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Experimental and computational tools useful for
(re)construction of dynamic kinase–substrate networks
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The explosion of site- and context-specific in vivo phosphorylation events presents a potentially rich source of biological knowledge and calls for novel data analysis and modeling
paradigms. Perhaps the most immediate challenge is delineating detected phosphorylation
sites to their effector kinases. This is important for (re)constructing transient kinase–substrate interaction networks that are essential for mechanistic understanding of cellular
behaviors and therapeutic intervention, but has largely eluded high-throughput proteininteraction studies due to their transient nature and strong dependencies on cellular context.
Here, we surveyed some of the computational approaches developed to dissect phosphorylation data detected in systematic proteomic experiments and reviewed some experimental
and computational approaches used to map phosphorylation sites to their effector kinases in
efforts aimed at reconstructing biological signaling networks.
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1

Introduction

Extra- and intracellular cues are constantly assimilated and
processed by the cell to elicit appropriate cellular behaviors,
such as proliferation, differentiation, migration and apoptosis, needed for survival and morphological development.
These cues are propagated, processed and integrated
through complex cellular protein signaling networks, which
are constantly being modulated by mechanisms such as
reversible post-translational modifications [1], differential
protein expression and degradation, that enable a cell to
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respond differently to identical stimulus depending on the
state of the cellular networks [2, 3].
Protein phosphorylation is probably the most prevalent
reversible post-translational modification in cells, estimated
to affect one-third of cellular proteins [4], and is known to
influence proteins’ enzymatic activities, 3-D structure, subcellular localization and interactions with other biomolecules [5]. The dynamic balance between protein phosphorylation (by protein kinases) and their dephosphorylation (e.g.
by phosphatases or protein degradation) in response to
combinatorial intra- and inter-cellular cues impose dynamic
structures in protein-interaction networks which function as
molecular switches or logic gates to regulate cellular activities [1, 6]. Regulation errors in protein phosphorylation or
dephosphorylation often result in dysfunctional cellular
processes leading to cancer and complex regulatory diseases
[7, 8]. Hyper-phosphorylated retinoblastoma protein, for
instance, is linked to multiple cancers [9–11] while hypophosphorylated retinoblastoma protein is implicated in
adult T-cell lymphoma progression [12]. Hence, deciphering
the modulation of cellular protein-interaction networks by
www.proteomics-journal.com

5234

C. S. H. Tan et al.

protein phosphorylation events is essential for understanding and modeling cellular behaviors including disease
formation.
The enzymatic phosphorylation of proteins was probably
first described by Burnett and Kennedy in 1954 [13, 14]. By
the 1980s, the formations of some cancers have been identified as the repercussions of aberrant phosphorylation
events [15]. Through the 1980s and 1990s, phosphoproteins
and their phosphorylated sites continued to be discovered
with their functions deciphered in a hypothesis-driven
manner through targeted biochemistry and genetic experiments [13]. Despite this, our understanding of protein
phosphorylation in the context of cell signaling and
tumorigenesis remains relatively fragmented. A probable
reason is the abstraction or reductionist’s approach whereby
complex and multi-factored diseases like cancer are attributed to one or a few genes when cellular processes, like the
transformation of a normal cell to a cancerous cell, arise
from complex interplay between cellular proteins through
protein–protein interactions and post-translational modifications such as protein phosphorylation [1, 5, 8].
Phosphoproteins were traditionally detected using inorganic phosphate isotopes like P32 or using antibodies that
target phosphor residues. Advances in instrumentation,
phosphopeptide enrichment techniques and spectra searching
algorithms have recently propelled MS as the method of choice
for phosphorylation analysis because the approach allows rapid
identification of numerous cellular phosphoproteins and their
phosphorylated sites. An advantage of MS-based assays is that
numerous phosphorylation sites can be detected under relevant physiological and cellular conditions (see, e.g. [16]). As
phosphorylation events often occur in low stoichiometry
(especially for tyrosine phosphorylation), enrichment of
trypsin-derived phosphopeptides using affinity reagents like
antibodies, IMAC, [17, 18], strong cation exchange chromatography (SCX) [19], TiO2 (titanium dioxide chromatography)
[20, 21] often precede phosphopeptide identification by MS.
With the development of quantitative approaches like stable
isotope labeling by amino acids in cell culture (SILAC) [22],
isotope-tagged amine-reactive reagents (iTRAQ) [23] and
isotope-coded affinity tags (ICATs) [24] to differentially label
proteins from different samples, the relative quantitative level
of phosphorylation of many sites under different biological
conditions can be unraveled.
The explosion of site- and context-specific in vivo phosphorylation events presents a potentially rich source of
biological knowledge and calls for novel data analysis and
modeling paradigms. The most immediate challenge is
likely delineating detected phosphorylation sites to their
effector kinases. This is important for (re)constructing the
transient kinase–substrate interaction networks that are
essential for mechanistic understanding of cellular behaviors and therapeutic intervention [1, 8] but have largely
eluded high-throughput protein-interaction studies [25, 26]
due to their transient nature and strong dependencies on
cellular context. The rapid detection of thousand of phos& 2009 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim
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phorylation sites and their dynamics under different cellular
conditions, cell lines and tissues has also necessitated
computational analysis of the underlying data. Here, we
surveyed some of the computational and experimental
approaches that have been adopted to analyze large-scale
phosphorylation data sets and to (re)construct transient
kinase–substrate interaction networks.

2

Computational analysis of large-scale
or dynamic phospho-proteomic data

2.1 Clustering
Receptor kinases are a class of kinases that assimilate extracellular signals to initiate appropriate cellular behaviors.
Genome-wide studies of phosphorylation events initiated by
one such receptor kinase, epidermal growth factor (EGF)
receptor, have been conducted where sites differentially
phosphorylated at time points 1, 5, 10 and 20 min after EGF
activation in HeLa cells were obtained using quantitative
phospho-proteomic techniques [27, 28]. These studies
revealed the dynamic temporal nature of protein phosphorylation where different sites are preferentially up-, unchanged
or down-phosphorylated at different times after EGF stimulation. This time-series data permits the grouping of sites
with similar temporal profile to facilitate biological analysis.
Fuzzy c-means (FCM) clustering was adopted for the
purpose. Unlike other hard-partition methods like k-means
and self-organizing map (SOM), FCM allows an instance to
belong to different clusters with different score that add up to
1. Hence, FCM allows confident identification of members of
a cluster based on low-resolution data.
In work from Forest White’s lab [29], the temporal dynamic
of a large number of tyrosine phosphorylation sites were
analyzed under four time points (0, 5, 10 and 30 min) after 5,
10 and 30 min incubation of human mammary epithelial cell
line with 25 nM EGF with untreated cells as control. SOM
with U-matrix method of visualizing was used to identify coregulated phosphorylation sites. In essence, SOM is a technique for mapping high-dimensional data (in this case, each
site has 16 features corresponding to the four time points
under the four different treatments) to lower dimension, often
2-D, that facilitate manual grouping of clusters by visual
inspection. An advantage of SOM is it allows an overview of
each cluster’s similarities with other clusters.

2.2 Partial least-square regression
Partial least-square regression (PLSR) is a class of regression
technique that combined data compression technique
(through principal component analysis) with regression to
predict dependent variables using input variables from
limited samples. In situations where the number of input
variables exceeds the number of observations, or when the
www.proteomics-journal.com

5235

Proteomics 2009, 9, 5233–5242

input variables exhibit multi co-linearity (meaning some
variables are highly correlated), or when there are missing
data, PLSR is a preferred choice for regression analysis over
other conventional regression techniques. In a landmark
Systems Biology paper, Yaffe and Laufenburger labs used
PLSR to capture the quantitative physiological status of 11
signaling proteins at multiple time points after stimulation
by combination of there cytokines (tumor necrosis factor,
EGF and insulin) in HT-29 cells to predict cellular responses
with high accuracy [3]. The work highlighted the importance
of including the dynamic response of signaling molecules
upon cytokine stimulation in regression analysis as using
only the input cytokine concentration failed to predict the
observed cellular responses. PLSR was subsequently used,
by a similar group of researchers, to correlate the temporal
dynamics of tyrosine phosphorylation sites with migration
and proliferation cellular behaviors mediated by ErbB2
family of tyrosine receptors [30, 31]. Other works had also
used PLRS to correlate multiple signaling events to observed
cellular behaviors [2, 32]. A groundbreaking revelation from
these studies is that apparently genetically identical cells can
react differently to the same stimulus depending on the
current signaling network state [1].

2.3 Motif-based analysis
Another common data analysis strategy is identifying overrepresented sequence patterns among detected phosphorylation sites that may correspond to phosphorylation motifs
of kinases. This strategy can detect novel phosphorylation
motifs of uncharacterized kinases [33] or novel binding
motifs of phosphoresidue binding domains like SH2 and
PTB [5]. Although phosphorylation or binding motifs could
be determined by in vitro methods like protein microarray
and degenerate oriented peptide libraries (see below), the
experiments were conducted in in vitro context and thus
may not fully reflect the motifs in vivo. Motif discovery tools
such as Gibbs motif samplers [34], MEME [35], PRATT [36],
TEIRESIAS [37] and D-STAR [38] can be used to discover
motifs [39] from sets of phosphorylation sites detected in
phospho-proteomic experiments. For example, PRATT was
previously used to extract phosphorylation motifs in kinases’
substrates detected from protein chip experiments [40].
A shortcoming of many generic motif discovery algorithms is they do not explicitly correct for high occurrence of
some amino acids in proteins that are not necessary related
to phosphorylation, leading to false-positive motifs. MotifX
[41] is a recent motif extraction program specially developed
to extract phosphorylation motifs from phospho-proteomic
data in which background frequencies of amino acids are
incorporated to reduce false positives. MotifX was applied in
various studies to find known and novel motifs in
mammalian species [42–44] and in Arabidopsis [45]. Motifs
extracted by MotifX are restricted with either all amino acids
or a single amino acid is allowed at each position, therefore
& 2009 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

exclude motifs with degenerate positions like the pY-x-x[LIV] motif of JAK2 kinase [46]. Moreover, the greedy
iterative nature of the algorithm could potentially omit the
discovery of some motifs. MoDL is a motif discovery algorithm created to extract degenerated motifs found in phosphorylation data [47] using the principle of minimum
description length.
Motif extraction from phospho-proteomic data coupled
with downstream experimental validation could lead to
discovery of novel in vivo motifs of kinases and phosphoresidue binding domains. This is exemplified in Miller et al.
[48] where a novel binding motif for a SH2 domain in
inositol 5-phosphatase 2 SHIP2 was discovered. In the work,
481 unique phosphotyrosine peptides detected using
tandem MS experiments on mammalian cell lines were
grouped into 20 clusters followed by motif extraction using
TEIRESIAS. A novel N-terminal hydrophobic motif [DE]-x-xx-[ILV]-[ILV]-pY was extracted from one of the cluster, in
which three out of four peptides expressing the motifs were
validated to bind SHIP2 in pull-down assays. Mutational
analysis on two amino acid positions immediate N-terminal
to the phosphotyrosine confirmed the generality of the
motif. Interestingly, proteins expressing the motif are enriched with ‘‘cell surface receptor linked signal transduction’’
GO term, in line with known association of SH2-containing
protein with receptor-linked signaling. The work is probably
the first system-wide approach that combined both bioinformatics analyses and experimental validation to discover
novel motif. As our knowledge of specificity motifs of
kinases and phosphoresidue binding domains increases,
proteomics researchers can rely more and more on motif
atlases; this is one possible usage of the NetPhorest algorithm (see later) [49].

3

Experimental mapping of
kinase–substrate networks

Kinases typically interact transiently with their substrates to
transfer a phosphate group to phospho-acceptor residues on
substrates [1]. The transient nature of these kinase–substrate
interactions renders their detection by conventional proteininteraction assays challenging. Here, we highlight an
‘‘orthogonal’’ set of experimental methods that can be useful
for identifying substrates of different kinases and, hence,
facilitate the construction of kinase–substrate networks.

3.1 Protein and peptide microarray
Multiple putative protein substrates can be immobilized on a
solid support, such as glass slide or streptavidin membrane,
as miniature protein array or proteome chip [50]. They can
then be overlaid with isotope-labeled ATP and purified kinase
of interest [51, 52]. Phosphorylated substrates can subsequently be detected using high-resolution phosphorimaging
www.proteomics-journal.com
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[53]. This approach allows rapid screening for putative
substrates of a specific kinase using small amount of
reagents and can be scaled up for genome-wide assay [50]. For
example, using microarrays containing 4400 unique yeast
proteins [52], Ptacek and colleagues tested 82 yeast protein
kinases and identified 4200 phosphorylation events on 1325
yeast proteins [40]. In another study, potential substrates
of Abl and Abl-related gene (Arg) tyrosine kinases were
assessed using a microarray containing 2400 different human
proteins [54].
Kinase–substrate interactions detected using protein
microarray described above may not occur physiologically due
to lack of biological context, such as cellular co-localization
and/or protein co-expression between kinases and their
detected substrates. Moreover, high kinase concentration that
does not reflect physiological or cellular level is often used to
increase sensitivity of these assays. Many physiological kinase–substrate interactions can be missed because contextual
factors like adaptor proteins or co-activators (e.g. cyclins) and
priming phosphorylation sites or kinases are often not
present in the arrays. Nevertheless, protein microarray assays
serve to identify potential kinase–substrate relations that can
either be validated by downstream biochemical and genetic
experiments or corroborated with biological data from existing studies.
Peptides with phospho-acceptor residue at a fixed position
can be immobilized on a chip just like full-length proteins,
and subsequently incubated with isotope-labeled ATP and
kinase of interest, followed by phosphorimaging to identify
phosphorylated peptides. Peptides spotted on microarrays
can be random sequences [55], from degenerate oriented
peptide libraries [56] or are subsequences found in proteins
[32, 57, 58]. If peptides corresponding to subsequences in
proteins are used, the precise sites of phosphorylation on
substrates can be determined. However, both false positive
and false negative phosphorylation sites can be detected by
this approach as the 3-D structural context of the phosphoacceptor residues which can affect phosphorylation are not
represented in the assays. On the other hand, if random
peptides or degenerate oriented peptide libraries are used, the
observed phosphorylated peptides can be used to derive a
position-specific scoring matrix, as a statistical model, to
quantify the phosphorylation propensity of a phosphoacceptor residue based on amino acids flanking the residue
[49, 59]. The position-specific scoring matrix can then be used
to scan a proteome to identify putative substrates for the
kinase assayed [49, 59]. Exact sites of phosphorylation are
predicted using this bioinformatics approach although the
approach is known to have high false positive rates presumably because non-naturally occurring peptides devoid from
the content/context of whole protein sequences are used.
A challenge for peptide chips based on random peptides is
the huge possible peptide sequence space that can be assessed. An alternate approach is to incubate the kinase of
interest and isotope labeled ATP in solution with a large set
of possible peptide sequences of a fixed length. To facilitate
& 2009 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim
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identification of sequence pattern needed for phosphorylation
by a kinase of interest, peptides can be divided into individual
pools where peptides in each pool match a consensus pattern.
Such approach was taken by Cantley, Yaffe and Turk and
coworkers to determine the sequence specificities of serine/
threonine kinases [59, 60]. Unique peptide pools were
generated such that in each pool, all peptides have a common
amino acid at one of residue position whereas amino acids in
other positions are degenerated. In Turk’s approaches, a total
of 198 unique peptide pools were generated as phosphothreonine, phosphotyrosine and the 20 naturally occurring
unmodified amino acids were individually fixed at each of the
nine residue positions flanking a central phospho-acceptor
residue. Each peptide in the pools is biotin-tagged, allowing
the peptides to be spotted onto a streptavidin membrane.
Phosphorylated peptides can subsequently be detected by
autoradiography or phosphorimaging. Amino acids preferred
by the kinase of interest at each position flanking the phospho-acceptor residue can then be determined. In addition, the
fixation of a phosphorylated residue at one of the position
flanking a phosphorylated phospho-acceptor residue allows
the detection of phosphorylation that requires priming
phosphorylation sites [61].

3.2 Perturbation-based assays
Although protein or peptide chips can identify putative
substrates of kinases, they are in vitro experimental techniques that do not necessarily capture the physiological or
cellular concentration and co-localization factors of protein
kinases and their substrates [62]. Smolka et al. [63] combined
quantitative MS with perturbation studies to identify cellular
phosphorylation sites and substrates of yeast DNA damage
checkpoint kinases Mec1/Tel1 and Rad53 upon induction of
DNA damage. Quantitative MS can detect sites that are
differentially phosphorylated across two or more cellular
conditions/perturbations but do not directly identify their
effector kinases. However, by detecting phosphorylation
sites that specifically altered between kinase-null (Mec1/
Tel1 and Rad53) and wild-type Saccharomyces cerevisiae,
Smolka et al. identified 62 putative target sites of Mec1/Tel1
and Rad53 in 55 proteins. These differentially phosphorylated sites were enriched in the known phosphorylation
motifs (linear motifs) of Mec1/Tel1 and Rad53, which
further support that many of the identified targets are
cellular substrates of the kinases. Quantitative MS approach
was also adopted to identify proteins in zebrafish Fyn/Yes
morpholino knockdown embryos that were differentially
phosphorylated compared to those in wild-type embryos
[64]. Using similar approaches, Matsuoka et al. identified
putative ATR and ATM phosphorylation sites that were
altered upon DNA damage in human embryonic kidney
293T cells, and as such should correspond to physiological
targets of the two kinases. Putative phosphorylation sites of
ATR and ATM were identified using antibodies against pSQ
www.proteomics-journal.com
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or pTQ sites that are known to target by ATM and ATR
kinases. Among the phosphorylation sites detected, 905 sites
among 700 proteins were found up-regulated fourfold after
induction of DNA damage, of which 55 sites were found on
31 ATR and ATM substrates known to be implicated in
DNA damage signaling. Hence, the 700 proteins are possible physiological substrates of ATM and ATR. The accuracy
and scalability of this approach depend on the availability of
suitable antibodies and their qualities. As many kinases are
known to have similar specificities, the specificities of the
antibodies are an important consideration in such approach.
A potential pitfall in above-mentioned approaches is that
not all perturbed sites identified are direct targets of the
deleted kinase. Instead, they could be targets of other
kinases that are activated ‘‘downstream’’ of the deleted
kinases in signaling cascades. For example, in Smolka et al.
[63], about half of the sites down-phosphorylated in Mec1/
Tel1 mutant are also down-phosphorylated in Rad53
mutant. As these site expressed Rad53 phosphorylation
motifs and given that Rad53 acted downstream of Mec1/
Tel1, they are likely targets of Rad53. The issue of direct
versus indirect action by cellular kinases was addressed in
Linding et al. [62] where we discussed and demonstrated
that the combination of quantitative perturbations (in
contrast to gene deletion) with MS and computational
algorithms is a powerful approach to accurately map phosphorylation sites to their effector kinases [1, 62, 65].

3.3 Chemical genetics approaches
As mentioned above, a challenge in perturbation approaches
is that one cannot always be certain which kinase(s) phosphorylated the observed altered sites as many kinases could
share similar consensus motifs or targets. By structural
alteration (through mutagenesis) of a kinase such that it can
only incorporate a specific modified form of ATP, a detected
phosphorylated protein containing the modified ATP is
most likely targeted by the mutant kinase [66–68]. Cells
(NIH 3T3) with such analogue-sensitive (AS) mutant of
v-Src kinase were generated, lysed and incubated with
analog ATP to identify putative substrates of v-Src under
more realistic concentration of proteins found in vivo [69] An
AS mutant of Pho85 kinase was generated similarly and
assayed for putative substrates in whole-cell extracts of yeast
[70]. A similar approach was combined with bioinformatics
search by Ubersax et al. [71] to identify in vivo substrates of
Cdk1. The phosphorylation detection was performed on
potential substrates expressing a Cdk1 consensus phosphorylation motif (S/T-P-x-K/R) using cell lysates incubated
with purified AS mutant Cdk1 with analog ATP to identify
181 proteins that are efficiently phosphorylated by the AS
mutant Cdk1. To further validate some of the identified
substrates in vivo, small molecules that inhibit the AS
mutant Cdk1 were added to cultures of yeast AS mutant
Cdk1 strains to detect proteins with decreased phosphor& 2009 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

ylation and hence likely to be targeted by Cdk1 in vivo.
A total of 12 high confidence in vivo substrates of Cdk1
were identified in this manner. An issue with these
approaches is that it can not be ruled out that ATP analog
can be picked up and utilized by other distantly related
kinases or that structural changes in the AS kinase has
altered its in vivo specificity. Another potential concern is the
scalability of the assays for genome-wide studies as it is
unclear presently whether AS mutants can be created for
most kinases.

4

Determining dynamics in
kinase–substrate networks

4.1 Phospho-specific flow cytometry
Besides conventional immunoblotting using phosphorylation specific antibodies, only a few methods have the
throughput and sensitivity to analyse the phosphorylation
state of multiple signaling proteins simultaneously. One of
these, phospho-specific flow cytometry, has provided insight
to dysfunctional signaling networks at single cell level
[72, 73]. Cells are first labeled by antibodies recognising
phosphorylated proteins. Subsequently, cells are sorted
and measured by FACS thereby providing quantitative
measurement of cell specific phosphorylation events. This
technique allows cells from heterogeneous samples to be
sorted and assayed. This method is a promising way to
examine the state of the signaling network in tumour
samples for deciding optimum therapeutic strategies.

4.2 Real time imaging and integration with systems
genetics
Development in microscopic techniques has recently allowed
real-time measurement of signaling events and analysis of
sub-cellular localisation of proteins regulated by phosphorylation. For example, a combination of FRET with phosphatase–substrate interactions analysis has recently provided
insight into the function of PTP1B in signal-termination of
RTKs [74, 75]. Real-time imaging of cellular morphology
combined with RNAi disruption of signaling proteins constitutes a strategy to directly link cellular signaling events with
phenotypic measurements with machine-learning approaches
[76]. Recently, we in collaboration with Chris Bakal and
Norbert Perrimon took this further by using combinatorial
RNAi knockdown and a FRET-reporter to read-out the activation state of JNK kinase. Subsequently, the lists of enhancers and suppressors of JNK in different genetic backgrounds
were combined with phospho-proteomics data to model a JNK
phosphorylation network using NetworKIN and NetPhorest
[65]. This resulted in the first systems-level model of a
signaling system based on integration of systems-genetics and
phospho-proteomics data.
www.proteomics-journal.com
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Computational approaches for
(re)construction of phosphorylation
networks

Bioinformatics approaches using simple consensus motif
searching can be used to associate identified phosphorylated
sites or proteins to their effector kinases [63, 71, 77].
However, relying on simple regular expressions/patterns
can be highly unspecific [49]. Thus, several methods have
been developed to better identify potential phosphorylation
sites of specific kinases or kinase groups. Here, we surveyed
the methods and tools available (summarized in Table 1)
and highlighted that their applications coupled with additional biological data can potentially increase the accuracy of
kinase–substrate detection.

5.1 Machine-learning approaches
A subset of these tools deployed machine-learning algorithms to predict novel phosphorylation sites. The basic
methodology involves training machine-learning models
with positive examples and negative examples of sites
phosphorylated by kinases of interest, and then validating
the models on separate data set consisting of both positive
and negative samples. The resulting computational models
can subsequently be applied to new data to predict potential
phosphorylation sites of specific kinases. Support vector
machines, a statistical machine learning method, had been
deployed in KinasePhos [78] and PredPhospho [79] for

predicting kinase-specific phosphorylation sites. Similarly,
artificial neural networks and Bayesian Decision theory were
employed in NetPhosK [80, 81], GANNPhos [82] and PPSP
[83] to predict kinase-specific phosphorylation sites. MetaPredPS [84], a meta-predictor, combined predictions from
GPS [85], KinasePhos, PPSP, PredPhospho and
Scansite [59] through a generalized weighted voting strategy
to achieve better prediction for phosphorylation sites targeted by four protein kinase families (CDK, CK2, PKA and
PKC).

5.2 Similarity based approaches
Other alternative approaches have been adopted to
predict kinase-specific phosphorylation sites: GPS 2.0 [85]
predicts kinase-specific phosphorylation sites in a
query sequence based on the sites’ similarity to known sites
of kinases. To improve prediction performance, a derivative
of the BLOSUM 62 substitution matrix was derived
for each kinase group to optimize similarity comparisons
between the sites. Predikin is a prediction tool that infers
phosphorylation motifs using sequence-structure analysis
for uncharacterized serine/threonine kinase sequences
submitted by user [86]. The pkaPS [87] method uses a
simplified analytical model to score physical and chemical
requirements at amino acid positions from –18 to 123 of
phospho-acceptor residues to predict putative phosphorylation sites of protein kinase A (cAMP-dependent kinase,
PKA).

Table 1. List of bioinformatics resources for phosphorylation studies

Name

URLs

References

[85]
[78]
[84]
[80, 81]
[49]
[62]
[87]
[86]
[79]

Scansite

http://gps.biocuckoo.org
http://kinasephos2.mbc.nctu.edu.tw
http://metapred.umn.edu/MetaPredPS
http://www.cbs.dtu.dk/services/NetPhosK
http://netphorest.info
http://networkin.info
http://mendel.imp.ac.at/sat/pkaPS
http://predikin.biosci.uq.edu.au/pkr
http://www.nih.go.kr/phosphovariant/html/
predphospho.htm
http://scansite.mit.edu

Phosphorylation Motif Resources
NetPhorest
PhosphoMotif Finder
Scansite

http://netphorest.info
http://www.hprd.org/PhosphoMotif_finder
http://scansite.mit.edu

[49]
[90]
[59]

Phosphorylation Site Resources
Phosida
Phospho.ELM
PhosphoSitePlus
PhosphoPep

http://www.phosida.com
http://phospho.elm.eu.org
http://www.phosphosite.org
http://www.phosphopep.org

[91]
[79]
[92]
[93]

Site-Kinase Predictor
GPS
KinasePhos
MetaPredPS
NetPhosK
NetPhorest
NetworKIN
pkaPS
Predikin
PredPhospho

& 2009 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

[59]

www.proteomics-journal.com

5239

Proteomics 2009, 9, 5233–5242

5.3 Contextual modeling of kinase specificity –
NetworKIN

5.4 The human kinome specificity atlas –
NetPhorest

Computational and in vitro experimental detection of kinases’
substrates and their phosphorylation sites often omitted
contextual factors like sub-cellular compartmentalization and
differentiated protein expression that can prevent phosphorylation. In addition, positive factors that co-regulate phosphorylation such as co-localization via anchoring proteins,
scaffolds and substrate capture by non-catalytic interaction
domains and docking motifs are often not captured in these
experiments. These factors, in combination with the challenges of mapping transient and context-dependent kinase–
substrate interactions using current protein-interaction
assays, have in part led to a large gap between our understanding of in vivo phosphorylation sites and the kinases that
modulate them. In the Phospho.ELM database [88], there are
currently thousands of annotated in vivo phosphorylation
sites, of which only 1/4 have been linked to at least one in
vivo kinase [89].
To address this problem, we developed the NetworKIN
algorithm to predict in vivo kinases for identified phosphorylation sites [62]. We demonstrated that the contextual
information of kinases and substrates is crucial for accurate
modeling of signaling networks, and demonstrated the
capability of such approach in NetworKIN algorithm in
reliable assembly of kinase–substrate networks [62].
The principle behind this algorithm is to model kinase
specificity using contextual information for phosphoproteins and kinases in combination with sequence models of
kinase consensus motifs [49]. By combining probabilistic
modeling of network context with the linear motifs
recognized by the catalytic kinase domain, NetworKIN can
assign a specific kinase to an observed in vivo phosphorylation site with a 2.5-fold higher accuracy than previous
methods such as Scansite and NetphosK. However, even
given powerful predictions, it is still challenging to experimentally validate kinase substrate relationships, primarily
due to the issue of direct versus indirect interactions, but also
due to the challenges related to the use of phospho-specific
antibodies [62]. Therefore, we proposed that a combination
of quantitative perturbations (using chemical inhibitors,
RNAi or stimulation’s) with quantitative MS (specifically
multiple reaction monitoring) and NetworKIN could allow
systematic validation of cellular kinase–substrate interactions. As proof of principle, we showed that the BCLAF1
protein is likely a direct target of GSK3 since inclusion of a
GSK3 inhibitor resulted in a decrease of the predicted target
phosphorylation (S531). Although including contextual data
markedly increases the accuracy of kinase–substrate relationship predictions, these methods are obviously still prone
to errors in at least three sources: the experimentally
determined phosphorylation sites, consensus sequence
motifs and probabilistic association network [62]. As
experimental approaches improve, these errors will
continuously be eliminated.

To meet the requirement of robust classification of sites (not
prediction) according to their effector kinases, we recently
extended the coverage of NetworKIN with the NetPhorest
atlas of linear motifs involved in phosphorylation-dependent
signaling [49]. This atlas includes kinase consensus motifs for
179 kinases and 104 phosphorylation-dependent binding
domains including SH2 and PTB domains. The NetPhorest
consists of a framework to automate data set construction and
training of sequence models for linear motifs involved in
phosphorylation mediated signaling. With the technologies
described above, such as peptide arrays and MS, a rapid
increase in the amount of phosphorylation and linear motif
data are expected, underlining the importance of having a
fully automated system for training, benchmarking, and
selection of final sequence models. We envisage that the
NetPhorest atlas will be useful for many different aspects of
signaling- and proteomics-related research, for example, for
generation of antibodies that recognize specific phosphorylated residues or sequences (phospho-specific antibodies). In
particular, kinase ‘‘consensus motif antibodies’’ such as pS/
T-Q are important tools for both targeted studies and systems
biology studies [77]. The atlas can be used to predict peptide
sequences for raising such antibodies. MS-based proteomics
researchers frequently use simple sequence patterns for
finding systematic biases in phosphopeptides identified in
shotgun approaches. Such studies will benefit from the more
robust and comprehensive collection of motifs in the
NetPhorest atlas. NetPhorest will be used in future versions
of resources like Scansite, NetPhosK, as well as NetworKIN.
The ability of the NetPhorest framework to continuously
incorporate the latest data will help accelerate systems-level
modeling of cellular signaling [65]. We aim to develop
NetPhorest into a global linear motif atlas by including other
eukaryotic model organisms, such as yeast, as well as other
types of post-translational modifications. Therefore, we
continue to encourage the scientific community to help
expand the coverage of this resource by submitting data and
purified active enzymes to the NetPhorest consortium.
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5.5 Outlook
Cell signaling networks are the foundation of cell fate and
behavior. The aberrant activities of signal transduction
networks are key mechanisms underlying the pathological
behavior of cells during tumor development. However,
signaling networks are remarkably complex, involving a
myriad of dynamic interactions that flux in space and time.
Thus, understanding how aberrant cell decisions arise
requires a global view of cell signaling networks. Therefore,
it will become increasingly important to use combinations
of experimental and computational models to understand
the principles of spatio-temporal assembly of mammalian
www.proteomics-journal.com
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interaction networks at a systems level, and how they
transmit and change information to mediate cell fate
and behavior. We would argue that only through
quantitative and contextually relevant assessments of these
dynamic networks can we move towards grand goals such as
the ability to simulate cell behavior and cell-to-cell
communication in tissue boundaries. Essential to such
efforts is the correlation of these networks to quantitative
phenotype descriptions and genetic data, a process we
recently initiated [65].
Thanks to Claus Jørgensen for comments on the manuscript.
We apologize to colleagues with works we did not include in this
review due to space constraints.
The authors have declared no conflict of interest.
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