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RNA-binding proteins (RBPs) are core regulators of mRNA transcript stability and translation in prokaryotes and eukaryotes alike. Genome-wide
studies in yeast have shown intriguing relationships between the expression
dynamics of RBPs, the structure of post-transcriptional regulatory networks of RBP–mRNA binding interactions and noise reduction in posttranscriptionally regulated expression proﬁles. In the present study, we
assembled and compared the genomic properties of RBPs and integrated
transcriptional and post-transcriptional regulatory networks in four species:
Escherichia coli, yeast, mouse and human. We found that RBPs are consistently regulated to have minimal levels of protein noise, that known noisebuffering network motifs are enriched in the integrated networks and that
post-transcriptional feedback loops act as regulators of other regulators.
These results support a general model where RBPs are the key regulators
of stochastic noise-buffering in numerous downstream cellular processes.
The currently available datasets do not allow clariﬁcation of whether posttranscriptional regulation by RBPs and by noncoding RNAs plays a similar or distinct role, although we found evidence that speciﬁc combinations
of transcription factors, RBPs and micro-RNAs jointly regulate known disease pathways in humans, suggesting complementarity rather than redundancy between both modes of post-transcriptional regulation.

Introduction
Transcriptional regulation has been studied in detail
for many years through large-scale measurement of
transcriptome expression levels by microarrays [1] and,
more recently, RNA-seq (i.e. whole transcriptome
shotgun sequencing) [2], as well as direct mapping of
interactions between transcription factors (TFs) and
DNA by chromatin immunoprecipitation combined
with microarray technology [3] and also chromatin
immunoprecipitation combined with massively parallel
DNA sequencing [4]. As the technology for proteome

analysis is becoming ever more sophisticated, a view is
emerging that an additional, equally pervasive layer of
post-transcriptional regulation exists, which acts in
concert with transcriptional regulation to control gene
expression and translation in a highly coordinated
complex system.
One of the ﬁrst comparisons between transcriptome
and proteome levels has shown that  30% of the variance in protein abundance in yeast grown in rich medium cannot be explained by mRNA expression levels
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[5]. A reﬁned view under six different stress conditions
has been obtained using ribosome associations (translatome) rather than true proteome measurements and
indicates that severe stress induces a highly correlated
transcriptional and translational response, whereas
mild stress leads to a noncorrelated response [6]. A
direct comparison of functional clusters inferred from
transcriptome and translatome data under these six
conditions revealed the existence of three classes of
proteins: transcriptionally co-regulated proteins cluster
together in transcriptome as well as translatome data
and represent basic metabolic processes; post-transcriptionally co-regulated proteins cluster together only in
translatome data and consist of RNA-binding, ribosomal and protein synthesis proteins; and dually coregulated proteins have intermediate co-clustering
characteristics and are presumably regulated at both
levels [7]. Unexpectedly, an almost identical picture
emerges when comparing transcriptome and proteome
co-regulation in genetically diverse yeast segregants
under normal growth conditions [8]. An even more
detailed experimental study compared dynamic transcriptome and proteome proﬁles as yeast cells respond
to environmental stress and revealed four distinct classes of post-transcriptionally regulated proteins,
depending on the direction and timing of proteome
versus transcriptome change and together encompassing more than 40% of the proteome [9].
An important class of post-transcriptionally regulated proteins identiﬁed by Lee et al. [9] have reduced
noise at the proteome level and are enriched for stressdefence proteins, translation factors and ribosomal
proteins, consistent with the fact that these proteins
cluster together at the proteome but not the transcriptome level [7,8], and that such clusters tend to be
expressed with higher mRNA and protein levels and
less noise in single-cell data [7]. Within this class of
post-transcriptionally regulated proteins with distinct
expression dynamics are the RNA-binding proteins
(RBPs) [10], which play a crucial role in the post-transcriptional regulation of gene expression itself [11].
RBPs tend to bind functionally related mRNAs and
most mRNAs are bound by multiple RBPs, resulting
in a complex network of post-transcriptional regulatory interactions [12]. Analysis of this network in conjunction with the transcriptional regulatory network of
Harbison et al. [3] and the transcriptome and translatome data of Halbeisen and Gerber [6] has shown that
RBPs often partner with speciﬁc TFs to ﬁlter noise
from transcriptional expression proﬁles and that
noise-suppressing network motifs such as posttranscriptional feedback loops are associated with posttranscriptionally co-regulated translatome clusters [7].
2
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Although large-scale studies of the effects of posttranscriptional regulation have so far been carried out
almost exclusively in the eukaryotic model system Saccharomyces cerevisiae, the remarkable degree of consistency between different experimental platforms,
between the response to genetic and environmental
perturbations, between static and dynamic data, and
between expression and interaction data, all suggest
that general mechanisms are at work, consistent with
RNA regulon theory, which hypothesizes that transacting factors combinatorially regulate multiple mRNAs
to achieve functionally coherent translation in the face
of stochastic gene transcription [13]. Although still
challenging as a result of the limited availability of
large-scale datasets, in the present study, we investigated the universality of these conclusions across multiple species, from prokaryotes (Escherichia coli) and
simple eukaryotes (S. cerevisiae) to mammals (mouse
and human).

Results
Expression dynamics of RNA-binding proteins
RNA-binding proteins not only are important posttranscriptional regulators, but also are themselves
post-transcriptionally regulated. A detailed analysis of
the expression dynamics of RBPs in yeast has shown
that, at the transcript level, they are highly expressed
with a low half-life, whereas, at the protein level, they
are highly expressed with low noise [10]. We collected
genomic properties for E. coli, yeast and mouse (for
details, see Materials and methods) and found that
RBPs are expressed with a signiﬁcantly higher mRNA
level (all three species), a signiﬁcantly lower mRNA
half-life (yeast and mouse), a signiﬁcantly higher protein abundance (all three species) and signiﬁcantly
lower protein noise (E. coli and yeast, no data available for mouse) (Fig. 1).
Protein noise is generally found to be inversely correlated with protein abundance [14,15], with the
caveat that the level of noise in protein abundance is
likely to be condition-speciﬁc [9]. In mathematical
models for stochastic gene expression, it is shown
that protein noise is further reduced if the transcript
half-life is signiﬁcantly shorter than the protein halflife as a result of a time-averaging effect [16]. In multiple organisms across wide evolutionary distances,
RBPs thus appear to be tightly regulated at the posttranscriptional level to have minimal noise in their
protein levels. This is consistent with a view that
RBPs play a central role in the noise management of
a cell.
FEBS Journal (2012) ª 2012 The Authors Journal compilation ª 2012 FEBS
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Fig. 1. Comparison of RBP expression dynamics versus non-RBPs across multiple species. The P-value in each figure corresponds to a
Wilcoxon rank-sum test.

Role of RNA-binding proteins in
post-transcriptional regulatory networks
If RBPs play a central role in the reduction of transcriptional noise, they do so through an extensive network of post-transcriptional regulatory interactions. In
yeast, a conservative estimate is that post-transcriptional noise reduction affects a quarter of all proteins
[9] and that 70% of the transcriptome has signiﬁcant
associations with at least one of 40 tested RBPs [12].
Extensive auto-regulation and feedback are present
within the subnetwork of RBP–RBP post-transcriptional interactions [17] and speciﬁc post-transcriptional
regulatory network motifs are associated with posttranscriptionally regulated co-expression clusters [7]. In
FEBS Journal (2012) ª 2012 The Authors Journal compilation ª 2012 FEBS

the present study, we assembled networks of RBP–target interactions for yeast, mouse and human and integrated these with TF–target interactions (Table 1). We
performed a comparative network motif analysis
between yeast, mouse and human for composite motifs
with a potential role in post-transcriptional noise
reduction.
We ﬁrst analyzed mixed bifan motifs, where a TF
and RBP jointly regulate one or more target genes
(Fig. 2, ﬁrst row). Target genes in mixed bifans are coregulated at transcriptional and post-transcriptional
levels and, in yeast, such gene sets overlap signiﬁcantly
with post-transcriptionally regulated expression clusters
[7]. In the context of RNA regulon theory [13], we
expect that speciﬁc TFs and RBPs operate together
3
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Table 1. Regulatory network statistics in four organisms showing,
for each interaction type, the number of regulators, the number of
targets and the number of edges.
Organism

Regulators

Targets

Edges

TF
E. coli
Yeast
Mouse
Human

195
210
125
131

1583
3416
20 713
20 513

3909
10 403
126 470
114 818

RBP
Yeast
Mouse
Human

44
7
19

3879
8867
15 249

8881
15 477
96 919

ncRNA
E. coli
Yeast
Mouse
Human

65
24
148
165

221
86
5720
6561

331
130
11 600
12 977

Motif

Nm

Yeast
Ze

P

Nm

and mixed bifans are not equally distributed over all
possible (TF, RBP)-pairs. To test this hypothesis, we
generated randomized networks preserving the incoming and outgoing degree distributions of each network
(and consequently also preserving the total number of
mixed bifans) and compared the number of (TF,
RBP)-pairs that share common targets in the real versus the randomized networks. In yeast, the number of
real coregulating (TF, RBP)-pairs is signiﬁcantly lower
than expected by chance (Fig. 2, ﬁrst row), supporting
the notion that RBPs often partner with speciﬁc TFs.
In mouse and humans, the difference is not signiﬁcant
(Fig. 2, ﬁrst row). However, although in yeast RBPtargets are known for 44 RBPs coming from different
families [12], the number of RBPs with known targets
is much smaller in mouse and humans (Table 1).
Moreover, in humans, seven of the 19 RBPs originate
from just two protein families, the eukaryotic translation initiation factor 2C family and the insulin-like
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Fig. 2. Comparative analysis of post-transcriptional regulatory network motifs in integrated networks of TF–target (blue) and RBP–target
(red) interactions in yeast, mouse and humans. Nm, number of motif instances; Ze, enrichment Z-score; P, enrichment P-value. #Nm is the
number of (TF,RBP)-pairs sharing at least one target. P is defined with respect to the left tail of the distribution (for details, see Materials
and methods). ‘—’, no such motifs were present in the real networks.
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post-transcriptional feedback loop, which consists of two
mutually regulating RBPs sharing a set of target genes
(Fig. 2, last row) [7]. This motif is also highly abundant and strongly enriched in humans. (In mouse, no
feedback loops between the seven RBPs were present.)
Indeed, the network of RBP–RBP post-transcriptional
regulatory interactions in humans has a very high density with abundant auto-regulatory and two-component feedback loops (Fig. 3). This is consistent with
ﬁndings in detailed, low-throughput experiments [22]
and analyses of high-throughput data in yeast
[7,12,17], as well as with the fact that RBPs are themselves post-transcriptionally regulated to suppress noise
in their protein levels. We performed network motif
clustering aiming to identify gene clusters regulated by
post-transcriptional feedback loops in humans.
Although many functions that are enriched for targets
of mixed bifans are also enriched in feedback loop
clusters, an additional set of strongly enriched categories are ‘regulation of ...’ categories, such as regulation
of metabolic processes, regulation of the cell cycle and
regulation of gene expression (see Supporting information, Table S18). This is in line with a recently proposed concept where RBPs act as ‘regulators of
regulators’ [23]. Feedback loops are prototypical noise
suppressing motifs in regulatory networks [24] and,
from a noise management perspective, it makes sense
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growth factor 2 mRNA binding protein (IGF2BP)
family. We computed the (TF, RBP)-pairs that share
signiﬁcantly more common targets in real than in randomized networks, and found that it is still true that a
given RBP cooperates with only few TFs but some
TFs cooperate with all RBPs in these protein families,
explaining the nonsigniﬁcance of the mixed bifan
motif. We therefore hypothesize that the signiﬁcance
of the mixed bifan is not speciﬁc to yeast but, instead,
represents a general mechanism where TFs cooperate
with speciﬁc RBPs (or RBP families) to regulate gene
expression in a co-ordinated way. More RBP binding
data will be needed to conﬁrm this hypothesis.
We tested whether (TF, RBP)-pairs in human with a
signiﬁcantly high number of common targets between
them regulate functionally coherent gene sets by performing network motif clustering [18,19] aiming to
identify densely overlapping bifan structures. Mixed
bifan clusters are often enriched for basic metabolic
processes, as well as for more speciﬁc processes, such
as neurogenesis, the cell cycle, protein localization and
transport, cell morphogenesis, cellular component
organization, and chromatin assembly, amongst others
(see the Supporting information, Table S16), corresponding to the functions of known RNA regulons
described in the literature [13].
Special cases of mixed bifans are those where there
is an additional regulatory interaction between the TF
and RBP, either transcriptional, post-transcriptional or
both (Fig. 2, rows 2–4). These represent feedforward
loops whose enrichment (i.e. a higher than expected
number of motifs in real compared to randomized networks) has been associated with functional importance
in regulatory networks [20]. The composite feedforward loop with a master transcriptional regulator
(Fig. 2, row 2) is consistently enriched in yeast and
humans. A conﬁguration where a post-transcriptional
regulator is transcriptionally co-regulated with targets
of a TF can act as a noise buffer. Any ﬂuctuation in
TF levels will affect both the target mRNA production
and its subsequent post-transcriptional regulation by
the RBP, such that an increased or decreased production rate of the mRNA could be countered by a corresponding decreased or increased translation rate [21].
Such noise-buffering could be particularly effective if
the RBP also regulates the TF in a feedback loop.
These feedforward–feedback motifs are indeed more
abundant in real than in random networks, although
the difference is not signiﬁcant at the P < 0.05 level
(Fig. 2, row 4).
Apart from the mixed bifan, a second network motif
has been associated with post-transcriptionally
regulated co-expression clusters in yeast, namely the

Regulatory networks in noise reduction

Fig. 3. RBP-RBP post-transcriptional regulatory interactions in
human. A coloured cell in position (i, j ) indicates an interaction
RBP(i ) ﬁ RBP(j ). Green cells indicate autoregulatory loops; red
cells interactions participating in two-component feedback loops;
blue cells indicate all other interactions.
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to use such motifs to minimize the noise of key regulators of downstream cellular processes.
Finally, we observed that the simple post-transcriptional feedforward loop (Fig. 2, row 5) is strongly
enriched in mouse and humans, whereas the difference
between real and random networks is not signiﬁcant at
the P < 0.05 level in yeast. However, because each
feedback loop (Fig. 2, row 6) itself contains two feedforward loops, it follows that almost all feedforward
loops in human originate from such feedback loops.
Given the small number of RBPs in the mouse, it is
therefore unclear whether the feedforward loop enrichment reﬂects a distinct mechanism from the feedback
loop or not.

integrated these with TF–target interactions (Table 1).
Similar to the RBP network, mixed bifans are not uniformly distributed over all (TF, ncRNA)-pairs, implying speciﬁcity in cooperativity between TFs and
ncRNAs, which is found consistently in all of the
organisms studied (Fig. 4, ﬁrst row).
Although enrichment of composite feedforward
loops between TFs and miRNAs in mammals has been
reported in the literature [29,30], we only found signiﬁcant enrichment of the corresponding ncRNA-regulated feedforward and feedback loops in E. coli
(Fig. 4, rows 3 and 4). However, inconsistencies
between the presence or absence of enrichment for
these particular motifs have previously been observed
between different miRNA target prediction methods
[30] or between mouse and human datasets [29], indicating the need for more and better curated interaction
datasets.

Role of noncoding small RNAs in
post-transcriptional regulatory networks
In addition to RBPs, cells possess another mechanism
for post-transcriptional regulation, namely base-pairing
of small noncoding RNAs (ncRNAs) or micro-RNAs
(miRNAs) to mRNAs, usually to inhibit translation
[25]. Noncoding RNAs can ﬁlter transcriptional noise
by reducing the effective lifetime of their target
mRNAs [26] or by acting in concert with TFs via
mixed feedforward and feedback loops [21,27–29].
Because they are not translated, they signiﬁcantly
shorten the response delay and more effectively buffer
noise compared to regulation by TFs only [21,26].
We
assembled
networks
of
ncRNA–target
interactions in E. coli, yeast, mouse and humans and
miRNA–target interactions in mouse and humans and
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Co-operativity between transcription factors,
RNA-binding proteins and small RNAs
RNA-binding proteins are involved in many human
diseases [31] and several recent studies have shown that
there is a complex interplay between regulation by
RBPs and miRNAs [32–34]. We therefore analyzed the
co-operativity between all three levels of regulation (by
TFs, RBPs and miRNAs) in the human regulatory networks. We calculated all (TF, RBP), (TF, ncRNA) and
(RBP, ncRNA) pairs that share signiﬁcantly more common targets in the real compared to the randomized
networks. Speciﬁcity of co-operativity at all three levels
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Fig. 4. Comparative analysis of post-transcriptional regulatory network motifs in integrated networks of TF–target (blue) and ncRNA–target
(green) interactions in E. coli, yeast, mouse and humans. Nm, number of motif instances; Ze, enrichment Z-score; P, enrichment P-value.
#Nm is the number of (TF,ncRNA)-pairs sharing at least one target. P is defined with respect to the left tail of the distribution (for details,
see Materials and Methods). ‘—’, no such motifs were present in the real networks.
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is reﬂected by the sparsity of the corresponding cooperativity network (Fig. 5A). This network has an approximate scale-free degree distribution (Fig. 5B), implying
that the majority of regulators share signiﬁcant targets
only with a limited set of partners at the other regulatory levels (i.e. have low connectivity), whereas there
are only a few hub regulators with many partners (i.e.
have high connectivity). The cooperativity network
contains several triples of a TF, RBP and miRNA,
which all share signiﬁcantly many targets with each
other (Fig. 5C), some of which are indeed known to
function together in key cellular disease processes.
The RNA-binding protein ELAVL1 (also called
HuR) and the transcription factor HIF-1 are parts of
the vascular endothelial growth factor (VEGF) pathway that plays a crucial role in tumour growth
and angiogenesis [35]. VEGF is a direct target of the
miRNA miR200b [36] and miR200b ⁄ c, which are
induced during ischaemia (i.e. a restriction in blood

A

TF - RBP - miRNA Co-operativity network
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supply) [37]. In our networks, ELAVL1, HIF-1 and
miR200b ⁄ c all share more targets with each other than
is expected by chance. VEGFA, one of the key genes in
the VEGF pathway is a common target of ELAVL1
and HIF-1. In agreement with a role of the VEGF
pathway in cancer [38], the genes regulated by at least
two regulators of the (HIF-1, ELAVL1, miR200b ⁄ c)
triple are over-represented for pancreatic cancer
(P < 0.03) and chronic myeloid leukaemia (P < 0.08).
The transcription factor MYC, RNA-binding protein
IGF2BP1 and miRNA miR26a all play a crucial role in
apoptosis. On activation of b-catenin signalling,
IGF2BP1 increases levels of MYC by targeting a recognition motif in the protein coding region [33]. MYC in
turn acts as a repressor of miRNAs associated with
tumour suppressor activity, such as miR26a [39]. The
common targets of MYC and IGF2BP1 are enriched for
cellular response to stress (P < 10)3), response to DNA
damage (P < 10)3) and DNA repair (P < 0.005).

B

TF - RBP - miRNA Co-operativity degree distribution

P(k)

10−1
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100
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C
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Fig. 5. Co-operativity specificity between (TF, RBP), (RBP, miRNA) and (TF, miRNA) pairs in humans. (A) Co-operativity network with edges
connecting all pairs with a significantly higher number of common targets than expected by chance (Z ‡ 2.5), with TFs in green, RBPs in red
and miRNAs in yellow, and TF–RBP links in green, RBP–miRNA in red and TF–miRNA in yellow. (B) Degree distribution of the co-operativity
network on a logarithmic scale. (C) Subgraph of the co-operativity network (with uncoloured edges) showing all fully connected (TF, RBP,
miRNA) triangles.
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Yet another example is given by the RNA-binding
protein TNRC6 and the cell cycle transcription factor
E2F1. Of their 127 common targets, 12 (10%) are periodically expressed (P < 10)4) [40] and the whole set is
enriched for cell cycle genes (P < 10)5). Both miRNA
148b and 152 share targets with E2F1 and are enriched
for periodic genes.

Discussion
Post-transcriptional regulation of mRNA transcript
stability and translation by RNA-binding proteins is a
key step in the regulation of gene expression, with
important implications for development and disease.
In the eukaryotic model organism S. cerevisiae, mounting evidence from genome-wide studies shows that a
considerable fraction of the proteome is under the
inﬂuence of post-transcriptional regulation, resulting in
a reduced noise of protein expression levels compared
to transcript levels. RNA-binding proteins, which are
themselves tightly regulated at the post-transcriptional
level, likely play an important role in this noise-buffering process. In the present study, we performed a comparative analysis (between four species) of the
expression dynamics of RNA-binding proteins and
their role in the integrated networks of transcriptional
and post-transcriptional regulatory interactions.
We found that RNA-binding proteins in E. coli, yeast
and mouse are expressed at signiﬁcantly higher mRNA
and protein levels, with a signiﬁcantly lower mRNA
half-life and protein noise, compared to non-RBP proteins. The fact that RNA-binding proteins are regulated
to have minimal levels of protein noise supports the
hypothesis that they are crucial regulators for the noise
management of downstream cellular processes.
We further tested this hypothesis by combining
DNA-binding data for multiple transcription factors
with mRNA-binding data for multiple RNA-binding
proteins, resulting in integrated regulatory networks
for yeast, mouse and humans. Although the number of
RNA-binding proteins with known binding targets
concerns only a small fraction of the hundreds to
thousands of known or predicted RNA-binding proteins, we found conserved organizational principles in
these networks, which were shared between multiple
species. In particular, composite feedforward loops,
where an RNA-binding protein and its targets are
co-regulated at transcriptional level, are signiﬁcantly
enriched in the real networks compared to suitably
randomized networks, with  20–25% of these feedforward loops containing an additional feedback loop
from the RNA-binding protein to the transcription
factor. This type of network motif, where a post8
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transcriptional regulator can counter the effect of stochastic ﬂuctuations in the activity level of a transcription factor by directly sensing the same ﬂuctuations as
the targets of the transcription factor, is indeed an
effective noise-buffering network conﬁguration. Co-operativity between RNA-binding proteins and transcription factors tends to be speciﬁc, as demonstrated by
the fact that only a few (TF, RBP)-pairs share more
targets than would be expected by chance. Targets coregulated by such (TF, RBP)-pairs form so-called
RNA regulons and are enriched for a variety of cellular functions, including neurogenesis, the cell cycle and
chromatin assembly, amongst others.
Another network motif with a potential noise-buffering role consists of two RNA-binding proteins that
mutually regulate each other in a feedback loop and
share a signiﬁcant number of common targets. Such
feedback loops have previously been described in
yeast, where they are associated with post-transcriptionally regulated co-expression clusters, and have been
conﬁrmed in humans as well in the present study.
These two-component feedback loops are part of a
dense network of RBP–RBP post-transcriptional regulatory interactions, with abundant auto-regulation, and
their common targets are frequently involved in functions such as regulation of metabolism, regulation of
the cell cycle or regulation of gene expression.
Taken together, our results point to a model where
RNA-binding proteins are tightly regulated to minimize noise in their protein expression levels. The cell
then exploits the extraordinary stability of RNA-binding proteins to buffer stochastic noise in downstream
processes; on the one hand, by letting them partner
with speciﬁc transcription factors in noise-reducing
composite feedforward and feedback loops and, on the
other hand, by letting them act as the regulators of
regulators, including RNA-binding proteins themselves
through extensive feedback mechanisms.
The tight regulation of RNA-binding proteins at the
protein level puts them in contrast with small, ncRNAs,
which exert their post-transcriptional regulatory function without being translated into protein. Similar to
RNA-binding proteins, ncRNAs co-operate with speciﬁc transcription factors and, in several cases, these
(TF, ncRNA)-pairs regulate each other in composite
feedforward and feedback loops, although no network
motifs were found to be consistently enriched in all of
the species studied. It has been proposed that regulation
by ncRNAs leads to faster response times compared to
regulation by proteins as a result of the omission of an
additional translation step. This makes it attractive to
speculate on a model where ncRNAs act as the
fast responders to ﬂuctuating external signals and
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RNA-binding proteins as a result of their own tight regulation at the protein level, comprising the slower but
more effective maintainers of low overall noise levels
for key cellular processes. This model, however, ignores
the fact that RNA-binding proteins also play a crucial
role in, for example, the biogenesis of microRNAs. Furthermore, we found several examples of (TF, RBP,
ncRNA)-triples that share more targets than expected
by chance and are jointly involved in the regulation of
important disease pathways, suggesting that post-transcriptional regulation by RNA binding proteins and
ncRNAs is neither redundant, nor disjoint of each
other. The need to disentangle the different modes of
post-transcriptional regulation of gene expression and
also to understand the role of protein noise-buffering in
disease and other processes thus remains an important
challenge, both from an experimental and a computational point of view.

Materials and methods
Data sources
Data for E. coli
We obtained RNA-binding proteins from orthologous
genes to yeast RBPs using OrthoMCL [41], genomic properties [42], TF–target interactions [43] (see Supporting information, Table S1) and ncRNA–target interactions
[27,44,45] (see Supporting information, Table S2).

Data for S. cerevisiae
We used the same list of RBPs as that described previously
[10], as well as previously described mRNA level and halflife data [46], protein abundance data [47], protein noise
data [14], TF–target interactions [3] (see Supporting information, Table S3), RBP–target interactions [12] (see Supporting information, Table S4) and ncRNA–target
interactions [44] (see Supporting information, Table S5).

Regulatory networks in noise reduction

one post-transcriptional) and one target gene in the integrated networks of TF–target and RBP-target interactions
(Fig. 2) and TF–target and ncRNA–target interactions
(Fig. 4). Network motif enrichment was calculated by comparing the true number of motif instances with the number
of instances in randomized networks that preserve the number of incoming and outgoing interactions for each type for
each node. The enrichment Z-score is deﬁned as:
Ze ¼ ðNm  lÞ=r
where Nm is the number of motif instances in the real network and l and r are the mean and standard deviation,
respectively, of the number of motif instances over 1000
independently sampled random networks. The enrichment
P-value is deﬁned with respect to the right tail of the distribution (i.e. it is the fraction of random networks having at
least Nm motif instances).
For the mixed bifan (Figs 2 and 4, ﬁrst row), whose total
number is preserved under degree-preserving randomizations, we deﬁned Nm as the number of TF–RBP, and
TF–ncRNA pairs, respectively, which share at least one
target in the real networks and compared this with the
number of such pairs in the randomized networks. The
enrichment P-value is deﬁned in this case with respect to
the left tail of the distribution (i.e. it is the fraction of
random networks having at most Nm co-operating pairs).
For a given input motif, network motif clustering identiﬁes sets of nodes with a high density of motif instances
between them, and was carried out as described previously
[19]. Enrichment calculations and motif clustering were performed using the Network Motif Clustering Toolbox for
matlab (http://omics.frias.uni-freiburg.de/software).

Co-operativity Z-scores
Co-operativity Z-scores for a given regulator pair were calculated by comparing their real number of common targets
with the mean number of common targets of that pair in
degree-preserving randomized networks.

Data for mouse and humans

Functional enrichment analysis

Mouse RNA-binding proteins [48] and genomic properties
[49] were as described previously. Mouse and human
TF–target and miRNA–target networks [50,51] (see
Supporting information, Tables S6, S8, S9 and S11) and
RBP–target networks [52,53] (see Supporting information,
Tables S7 and S10) were also as described previously.

Functional enrichment analysis of network motif clusters
with respect to GO functional classes was carried out using
bingo in batch mode [54]. Disease enrichment P-values
were calculated by reference to the omim database (http://
www.ncbi.nlm.nih.gov/omim) using a hypergeometric test.
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