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Abstract
Protein phosphorylation continues to be regarded as one of the most important post-translational
modifications found in eukaryotes and has been implicated in key roles in the development of a
number of human diseases. In order to elucidate roles for the 518 human kinases, phosphorylation
has routinely been studied using the budding yeast Saccharomyces cerevisiae as a model system.
In recent years, a number of technologies have emerged to globally map phosphorylation in yeast.
In this article, we review these technologies and discuss how these phosphorylation mapping
efforts have shed light on our understanding of kinase signaling pathways and eukaryotic
proteomic networks in general.
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Protein phosphorylation is one of the most widespread types of post-translational
modification used in signal transduction. It is involved in the regulation of virtually every
basic cellular process and can affect a protein’s activity, localization, stability, conformation,
and/or interaction with other proteins. In fact, the reversible nature of protein
phosphorylation is one of the many factors that enable a cell to have tunable control of its
basic cellular processes. Recent decades have uncovered a wealth of evidence implicating
important roles for phosphorylation in human disease as misregulated kinase activity is often
associated with a wide variety of disease phenotypes. These disease phenotypes include
various leukemias, the development of a number of different types of tumors, vascular
diseases, diabetes mellitus and immune/inflammatory disorders [1]. Not surprisingly, recent
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years has witnessed kinases being avidly pursued as drug targets. Two examples of kinase
inhibitor drugs currently on the market include imatinib (Gleevec®), which targets Bcr-abl
and is used in the treatment of chronic myeloid leukemia [2], and gefitinib (Iressa®) which
targets EGF receptors and is used in the treatment of non-small-cell lung carcinoma [3].

In an effort to better understand the roles of kinases in human disease, much attention has
been placed on developing technology to study phosphorylation on a global scale. Given the
considerably smaller proteome of yeast compared with that of humans, Saccharomyces
cerevisiae has routinely been used as a model system with which to develop such
technology. Over the last 5 years, there has been an explosion of proteomic technologies,
which have contributed to the large-scale mapping of phosphorylation in the yeast proteome,
in terms of identifying both which proteins are phosphorylated and which kinases are
responsible for those phosphorylation events. With the ability to elucidate in detail the
mechanisms underlying signaling pathways on a global scale, these technologies have led to
a deeper understanding of how various signaling pathways are interconnected. In this article,
we review these recent yeast technologies and discuss what these efforts to map protein
phosphorylation have taught us about proteomic networks in eukaryotes.

In vitro-based technologies for phosphorylation mapping
Early technologies to globally map phosphorylation were aimed at identifying novel kinase–
substrate relationships. These technologies took the strategy of increasing the throughput of
in vitro kinase assays. Instead of incubating a kinase with a single purified candidate
substrate, as was done with single gene studies, pools of thousands of potential substrates
were systematically screened using protein microarrays, peptide libraries, or whole cell
lysates.

The use of protein microarrays to globally map phosphorylation involves spotting purified
proteins at a high spatial density onto a glass slide (Figure 1A). In a study conducted by
Ptacek et al., yeast protein microarrays consisting of approximately 4400 of the
approximately 6000 proteins, spotted in duplicate, were used as substrates in radioactive
kinase assays [4]. The kinase assays were performed by first incubating the protein
microarray in kinase buffer in the presence of purified kinase and [γ-33P]-ATP. The protein
microarray was then washed to remove the unincorporated radiolabel and exposed to
autoradiography film. In vitro substrates of the kinase of interest were identified by
quantifying the amount of radiolabel incorporated at each pair of spots relative to the
corresponding pair on a control slide performed in parallel in the absence of kinase. Eighty-
two unique yeast kinases were assayed for their in vitro targets, resulting in the identification
of approximately 4200 phosphorylation events on 1325 different proteins. This study also
showed kinases to exhibit a wide range of substrate specificities; 26 kinases were found to
target only a single substrate, whereas one kinase was found to target more than 550
substrates. While this range in substrate specificities is likely to be partially due to artifacts
arising from the kinase purification process, the range in substrate specificites of kinases
may also be reflective of the fact that some kinases play key roles in coordinating multiple
signaling pathways, whereas others play more focused roles in one particular signaling
pathway.

By contrast, the use of peptide libraries to globally map phosphorylation takes a more
indirect approach to identifying novel kinase–substrate relationships and first involves
identifying the consensus phosphorylation motif targeted by the kinase of interest, then
systematically scanning the entire eukaryotic proteome for that motif to identify putative
phosphorylation sites (Figure 1B). Kinases are known to exhibit preferences for specific
amino acids at the positions neighboring the phosphoacceptor site in its targeted substrate.
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Thus, peptide libraries can facilitate the identification of these amino acid preferences, or the
kinase’s consensus phosphorylation motif. To date, a number of approaches using peptide
libraries have been described that involve screening either immobilized or solution-phase
peptide libraries [5–14]. Mok et al. made use of a positional-scanning solution-phase peptide
library to screen the S. cerevisiae kinases for their consensus phosphorylation motifs [15].
The peptide library they used was made up of 198 distinct mixtures of biotinylated 16-mers
which each had a central serine or threonine residue as a phosphoacceptor site, and the
mixtures were designed such that a different amino acid residue was fixed at each of the
nine positions immediately surrounding the phosphoacceptor site. In vitro kinase assays
were performed in 1536-well plates using [γ-33P]-ATP. Following the kinase reaction, the
peptides were spotted onto an avidin-impregnated membrane, and the membrane was
washed to remove the unincorporated radiolabel and exposed to a phosphorimager. The
extent of phosphorylation of each peptide mixture was quantified to calculate a postion
weight matrix representing the observed amino acid preferences. Motifs were generated for
61 yeast kinases that were then used to bioinformatically generate predictions for novel
kinase–substrate relationships. In addition, this study revealed a substrate specificity code in
which specific amino acids in the kinase domain were found to confer a specific amino acid
preference in its targeted consensus phosphorylation motif.

Budovskaya et al. used a similar motif searching strategy to predict substrates for the yeast
PKA, a highly conserved serine (S)–threonine (T) kinase with a consensus phosphorylation
motif (RRx[S/T]φ, where φ is any hydrophobic residue) that has been thoroughly studied in
both lower and higher eukaryotes [16]. However, their study additionally incorporated
conservation analysis into their motif searches and systematically analyzed the
evoluationary conservation of PKA phosphorylation sites in the S. cerevisiae proteome
across a group of related budding yeasts (five Saccharomyces species and Candida
albicans). Using the assumption that functional in vivo phosphorylation sites are more likely
to be conserved, they were able to predict 44 candidate PKA phosphorylation sites, five of
which fell within already known in vivo PKA substrates.

The use of whole cell lysates to identify novel kinase–substrate relationships has served the
basis of two different technologies to globally map phosphorylation. The first involves
performing solution kinase assays using analog-sensitive (AS) kinase alleles (Figure 1C).
AS kinase alleles are alleles in which the kinase of interest is mutated at a conserved bulky
residue in its ATP binding pocket to preferentially bind an ATP analog (N6-benzyl-ATP)
that cannot be accommodated by the wild-type form of the kinase. Tagged candidate
substrates from pooled extracts are first prepared and mixed with purified AS kinase in the
presence of a radiolabeled form of the ATP analog. The candidate substrates are then
purified, resolved by SDS-PAGE and exposed to a phosphoimager. Positive substrates are
identified as those having incorporated the radiolabeled phosphate. AS kinase allele
technology was successfully used by Ubersax et al. to identify 181 in vitro substrates of the
Cdk1 from 385 candidate proteins that contained multiple Cdk1 consensus phosphorylation
sites [17], and Loog and Morgan to reveal the specificity of approximately 40 of these 181
in vitro substrates for Clb5-Cdk1 over Clb2-Cdk1 [18]. AS kinase allele technology was
also used by Dephoure et al. to identify substrates of kinases with no known target
sequences by pooling multiple epitope-tagged strains and deconvoluting those pools that
showed positive phosphorylation to identify specific substrates; they screened 4250 yeast
proteins and identified 24 in vitro substrates of Pho85-Pcl1, which included the known
Pho85 in vivo substrate Rvs167 [19].

The second technology based on using whole cell lysates to identify novel kinase–substrate
relationships involves performing kinase assays within the context of a polyacrylamide gel,
a technology commonly referred to as reverse in-gel kinase assay (RIKA) (Figure 1D). In
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RIKA, the kinase of interest is polymerized in a denaturing polyacrylamide gel that is
subsequently used to resolve a tissue or cell protein extract [20]. Following 2DE, the gel is
subjected to a series of washes to remove the SDS detergent and refold the kinase and
candidate substrates into their native forms. An in situ kinase reaction is then performed by
incubating the gel in kinase buffer containing radiolabeled ATP. Substrates phosphorylated
by the kinase of interest are identified using autoradiography, and the identities of the novel
substrates are determined by mass spectrometry analysis of the corresponding spots excised
from a silver-stained gel run in parallel without kinase. Using this method, Li et al.
identified ten novel in vitro substrates for casein kinase 2 and two novel in vitro substrates
for PKA [21]. A reciprocal approach has also been developed in which the substrate, instead
of the kinase, is immobilized by polymerization in a denaturing polyacrylamide gel that is
subsequently used to resolve putative cognate kinases. Lo et al. used a modified version of
this reciprocal approach, which utilized fluorography instead of radiography to visualize the
phosphorylated substrates, to identify Snf1 as a relevant histone H3-phosphorylating kinase
[22].

The advantage of these biochemical approaches is that the entire complement of potential
substrates targeted by a specific kinase can be comprehensively and rapidly determined.
Thus, these studies have proven to be powerful tools in increasing the number of kinase–
substrate relationships known. Notably, each of these biochemical approaches also has
unique strengths, and so the data generated from these studies is complementary. The
strength of protein microarrays is its throughput with thousands of candidate substrates able
to be screened systematically in a spatially addressable manner in single in vitro kinase
reaction. On the other hand, the strength of peptide libraries is their ability to additionally
provide information for mapping the actual phosphorylation site within the substrate’s
amino acid sequence. AS kinase alleles have the strength of being able to have the kinase
assay conditions more closely mimic physiological conditions; and RIKA has the strength of
being relatively inexpensive in that multiple substrates are assayed against a single kinase at
the cost of running a polyacrylamide gel.

The in vitro nature of these technologies however means that there are also limitations to
these approaches in accurately predicting novel kinase–substrate relationships. Most purified
recombinant protein kinases exhibit promiscuity in substrate specificity. In vivo, part of this
promiscuity is regulated by cellular compartment partitioning. By contrast, in vitro, because
of the lack of cellular compartment partitioning, kinases are able to phosphorylate proteins
that they would never encounter in vivo. Consequently, such in vitro biochemical
approaches routinely yield a high number of false positives and require in vivo follow-up
experiments to identify those kinase–substrate relationships that are physiologically
important. Furthermore, each approach also has other distinct limitations. For example, the
use of protein microarrays is biased by candidate substrate proteins being represented in
unequal quantities on the chip because of missing clones, variable expression of the clones,
misfolded proteins, truncations and the loss of priming post-translational modifications
during the purification process. Protein microarrays are further biased by their requirement
of a kinase purification step, as many kinases rely on tertiary structure, which may not be
preserved during purification, and/or the presence of scaffolding proteins to be efficiently
recruited to its target substrate. Indeed, Ptacek et al. were only able to validate 9% of the
substrates that were phosphorylated by the protein microarray assay by gel mobility shift
assay and/or western blotting using phosphospecific antibodies [4]. Peptide libraries are
similarly biased by their requirement for a kinase purification step. However, the use of
peptide libraries also suffers from a dependence on motif-scanning algorithms, which are
known to be prone to a high rate of false positives. This high rate of false positives is likely
to be caused by the fact that removing peptide sequences from the context of the full-length
protein often exposes residues normally masked in native conformation. The use of AS
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alleles is limited by the tolerance of the kinase of interest to mutations as many kinases lose
catalytic activity or cellular function with any alterations to its ATP binding pocket [23], and
RIKA is reliant upon being able to purify a substantial amount of substrate to near
homogeneity and efficient renaturation of the kinase into its active form in the gel.

In vivo-based technologies for phosphorylation mapping
Other technologies used to globally map phosphorylation in yeast by identifying novel
kinase–substrate relationships include in vivo-based genetic approaches. In contrast to
biochemical approaches that assay for the actual molecular targeting of a substrate by a
kinase, genetic approaches more generally assay for the dependence of one gene product on
another in producing a specific phenotype. Genetic approaches in turn boast the advantage
of providing functional information about the kinase of interest. In these approaches, cells
carrying gain- or loss-of-function kinase mutations are screened for suppression or
exacerbation phenotypes caused by the overexpression or mutation of another gene (Table
1). Thus, as both gain- and loss-of-function phenotypes are rare (~17 and ~15%,
respectively), the main caveat for such a screen is having an assayable phenotype [24,25].
Such approaches nevertheless have successfully led to identification of Kin28 and Bur1 as
substrates targeted by the Cdk-activating kinase Cak1; overexpression of CAK1 suppressed
both a kin28 and bur1 temperature-sensitive mutant, and further analysis demonstrated that
Kin28 and Bur1 are activated by Cak1-dependent phosphorylation [26–28]. Such
approaches also led to the identification of 65 candidate substrates for the Cdk Pho85,
including the calcineurin-responsive transcription factor Crz1; previous work had shown
Pho85 to negatively regulate its targets, and Pho85 candidate substrates were identified by
screening an overexpression genomic library for synthetic dosage lethality in a strain lacking
Pho85 [29]. Crz1 was later validated to be a bona fide Pho85 substrate by mutational studies
showing that Crz1 transcriptional activity and localization were dependent on Pho85-Pho80
kinase activity. Fiedler et al. extended these phosphorylation studies by using this same
approach to analyze nearly every yeast protein kinase (121) and phosphatase (38), as well as
their regulatory proteins (45 and 39, respectively) [30]. The pairwise genetic interactions of
483 alleles were evaluated, resulting in a total of approximately 100,000 pairwise genetic
interaction measurements. Interestingly, in addition to identifying a number of novel
positive functional relationships among kinases, phosphatases, and their substrates, the
analysis by Fiedler et al. uncovered triple motifs in which three genes exhibited strong
interactions, either positive or negative, with one another suggesting the existence of
previously unknown pathway connections. One such triple motif was found between the cell
cycle (Cak1), the Fus3 mitogen-activated protein kinase pathway, and the regulation of
chromatin integrity during transcription by RNA polymerase II.

Additional technologies used to globally map phosphorylation in yeast involve mass
spectrometry. Mass spectrometry is a technique that enables the quantitative and
simultaneous identification of thousands of proteins in a complex biological sample (e.g.,
whole cell extracts), and in recent years has been adapted to analyze phosphorylation
signaling pathways. Early mass spectrometry studies contributed to the global mapping of
phosphorylation in yeast by identifying thousands of in vivo phosphorylation sites, which
currently continues to serve as an invaluable resource for both motif analysis and
bioinformatic kinase–substrate predictions. More recent mass spectrometry studies
continued to add to the number of identified in vivo phosphorylation sites, but more
importantly, also provided information linking the cognate kinases to these newly identified
phosphorylation sites.

Because phosphoproteins are generally of low abundance, a common feature of mass
spectrometry phospho-mapping studies is a phosphopeptide enrichment step. Typically,
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phosphopeptide enrichment strategies involve the isolation of phosphopeptides by solid-
phase methods, either through the direct binding of phosphate groups or chemically
modified phosphate groups. Regardless of the phosphopeptide enrichment strategy used,
whole cell extracts are prepared in the presence of protease and phosphatase inhibitors. Once
the extract is prepared, it is treated with a protease, such as trypsin or chemotrypsin, to
generate a mixture of small peptides for fragmentation by mass spectrometry.
Phosphopeptides are then isolated from other peptides, introduced into the mass
spectrometer via liquid chromatography coupled to electrospray ionization or by using
MALDI, and identified by comparing the resulting fragmentation spectra obtained from the
mass spectrometer to primary sequence databases.

Thus far, three different phosphopeptide enrichment strategies have successfully been used
to analyze the yeast proteome: immobilized affinity chromatography (IMAC), strong cation
exchange (SCX) and, most recently, hydrophilic interaction chromatography (HILIC).
IMAC relies on the affinity of phosphate groups for positively charged transition metals,
namely Fe3+ and Ga3+, that are bound to tethered chelating reagents present on solid phase
supports. The effectiveness of IMAC to map phosphorylation has been demonstrated by
several of the early yeast mass spectrometry studies; IMAC was used by Ficarro et al. to
identify 383 phosphorylation sites on 216 proteins [31], Li et al. to identify 2288
phosphorylation sites on 985 proteins [32] and Chi et al. to identify 1252 phosphorylation
sites on 629 proteins [33]. By contrast, SCX separates phosphorylated from non-
phosphorylated peptides based on the charge difference associated with the negatively
charged phosphate group. At low pH, singly phosphorylated peptides display a net charge of
+1, which is different to non-phosphorylated peptides, which have a net charge of +2. One
issue with SCX is that only singly phosphorylated peptides are enriched; all singly
phosphorylated peptides with basic residues or multiply phosphorylated peptides have a net
charge other than +1 and therefore will be missed in the analysis. Thus, Gruhler et al.
strategically used SCX, in combination with IMAC, to analyze α-factor-arrested yeast cells
and identified 729 phosphorylation sites on 503 proteins [34]. HILIC separation depends on
the interaction with hydrophilic and charged amino acid residues in the phosphopeptides and
has most recently been used as part of a multidimensional chromatography method in a
study by Albuquerque et al. [35]. Albuquerque et al. used HILIC, in combination with
IMAC, to identify 8764 distinct phosphopeptides from 2278 proteins, 756 of which were
doubly phosphorylated. Taken together, these studies have been paramount in the
identification of thousands of biologically relevant phosphorylation events, and are an
invaluable resource for motif analysis and bioinformatic predictions of novel kinase–
substrate relationships.

The more recent mass spectrometry studies have incorporated advances in quantitative mass
spectrometry to study the yeast proteome and thus have enabled these in vivo
phosphorylations to be linked to their cognate kinases. These studies use stable isotope
labeling to compare the phosphoprotein complement between wild-type and kinase-deficient
cells or organisms and identify those phosphopeptides whose abundance is dependent upon
the kinase activity. One of these more recent mass spectrometry studies was performed by
Smolka et al. in which they analyzed the yeast DNA damage checkpoint kinases Mec1, Tel1
and Rad53 using IMAC and SCX [36]. They identified 2653 phosphorylation sites in wild-
type and various kinase null alleles and observed 62 phosphorylation sites from 55 proteins
that were regulated by the DNA damage checkpoint. Chen et al. extended these studies by
conducting similar analyses that instead made use of HILIC and identified 53 additional,
along with 34 previously known, targets of Mec1, Tel1, Rad53 and Dun1 [37]. Quantitative
mass spectrometry was also used by Bodenmiller et al. to conduct a more comprehensive
study of yeast phosphorylation, which analyzed 97 kinase and 27 phosphatase mutants and
resulted in the identification of 8814 regulated phosphorylation events that mapped to 1026
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proteins [38]. These studies impressively demonstrate the ability of quantitative mass
spectrometry to identify not only which proteins are phosphorylated in vivo, but also which
kinases are responsible for these phosphorylation events, and thus underscore the emergence
of mass spectrometry as the current dominant technology for studying phosphorylation
signaling. It is important to point out, however, that some of the regulated phosphorylation
events identified in these studies are likely to have been caused by indirect relationships –
that is, the abundance of a particular phosphopeptide may change, despite not being a direct
molecular target of the perturbed kinase. Thus, orthogonal genetic and/or biochemical
analyses are needed to verify these novel kinase–substrate relationships.

Network topology
With thousands of newly identified kinase–substrate relationships, these efforts to globally
map phosphorylation in yeast have laid the essential groundwork for assembling a first-
generation yeast phosphorylation network, in which each phosphorylation event is
represented as a directed arc starting from the kinase and ending at its corresponding
substrate. In-depth analysis of this phosphorylation network has taught us much about the
complexity with which various signaling pathways are interconnected. However, analyses of
network dynamics and evolution has also taught us that this first-generation yeast
phosphorylation network is an oversimplified representation of the actual yeast
phosphorylation network, which largely ignores the time- and condition-specific nature of
phosphorylation events, and thus, much still remains to be learned about the mechanisms
underlying basic cellular processes, and in turn human disease in general.

A wide range of statistical methods have been developed for the structural and functional
analysis of biological networks, from measuring global topological parameters to
characterizing smaller sub-networks, and comparative analysis between various types of
networks. To capture the architecture of the phosphorylation network, initial efforts to
characterize the yeast phosphorylation network have been aimed at analyzing topological
parameters. These topological parameters include basic features, such as degree, distance,
diameter, clustering coefficients and betweenness centrality, as well as more complicated
features, such as degree distributions and enriched network motifs [39]. Degree
characterizes the number of links connected to one node, or how well one node is connected
in the network. In directed networks such as the phosphorylation network, the number of
arcs that end at one node is termed as ‘indegree’, and the number of arcs that start from one
node is termed as ‘out-degree’. Distributions of degrees, or how fast the fractions of nodes
that have k connections decay with k, vary in real-world networks and therefore were
applied to make classifications among different networks. Distance is defined as the shortest
path length between two nodes, and the maximum distance between any two nodes is
defined as graph diameter. Diameter characterizes how far apart every node is separated
from other nodes, and the clustering coefficient topological parameter measures how likely
the nodes in one graph are to group together. Real-world networks, including the yeast
phosphorylation network, tend to have higher clustering coefficients than random networks
[40]. Finally, betweenness centrality measures the fraction of the shortest paths between all
pairs of vertices that pass through one vertex or link and gives an estimation of the traffic
load through one node or links assuming the information flows over a network by primarily
following the shortest available paths.

Analyses of these topological parameters indicate that the yeast phosphorylation network is
not randomly organized. Instead, the yeast phosphorylation network bears a similar structure
to the yeast transcription factor-binding network, which was assembled by linking the
transcription factors to their binding targets, suggesting that such key regulators probably
use similar mechanisms in organizing their targets (Figure 2). First, unlike the well-studied
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protein–protein interaction network, interactions in both the phosphorylation and
transcriptional factor-binding networks are directed from regulators to the regulated targets.
Second, most topological parameters are comparable between the two networks with the one
exception being that the transcription factor-binding network is larger and sparser, and
therefore has a bigger network diameter. By contrast, a control network generated by
random permutation of the phosphorylation network while keeping the same number of
vertices and arcs has a bigger diameter, smaller average cluster coefficient, and larger
average betweenness, suggesting that the nodes in the random network are on average less
clustered and have higher traffic load. Third, unlike the bell-shaped degree distributions in
the random network, both the phosphorylation and transcription factor-binding networks
have an exponential in-degree distribution and a power law out-degree distribution. A
network with a power law degree distribution is commonly recognized as a ‘scale-free’
network, which is more likely to contain ‘hub’ nodes with a large number of connections
[41]. Previous studies have shown that the structure of scale-free networks is more robust
against the loss of random nodes than scaled networks, which may explain why they are
preferred in many biological networks [42–46].

Network motifs
In addition to topological parameters, initial efforts to characterize the yeast phosphorylation
network have also been aimed at analyzing the yeast phosphorylation network for smaller
common patterns, or motifs, that are present in much higher frequencies relative to random
networks. Common motifs characterized thus far include feed forward loop (FFL), dense
overlapping regulons (DOR) and single input module (SIM), of which FFL was the only
motif not found to be enriched in the current yeast phosphorylation network [39,47]. FFL
was originally characterized in the Escherichia coli transcription factor-binding network as
an efficient model to carry out stable and precise transcriptional regulations even with
transient fluctuations at the regulator levels [48]. FFLs are probably not significantly
enriched in the current yeast phosphorylation network because the approach used to
assemble the network underestimates the number of phosphorylation events between kinases
[4]. However, it is also possible that the lack of FFL in phosphorylation networks reflects
the biology of these networks, since phosphorylation does not always directly affect protein
expression and instead may drive transient signals that lead to extremely rapid responses in
the order of a few minutes.

Three network motifs, two DOR motifs and one SIM motif, were enriched in the yeast
phosphorylation network relative to random networks (Figure 3A). The first motif that was
enriched is the ‘bi-fan motif ’, a simple version of the DOR motif in which two kinases
phosphorylate two targets. This bi-fan motif may suggest a way in which a limited number
of regulators can be used to precisely control a large number of targets under several
different conditions. The second motif that was enriched is the ‘bi-parallel motif ’, a four-
element motif in which a regulator controls two other regulators that in turn both regulate
one target gene. This motif may indicate potential redundancy. Finally, a SIM motif was
also significantly enriched in the yeast phosphorylation network, reflecting the preference of
kinases for specific substrates. However, it should be noted that the number of SIMs may be
overestimated because of the incompleteness of the phosphorylation dataset and will likely
decline as more phosphorylation interactions are identified.

Network integration
Efforts to characterize the phosphorylation network have also been aimed at integrating the
yeast phosphorylation network with other types of interaction data. These efforts have led to
the discovery of composite motifs that contain multiple types of interactions and elements as
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basic units [4]. Integration of transcription factor-binding, protein–protein interactions and
phosphorylation data from yeast has generated a mega-network of over 60,000 interactions.
Investigations of this mega-network revealed seven three-element kinase-centered
composite motifs (Figure 3B), of which five (motifs 1–5) were over-represented. These
composite motifs involve at least one kinase–substrate interaction pair (referred to as
‘kinates’) and one other type of interaction (protein–protein interaction or transcription
factor-binding). There recently have been two studies analyzing the crosstalk between the
phosphorylation network and protein–protein interaction network. In one study, Breitkreutz
et al. used immunoprecipitation and mass spectrometry [49] to identify 1844 protein–protein
interactions for 130 protein kinases, 24 lipid and metabolic kinases, 47 kinase regulatory
subunits, 38 protein phosphatases, 32 phosphatase regulatory subunits and four metabolic
phosphatases [49]. In the second study, Fasolo et al. used protein microarrays to identify
1023 protein–protein interactions for 85 protein kinases, the majority of which were distinct
from those previously identified by mass spectrometry [50]. Comparison with various high-
throughput phosphorylation mapping studies showed limited overlap between the kinase
phosphorylation interactions and kinase protein–protein interactions, suggesting that the two
types of interactions are independent. In addition, further investigation of Kss1 showed
cellular pathways to be highly intertwined on multiple levels, giving credence that the
network integration can both assist in uncovering proteins that are important in multiple
types of interactions and provide a more comprehensive view of their cellular functions.

Network dynamics
Efforts have also been made to analyze the network dynamics of the yeast phosphorylation
network. All biological networks exhibit complex dynamic behavior, and it is this complex
dynamic behavior that enables cells to react to various conditions or cell states. Because
phosphorylation events are the result of transient associations between kinases and their
targets, phosphorylation networks are far from being static. Thus the components,
connections and network architecture in the yeast phosphorylation network all change
dramatically in different cellular environments. For example, the activity of the Cdk Cdc28
depends on its association with various types of cyclins, and this quality of Cdc28 is what
enables specifically timed phosphorylation events to be executed in a precise order, ensuring
a robust mitotic cell cycle [51]. In addition, multiple phosphorylation sites within the same
protein may also be regulated differently. The phosphorylation of initiation factor Sld2 by S-
phase Cdks (S-Cdks) triggers the protein–protein interactions between Sld2 and Dbp11 [52].
The multiple phosphorylation sites on Sld2 by S-Cdks are regulated differently, with the key
site on the threonine 84 residue phosphorylated only when Sld2 is hyperphosphorylated by
S-Cdks on other loci, causing a conformation change of Sld2 to reveal the Thr84 site [53].
Unfortunately, the current yeast phoshorylation network neglects these sorts of diversities
among the different phosphorylation sites and simplifies all the sites from one protein as one
node.

Evolution of yeast phosphorylation modifications
Efforts aimed at analyzing the conservation of network components and connections of the
yeast phosphorylation network have also been performed. Such conservation analysis has
proven to be useful in mapping novel interactions in other organisms [54]. Core components
of a network tend to be conserved, whereas elements at the periphery or false interactions
are not. Thus, as alluded to earlier with the Budovskaya et al. study [16], if the kinase and
the phosphorylation sites are highly conserved, well-characterized links in model organisms
can be mapped in other species to predict novel kinase–substrate interactions.
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However, although conservation of network components and connections may have value
for mapping conserved interactions and common features among organisms, many
regulatory interactions are not conserved. In fact, comparative genomic studies among
several yeast species suggest phosphorylation sites to be more prone to mutations than
unphosphorylated control sites, probably because of the enrichment of phosphorylation sites
in fast evolving disordered regions [55,56]. Furthermore, different types of phosphorylation
sites in reality evolve at different rates. For example, it has been suggested that proline-
directed phosphorylation sites in MAPK substrates are not conserved at the exact positions,
rather the overall charge in the targeted region in the substrate is conserved by having
several phosphorylation events occur within a short sequence [57]. By contrast,
phosphorylation sites with a local basic amino acid (+3R) are highly conserved, probably
because the phosphorylation site will already have a significant impact on the local charge.

Despite the fast evolution of phosphorylation sites, the functions of kinase–substrate
phosphorylations may still be well conserved as othologous kinases may still regulate the
same targets on different, but related, sites. Interestingly, further studies indicate that
kinase–substrate interactions evolve slower than transcription factor–target interactions, but
much faster than other types of biological interactions, confirming that the important role of
rapid regulatory network rewiring in evolutionary innovations and adaptations [58,59].

Expert commentary
The explosion of new technologies that have enabled phosphorylation mapping on a global
scale has furthered our understanding of the role phosphorylation in eukaryotic signaling
networks over the last 5 years. We have witnessed the mapping of thousands of novel in
vitro phosphorylation sites, the generation of consensus phosphorylation motifs for half of
the S. cerevisiae kinases enabling the prediction of thousands of additional kinase–substrate
relationships, and identification of thousands of additionally mapped in vivo phosphorylation
sites that await being linked to their cognate kinases. Most importantly these technologies
have identified 54 novel biologically relevant in vivo kinase–substrate relationships to date.

It should nonetheless be noted that since the activity of the various signaling pathways is
dependent on the cellular state of the yeast, kinases exhibit different activities under
different conditions. An example already mentioned is the Cdk Cdc28, which when coupled
to different cyclins during different points of the cell cycle, targets different sets of
substrates. Thus, since current mass spectrometry analyses have been focused on actively
growing cells in rich media, phosphorylation events that are triggered only under special
conditions, such as heat, nitrogen, salt and low-glucose stress, still need to be mapped.

Furthermore, while we do have a better handle on the scope and complexity of
phosphorylation in yeast, we still lack a complete understanding of how the various
phosphorylation signaling pathways are interconnected. Crucial to achieving this complete
understanding is being able to definitively link a specific phosphorylation event to a
particular kinase in vivo. The most significant efforts aimed in this direction thus far include
using quantitative mass spectrometry to perform parallel analysis of wild-type and kinase
deficient strains, as in the Smolka et al. [36] and Chen et al. [37] studies that looked at
kinases involved in the DNA damage checkpoint, as well as the more comprehensive
Bodenmiller et al. [38] study that surveyed 97 kinases and 27 phosphatases during log phase
growth in synthetic defined media. However, additional studies looking at the remaining
kinases during log phase growth in synthetic defined media as well as all the kinases under
other growth conditions are undoubtedly necessary. Other efforts aimed at being able to
definitively link a specific phosphorylation event to a particular kinase in vivo include using
bioinformatics to integrate the yeast proteomic datasets. Sopko et al. [29] demonstrated the
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power of data integration by filtering the genetic data generated from their Pho85 synthetic
dosage lethality screen using the biochemical data generated from Ptacek et al.’s [4] Pho85
protein microarray kinase assay to identify Crz1 as a bona fide Pho85 substrate. Here, one
phosphoproteomic dataset was integrated with a complementary phosphoprotoemic dataset;
however studies that integrate multiple orthologous datasets, both phosphoproteomic and
non-phosphoproteomic, should be able to shed even more light on these phosphorylation
signaling pathway relationships.

Five-year view
In the immediate future, we should look to continue efforts aimed at definitively linking a
specific phosphorylation event to a particular kinase by mapping more time- and condition-
specific phosphorylation events. In vivo technologies, such as quantitative mass
spectrometry analysis and genetic screens, will play significant roles here, as will detailed
biochemical assays characterizing enzyme kinetics. With dynamic phosphorylation data, we
will then be primed to assemble a next-generation yeast phosphorylation network that
evolves in real time, with weighted links from kinases to the targeted sites reflecting the
specific enzyme kinetics. Furthermore, this next-generation yeast phosphorylation network
can be integrated into a more comprehensive multilayered model of the eukaryotic cell,
encompassing various types of biological information, such as protein–protein interactions,
transcriptional activity and metabolic regulations [60,61].

Future efforts should also be targeted at mapping phosphorylation in both related yeast
species and in higher eukaryotes to understand how phosphorylation events have evolved
across time. Such information will not only help to explain the phenotypic variations among
different yeast species, but also reveal the mechanisms underlying misregulated conserved
pathways associated with human disease phenotypes.
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Key issues

• Saccharomyces cerevisiae has successfully served as a model system with
which to develop new technology aimed at globally mapping phosphorylation in
eukaryotes.

• A number of technologies have adopted the strategy of increasing the
throughput of in vitro kinase assays. These include the use of protein
microarrays, peptide libraries, analog-sensitive kinase alleles and
polyacrylamide gels in which the kinase or substrate of interest has been
polymerized. While these technologies enable the prediction of thousands of
candidate substrates for a kinase, a high number of false positives result owing
to their in vitro nature.

• Genetic-based technologies have also been used, and involve screening cells
carrying gain- or loss-of-function kinase mutations for suppression or
exacerbation phenotypes caused by the overexpression or mutation of another
gene. Such genetic screens have the advantage of only identifying those novel
kinase–substrate relationships that are of functional significance.

• Other technologies include the use of mass spectrometry. These technologies
have the advantage of only providing information about phosphorylation events
that occur in vivo, and adaptations to mass spectrometry that allow for
quantitative analysis of phosphorylation have proven to greatly aid in
uncovering regulated phosphorylation events, in which both an in vivo
phosphorylation site and its putative cognate kinase are identified.

• The yeast phosphorylation network is significantly different from random
networks, but shares similarities with the transcription factor-binding network.

• Network motifs, defined as small circuits connecting network nodes, reflect
distinct architecture features in various biological networks. A bi-fan motif, a bi-
parallel motif and a single-input module motif, were found to be enriched in the
yeast phosphorylation network.

• The yeast phosphorylation network is highly dynamic; interactions are
constantly being rewired in different cell stages and evolve at a rapid rate in the
tree of life. Thus, future phosphorylation studies should be targeted at not only
definitively linking a phosphorylation event to its cognate kinase in vivo, but
also mapping more time- and condition-specific phosphorylation events.
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Figure 1. Phosphorylation mapping on a global scale
(A) Protein microarrays containing approximately 4400 of the approximately 6000 yeast
proteins spotted in duplicate at high spatial density onto glass slides were incubated with
kinase and radiolabeled ATP, washed and developed by autoradiography [4]. Positive
substrates were determined by quantifying the amount of radiolabel incorporated at each
pair of spots relative to the corresponding pair on a control slide assayed in parallel in the
absence of kinase. (B) The peptide library used by Mok et al. was a positional-scanning
solution-phase library made up of 198 distinct mixtures of biotinylated 16-mers, which each
had a central serine or threonine residue as a phosphoacceptor site, and a different amino
acid residue fixed at one of the nine positions surrounding the phosphoacceptor site [15].
Kinases were assayed against the peptides in 1536-well plates using radiolabeled ATP, and
upon completion of the reaction, the peptides were spotted onto an avidin-impregnated
membrane that was then washed and exposed to a phosphoimager. The extent of
phosphorylation of each mixture was quantified to generate a motif representing the amino
acid preferences targeted by the kinase. (C) Analog-sensitive kinase alleles were generated
by mutating the ATP binding pocket; such binding is favored for an ATP analog that cannot
be accommodated by wild-type kinases. Lysates prepared individually from strains
containing candidate substrates epitope-tagged at their endogenous locus were mixed with
the purified kinase and a radiolabeled form of the ATP analog. The candidate substrates
were then purified and resolved by gel electrophoresis before being exposed by
autoradiography. Positive substrates were determined as those bands appearing on the
autoradiograph indicating incorporation of the radiolabeled phosphate. (D) In reverse in-gel
kinase assay, the kinase of interest was first polymerized in a denaturing polyacrylamide gel
that was subsequently used to resolve a protein extract containing the candidate substrates
by 2DE. The gel was then washed thoroughly to remove the SDS detergent and refold the
proteins into their native forms, incubated in kinase buffer containing radiolabeled ATP and
exposed using autoradiography. Positive substrates were determined as those spots
appearing on the radiograph having incorporated the radiolabeled phosphate. The identities
of the novel substrates were determined by excising the corresponding spots from a silver-
stained gel run in parallel without any kinase and analyzing them by mass spectrometry.
ORF: Open reading frame; TAP: Tandem affinity purification.
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Figure 2. Network comparisons
The yeast phosphorylation network shares similar topological features with the transcription
factor-binding network, but differs significantly from a random network permutated from
the phosphorylation network. Regulators (kinases or transcription factors) are colored
magenta, targets red and regulation interactions black. Both the phosphorylation and
transcription factor-binding networks have power law in-degree distributions and
exponential out-degree distributions, with many other comparable topological parameters
between the two networks.
This figure was generated using the program Pajek [62].
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Figure 3. Network motifs in the yeast phosphorylation network
(A) Three common motifs were enriched in the phosphorylation network: (1) a bi-fan motif
in which two regulators bind common targets; (2) a bi-parallel motif in which one regulator
controls two other regulators that in turn regulate one target gene; and (3) a single input
module motif in which one regulator binds to multiple targets. (B) Seven three-element
kinase-centered composite motifs are listed: (1) an interacting kinate motif in which one
kinase phosphorylates two interacting substrates; (2) a scaffold motif in which one protein
interacts with both a kinase and its substrate; (3) a TF-regulated kinate motif in which one
TF regulates the expression of both a kinase and its substrate; (4) a kinate regulon motif in
which one kinase phosphorylates both a TF and the target regulated by the TF; (5) a kinate
feedback loop I motif in which a kinase phosphorylates a protein that interacts with a TF
that in turn regulates the expression of that kinase; (6) a kinate feedback loop II motif in
which a kinase phosphorylates a TF whose target physically interacts with the kinase; and
(7) a heterosubstrate regulation motif in which an interacting kinase and TF regulate one
target together. Motifs (1) – (5) were enriched in the yeast integrated network.
TF: Transcription factor.
The enrichment p-values in (A) are generated by mfinder [63].
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Table 1

Mapping phosphorylation by synthetic dosage lethality.

Kinase Substrate Effect

+ + No effect

− + No effect

+ − No effect

− − Lethality

Strains containing gain- or loss-of-function kinase mutations were screened for the suppression or exacerbation of phenotypes resulting from the
overexpression or mutation of the candidate substrates. Thus, strains containing the mutated kinase or substrate alone were viable, but strains
containing both the mutated kinase and substrate were not.
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