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RNA-binding proteins play important roles in the post-transcriptional control of gene expression. However our
understanding of how RBPs interact with each other at different regulatory levels to co-ordinate the RNA
metabolism of the cell is rather limited. Here, we construct the post-transcriptional regulatory network among 69
experimentally studied RBPs in yeast, to show that more than one-third of the RBPs auto-regulate their expression at
the post-transcriptional level and demonstrate that auto-regulatory RBPs show reduced protein noise with a tendency
to encode for hubs in this network. We note that in- and outdegrees in the post-transcriptional RBP-RBP regulatory
network exhibit gaussian and scale-free distributions, respectively. This network was also densely interconnected
with extensive cross-talk between RBPs belonging to different post-transcriptional steps, regulating varying number
of cellular RNA targets. We show that feed-forward loops (FFLs) and superposed FFL/feed-back loops (FBLs) are
the most significant 3-node subgraphs in this network. Analysis of the corresponding protein-protein interaction
(post-translational) network revealed that it is more modular than the post-transcriptional regulatory network. There
is significant overlap between the regulatory and protein-protein interaction networks, with RBPs that potentially
control each other at the post-transcriptional level tending to physically interact and being part of the same RNP
complex. Our observations put forward a model wherein RBPs could be classified into those which can stably
interact with a limited number of protein partners forming stable RNP complexes and others which form transient
hubs, having the ability to interact with multiple RBPs forming many RNPs in the cell.
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Eukaryotic gene expression is a highly complex and regulated process that is controlled at several levels including
transcriptional, post-transcriptional and post-translational. Emerging evidence now points to the importance of posttranscriptional control in eukaryotic gene expression 1; 2; 3; 4. For instance, it has been shown that all posttranscriptional biological properties contribute to 33.15% of the total variation of mRNA-protein correlation 5. RNA
binding proteins (RBPs) play an important role in controlling all the major steps of an mRNA!" #$%&'" $()#*+$(,
splicing, export, localization, translation and degradation of mRNA 6; 7; 8; 9. For instance, Npl3, a yeast SR protein,
has been shown to interact with pre-mRNA and regulate all the events from splicing to translational elongation 10.
Similarly, neuronal ELAV protein regulates the fate of its target RNA by mediating the events from polyadenylation to translation 11. There are examples of other RBPs which regulate only specific events of mRNA
processing, such as Tap protein, like its yeast homolog Mex67, was reported to export mRNA from nucleus to
cytoplasm 12. To facilitate different steps of RNA metabolism, RBPs bind to RNA and form the highly dynamic
ribonucleoprotein (RNP) complex. In this complex RBPs associate or dissociate as the RNA metabolism progresses
from splicing to translation.
RBPs contain several RNA binding domains that help in binding the target RNA. Some of the most common
domains are the RNA recognition motif (RRM), the hnRNP K homology domain (KH) and the Pumilio-Fem3
homology domain (Pum-HD) 2. In yeast, saccharomyces cerevisiae, about 600 RBPs have been predicted on the
basis of these RNA binding domains 13. Other than these putative RBPs (on the basis of previously known RNA
binding domains), several metabolic enzymes have also been known to bind to RNA molecules [reviewed in 14]. For
example aconitase (Aco1), a TCA cycle enzyme in yeast S. cerevisiae binds to several RNAs encoded by the
mitochondrial genome 15. Similarly, other metabolic enzymes such as glyceraldehyde-3-phosphate dehydrogenase 13
and enolase 16 have also been shown to act as RBPs. These examples indicate the potential for the existence of novel
classes of RBPs in eukaryotes. Indeed, two recent studies exploited proteome-wide approaches to identify novel

RBPs in yeast. These studies resulted in the identification of several novel RBPs - most of which were previously
characterized as enzymes, suggesting that the dual nature of enzymes is more common than previously thought 17; 18.
RNA-binding proteins provide an additional layer of plasticity in controlling gene expression. They have been
shown to be involved in the regulation of several processes such as embryo development in C. elegans 19, neuronal
differentiation of stem cells 20, T-cell activation 21 etc. To understand the mechanism of how these processes are
regulated and affected by RBPs, several large-scale studies have been performed to identify the RNA targets of
RBPs 13; 21; 22. For example, in yeast alone genome-wide studies have identified the targets of several RBPs using
RNP immunoprecipitation-microarray (RIP-Chip) method 13; 17; 18. These studies have revealed that RBPs vary in the
number of targets which they regulate depending on their expression level 8, with some RBPs having more than
1000 RNA targets such as Pub1 (1639 targets) and Pab1 (1802 targets) whereas some RBPs such as Nop13,
responsible for pre-18s rRNA processing, have as few as 2 RNA targets. These studies also showed that RBPs bind
to functionally or cytotopically related targets. For example, Puf3 in yeast binds to cytoplasmic mRNAs of
mitochondrial proteins. Likewise, Puf1 and Puf2 have been shown to bind to mRNAs of membrane associated
proteins 23. All these examples support the concept of post-transcriptional operon in eukaryotes 24.
Due to their central role in controlling gene expression at the post-transcriptional level, alteration in expression or
mutations in either RBPs or their binding sites in target transcripts have been reported to be the cause of several
human diseases such as muscular atrophies, neurological disorder and cancer [reviewed extensively in 25; 26; 27].
These studies suggest the precise regulation of the expression levels of RBPs in a cell. In fact, a recent systems-wide
study of the dynamic properties of yeast RBPs showed that highly connected RBPs are likely to be tightly regulated
at the protein level, supporting these observations 8. Therefore, a central unanswered question in light of these trends
is how do RBPs regulate each other at post-transcriptional and post-translational (protein-protein interaction) levels
and are there any links between the two levels which govern the interplay between them for proper functioning of
RBPs in the context of RNP complexes.
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An important property of several regulatory factors is their ability to regulate their own expression frequently called
auto-regulation. Although it is commonly observed for transcription factors in both bacteria and eukarya, there is
increasing evidence that RBPs also regulate their expression level 13; 28; 29; 30. However, it is unclear if auto-regulation
of RBPs provides any advantage in controlling their expression level. Therefore, in order to understand whether
RBPs which auto-regulate their expression show differences in their expression dynamics compared to those which
do not, we have assembled genome-wide RNA targets for a total 69 RBPs in Saccharomyces cerevisiae identified by
using RIP-CHIP method from different laboratories (see Materials and Methods). Of these, 49 RBPs have been
previously screened using this approach by Hogan et.al 13 while an additional 14 and 15 RBPs have been screened in
three recent studies from two different groups 17; 18; 31. Analyzing this dataset for auto-regulatory interactions, we
could construct a set of 69 RBPs, of which 26 were found to bind their own RNA (38%) and were termed as autoregulatory RBPs (ATR) while the rest (43) of the RBPs were termed as non auto-regulatory RBPs (NATR) (see
Figure 1 for a complete list). This observation suggests that more than one-third of the RBPs in the cell could be
auto-regulating their levels at the post-transcriptional level. To compare the properties which define the expression
dynamics of RBPs which regulate their own RNA (i.e, auto-regulatory RBPs) with those which do not regulate their
RNA (non auto-regulatory RBPs), several datasets were employed as described in Materials and Methods.

As a result of this analysis (see Supplementary Figure 1) we found that auto-regulatory and non auto-regulatory
RBPs do not show any significant difference in their mRNA half-life (p = 0.97), mRNA abundance (p = 0.45),
ribosome occupancy (p = 0.12), protein abundance (p = 0.57) and protein half-life (p = 0.91) by Wilcoxon test,
suggesting that RBPs which are auto-regulated do not exhibit any difference in their dynamic regulation compared
to those which are not. In contrast to these observations, we found that protein noise of auto-regulatory RBPs is
significantly lower than that of non auto-regulatory RBPs (p < 0.06). These trends suggest that while auto-regulation
of RBPs may not provide any significant advantage in regulating their mRNA or protein turnover rate or even their
abundance, it can significantly influence their cell-to-cell variation in protein levels. Noise in protein expression has
been associated with a number of phenotypes in various model systems and these results indicate that autoregulatory RBPs need to be tightly regulated with little variation in their expression levels in a population of cells 32;
33; 34; 35
. Auto-regulation might provide RBPs with an ability to fine tune their expression at post-transcriptional level
similar to that observed and proposed as a general phenomenon for transcription factors (TFs) 28; 36. Indeed, a similar
analysis performed for TFs indicates that auto-regulatory TFs in yeast show significant reduction in protein
expression noise (Janga et.al, unpublished). One possible explanation for the observed tendency is that autoregulatory RBPs need an independent control of their expression, as they control a significant fraction of the posttranscriptional network of RBP-RBP interactions (see Materials and Methods and section below). In order to test
this hypothesis, we compared the connectivity of auto-regulatory and non auto-regulatory RBPs in this network.
This analysis unambiguously revealed that auto-regulatory RBPs are significantly more connected (p <2.8E-03,
Wilcoxon test) and tend to have higher indegrees (p < 0.044, Wilcoxon test) than non auto-regulatory RBPs in the
RBP-RBP post-transcriptional network. These results support the notion that RBPs with high degrees at the posttranscriptional level are likely to be auto-regulatory, as this property would enable them to fine tune their expression
in a cellular context. In other words, auto-regulation of highly connected RBPs could possibly control their dosage
as well as temporal and spatial concentration within the context of other RBPs enabling them to form appropriate
ribonucleoprotein complexes depending on the needs of the cell.
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It is clear from the above analysis that some RBPs bind their own RNA transcripts but others do not. This raises an
important question: how are RBPs themselves regulated at the post-transcriptional level? To answer this question we
have constructed a network of post-transcriptional interactions between RBPs for all studied RBPs, using currently
available RIP-chip data 13; 17; 18; 31. From the original network which comprised of 69 RBPs and about 25,000
regulatory interactions, we could extract a sub-network where targets included only the studied RBPs (see Materials
and Methods). This enabled us to visualize the connections among RBPs due to post-transcriptional control (Figure
1). This directed sub-network comprised of 51 RBPs as regulators and 68 RBPs as targets with a total of 351
interactions among 69 RBPs. The average connectivity in this network is 10.2 (total number of connections between
RBPs divided by the total RBPs in the network) with an average out-degree of 6.88 (number of out-going
connections) and in-degree of 5.16 (number of in-coming connections) suggesting that RBPs are highly connected to
other RBPs through extensive regulatory linkages (Figure 1, Table 1 & Supplementary Table 1). Indeed, we found
that the average clustering coefficient of this network was 0.37 (3 times more than that seen in an erdos-renyi
random network with the same number of nodes and edges) suggesting a modular organization of this network. This
clustering effect is also substantially higher than that observed in an initial study for transcriptional network 37,
further supporting strong regulatory connections between RBPs. We also found that while the in-degree was roughly
constant for most RBPs, the out-degree showed a scaling distribution indicating that a small set of RBPs might be
responsible for controlling a large fraction of them to an equivalent extent (due to their similar in-degrees) (see
Supplementary Table 1 and Supplementary Figure 2, correlation for power law fit was 0.87, y=7.42x-0.63). The
observed indegree distribution is in contrast to that reported for transcriptional networks wherein the fraction of

target genes with a given incoming connectivity was observed to follow an exponential distribution in both E. coli
and S. cerevisiae, while the outgoing connectivity, which is the number of target genes regulated by each
transcription factor, was found to be distributed according to a power law, similar to that observed in this study 37; 38.
It is also worth mentioning that RBPs having high out-degree also have more RNA targets but RBPs having very
high in-degrees generally tend to have intermediate number of RNA targets (less than 600) (Supplementary Table
1). These observations suggest that RBPs form a dense network of interactions with a small fraction of master
regulators controlling a significant fraction of the network.
We found that the average in-degree is high, with up to 5 different RBPs post-transcriptionally controlling a given
RBP suggesting that there is extensive cross-talk for using RBPs in a number of different contexts. This was also
evident from high betweenness and closeness centralities, which are independent measures for measuring the
centrality of a node in complex networks (see Methods, Table 1 and Supplementary Table 2). For instance, we found
that the average pathlength to all other nodes (inverse of closeness) from a node of interest is about 2 suggesting that
most nodes in this network can be reached within three edges. These observations indicating the dense networking
and cross-talk between RBPs was also reflected from an analysis of the post-transcriptional processes these RBPs
are associated with (see Ref. 8 for classification) (Supplementary Table 3). For instance, we found that the RBP,
Npl3, which promotes elongation, regulates termination, and carries poly(A) mRNA from nucleus to cytoplasm was
annotated to be involved in post-transcriptional processes localization, RNA-processing, splicing, translation and
transport with more than 1100 RNA targets. Likewise, Pab1 and Nab2 known to control ~2000 and ~700 RNA
targets respectively were found to be involved in a number of these processes suggesting that the hubs in this
network are also responsible for integrating diverse post-transcriptional events. In other words, those RBPs which
have multiple functional labels were found to be hubs and responsible for this cross-talk, as they could enable
switching their use depending on the needs of the cell.
We next asked whether the connectivity of a RBP in the RBP-RBP regulatory network has a relation to its dynamic
properties such as mRNA or protein turn over, abundance, protein noise etc. Our analysis using a variety of datasets
discussed in materials and methods, indicated that noise in protein levels was the best correlated property with RBP
degree (R= -0.375, p <1.7E-3) followed by mRNA half-life (R = -0.249, p <0.039), protein abundance (R = 0.245, p
< 0.042) and mRNA abundance (R = 0.219, p < 0.07). We also found that protein half-life and ribosome occupancy
did not show any correlation with RBP degree. These trends are generally in line with previous observations made
on the complete network of RBP-RNA interactions in yeast 8, except for the mRNA half life which was found to
show a weak positive correlation in the previous study but a weak negative trend in the RBP-RBP network, possibly
supporting the notion that hubs in this network might be short-lived as was observed for hubs in the transcriptional
regulatory network of Escherichia coli 39.
Another hallmark of regulatory networks is the presence of sub-graphs or patterns of interconnections which appear
more often than expected by chance and have been referred to as network motifs 30; 40; 41; 42. In light of these
observations, we wanted to understand if the post-transcriptional network of RBP-RBP interactions contains any
significant patterns of interconnections. To address this, we employed mfinder- a network motif detection tool, to
identify and estimate the significance of different sub-graphs in this network (see Materials and Methods). Our
analysis revealed that the most significant three node motifs include i) Feed-forward loops, where in the top-level
RBP controls two target transcripts (of RBPs), one of these two RBPs in turn control the second and ii) superposed
feed-forward and feed-back loop (FBL) in the same motif, where in all the nodes are RBPs. The later motif
comprises of a RBP, X, which controls both the target RBPs Y and Z, with Y controlling Z and Z in turn controlling
X. In total, we identified 269 FFL motifs with a p-value < 0.005 and 22 superposed FFL-FBL motifs with a p-value
< 0.006 (Supplementary Table 4). Table 2 summarizes the 22 superposed FFL-FBL motifs identified in this
network. We found that all of these studied RBPs interact reciprocally to form bidirectional regulatory interactions
between the nodes X and Z in this network, suggesting that mutual regulation of RBPs might enable a better co-

ordination in order to guide their post-transcriptional control on a global level. Indeed, we identified a total of 12
unique mutual edges corresponding to 15 different RBPs in this network indicating that mutual regulation might
connect different post-translational events and processes to achieve modular functions at this level of regulation. It is
important to note that when X and Z have a reciprocal interaction between them, each one can control the other and
change the directionality of the FFL resulting in a different affected downstream target. Also note that there is no
hierarchy in this motif because X and Z can control each other in a bidirectional fashion, which is in contrast to the
FFL motifs where hierarchy is due to the inherent directionality built in them from the top node (X). For instance, in
yeast and other eukaryotes non-coding RNA polymerase II transcripts are processed by the poly(A) independent
termination pathway which requires a specific factor called the Nrd1 complex 43; 44. Several studies have shown that
this complex comprises of the nuclear pre-mRNA down regulation (Nrd)1 protein, the nuclear polyadenylated RNAbinding (Nab)3 protein as well as the RNA helicase Sen1, interacting with various other RBPs and the exosome, that
./&" (&&+&+"$("01&" 2!"&(+"3/4)&55$(g of non-coding RNA transcripts 45; 46; 47; 48. We found that not only does Nrd1
auto-regulates its own activity but it regulates and is regulated by Nab3 at the post-transcriptional level, in line with
recent observations that these RBPs are able to bind to their targets more efficiently when they form a heterodimer
to bind in a cooperative manner (i.e, when they are part of the same RNP complex) rather than when they bind as
individual subunits 49. These observations suggest that many of the other RBP pairs detected in Table 2 could be
mutually controlling the expression levels of their cognate RBPs at post-transcriptional level in order to define their
RNP target space either directly or indirectly through the use an intermediate player represented by Y. It is possible
to suggest based on these observations that RBPs can use such mutual post-transcriptional control through direct or
indirect loops, to not only decrease the response delay in their expression levels but to generate stoichiometric
amounts to control their combined targets under appropriate conditions in the cell.
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While it is evident from the previous section that RBPs do not work in isolation but are rather controlled by other
RBPs at the post-transcriptional level, it is unclear how the post-transcriptional regulatory interactions between
RBPs at this level and the network of physical interactions between RBPs are related. So we constructed a network
of protein-protein interactions between the experimentally studied RBPs present in the post-transcriptional network,
using publicly available datasets (see Materials and methods) to gain an understanding of the underlying principles
which allow the integration of these networks. This allowed us to not only study the properties of this proteinprotein network but to compare this network with that of the regulatory network in terms of these properties.
Protein-protein interactions between RBPs have been known for a long time and most RBPs are known to form
dynamic Ribonucleoprotein (RNP) complexes at different stages of their life cycle to perform their functions in the
metabolism of RNA 50; 51; 52; 53. However, currently there is no global analysis of this interactome to compare its
properties with that of the corresponding post-transcriptional regulatory network and neither is it clear if these two
networks are mutually exclusive or are complementary to each other. To answer the first question, we employed an
extensive integrated dataset of protein-protein interactions available for the yeast genome 54 generated by two
different groups, using affinity purification protocols 55; 56. This dataset has more than 4x105 interactions between
5303 proteins in the yeast genome. From this dataset we extracted a subnetwork encompassing the 69 studied RBPs.
This subnetwork comprised of a total of 132 interactions between 55 studied RBPs as shown in Figure 2. Analysis
of the network properties of this undirected network showed that the average degree of RBPs is about half of that
observed for the post-transcriptional network (Table 1). This observation may not be surprising given that the
number of edges in the later network is about twice that seen in the protein interaction network of RBPs. Sparse
connectivity of the protein interaction network compared to the post-transcriptional network was also evident from
the high average betweenness and closeness values observed in the later. However despite the less number of edges,
analysis of the average path length and diameter of the networks suggested that protein interaction network

compared to the post-transcriptional network is slightly denser, as is evident from the higher average path length and
diameter observed in the later (see Table 1). This was also evident from the high clustering coefficient of the protein
interaction network (4 times more than that seen in a erdos-renyi random network with the same number of nodes
and edges), which was found to be higher compared to the regulatory network. This increased clustering coefficient
suggests a strong modular architecture for the protein interaction network, but surprisingly also for the posttranscriptional network albeit less dramatic. We also found that the protein interaction network had a higher power
law exponent value compared to the post-transcriptional counterpart suggesting that physical interactions between
RBPs might be exhibiting a scaling behavior in addition to modular organization of the network. Such a scaling and
modular organization can be attributed to the organization of multiple protein complexes (modules) in this network,
as has been reported for other cellular networks 57; 58.
We next asked if the physical interaction network of RBPs shares any edges with that of the post-transcriptional
network to address the extent of overlap between the two levels. This analysis revealed that out of 132 proteinprotein interactions, 33 were found to be shared with RBP-RBP regulatory network (Table 3). These 33 interactions
represent a significant overlap (p-value < 0.01, hypergeometric) between the two kinds of interaction networks
(protein-protein and regulatory interaction). This result suggests that the RBPs which have a regulatory link tend to
physically interact with each other to form a RNP complex. This observation also indicates that RBPs which exhibit
both physical and regulatory interactions between them are likely to be involved in the same or related posttranscriptional processes to control a common subset of post-transcriptional targets.
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Once it is known that RBPs form a dense network both at regulatory as well as protein-protein interaction level, we
were interested in the features exhibited by the integrated network formed by the set of interactions detected in both
the networks independently. To address this we used the integrated network constructed above. This integrated
network comprised of 33 interactions among 32 unique RBPs 6$01"+$%%&/$(,")4((&)0$7$08!5. For instance, Pab1 has
maximum connectivity of 9 followed by Bfr1, Puf4 and Gbp2 each with a connectivity of 5 in this integrated
network. Most of these RBPs with high connectivity in this network were found to have high number of RNA
targets and possibly act as hubs in the regulatory network. While these interactions suggest that there are some RBP
pairs that have both a regulatory connection as well as a physical interaction between them; to validate these pairs,
we overlapped the protein localization data obtained from a green fluorescent protein (GFP) based study 59 on this
network (Table 3). It is interesting to note that a significant proportion of the interacting partners (16 out of 33) colocalized to cellular compartments. For instance, both the interacting partners, Scp160 and Bfr1 in the integrated
network localized to the endoplasmic reticulum. An independent study also showed that Scp160 and Bfr1 interact to
form a RNP complex to regulate the RNA metabolism and are hence co-localized to endoplasmic reticulum 60.
Similarly, Nrd1 and Nab3 co-localized to nucleus. However there are examples in the integrated network where the
interacting partners do not localize to the same compartment. For example, Pub1 resides in the cytoplasm while
Nab3 localizes to nucleus. These discrepancies may be due to the fact that the data which has been employed for
localization only reported predominant localization of a protein and hence secondary localizations of some of these
proteins might not have been reported. For instance, in the case of Pub1, an independent study has shown its
localization at both nucleus and cytoplasm 61. Hence, the co-localization of RBPs can only be considered as one of
the evidences to support the presence of protein-protein interaction between RBPs.
In order to further investigate whether the interactions in the integrated network are supported by other means, we
asked if two RBPs which interact with each other also share their RNA targets. As we have analyzed only the
experimentally studied RBPs for their RNA targets, we were able to investigate for the overlap of RNA targets

between the two interacting RBPs in the integrated network. This analysis strikingly revealed that about 50% (15 out
of 33) of the interacting RBPs do show a significant overlap (p < 0.01) among their targets (Table 3). This fraction
was found to be much higher than when all the 69 RBPs in the entire network were analyzed for the extent of
overlap between their targets at the same p-value threshold. In particular, 23.5% of the RBP pairs in the complete
network showed statistically significant overlap between their targets, of which 33% of the associations were
supported by evidence from either post-transcriptional or post-translational interaction data. P-values in table show
the significance for the extent of overlap between all the targets of the two interacting RBPs using hypergeometric
distribution. Some RBP pairs such as, Scp160 and Bfr1 (p-value ~ 0), clearly showed a high significance for the
overlap of targets as previously reported by Hogan et al. 13. Scp160 has a total of 1337 targets while Bfr1 binds to
1051 targets and they have 823 targets in common. Few other examples for interacting pairs which share their
targets with high significance are Nrd1-Nab3 (p= 7.85E-219), Pub1-Pab1 (p= 1.68E-68) and Pub1-Nrd1 (p= 1.45E64). However, our analysis also identified interacting pairs which showed low overlap between their target lists. One
possible explanation for this lack of overlap is that some RBPs like Pab1 have several interacting partners (9 in this
network) in contrast to SGN1, which not only targets fewer RNAs in the cell but also interacts with fewer RBPs,
making the former class of RBPs like Pab1 transient players working with many RBPs simultaneously. This is
evident from the table with Pab1 showing variation in the overlap of targets with different partners. For instance,
Pab1 shows high overlap with Pub1 (p= 1.68E-68), Cbc2 (p= 2.99E-38) and Gis2 (p= 9.03E-34), moderate overlap
with Hrb1 (p= 3.8E-03), Mdh3 (p= 0.017) and low overlap with Yra2 (p= 0.17), She2 (p= 0.12), Gus1 (p= 0.22) and
Sgn1 (p= 0.15). Another example of this kind is that of Npl3, which was found to show high overlap with Cbc2 (p=
1.43E-59) and weak overlap with Sgn1 (p= 0.15) and Yra2 (p= 0.15). These examples indicate that a single RBP can
form different RNP complexes with different RBPs and regulate the different steps of metabolism of diverse groups
of RNA at the same time. These observations also point out that even if two RBPs interact with each other (both at
the post-transcriptional and post-translational level) they do not necessarily have high degree of overlap between
their targets. In contrast to these trends, we also found other class of RBPs - Nab3, Nrd1 and Cbc2 which were
found to work in a dedicated manner i.e, they always showed high overlap with all of their interaction partners in the
integrated network. These RBPs are likely to be involved in specific processes (such as that discussed in a previous
section for Nrd1 complex in poly(A) independent termination pathway) and may be forming stable RNP complexes.
RBPs like Pab1 and Npl3 might be involved in a number of post-transcriptional programs by interacting and
coordinating with many RBPs to form diverse RNP complexes during their life cycle. In fact, we found that Pab1
and Npl3 were found to physically interact with 28 and 17 other RBPs while Nab3, Nrd1 and Cbc2 had 10, 10 and 6
interaction partners in the RBP-RBP physical interaction network (Supplementary Table2). Further analysis revealed
that clustering coefficient can be used as a diagnostic criterion to distinguish these two classes of RBPs, especially
when the degree of the RBPs being compared is high. For instance, we found that in general transient RBPs like
Pab1 and Npl3 had high degree but low clustering coefficient (0.13 and 0.33 respectively) in the protein-protein
interaction network while stable RBPs like Nab3, Nrd1 and Cbc2 were found to have very high clustering
coefficient (0.77, 0.77 and 0.93, respectively) despite having moderate number of interaction partners
(Supplementary Table 2). These observations suggest that transient RBPs involved in multiple post-transcriptional
processes can be distinguished from the stable ones based on their clustering coefficient in the protein interaction
network.
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In this study, we have developed an integrated map of RNA-protein (post-transcriptional network of RBPs) and of
RBP-RBP (post-translational interaction network of RBPs) interactions to get a first comparative understanding of
the interplay between the two levels. For instance, in yeast, analysis of the transcriptional regulatory network of
transcription factors showed the presence of feedback loops i.e. the target transcription factor controls the expression

of its regulator 29. Therefore, we wanted to evaluate if similar properties are also obeyed in the post-transcriptional
regulatory network of RBPs in yeast, Saccharomyces cerevisiae. At the post-translational interaction (physical
interactions between RBPs) level, RBPs are known to work in the form of RNPs - a dynamic protein complex where
dissociation and association of RBPs takes place as the RNA metabolism progresses. Analysis at this level allowed
us to address whether RBPs regulated by other RBPs at the post-transcriptional level can become part of the same
ribonucleoprotein complex. This question helped us to understand the reason for the regulatory link between RBPs is it because the RBPs, which have regulatory link, work together as part of same RNP complex to regulate gene
expression or are the two levels mutually exclusive in their control? Finally, analysis of the integrated network
constructed using the overlapping set of protein-protein and regulatory interactions between the studied RBPs
showed that most pairs of interacting RBPs not only share their localization but also their RNA target pool.
During the last decade enormous efforts have been put to understand the transcriptional regulatory mechanisms in
several model organisms, however our understanding of them at the post-transcriptional level is rather limited.
Recent high-throughput studies have enabled us to start addressing genomic principles governing the posttranscriptional control by RBPs in these model systems. In this study, we have attempted to dissect this layer of the
regulatory network by constructing a network of post-transcriptional interactions between RBPs in yeast. This
enabled us to show that a striking fraction of the RBPs in yeast autoregulate their own expression. A deeper analysis
of the dynamic properties which can explain this observed trend indicated that auto-regulatory RBPs exhibit low
protein expression noise and are usually highly connected in the network of RBPs, suggesting that auto-regulation of
these RBPs might provide a means of independent control of their expression thereby providing quick and timely
response to intracellular changes or due to external perturbations. This observation has important implications in
driving the gene expression changes during development or in cellular differentiation, where a number of RBPs are
known to be actively involved in controlling the fate of the transcripts in a just-in-time fashion 62. An analysis of the
RBP-RBP regulatory network showed that it forms a dense intertwined network of post-transcriptional feedback
loops with extensive crosstalk between RBPs belonging to different steps of RNA metabolism. A closer examination
of the directed network of post-transcriptional interactions between RBPs indicated that the indegree of RBPs in this
network followed a gaussian distribution while outdegree followed a scale-free distribution. We also found that FFL
which is known to be the most common motif in the transcriptional networks is also the most prevalent structure in
the RBP-RBP post-transcriptional network. In addition to the known FFL motif, we discovered the existence of a
superposed FFL and FBL motif which composes of a mixed feed-back and feed-forward mechanism co-existing in
the same motif as yet another significant pattern in this network, providing evidence for the extensive cross-talk
between RBPs to control related post-transcriptional events and processes.
A similar analysis of the protein-protein interactions between the same set of studied RBPs showed that the
corresponding post-transcriptional network is less modular, suggesting the existence of RNP complexes inherent in
the protein interaction network. We also found that RBPs in the same RNP complex are likely to regulate each other
at the post-transcriptional level. This strong trend possibly supports the notion that most RBPs may use their
regulatory component in order to dissociate and associate to form dynamic RNP complexes depending on the
growth conditions and needs of the cell as the cell cycle progresses. Our observation that RBPs which interact at
post-translational (protein interaction) as well as at the post-transcriptional level often show co-localization and
significant sharing of targets, suggests that there are two classes of RBPs i) those which stably interact with a limited
number of partners so that they share significant number of targets with the interacting partners and ii) those which
are transient and interact with multiple RBPs forming many RNPs during their life cycle aiding multiple steps in the
metabolism of RNA. Such transient RBPs could act as linkers between different post-transcriptional steps/modules
and could mediate their appropriate usage depending on the requirements of the cell. Whether such a classification
would be generic to other eukaryotes or even to other yeasts is an open question which can only be addressed as
more high-throughput data becomes available for other model organisms.

In summary, our results show that RNA-binding proteins not only form densely interacting networks at both the
post-transcriptional and post-translational levels, but also integrate these two distinct levels for coordinating their
cellular roles. Our analysis also supports that a significant fraction of the RBPs regulate their expression, either
directly by autoregulation or indirectly via other RBPs, at post-transcriptional level.
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To understand the cross-talk at the post-transcriptional level between RBPs, we have first constructed the
posttranscriptional regulatory network which is a directional network, with RBPs as regulators and RNA molecules
of all the experimentally studied RBPs as targets. To construct this network we have integrated four recently
published datasets reporting the RNA targets of RBPs in yeast generated by immunoprecipitation of RBPs followed
by microarray analysis of the bound transcripts 13; 17; 18; 31. Briefly, these downloaded datasets comprise of i) 49
previously studied RBPs and their RNA targets from Hogan et al. 13 comprising about 16924 interactions, ii) the
post-transcriptional network for 13 unconventional RBPs reported by us earlier 18, iii) a network of 7636 posttranscriptional links for 15 unconventional RBPs reported by Tsvetanova et. al 17 and iv) a focused study on Gis2
reporting more than 700 RNA targets 31. From these datasets, we have excluded those RBPs for which the original
studies have reported any potential interference of the TAP-tag with RNA-binding, those RBPs which had unusually
low number of targets and/or show binding to non-protein coding regions or the RBPs have not been reported as
bonafide RBPs (as is the case with Smy1 and Mtq2 in the Tsvetanova study). After filtering the datasets at False
Discovery Rates (FDRs) and p-values reported to be stringent thresholds for obtaining high-quality interactions in
the original studies, removing any redundant interactions between datasets and excluding features which do not
encode for protein coding regions, we integrated the resulting data to generate a large compendium of RBP-RNA
interactions for yeast. This compilation has enabled us to construct a network of 69 RBPs and 24,932 RBP-RNA
interactions on a genome-wide scale. From this network, we have extracted a sub-network, where targets included
only the studied RBPs, to understand the regulation of RBPs by other RBPs at the post-transcriptional level. This
final sub-network among 69 RBPs comprised of 51 RBPs as regulators and 68 RBPs as targets, with a total of 351
interactions, allowing us to analyze different properties of the network. Auto-regulatory RBPs in this network were
defined as those RBPs which bind their own transcript to control their expression at post-transcriptional level. We
identified 26 out of the 69 RBPs in this study to be auto-regulated.
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To study the properties of the RBP-RBP network and to understand the centrality of the nodes in this framework, we
used igraph, a publicly available R package for analyzing graphs [see http://cneurocvs.rmki.kfki.hu/igraph/ and
http://www.r-project.org]. In particular, since the network of post-transcriptional interactions analyzed in this study
is directed, we used the corresponding versions of the functions: degree, transitivity, betweenness and closeness for
calculating the degree (connectivity), clustering coefficient, betweenness and closeness centralities of a node. It is
important to note that since the network is directed each node can have both an out-degree, which defines the
number of outgoing connections, as well as in-degree, which relates to the number of incoming interactions.
Betweenness centrality, which is the number of shortest paths going through a node was calculated using the
brandes algorithm 63 implemented in R. Similarly, closeness, measured as average length of the shortest paths to all
the other vertices in the graph, was obtained using the implementation in R. Since the centrality measures,

betweenness and closeness use the shortest path lengths between all pairs of nodes in a graph, for cases where no
path exists between a particular pair of nodes, shortest path length was taken as one less than the maximum number
of nodes in the graph. Note that this is also the default assumption for calculating centrality measures in igraph.
Clustering coefficient is a property of a node which tells how connected are the neighbors of a given node to what is
expected when all the neighbors are completely connected. An extension of this metric to the complete network
defined as the average clustering coefficient tells whether the network is modular or is sparsely connected. Network
properties for the protein-protein interaction network of RBPs were calculated using the corresponding undirected
versions of the functions in igraph where appropriate. Note that the integrated network was considered directionless
and hence degree refers to the total number of connections of a node in this case. To evaluate whether the degree
distribution of a network follows a power law or a scale-free distribution, we used the power.law.fit function
available in igraph which provides an estimate of the exponent alpha to define the likelihood of a good power law
fit. To compare the extent of clustering coefficient observed in the RBP-RBP post-transcriptional and proteinprotein interaction networks to a null model, we constructed random networks of the erdos-renyi type by
maintaining the number of nodes and edges. Briefly, in an erdos-renyi random network, each node has equal
probability to be connected to other nodes in the network, independent of the other nodes.

D(#(*3-%*0-B&(%(#1;$*("(').1.*-3*$@&%$..1-"*2)"(B10.*
To study the expression dynamics of RBPs in comparison to other groups of genes, we have employed a variety of
datasets. These include the transcript stability 64, mRNA copy number, ribosome occupancy 65, protein half-life 66,
protein abundance 67 and protein noise 68. Transcript stability which is measured as the RNA half-life of a transcript
could be obtained for 4687 genes in the entire genome while the translational rate defined by the ribosome
occupancy and the number of mRNA copies of a gene described by the parameter mRNA copy number per cell
could be obtained for 5700 and 5643 genes respectively, allowing us to study the translation rates of the transcripts
and the extent of transcript abundance. In yeast, protein half-lives have been estimated by Belle and co-workers for
about 3750 proteins by inhibiting translation 66. Protein abundance which reveals the absolute number of protein
molecules per cell was obtained from Ghaemmaghami et. al 67. We could obtain abundance values for 3868 proteins
in the entire genome. Biological noise which is typically defined as the variation in the expression of a protein
between different cells in a homogenous population of cells was obtained from Newman et. al 68. We could obtain
noise data for 2213 genes for cells grown on rich media.
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To assess whether RBPs exhibit a different trend compared to non-RBPs for each of the dynamic properties studied,
we used the Wilcoxon rank-sum test or the Mann Whitney U test available in the R statistical package to calculate
the significance. The Wilcoxon test enables the comparison of two samples to assess whether they come from the
same distribution or not. Since this test is nonparametric and does not assume any inherent distribution of the
samples it is ideal to compare different samples of similar or dissimilar sizes. For studying the overlap between
protein-protein and post-transcriptional interactions, we used hypergeometric probability function available in R.
Other statistical tests are used as appropriate throughout the text and are cited at relevant places.
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Network motifs are defined as recurring regulation patterns which occur in the networks more often than expected
by chance 36; 41; 42. In the regulatory network of E. coli and other organisms three distinct types of motifs have been
found to be predominant, namely (i) FFL, in which a TF regulates the expression of another transcription factor
which together modulate the expression of the target gene; (ii) SIM, in which a single TF regulates several genes

and is equivalent to a simple regulon 69; (iii) DOR, in which different TFs regulate overlapping sets of genes and are
analogous to complex regulons 69. FFL appears to be the most abundant motif among the best studied transcriptional
networks. To identify different kinds of motifs in the post-transcriptional regulatory network of RBPs we searched
for the sub-graphs of different sizes in the network using the motif finding tool, mfinder 41. In order to calculate the
significance of an observed sub-graph, we generated 1000 randomly generated networks with the same topology as
the original RBP-RBP network in mfinder, which allowed us to compare the occurrences and obtain a Z-score and
p-value. Our analysis resulted in the identification of only 2 three-node motifs as significant. These included a total
of 269 FFLs with a Z-score of 2.47 and p-value < 0.005 and 22 superposed FFL-FBL motifs with a Z-score of 2.73
and p-value < 0.006 in the network. Complete set of these network motifs belonging to these two categories
identified in this study can be obtained as Supplementary Table 4.
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To understand the protein-protein interaction network of the studied RBPs, we obtained a comprehensive map of
protein-protein interactions available for the yeast genome by integrating two different high-throughput studies 54.
Briefly, in this study the integration of the mass spectrometry data involved the calculation of purification
enrichment scores for each of the interactions in the two datasets 55; 56 and then calculating a combined confidence
score for the interactions, in order to account for replicating interactions between the datasets. It is noteworthy to
mention that this is the largest available co-complex interactome data available for yeast and hence is also likely to
have high confidence indirect interactions i.e, as long as they belong to the same complex, which makes this dataset
ideal for this study. We have employed the confidence scores as a metric to obtain the final set of interactions for the
analysis in this study. This dataset comprised of 5303 proteins and 401821 interactions. From this network, a subnetwork of protein interactions among the 69 studied RBPs was obtained. This resulted in a network of 132 proteinprotein interactions between 55 RBPs in the original network. Analysis of this sub-network for network properties
was performed using the igraph package as described above. Further, this protein-protein interaction network of
studied RBPs was compared with the regulatory network of RBPs to extract only those protein-protein interactions
which also have a regulatory connection among them.
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Figure 1: Network of post-transcriptional regulatory interactions between RBPs. Each node corresponds to one RBP
with the links between them corresponding to post-transcriptional regulatory interactions. The network is laid out
using circular organization in cytoscape and reflects the dense set of interconnections between various RBPs. RBPs
which bind to their own mRNA and hence auto-regulate their transcript level are shown with loops in red color. All
other interactions are shown in blue.

Figure 2: Network of protein-protein interactions among the studied RBPs. Each node corresponds to one RBP and
the physical interaction between the RBPs is shown as an edge. The network is laid out using circular layout in
cytoscape.

Tables 1-3

!"#$%&
Table 1. Properties defining the structure of the post-transcriptional network (PTN) and physical interaction network
(PIN) among the studied RBPs in S. cerevisiae. All the network properties are calculated using igraph, a publicly
available R package for analyzing graphs (see Methods). Average values are shown for properties which can be
calculated for each node in the network.
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Connectivity

Indegree

Outdegree

Clustering coefficient

Betweenness

Average path length

Closeness

Diameter

Power law fit
(exponent-alpha)

0%1232(2*3!
Degree or connectivity refers to the number of interactions a
RBP has in this network the higher the connectivity (i.e., hub
nodes) the more the number of RNA targets or more the
number of physically interacting RBPs the node has.
Number of incoming connections to a RBP in a directed
network (PTN in this case). Undirected networks do not have
this property.
Number of outgoing connections to a RBP in a directed
network (PTN in this case). Undirected networks do not have
this property.
Clustering coefficient of a RBP reflects the extent to which the
neighbors of a given RBP are interconnected among
themselves to what is expected theoretically and indicates the
cohesiveness or local modularity of the network. Average
value taken over all RBPs reflects the modularity of the
network.
Betweenness centrality of a RBP measures the number of
shortest paths between all pairs of RBPs in the network that
pass through a RBP of interest the higher the number of paths
that pass through a RBP, the more important it is. Since this
value depends on the total number of shortest paths in the
network, it has to be normalized with the total number of RBP
pairs in the network in order to compare networks (shown in
braces).
Average length of the shortest paths between all pairs of RBPs
in the network.
Closeness centrality is defined as the inverse of average length
of all the shortest paths from a RBP of interest to all other
RBPs in the network - note that closeness centrality defined
this way implies that higher the closeness value, the higher the
importance (centrality) of a RBP.
The diameter of a network is the length of the longest path
among all the shortest paths defined between two RBPs. It
gives an estimation of the farthest distance between RBPs in
the network.
Fitting a power-law distribution function to the degree
distribution of the network to study whether the network is
likely to exhibit a scale-free network structure.
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Table 2. Superposed FFL-FBL motifs identified in the post-transcriptional network of RBP-RBP interactions. In
these 3-node motifs, node X regulates nodes Y and Z, node Y regulates Z and node Z in turn controls the expression
of node X. Note that in these motifs there is a simultaneous feed-back (Z controls X) and feed-forward (X controls
Z) activity in the same motif.
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Table 3: Table showing the localization and degree of RBPs in the integrated network. Integrated network corresponds to the interactions between RBPs which interact both at the
physical and post-transcriptional levels. Last two columns show the extent of overlap in the RNA targets identified by immunoprecipitation experiments for the two RBPs shown,
as well as its significance calculated using a hyper-geometric model. Note that RBPs with comparable number of targets show a significant overlap in the number of targets and
common localization.
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