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whereas two other studies reported biallelic expression
starting from day four of development [23,24]. Large-scale
identification of single nucleotide polymorphisms in transcribed regions of the chicken genome [25] will facilitate
systematic allelic gene expression analyses of imprinted gene
orthologues and provide new clues as to the evolution of
imprinting mechanisms.
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Network motifs are enriched with transcription factors
whose transcripts have short half-lives
Edwin Wang and Enrico Purisima
Biotechnology Research Institute, National Research Council Canada, Montreal, Quebec, Canada H4P 2R2

Network motifs, the recurring regulatory structural
patterns in networks, can self-organize to produce networks because of the large ratio of genes to transcription
factors (TFs) in genomes. We find a common design
principle of these motifs: the TFs whose transcripts have
short half-lives are significantly enriched in motifs and
hubs. This enrichment becomes one of the driving forces
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for the emergence of the network scale-free topology,
enables the network to adapt quickly to environmental
changes and mitigates gene expression fluctuations.
Motifs are classified into subtypes that are preferentially
used in different cellular conditions.

Introduction
Gene regulatory networks are viewed as directed graphs,
in which nodes represent transcription factors (TFs) and
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operons, whereas the regulatory relationships are represented by edges. In these networks, three major kinds of
motifs are observed: single input (SIM), bi-fan and
feedforward loop (FFL) [1–3] (Figure 1). Network motifs
can be seen as functional and structural units, and the
emergence of these motifs leads to the self-organization of
the network [2,4]. By self-organization we mean that
without the addition of extra connections, the links that
are already present in the motifs define an extensive
network that includes the majority of nodes in the entire
network. We will illustrate this with the Escherichia
coli gene regulatory network using the known gene
regulation data from a literature-mined database,
RegulonDB [5] and other sources [6,7]. An explanation
of more network terms used in this article is included
in supplementary data online.
In a network, a subset of links forms the network
backbone that maintains the interconnections (directly
and indirectly) between most TFs and thus maintains the
integrity of the network. Without these backbone links,
the graph would be fragmented into a collection of islands
of smaller networks. How important are the motifs for
maintaining the integrity of the network? If we remove all
the motif links from the E. coli gene regulatory network,
the network falls apart into disconnected islands (Figure 1
in the supplementary material online). Conversely, if we
remove all links that are not part of motifs, we are left with
a core network that preserves the backbone links (Figure 1
in supplementary material online).
It is known that bi-fans are essential to maintain the
network backbone links [8]. Therefore, we examined
whether other motifs are also essential for network integrity.
Removal of all FFL links did not destroy network integrity,
whereas removal of all SIM links resulted in network
fragmentation as did removal of all bi-fan links (supplementary data online). This suggests that bi-fans or SIMs can selforganize to form networks. This begs the question as to how
the motifs self-organize to form a network.
The large ratio of genes to TFs in genomes results in selforganization of motifs
When two motifs contain the same TF or gene, they selfassemble (i.e. they automatically form a networked pair of
motifs; Figures 2 and 3 in supplementary material online).
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Figure 1. Network motifs in the Escherichia coli gene regulatory network. (a) Single
input module (SIM): a transcription factor (TF) regulates a group of genes (G1, G2,
G3 and G4). (b) Feedforward loop (FFL): a transcription factor (TF1) regulates the
second transcription factor (TF2), both TF1 and TF2 regulate a target gene (G1). (c)
Bi-fan: both transcription factors TF1 and TF2 regulate both target genes (G1 and
G2). In the E. coli gene regulatory network, we identified 58 FFLs, 496 bi-fans and
13 SIMs.
www.sciencedirect.com
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The large gene regulatory network arises from the selforganization of motifs that share common TFs or genes.
We tested this concept by simulating 496 bi-fans by
randomly sampling the E. coli genome pool containing
116 TFs and 321 operons (supplementary data). This is the
same number of bi-fans found in the original network.
Without adding any extra links, the motifs self-organized
into a network. The self-organization occurred because of
the limited number of distinct TFs relative to the number
of bi-fans constructed in the simulation. We find that if the
number of randomly generated bi-fans is larger than or
equal to the number of TFs used to generate the bi-fans,
these bi-fans can self-organize to form a network
(supplementary data). This is the situation in cells,
where one TF often regulates many target genes. All
genomes encode a limited number of TFs but a large
number of regulated genes. Therefore, it is common for a
genome to have more bi-fans than TFs, consequently
leading to the self-organization of motifs into a large
network.
Aside from being self-organized, the E. coli gene
regulatory network is also scale-free [1,9]. Visually,
scale-free networks are characterized by the presence of
hubs in the network (i.e. nodes that are directly connected
to a large number of other nodes). However, the randomly
generated bi-fans, although they self-organize, do not form
a scale-free topology owing to the even distribution of TFs
among the bi-fans. In the real gene regulatory network,
the TFs in the bi-fans are unevenly distributed. Randomization tests showed that the TF combinations in bifans are significantly different from chance expectation
(supplementary material online). The same unevenness in
TF pairs is also observed for the FFLs.
Preferential usage of short transcript half-life transcription factors in hubs and network motifs
The uneven TF combinations in FFLs and bi-fans are
intriguing and it is tempting to speculate as to its origin.
In an attempt to gain some insight into this, we first
collected the details of the half-lives of E. coli transcripts
(THL) from Bernstein and coworkers [10] and mapped
them onto the TFs in the network. Among the 116 TFs in
the network, 107 of them have THLs that are mapped.
They range from 14.4 to 1.9 min with a median of 5.5 min.
Taking 5.2 min or less as a short THL, we calculated the
percentage of short THL TFs in FFLs and bi-fans.
Surprisingly, we found that 60% of the FFL and bi-fan
TFs have short THLs. By contrast, 43% of the TFs in the
network have short THLs (Table 1). Furthermore, 94.5%
of the FFL TF pairs and 92% of the bi-fan TF pairs contain
at least one short THL TF (Tables 2 and 3 in the
supplementary material online). We also confirmed that
this phenomenon does not occur by chance (supplementary data). Extending this analysis to SIMs, we found
w70% of SIM TFs have short THLs (Table 1). These data
show that there is a preferential selection of short THL
TFs in SIMs, FFLs and bi-fans. This preferential selection
will lead to an uneven number of target genes regulated by
each TF and therefore become one of the driving forces to
generate a scale-free network topology (i.e. it leads to the
formation of hubs in the network). In fact, w70% of hub
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Table 1. The enrichment of transcription factors whose
transcripts have short half-lives in hubs and network motifs
TFa
Hub
SIM
FFL
Bi-fan

11, 10
13, 10
29, 21
38, 28

Natural
rate (%)b
70.0
70.0
61.9
60.1

Random
rate (%)c
43.1
43.2
42.9
43.1

P valued
!0.05
!0.05
!0.04
!0.03

a

The first number represents the total number of transcription factors (TFs) in each
component (hub, SIM, FFL and bi-fan). The second number represents the number
of TFs from the first that have a mapped half-life of a transcript (THL).
b
The natural rate represents the observed fraction of TFs having short transcript
half-lives in the THL-mapped TFs. When the THL of a TF is equal to or shorter than
5.2 min, we say this TF is a short THL TF.
c
The random rate represents the fraction of the short THL TFs in the randomly
sampled TFs.
d
P value represents the probability. Details in statistical analysis are included in
supplementary data online.

nodes are TFs with short THLs (P!0.05, Table 1). It has
been previously reported that FFLs and bi-fans are
naturally selected [11]. Here we find that short THL TFs
become a selection trait in hubs and in all motifs (SIM,
FFL and bi-fan).
Short THL TFs can alter their transcript concentrations quickly, which will facilitate the adaptation of
the motif to rapid condition changes [12]. Short THL TFs
also mitigate gene expression fluctuations, or internal
noise [13,14], which can scramble cell signals and corrupt
circadian clocks [15]. Taken together, the network
generated by self-organization of these motifs has evolved
to be more robust and adaptable to the cellular condition
changes. The preferential usage of short THF TFs in hubs
and network motifs enables gene expression to turn on
and off quickly, which represents a common design
principle of these motifs and the network. The frequent
occurrence of FFL and bi-fan TF pairs containing one
short THL TF can be seen as a criterion for self-organizing
FFLs and bi-fans.

logarithmic growth phase, diauxic shift and the stationary
phase (supplementary data).
Table 2 summarizes the dynamic representation of the
networks and the motif subtype usages. A more detailed
discussion of the results is included in supplementary
data. Briefly, the frequencies of Type I FFLs in the three
sub-networks are similar, suggesting that FFLs are used
as buffers to maintain some biological processes. Type I
hubs, bi-fans and SIMs are favored by an active growth
condition in which many biological processes are coordinated and quickly respond to the inducing conditions.
However, Type II bi-fans are favored by the cellular
conditions such as the stationary and diauxic shift, which
significantly reduces the level of the biosyntheses of DNA
and protein and inhibits aerobic metabolism as reported
previously.
Concluding remarks
In conclusion, the large ratio of genes to TFs in genomes
leads to a sharing of TFs or genes by motifs and is
sufficient to result in their self-organization. We find a
common design principle of these motifs: the TFs whose
transcripts have short half-lives are significantly enriched
in motifs and hubs. This enrichment enables the network
to adapt quickly to environmental changes and mitigates
gene expression fluctuations, or internal noise. Furthermore, it becomes one of the driving forces for the
emergence of the network scale-free topology. Most FFLs
and bi-fans contain at least one short THL TF, which can
be seen as another criterion for self-assembly of these
motifs. We have classified the motifs according to their
short THL TF content. We show that the percentage of the
different motif subtypes is dependent on the cellular
conditions.
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Table 2. Dynamic representation of gene regulatory networks and the frequencies of motif types in different cellular conditionsa
Size

Type I hubs
Type I motif

a

Number of transcription factors
Number of target operons
Number of regulatory interactions
Hub
SIM
FFL
Bi-fan

Static
116
321
567
11 (70.0%)
13 (70.0%)
14 (77.8%)
20 (40.0%)

Aerobic
61
201
300
6 (100.0%)
11 (91.7%)
4 (80.0%)
11 (68.8%)

Diauxie
84
229
372
8 (71.4%)
9 (69.2%)
7 (77.8%)
8 (38.1%)

Stationary
35
96
147
3 (66.7%)
5 (71.4%)
3 (100.0%)
3 (37.5%)

Changes in the gene regulatory networks are tabulated for the static, logarithmic growth, diauxic shift (diauxie) and stationary phases. The last four rows show the number
and fraction of hubs and motifs active in the various cellular conditions. Type I FFLs in which the half-life of the transcript (THL) of the first transcription factor (TF) is shorter
than the that of the second TF, and Type II FFLs in which the THL of the first TF is longer than that of the second TF. For bi-fans, hubs and SIMs, if the THL of a TF is 5.2 min or
less we define it as a short THL TF. A bi-fan is defined as Type I if both TFs have short THLs and as Type II if one of the TF pair has a long THL. Hubs or SIMs are defined as Type I
if they have short THL TFs and Type II if they long THL TFs.
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Intergenomic conflict revealed by patterns of
sex-biased gene expression
Tim Connallon and L. Lacey Knowles
Department of Ecology and Evolutionary Biology, Museum of Zoology, University of Michigan, Ann Arbor, MI 48109-1079, USA

Intergenomic conflict can affect the distribution of genes
across eukaryotic genomes. Because the phenotypic
optima of males and females often differ, the fitness
consequences of newly arisen alleles might not be
concordant between the sexes and can be sexually
antagonistic – genetic variants favored in one sex are
deleterious in the other. In this article, we demonstrate
that previously unexplained patterns of sex-biased gene
expression in Drosophila melanogaster might have
evolved by sexual antagonism, and that the majority of
sex-biased expression is due to adaptive changes in
males, implying that males experience stronger selection than females.

Introduction
The ultimate fate of new mutations is inextricably linked
to the evolutionary forces acting on them. Selective
pressures commonly differ between males and females,
and might actually operate in opposing directions [1]. The
evolution of sex-limited gene-expression is expected as a
result of this ‘sexually antagonistic’ genomic tug of war,
leaving a characteristic genetic footprint that depends on
the degree of dominance on an allele and which of the two
sexes benefits [2–4]. The X chromosome is predicted to be a
haven for sexually antagonistic variation because dominant
alleles that benefit females are under positive selection
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during two-thirds of their evolution, and rare recessive
male-benefiting alleles are masked in females [3].
Because changes in gene regulation, as opposed to
coding sequence, are important generators of phenotypic
diversity [5], and coding sequence and regulatory evolution are often decoupled [6,7], microarrays (i.e. gene
expression profiles) offer a window into the evolutionary
processes shaping the genome. Studies have revealed that
an amazing proportion of the genome is sex-biased in
expression (i.e. expression level is sexually dimorphic)
[8–13] and that a significant number of genes show newly
derived sex-limitation between recently diverged species
[11]. Male- and female-biased genes also exhibit idiosyncratic X-linkage patterns: male-biased genes are strongly
deficient, whereas female-biased genes are slightly overabundant [10,13]. However, inferences about the processes driving patterns of sex-biased expression have been
constrained by the lack of a conceptual framework in
which to (i) identify sex-specific adaptive change; and
(ii) translate gene expression data into the classic
population genetic constructs of recessive and dominant
mutations. Both are fundamental to testing whether
patterns of genomic divergence reflect sexually-antagonistic selection.
In this article, we consider published cDNA microarray
data [11] under alternative models of adaptive change,
with attention to whether shifts in expression correspond
to recessive or dominant substitutions. Within this framework, we analyzed thousands of sex-biased genes,

