFs can interact with. Further known protein–protein

interactions are shown in supplementary figure 8,

Supplementary Material online; however, since our data rely

on suboptimal binding interactions, possible interactions

might not have been observed in vivo.

The motifs from the intersections between the sets of the

candidate TFs were also further analyzed as they are also

candidates for being involved in complex regulatory interac-

tions. Again, comparable to the “hubs”, we investigate the

nucleotide composition of the motifs. Contrasting the

Gaussian distribution of available motifs that peaks at

n(A/T)¼ 4, we observe two peaks in numbers of binding sites

for motifs with n(A/T)¼ 3 and n(A/T)¼ 7. Despite only a small

fraction of available motifs being part of the set binding mul-

tiple TFs binding domains the vast majority of motifs belong to

a single connected network (supplementary fig. 9,

Supplementary Material online). In the network, we can see

two subgroups of nodes that correspond to the nucleotide

compositions of the motifs. Generally, the motifs in this set

are mutationally dissimilar to the canonical TFBSs as well as

the highest scoring motifs. However, the majority is still mu-

tationally accessible through point mutations due to high net-

work degree of connectivity (supplementary fig. 10A and B,

Supplementary Material online)

Motifs Acting as Network Hubs as Well as Binding Various
Binding Domains

Motifs bound by multiple TFs binding domains and having

many functionally neutral neighbors binding the same TF

can play an important role in the evolution of regulatory net-

works, due to their evolutionary potential. In order to identify

motifs with high evolutionary potential we considered motifs

that we identified as network hubs (“hubs”) and the motifs

we identified as being able to bind a variety of TF-binding

domains (“multidomain”). Because both of the subsets ex-

hibit an abundance of A/T-rich motifs we checked for an

overlap between the two sets. Around 23% of motifs from

the set “hubs” and 50% of the set “multidomain” are pre-

sent in both sets, resulting in a third set “shared” (645 motifs,

list of motifs forming the sets available in the supplementary

material 1, Supplementary Material online). In the network of

“shared” motifs the majority of nodes do not form a single

connected network, but three smaller connected networks

(supplementary fig. 11, Supplementary Material online). Out

of these three networks, the largest contains the motifs that

center around a nucleotide content of A/T¼ 7. The other two

subnetworks contain nodes representing motifs around

A/T¼ 3. We compared the distance of the motifs to the

canonical TFBSs and highest scoring octamers for each of

the involved TFs. Unexpectedly, the majority of motifs in the

subset “shared” are neither similar to the canonical TFBSs nor

the highest scoring octamers (supplementary fig. 10C and D,

Supplementary Material online). However, the resulting net-

works of subsets are still mostly connected. In most cases the

motifs are accessible from the canonical or highest scoring

motif via point mutations (supplementary fig. 10C and D,

Supplementary Material online).

The number of available TFs is limited, creating competition

for TF binding amongst TFBSs (Karreth et al. 2014). This is

especially important in eukaryotes as their TFs can be prone

to binding wrong TFBSs (Wunderlich and Mirny 2009).

Though for the complete set of binding motifs we could

not detect a general trend regarding A/T-content and promis-

cuity we still observed a higher than expected rate of A/T-

richness in the motifs in the subsets labeled as “hub” and

“multidomain.” Common TF domain types involved in those

FIG. 4.—Distribution of TFBS by A/T-content. The figure shows the

numbers of sites bound by TF utilizing varying binding domains

(Competitive binding), sites that have many neighbors in at least one net-

work of binding sites (Degree�12), and the ones fulfilling both criteria

(Shared). All distributions differ from the distribution of available TFBSs.We

observe a noticeable shift towards TFBSs with a high A/T-content. The

TFBSs bound by various domains also have an unexpected peak number

for an A/T-content of 3.
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interactions are zincfingers, forkheads, and homeoboxes. The

nucleotide preferences of the three TF-binding domain types

also seem to determine the peaks we observed for motifs of

A/T¼ 3 and A/T¼ 7 (fig. 4).

Binding Specificity of Motifs with Possible Evolutionary
Potential

We identified motifs that might play a role in regulatory net-

work evolution. Considering the possible connection between

multifunctionality and evolvability we compared binding inter-

actions of the whole data set with the subsets “hubs”,

“multidomain”, and “shared.”

When calculating the mean and median percentage of the

number of TFs bound per motif in the different subsets we

observe that the motifs present in all three subsets tend to

bind more promiscuously. In all sets the binding specificity

varies strongly between motifs (fig. 5), leading to a high stan-

dard deviation. We tested the significance between the sub-

sets and the main set using a Wilcoxon–Mann–Whitney test.

Despite the high standard deviations the motifs in the three

subsets exhibit a significantly higher level of promiscuity.

Furthermore, the mean of all subsets is higher than the me-

dian, indicating an abundance of unspecific motifs (fig. 5). To

ensure the pattern is universal in the data set and not caused

by the abundant and promiscuously binding homeobox TF we

repeated the analysis excluding all homeobox TFs. The previ-

ously observed trend of the motifs in the subsets acting more

promiscuously is less pronounced without the homeoboxes,

but we were still able to detect significantly higher levels of

unspecific binding (fig. 5). The specificity of the investigated

motifs regarding number of bound TFs as well as variety of

binding domains further strengthen the possibility of them

playing an important role in network evolution.

Conclusion

Here, we identified binding motifs that possess high evolu-

tionary potential.We followed the hypothesis that motifs with

many functionally neutral neighbors and binding multiple

domains possess a high evolutionary potential. This hypothesis

is based on four considerations: 1) motifs with many neigh-

bors in their neutral network can be considered gateways to a

multitude of evolutionary pathways; 2) motifs interactingwith

multiple domains are multifunctional, which creates the po-

tential for further specialization through EAC; 3) possible

competition between activators and repressors; 4) different

TF availability in cell types and development times. Such

changes in binding interactions introduce further regulatory

nuances and potentially introduce adaptive changes in phe-

notype. The evolution of binding interaction hinges on

changes in TFBSs (Arnone and Davidson 1997; Stone et al.

2001); therefore, we tried to identify traits that might help

characterize evolutionary important bindingmotifs.We found

a set of binding motifs that we consider to be potential points

of evolutionary change in regulatory networks, because they

act as bridges to new functions. The motifs are unexpectedly

high in A/T-content. This is especially noteworthy as A/T-rich-

binding motifs like the TATA-box are the slowest emerging

motifs (Behrens and Vingron, 2010). This is likely related to

their importance in developmental processes and therefore

high level of conservation. For example, homeoboxes are

known to be involved in developmental processes, and bind-

ing to TATA-boxes. Their abundance in the data set could be a

possible explanation for the abundance of A/T-rich motifs in

the subsets. However, the observed trends do not disappear

after excluding homeoboxes from the analysis. The possibility

FIG. 5.—Comparison of binding specificity of different subsets of

motifs. The figure shows the mean and median numbers of TFs binding

to different subsets of motifs. The compared subsets are: 1) all available

motifs involved in binding interactions, 2) motifs with high network con-

nectivity (hubs), 3) motifs interacting with various binding domains (multi-

domain) and 4) the overlap between the sets hub and multidomain. All

subsets show higher promiscuity compared with the set of all motifs in-

volved in binding interactions. The mean in all sets is higher than the

median, indicating an abundance of promiscuous TFBSs. (A) Shows inter-

actions between binding motifs and all TFs available in the data set. (B)

Shows the same data with TFs utilizing a homeobox binding domain re-

moved to control for their highly promiscuous binding behavior. The differ-

ences of the subsets (hubs, multidomain, shared) to the main set are

significant (respectively: A, 0.00, 0.00, 8.878571e-272; B, 4.38480e-

297, 4.06469799e-294, 4.236987e-175).
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of the identified motifs possessing high evolutionary potential

persists and is worth to be experimentally analyzed and fur-

ther investigated.

Supplementary Material

Supplementary data are available at Genome Biology and

Evolution online.
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