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or even impossible to be captured by cellular or in vivo experiments
alone. Furthermore, it is difficult to design kinase perturbation
experiments, because the kinome-wide selectivity and specificity
of many kinase inhibitors is unknown3,4. As a result, knowledge is
To the Editor: The generation of large-scale phosphoproteomics lacking on which of the ~540 human kinases phosphorylate a given
data sets to elucidate the phosphorylation events associated with site: of the 42,914 phosphorylation sites currently annotated in the
a given phenotype or disease condition has become routine. To Phospho.ELM database5, only ~20% have been linked to a kinase.
Technological advances in mass spectrometry–based phosphoprofully utilize the power of such data sets, tools to deconvolute the
underlying intracellular signaling networks are required. Here we teomics have accelerated the ability to identify phosphorylation sites
but not to determine which kinases phosphorylate them.
present KinomeXplorer (http://KinomeXplorer.info/), an integrated
To systematically identify these dynamic interactions,
platform for modeling kinase signaling networks by combining
computational methods to guide experiments must be deployed.
sequence specificity with cellular context.
Phosphorylation by kinases not only has a direct effect on the We have shown that combining computational algorithms with
substrate protein activity, but it also creates binding sites for modu- quantitative mass spectrometry is a powerful approach to validate
lar phosphobinding domains, thereby giving rise to directional- kinase-substrate relationships6. Notably, we have shown that kinase
ity and logic gating in cellular signaling networks1,2. Kinases and specificity can be described in terms of two main contributing
phosphobinding proteins typically interact with phosphorylation elements: the recognition motif of the individual kinase (for
sites in a transient manner, making these interactions challenging
example, X-S/T-Q-X for the ATM kinase) and proteins that can
be functionally associated with it (i.e., not
just proteins that directly interact with the
a
b
kinase). The network context of kinases
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in terms of kinases and phosphobinding
domains)9, conferring increased prediction
Figure 1 | Overview of the improved NetworKIN algorithm in KinomeXplorer. (a) Score-calculation
accuracy through a novel Bayesian scoring
scheme of the NetworKIN algorithm, which combines network-proximity scores and NetPhorest
probabilities on the basis of network distances and peptide sequences, respectively. The networkscheme, broader kinome coverage, new
proximity score is calculated by multiplying the confidence score of each edge while penalizing for
phosphatome coverage and a redesigned
the length of the path and the connectivity of intermediate nodes. NetPhorest probabilities are
unifying web interface. The framework
calculated using the trained kinase classifiers, on the basis of the peptide sequences surrounding the
also integrates the new KinomeSelector
phosphorylation site. Then the network proximity scores and NetPhorest probability are converted to
tool, which enables the user to select an
likelihood ratios. These two likelihood ratios are combined to generate a unified likelihood ratio. PAK1optimal kinase panel to functionally perturb
3, p21-activated kinase; MDM2, E3 ubiquitin-protein ligase; ATR, serine/threonine-protein kinase ATR.
the predicted phosphorylation signaling
(b) Penalty scheme for hub nodes and path length. Hubs are penalized proportional to their confidence
score–based connectivity. Long paths are penalized by multiplication of each edge with a correction
networks.
factor, leading to an exponential correlation between length and final penalty. Parameters for hub and
We re-engineered the NetworKIN
length penalties are systematically determined in the NetworKIN benchmarking process. Line widths
algorithm to improve its performance
are proportional to the confidence score. (c) Conversion of network proximity score and NetPhorest
and usability (Supplementary Note).
probability to likelihood ratios. The likelihood conversion processes are conducted in a kinase-specific
To calculate the NetworKIN score, we
manner. For each kinase, data points from positive and negative training sets are collected and
combined the NetPhorest probability and
arranged by network proximity score and NetPhorest probability. A sliding window along the scores is
used to calculate the likelihood ratios.
the STRING-derived proximity score using
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the naive Bayes method. We also tackled a well-known but neglected
problem in network biology: over-studied proteins that cause the
network structure to be biased. To avoid this bias, we systematically
penalized for the connectivity of the intermediated nodes when
calculating the network-derived proximity matrix. We found that
KinomeXplorer has significantly (P < 10-15) improved prediction
accuracy (Supplementary Fig. 2 and Supplementary Table 1) over
both NetPhorest and the original NetworKIN algorithms (DeLong
test), as a result of our rewriting the code and implementing this new
statistical framework while using the new training data to improve
both algorithms (Supplementary Table 2). In terms of usability,
our new scoring scheme facilitates the interpretation of the results
by generating scores to represent how likely the phosphorylation
interaction is to occur in a probabilistic manner. This makes it
possible to directly compare predictions from different kinases by
enabling a single cutoff for all kinases without normalization, which
is crucial in the modeling of global kinome networks.
The structure and dynamics of the cellular signaling networks
that control cell behavior are, to a large extent, determined by the
combined actions of kinases, phosphatases and phosphobinding
domains. Although it is possible to readily assess dynamics of
phosphorylation sites, it is crucial that we advance the ability to
model and predict the associated networks. The importance of
this is underlined by the fact that kinases are the target of ~75%
of current worldwide drug-development programs for complex
diseases, and evidence increasingly shows that they must be targeted
in combinations, as elucidated by network models 10. We believe
that KinomeXplorer will be a useful tool to monitor and model the
networks of kinases and their substrates.
Note: Any Supplementary Information and Source Data files are available in the
online version of the paper (doi:10.1038/nmeth.2968).
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