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RESEARCH ARTICLE

COMPUTATIONAL BIOLOGY

Linear Motif Atlas for Phosphorylation-Dependent
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Systematic and quantitative analysis of protein phosphorylation is revealing dynamic regulatory net-
works underlying cellular responses to environmental cues. However, matching these sites to the ki-
nases that phosphorylate them and the phosphorylation-dependent binding domains that may
subsequently bind to them remains a challenge. NetPhorest is an atlas of consensus sequence motifs
that covers 179 kinases and 104 phosphorylation-dependent binding domains [Src homology 2 (SH2),
phosphotyrosine binding (PTB), BRCA1 C-terminal (BRCT), WW, and 14-3-3]. The atlas reveals new
aspectsofsignalingsystems,includingthe observationthattyrosine kinases mutatedincancerhavelower
specificity thantheirnon-oncogenicrelatives. Theresource is maintained by an automated pipeline, which
usesphylogenetic trees to structure the currently available in vivo and in vitro data to derive probabilistic
sequence models of linear motifs. The atlas is available as a community resource (http://netphorest.info).

INTRODUCTION

Proteins in eukaryotes consist of two fundamentally different types of
functional building blocks or modules: protein domains and linear mo-
tifs. Whereas domains are often defined as large (>30 residues) glob-
ular units with defined binding or catalytic activities (/—4), linear
motifs are short colinear sequences, typically of less than 10 residues,
that often reside in disordered regions (/). Domains are frequently con-
served over long evolutionary distances and change through divergent
evolution (2, 3), whereas linear motifs evolve much more rapidly (5)
and can likely arise through convergent evolution because of their short
length (6).

Posttranslational modification of linear motifs is a driving force be-
hind directional and dynamic protein-interaction networks (7). One
such modification is phosphorylation, which modulates the binding
of protein domains (such as SH2 and BRCT) and thereby creates logic
gates (7). This enables the cell to swiftly integrate and respond to com-
binations of internal and external cues. Advances in mass-spectrometry
techniques have led to the identification of thousands of in vivo phos-
phorylation sites (8—17). However, most of these sites are uncharacter-
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ized with respect to their roles in signaling, because the kinases
responsible for their phosphorylation and the proteins that recognize
these phosphorylated sites are often unknown (/2). Linking these sites
to the hundreds of protein kinase catalytic domains (from hereon re-
ferred to as kinases) and modular binding domains is a challenge for
in-depth understanding of cellular signaling processes.

Whereas several resources exist for identifying protein domains
from sequence alone, for example, SMART (3) and Pfam (2), equally
powerful resources do not exist for linear motifs primarily because of
their low information content (4, 13, I4). Numerous methods
have been developed to predict potential phosphorylation sites for
specific kinases; these include the pioneering work (Scansite) on
position-specific scoring matrices (PSSMs) derived from peptide
libraries (/3, 15-17), manually constructed sequence patterns
(14, 18, 19), and a variety of machine-learning algorithms that have
been trained on in vivo phosphorylation data (20—24). As new, powerful
phosphoproteomics methods continue to increase our knowledge of
cellular phosphorylation sites (§—/7), models that are optimized to
classify experimentally identified sites (rather than to predict them)
according to the relevant kinase family or corresponding binding do-
mains are increasingly important. Classification is a difficult task, be-
cause of the limited number of known targets for individual kinases
and phosphorylation-dependent binding domains (phospho-binding
domains) and the large number of different domains [for example,
~518 kinases in human (25)], many of which recognize similar se-
quence motifs.

Here, we present NetPhorest, an atlas of linear motifs involved in
phosphorylation-dependent signaling, which consists of 125 sequence
models that classify the substrates and ligands of 179 protein kinases
and 104 phospho-binding domains (phosphotyrosine: SH2 and PTB;
phosphoserine and phosphothreonine: 14-3-3, BRCT, and WW). We al-
so describe the computational framework and pipeline used for automat-
ically constructing this resource on the basis of currently available data
and experiments performed as part of this study. NetPhorest can thus be
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maintained as an up-to-date resource for analysis of phosphorylation-
dependent signaling.

RESULTS

The NetPhorest resource accomplishes four major goals. First, it pro-
vides the most comprehensive atlas of linear motifs recognized by spe-
cific protein kinases and domains that bind to phosphorylated residues.
Second, it contains a collection of probabilistic classifiers that enables
experimentally identified phosphorylation sites to be classified (ac-
cording to kinases and phospho-binding domains) with much higher ac-
curacy than existing sequence-based methods. Third, an automatic
pipeline keeps the resource up to date with the latest data from in vivo
and in vitro experiments. Fourth, the classifiers are made available both
through a Web interface (http://netphorest.info) and as a fast, portable
stand-alone software application.

Tree-based data organization and redundancy reduction
The first essential steps toward automated construction of sequence
models of linear motifs are the collection and organization of the data.
We use two fundamentally different types of experimental data. First, dec-
ades oftargeted studies have resulted in arelatively large and fairly reliable
data set of in vivo protein-phosphorylation sites that are linked to at least
one kinase [Phospho.ELM (26)] or phospho-binding domain [DOMINO
(27)]. Second, several in vitro methods allow the interrogation of kinase
specificity by degenerate peptide libraries (15, 17, 28). Whereas the latter
represent the most abundant data type, for our purposes it is essential to
design a framework that can combine the two, resulting in a single clas-
sification system. To this end, we map both in vivo and in vitro data onto
phylogenetic trees of the kinase and phospho-binding domains (25, 29)
(Fig. 1A and fig. S2), which capture how similar the domains are to
one another and thereby how likely they are to have similar substrate
specificities. The tree-based approach thus enables us to make infer-
ences based on the fact that highly similar domains typically have simi-
lar substrate specificities, but it does not assume that dissimilar domains
necessarily have dissimilar substrate specificities.

The domain trees also serve as a powerful data structure that
enables us to automatically incorporate all data related to any family
or subfamily of domains. Thus, the trees are used to automatically
compile training and benchmark data sets for specific domains and
for families of related domains (Fig. 1B). For example, known in vivo
substrates of all protein kinase C (PKC) isoforms would be included as
positive examples in the data set for the PKC family, whereas negative
examples would be drawn from the known in vivo substrates of all oth-
er kinases. By contrast, the data set on PKCa would include only its
own substrates as positive examples, and substrates of other PKC iso-
forms and all other kinases would now be considered negative ex-
amples. Consequently, the sequence models are evaluated on their
ability to discriminate between substrates of different kinases or targets
of distinct binding domains, which is the task at hand when interpret-
ing phosphoproteomics data, rather than on their ability to predict
phosphorylation sites (20-24). The exclusion of nonphosphorylated
sites also ensures that the sequence-specificity atlas is not distorted
by the numerous sites that are not phosphorylated by any kinase be-
cause they are structurally inaccessible to all kinases and hence contain
no information about their sequence specificity.

Frequently, corresponding phosphorylation sites from sets of similar
proteins have been identified in separate studies. These observations
cannot be considered independent observations because of their evolu-
tionary relationship, and therefore we eliminate redundant sites for

which either the proteins or the sites themselves are too similar in
sequence (Fig. 1C, see Methods for details). Because many machine-
learning methods as well as accuracy measures work poorly on highly
unbalanced data sets in which the numbers of positive and negative
examples differ by orders of magnitude (30), we randomly reduce each
data set to include only five negative examples per positive example.

Constructing sequence models of linear motifs

Early initiatives for ab initio prediction of linear motifs relied on simple
consensus patterns compiled from the literature; for example, the pat-
tern [ST]P..[RK] is commonly used to search for cyclin-dependent ki-
nase (CDK) substrates (14, 18, 19). Although appealing because of
their simplicity, such patterns oversimplify the mechanisms that govern
kinase—substrate recognition (20, 31). In particular, they are unable to
model correlations between individual residues and their joint contri-
bution to the binding energy. Furthermore, the absence of a scoring
scheme implies that predictions cannot be sorted according to their re-
liability, which makes the approach unsuited for large-scale studies.

To represent the relative affinities with which domains recognize dif-
ferent peptide sequences, we use PSSMs and artificial neural networks
(ANNSs) (32), which mainly differ in that the latter can also capture non-
linear correlations between residues. For the in vitro assays that cannot
reveal such correlations (16, 33), we construct PSSMs, whereas we train
ANNSs on the in vivo and peptide-based in vitro phosphorylation data (34).
Although many other machine-learning algorithms are available, we
chose to use ANNs because they are fast to construct and to execute
and have been successfully used for predicting various linear motifs
(20, 35, 36). Moreover, different machine-learning algorithms give simi-
lar results when trained on the same data (36, 37), and resources are thus
better spent, in our view, on improving the quality of the training data and
on automation to rapidly accommodate new data rather than on testing
many alternative machine-learning algorithms.

Three data sets are needed to construct an ANN: a training set for opti-
mizing the weights, a test set for selecting the optimal network architecture
and training parameters, and an independent validation set for assessing the
prediction accuracy. To optimally use the available data, we adopt a fourfold
cross-validation scheme in which the final sets of positive and negative
examples are randomly partitioned into four equal parts, of which we use
two for training, one for testing, and one for validation. All 12 possible per-
mutations of these sets are then used for training and evaluating an ensem-
ble of ANNs (Fig. 1D, see Methods for details). Applying this procedure to
the currently available data yielded 151 and 134 ANN predictors for sub-
strates of kinases and targets of phospho-binding domains, respectively.

Integration of heterogeneous models

Sequence models of linear motifs produce scores that are not directly
comparable between models for different domains. To enable use of a
collection of PSSMs and ANNs for classification of phosphorylation
sites, this issue must first be resolved. We therefore designed a scoring
scheme in which the raw scores from different models are calibrated
through benchmarking against a common reference, namely, our com-
pilation of phosphorylation sites. The benchmarking converts the raw
scores into probabilistic scores, which, in contrast to the raw scores or
percentile scores, can be directly compared between classifiers.

To construct a calibration curve for each ensemble of ANNSs, we calcu-
late the fraction of correct predictions within different score intervals on the
validation set and fit these values with a sigmoid function (fig. S4, see
Methods for details). In case of PSSMs, we first calculated a scaling factor
for each PSSM on the basis of its score distribution on random peptides.
Subsequently, we calculate individual calibration curves based on the

www.SCIENCESIGNALING.org 2 September 2008 Vol 1 Issue 35 ra2 2

8007 ‘2 Jaquwialdas uo 610’ BewasusIds ayIs Wolj papeojumod


http://stke.sciencemag.org



http://stke.sciencemag.org



























