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Abstract Phosphorylation is one of the most essential
post-translational modifications in eukaryotes. Studies on
kinases and their substrates are important for understanding
cellular signaling networks. Because of the cost in time and
labor associated with large-scale wet-bench experiments,
computational prediction of phosphorylation sites becomes
important and many computational tools have been
developed in the recent decades. The prediction tools can
be grouped into two categories: kinase-specific and non-
kinase-specific tools. With more kinases being discovered
by the new sequencing technologies, accurate non-kinase-
specific prediction tools are highly desirable for whole-
genome annotation in a wider variety of species. In this
manuscript, a support vector machine is used to combine
eight different sequence level scoring functions to predict
phosphorylation sites. The attributes used by this work,
including Shannon entropy, relative entropy, predicted
protein secondary structure, predicted protein disorder,
solvent accessible area, overlapping properties, averaged
cumulative hydrophobicity, and k-nearest neighbor, were
able to obtain better results than the previously used attri-
butes by other similar methods. This method achieved
AUC values of 0.8405/0.8183/0.7383 for serine (S), thre-
onine (T), and tyrosine (Y) phosphorylation sites, respec-
tively, in animals with a tenfold cross-validation. The
model trained by the animal phosphorylation sites was also
applied to a plant phosphorylation site dataset as an
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independent test. The AUC values for the independent test
dataset were 0.7761/0.6652/0.5958 for S/T/Y phosphory-
lation sites, which compared favorably with those of sev-
eral existing methods. A web server based on our method
was constructed for public use. The server, trained model,
and all datasets used in the current study are available at
http://sysbio.unl.edu/PhosphoSVM.

Keywords Phosphorylation site prediction - Non-kinase-
specific tool - Support vector machine

Introduction

During protein phosphorylation, a phosphate group is
added to the protein by a kinase. Phosphorylation is the
most essential post-translational modification in eukaryotes
and plays a crucial role in a wide range of cellular pro-
cesses. Studies on kinases and their substrates are impor-
tant for understanding signaling networks in cells, and
helpful for developing new treatments to signaling defect
diseases, such as cancer. The number of kinases was esti-
mated to be around 500-1,000 in animals and plants
(Caenepeel et al. 2004; Manning et al. 2002; Vlad et al.
2008), and they usually induce phosphorylation on serine
(S), threonine (T), tyrosine (Y), and histidine residues in
eukaryotic proteins. These phosphorylation sites have been
experimentally discovered using techniques such as site-
directed mutagenesis and mass spectrometry, in either low-
throughput or high-throughput manners (Trost and Kusalik
2011). All experiments on phosphorylation site discovery
are time consuming and expensive to perform, and even the
high-throughput methods have their own limitations of
high false-positive rate resulting from breaking open cells
and of high false-negative rate resulting from the low level
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of protein presentation, in addition to associated high cost.
Therefore, computational prediction of protein phosphor-
ylation sites, which is often used to narrow down the pool
of potential phosphorylation sites in a given protein
sequence, becomes increasingly popular as an important
complementary approach in protein phosphorylation site
studies.

There have been nearly 40 methods for the computa-
tional prediction of phosphorylation sites described in the
literature since 1999 (Trost and Kusalik 2011). The pre-
diction tools can be grouped into two categories: kinase-
specific and non-kinase-specific tools. A kinase-specific
prediction program requires as input both a protein
sequence and the type of the kinase, and in the end pro-
duces some measure of likelihood of which S/T/Y residue
in the sequence is phosphorylated by the chosen kinase. In
contrast, a non-kinase-specific prediction tool requires only
the protein sequence as input, and reports the likelihood of
each S/T/Y residue being phosphorylated by any possible
kinases. Two recent review articles comprehensively
summarized existing methods in phosphorylation site pre-
diction (Trost and Kusalik 2011; Xue et al. 2010). Trost
and Kusalik summarized both kinase-specific and non-
kinase-specific phosphorylation site prediction tools and
provided an overview of the challenges that are faced when
designing new prediction methods (Trost and Kusalik
2011). Xue et al. presented a comprehensive summary of
kinase-specific phosphorylation sites and phospho-binding
motifs prediction methods and a brief introduction of
phosphorylation databases (Xue et al. 2010). Non-kinase-
specific tools may be able to detect phosphorylation sites
for which the associated kinase is unknown or the number
of known substrate sequences of the associated kinase is
few. With the development of sequencing technology,
many genomes of non-model organisms have been
sequenced, and more kinases in those species have been
discovered, some of which have no sufficient substrate
information to train the kinase-specific prediction algo-
rithms. Thus, there is an increased demand for non-kinase-
specific tools for a wider variety of species and high
specificity for whole-genome annotation (Trost and Kusa-
lik 2011).

Different machine learning methods have been applied
to the prediction of post-translational modifications (Basu
and Plewczynski 2010). For example, neural network were
used for prediction of glycosylation (Julenius et al. 2005;
Gupta and Brunak 2002), N-terminal myristoylation in
protein sequences (Bologna et al. 2004), and cleavage sites
(Blom et al. 1996; Duckert et al. 2004). Support vector
machines (SVM) were used for the prediction of lysine
acetylation sites (Li et al. 2009) and protein methylation
site prediction (Shao et al. 2009). The random forest
method was used for the prediction of glycosylation sites
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(Hamby and Hirst 2008). Some of them were also applied
in phosphorylation site prediction. For example, neural
networks were used by NetPhos (Blom et al. 1999) and
NetPhosK (Hjerrild et al. 2004). The method of SVM was
used by Swaminathan’s method (Swaminathan et al. 2010)
and PredPhospho (Kim et al. 2004). PPSP (Xue et al. 2006)
applied Bayesian decision theory for the prediction of
kinase-specific phosphorylation sites.

In this work, we report a development of a non-kinase-
specific protein phosphorylation site prediction method that
uses the SVM method to integrate eight different sequence
level scores (PhosphoSVM). These sequence-based attri-
butes are Shannon entropy (SE), relative entropy (RE),
protein secondary structure (SS), protein disorder (PD),
solvent accessible surface area (ASA), overlapping prop-
erties (OP), averaged cumulative hydrophobicity (ACH),
and k-nearest neighbor profiles (KNN). For evaluation, the
area under the receiver operating characteristic (ROC)
curve (AUC) was used as the primary metric. With care-
fully optimized SVM parameters and sliding window size,
this method achieved AUC values of 0.8405/0.8183/0.7383
for S/T/Y phosphorylation sites, respectively, in animals,
and 0.7761/0.6652/0.5958 for S/T/Y phosphorylation sites,
respectively, in plants as an independent test. The server,
trained models, and all datasets used in the current study
are available at http://sysbio.unl.edu/PhosphoSVM/.

Results and discussions

Two datasets, Phospho.ELM (P.ELM) version 9.0 (Diella
et al. 2008) and PhosPhAt (PPA) version 3.0 (Heazlewood
et al. 2008; Durek et al. 2010; Zulawski et al. 2013), were
used. All parameters of the SVM model were trained on the
dataset of P.ELM. The optimal sets of window size and
SVM parameters, y and C, were identified to be (21, 0.003,
4), (19, 0.003, 4), and (15, 0.007, 2) for S/T/Y phosphor-
ylation sites, respectively. The optimal AUC values
achieved were 0.8405, 0.8183, and 0.7383 for S, T, and Y,
respectively. For different phosphorylation residues, the
prediction performance was not equal. The performance for
residue S was significantly better than the other two. The
method with the optimal parameters (i.e., PhosphoSVM)
was compared with other six prediction tools.

For the dataset of P.ELM, PhosphoSVM achieved the
highest AUC values and Matthews correlation coefficient
(MCC) values for all three types of phosphorylation sites,
compared with the other six methods. For PhosphoSVM,
Swaminathan’s method (Swaminathan et al. 2010), and
PPRED (Biswas et al. 2010), the results were obtained from a
tenfold cross-validation. For NetPhosK, GPS 2.1, NetPhos,
and Musite, the tenfold cross-validation was not applied;
instead, the trained models from their package were used
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Table 1 Prediction results of seven methods for the dataset of 1 T
P.ELM, and the tenfold cross-validation is applied to PhosphoSVM,
Swaminathan’s method (Swaminathan et al. 2010), and PPRED (Bi- 08
swas et al. 2010) Qo y NetPhosk
. % — GPs
Methods Residue = S @ Swaminathan
d>) 0.6 - NetPhos T
AUC Sn (%) Sp (%) MCC = — prRED
8 Musite
NetPhosK 0.6346 + 0.0074 50.90 67.84 0.0823 o 04l — PhosphoSVM ]
GPS 2.1 0.7410 £+ 0.0148 33.07 93.29 0.2014 g
Swaminathan 0.6965 £+ 0.0186 31.26 88.70 0.1257 = 0.2 |
NetPhos 0.7019 £+ 0.0141 34.14 86.73 0.1234 '
PPRED 0.7505 £+ 0.0165 32.27 91.64 0.1686
L | L | L | L | L
Musite 0.8065 &+ 0.0228  41.37 93.66  0.2492 % 02 04 06 08 1
PhosphoSVM 0.8405 £+ 0.0158 44.43 94.04 0.2979 False Positive Rate
Method: Residue = T
ethods esidue Fig. 1 ROC curves of different methods on P.ELM, including
AUC Sn (%) Sp (%) MCC NetPhosk (black), GPS (blue), Swaminathan (cyan), NetPhos (green),
PPRED (magenta), Musite (orange), and PhosphoSVM (red) (color
NetPhosK 0.6043 £+ 0.0094 61.96 56.79 0.0712 figure online)
GPS 2.1 0.6952 + 0.0126 38.10 92.30 0.2008
Swaminathan ~ 0.7181 £ 0.0211  28.02 92.47 0.1391 Non-kinase-specific prediction tools are expected to
NetPhos 0.6551 £ 0.0133  34.32 83.65 0.0901  discover new phosphorylation sites for unknown kinases.
PPRED 0.7262 £ 0.0179  30.31 90.99 0.1341 There is a big difference between animal and plant kinases;
Musite 0.7846 + 0.0123  33.84 94.76 0.2205  for example, plants lack AMP activation of peptide kinase
PhosphoSVM  0.8183 4+ 0.0167  37.31 94.99 0.2508 (Mackintosh et al. 1992). The performance of non-kinase-
specific predictors can be assessed by applying the model
Methods Residue = Y . .
trained by the animal dataset (P.ELM) onto a plant
AUC Sn (%)  Sp (%) MCC (therefore independent) dataset (PPA). After all the physics
NetPhosK 0.6036 + 0.0341 3952 7422 0.0805 a}?d Chemls:,y bde,t;nd the phfosfl’lhory;a“‘i“ are same, alb;‘t
GPS 2.1 0.6107 + 0.0266 3449 7886 00832  Lere 1S al 1g1 blterencelo tp OZP ory aluorfrhsue; att ﬁ
Swaminathan  0.6170 + 0.0213 6047  57.03 00011  ~CJuence jevel between plants and animals. therelore, a
NetPh 06533 £ 00255  34.66 94,45 01322 methods, including PhosphoSVM, were applied onto the
(S oS . 3 . . . . . .
PPRED 07019 + 0.0222  43.04 92,65 0.1686 PPA dataset for testing. Table 2 shows the detailed results
Musit 0'7201 N 0'0155 38.42 86‘74 0‘1817 of all methods tested on the PPA dataset. The AUC values
ustte ' ’ ' ’ ’ of PhosphoSVM for S, T, and Y types of phosphorylation
PhosphoSVM 0.7383 + 0.0210 41.92 87.34 0.2088

AUC values, their standard deviations, Sensitivity (Sn), Specificity
(Sp), and MCC are included

without any modifications. These tools were applied to the
same ten subsets of the data to calculate standard deviations.
Table 1 lists in detail the outputs from all six methods on the
P.ELM dataset, including the AUC values, sensitivity (Sn),
specificity (Sp), and MCC with standard deviations. The
results of these six methods we obtained here agreed well
with those reported in their original literatures. Figure 1
shows the ROC curves of all methods on S-type phosphor-
ylation sites in P.ELM. The AUC values of PhosphoSVM on
all three types of sites were significantly higher than those of
the other methods (P values: 2.72 x 10760, 4.06 x 10743,
and 2.84 x 10~*for S/T/Y, respectively, for the comparison
with Musite, which had the second best performance among
all seven methods).

sites were 0.7761, 0.6652, and 0.5958, respectively.
Although the AUC values of PhosphoSVM for PPA were
lower than those obtained on P.ELM, they remained the
best results among all compared methods. According to a
generalized u test, the AUC value of PhosphoSVM was
significantly higher than that of Musite (the second best
performer among all seven compared methods) with the
combined model for S- and T-type sites (P value <107'°).
For Y-type phosphorylation sites, PhosphoSVM had a
higher value of AUC than Musite, but was not statistically
significant. Although all MCC values were not very high,
the MCC values of the PhosphoSVM'’s results were also
the best ones in the corresponding result group of each
phosphorylation site type. The performances of all methods
decreased when they were applied onto the plant sequences
after being trained on P.ELM, a dataset of primarily animal
proteins. This could possibly come from the difference of
amino acid compositions between animal and plant phos-
phorylation sites. The kinase-specific methods, NetPhosK
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Table 2 Prediction results of seven methods to PPA

Methods Residue = §

AUC Sn (%) Sp (%) MCC
NetPhoskK 0.5916 4+ 0.0148 35.96 75.67 0.0467
GPS 2.1 0.6702 £+ 0.0154 22.20 95.26 0.1352
Swaminathan 0.6341 4+ 0.0168 25.84 88.29 0.0749
NetPhos 0.6437 4+ 0.0170 28.55 87.23 0.0805
PPRED 0.6763 4+ 0.0159 21.32 94.00 0.1077
Musite 0.7269 4+ 0.0178 28.60 95.21 0.1827
PhosphoSVM 0.7761 £+ 0.0170 34.01 95.90 0.2371
Methods Residue = T

AUC Sn (%) Sp (%) MCC
NetPhoskK 0.5451 4+ 0.0233 42.76 65.54 0.0342
GPS 2.1 0.5720 £+ 0.0235 13.48 94.51 0.0670
Swaminathan 0.5541 £+ 0.0305 31.35 76.87 0.0380
NetPhos 0.5548 + 0.0156 27.02 80.66 0.0380
PPRED 0.5782 4+ 0.0181 26.43 83.51 0.0521
Musite 0.6220 4+ 0.0178 15.56 95.36 0.0976
PhosphoSVM 0.6652 + 0.0149 21.79 93.41 0.1155
Methods Residue = Y

AUC Sn (%) Sp (%) MCC
NetPhoskK 0.5094 4+ 0.0431 75.59 26.97 0.0139
GPS 2.1 0.5528 4+ 0.0350 47.93 60.83 0.0430
Swaminathan 0.5120 4 0.0301 66.27 36.82 0.0154
NetPhos 0.5549 4+ 0.0313 63.91 46.10 0.0483
PPRED 0.5393 £+ 0.0296 42.01 65.08 0.0395
Musite 0.5876 4+ 0.0417 28.85 81.71 0.0647
PhosphoSVM 0.5958 4+ 0.0353 28.55 84.39 0.0840

All methods were trained by the dataset of P.ELM. AUC values, their
standard deviations, Sensitivity (Sn), Specificity (Sp), and MCC are
included

(Hjerrild et al. 2004) and GPS 2.1 (Xue et al. 2011), were
significantly affected by this difference. Moreover, some
prediction methods are very sensitive to the training data.
For example, Swaminathan’s method (Swaminathan et al.
2010) showed a significant performance degradation; its
MCC value decreased 40 %. Though its performance
worsened, among all methods, PhosphoSVM was shown to
be the most stable. Currently, more and more genomes of
non-model organism have been sequenced, and therefore,
PhosphoSVM can be used for whole-genome annotation of
phosphorylation sites.

It is worth noting that the performance of kinase-specific
methods was inferior to that of some non-kinase-specific
methods in terms of AUC or MCC. The application of
kinase-specific methods on non-kinase-specific prediction
generates more false-positive predictions possibly because
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Table 3 Performance of different models by removing one attribute
or two attributes

AUC Sn (%) Sp (%) MCC
ASE 0.8398 + 0.0147 4401 9409  0.2960
ARE 0.8403 + 0.0141 4546 9374  0.2976
ASS 0.8375 + 0.0140  44.38 9395  0.2951
APD 0.8399 & 0.0145 4637 9348  0.2976
AASA 0.8399 & 0.0156 4557  93.72  0.2978
AOP 0.8336 &= 0.0160  46.83 9322  0.2949
AKNN 0.8331 = 00153  44.18  93.68  0.2871
AACH 0.8391 &£ 0.0152  47.18 9325  0.2980
ASS + AOP 0.8303 +£ 0.0160 4512 9353  0.2911
ASE + ARE 0.8400 + 0.0140  45.19  93.82  0.2978
APD + AASA  0.8388 £ 0.0155  42.31 9443 0.2926
PhosphoSVM  0.8405 £ 0.0158 4443 9404  0.2979

All models were tested with tenfold cross-validation on the dataset of
P.ELM. AUC values, their standard deviations, Sensitivity (Sn),
Specificity (Sp), and MCC are included

the raw scores of a given site predicted by different family
models were not normalized and hence not comparable.

High sensitivity is beneficial when predicting phos-
phorylation sites in a single protein because, in wet-bench
studies, experimental biologists may select some candi-
dates from the predicted sites for further experimental
design. However, a method with a higher specificity is
suitable for whole-genome annotation (Trost and Kusalik
2011). At the maximal F-measure point, PhosphoSVM
achieved 94.04 and 95.90 % Sp for S-type phosphorylation
sites in P.ELM and PPA, respectively. However, the per-
formance for Y sites was not as satisfactory; the values of
Sp were 87.34 and 84.39 % for P.ELM and PPA, respec-
tively. Currently, most methods showed high Sp values, i.e.,
>80 %, but it does not mean all methods were good in
terms of specificity because the ratios of positive to nega-
tive sites were very low, at only about 0.04, and specificity
was likely to be high for any prediction methods.

To identify which one in all eight different scores played
a more important role in prediction, each attribute had been
removed from the system, and the same training (except
parameters) and testing procedures were conducted to
S-type sites with the dataset P.ELM. The data are shown in
Table 3. The absence of any one attribute led to some
decrease of the AUC value, but none was significant. The
largest changes occurred when OP or KNN attributes were
turned off, whereas the RE attribute only caused a slight
change, 0.0002, of AUC. We also tested the removal of
different attribute pairs. Three pairs of attributes,
SE + RE, SS + OP, and PD + ASA, were removed and
the same procedures were repeated. The changes of AUCs
for double-attribute-absence were lower than that of one-
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Fig. 2 Weight vectors of T
attributes in the trained models
for S (top), T (middle), and Y
(bottom). Eight attributes are
shown in different colors on x-
axis, and each attribute is shown
as a certain length of feature

vector. For example, S-type
sites have 408 features in total

Weights

attribute-absence, though not dramatic. For ASE + ARE,
the AUC was even higher than that of ASE. These results
indicate that the eight attributes we selected for this algo-
rithm each made their contribution to the overall accuracy.

The weighting vectors of the trained models were
extracted for P.ELM. Figure 2 (top panel) shows the
weight profiles of the trained model for S-type phosphor-
ylation sites. The weights of KNN profiles were higher than
the weights of other scores, which indicates that the KNN
attribute is important for prediction and many S-type sites
have similar sequence patterns. There were three peaks of
OP Proline at +1, —1, —2 positions around the phos-
phorylation sites. The occurring frequency of Proline at +1
position in all known phosphorylation sites is 31.48 % for
the P.ELM dataset and 21.95 % for the PPA dataset. In the
background of all proteins, the occurring frequency of
Proline is only 3.44 % (Chou and Fasman 1974), which is
significantly smaller than the value for Proline at +1
position of phosphorylation sites. This agrees with the
previous discovery (Kreegipuu et al. 1998) that Proline at
+1 position of S-type phosphorylation site is conserved.
Many Prolines around the phosphorylation residue S indi-
cate the coil and/or in a disorder region and correspond-
ingly there were many peaks of weights for SS and PD
scores, which is consistent with the previous discovery by
Takoucheva et al. (2004). The other peaks for the OP
attribute were Polar residue at 41 position and aliphatic
residues at +2 and +4 positions. For the residue T-type of
phosphorylation site, the profile of weight vector (Fig. 2
middle panel) was similar to that of residue S. The KNN
scores also had high peaks. The Proline at +1 position of a
phosphorylation site was assigned a large weight as well.
The occurring frequency of Proline at +1 position in all

/ Bl kNN

Attributes

known phosphorylation sites for residue T is 38.37 % for
the P.ELM dataset. Interestingly, there were two peaks of
OP at position +1 and —2 for hydrophobic amino acids,
which was different from the S-type sites. The situation for
Y-type phosphorylation sites, however, was different from
S and T; the weights for all scores were small and there
were fewer peaks (Fig. 2 bottom panel). The overall per-
formance of all existing prediction methods on the pre-
diction of residue Y-type phosphorylation sites was poor.
This might be because the sequences of Y-type phos-
phorylation sites are very diverse, and, on the other hand,
the number of known phosphorylation sites for residue Y is
too small to train a proper model. Comparing weight pro-
files, all three types of phosphorylation sites had a peak of
ACH with window size = 9 or 10, which indicates that the
mean hydrophobicity of 10 residues around the phosphor-
ylation residues is important for phosphorylation site
recognition.

The performance of all methods on S-type phosphory-
lation sites was always better than that for other types. An
obvious difference between the S-type dataset and the other
two types is the number of known phosphorylation sites.
Therefore, one may hypothesize that the performance of
the prediction method is correlated with the size of dataset.
To test this hypothesis, two subsets of S-type phosphory-
lation sites were randomly selected from P.ELM datasets
so that the numbers of positive sites of subsets were similar
to those of datasets of the corresponding T or Y sites. With
the same testing procedure, the performance of Phospho-
SVM on those subsets was similar to that obtained on the
original dataset. For example, the AUC values for two
subsets of S sites were 0.8403 and 0.8404, which were
similar to the AUC value on the original S-type dataset and
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significantly higher than the AUC values for the T- and
Y-type datasets. The same procedure was also applied to
T-type dataset; a subset of T-type sites was randomly
selected to have the same size as the dataset of Y-type sites.
The AUC of PhosphoSVM on the subset of T-type sites
was 0.8209, which was also similar to the value on the
original set and higher than that on the Y-type sites.
Therefore, the conclusion is that the performance of pre-
dictor is independent of the dataset size in a certain range
and that the better prediction performance on S-type
phosphorylation sites compared with the other two types is
not because of the larger number of known S-type sites.

Conclusion

A non-kinase-specific protein phosphorylation site predic-
tion method, PhosphoSVM, was developed by applying a
SVM on eight sequence attributes. PhosphoSVM achieved
AUC values 0.8405/0.8183/0.7383 for S/T/Y phosphory-
lation sites, respectively, in P.ELM with a tenfold cross-
validation. The model trained with P.ELM dataset was
applied to an independent PPA dataset, and the AUC val-
ues were 0.7761/0.6652/0.5958 for S/T/Y, respectively. In
terms of AUC, this method achieved significantly better
performance than six existing methods compared in the
study. The prediction performance of PhosphoSVM was
independent of the size of dataset for a certain range. The
server, trained models, and all datasets used in the current
study are available at http://sysbio.unl.edu/PhosphoSVM.
The score assigned to each site by the web server is the raw
score from the SVM.

Materials and methods
Datasets

P.ELM version 9.0 (Diella et al. 2008) and PPA version 3.0
(Heazlewood et al. 2008; Durek et al. 2010; Zulawski et al.
2013) were used in this study. Phosphorylation sites in
P.ELM were extracted from the scientific literature and
phosphoproteomic analyses, while data in PPA were mea-
sured by mass spectrum experiments. PPA also provides the
results predicted by computer algorithms, but only experi-
mentally measured phosphorylation sites in PPA were used
by this project. The sites identified as phosphorylation sites
by the computational way were not considered as either
positives or negatives. Protein sequences in these two
datasets were clustered using BLASTClust (Altschul et al.
1997) with the cutoff of 30 % sequence identity and
redundant sequences were removed. Amino acid residues
around phosphorylated amino acid residues were kept as the
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Table 4 The numbers of protein sequences and known phosphory-
lation sites for P.ELM and PPA datasets

Dataset Residue # of sequences # of sites
P.ELM S 6,635 20,964

T 3,227 5,685

Y 1,392 2,163
PPA S 3,037 5,437

T 1,359 1,686

Y 617 676

known subsequences of phosphorylation sites, and the length
of this subsequence (window size) was a to-be-determined
parameter. The similarity between any two subsequences of
phosphorylation sites was also checked to ensure the
sequence identity was smaller than 30 %. The flowchart of
this dataset-construction procedure is shown in Fig. S1 in the
supplementary material. Detailed information about these
non-redundant data is shown in Table 4. The known phos-
phorylation sites in P.ELM are mainly for animals, 62 % for
Homo sapiens, 16 % for Mus musculus, 13 % for Dro-
sophila melanogaster, and 7 % for Caenorhabditis elegans,
whereas the PPA set is only for Arabidopsis thaliana, a
model organism of plants. Therefore, the P.ELM and PPA
datasets are relatively independent of each other. For
example, for S-type phosphorylation sites, there are 3,037
protein sequences in PPA after applying the filter, but only
168 of them have sequence identities more than 30 % with
ones in P.ELM. For T- and Y-type sites, the number of plant
protein sequences having similarity more than 30 % with the
animal sequences was only 46 and 21, respectively.

In both datasets, experimentally identified phosphory-
lation sites were considered as positive sites and a subset of
the other S/T/Y sites were used as negative ones. In the
P.ELM dataset, the ratio of positive to negative sites for
S/T/Y is 4.65, 3.77, and 7.66 %, respectively, compared
with 3.14, 4.19, and 6.55 % for the PPA dataset. For
phosphorylation site prediction model training, it has been
shown that the optimal ratio of positive to negative sites is
one (Biswas et al. 2010). Therefore, a subset of negative
sites was randomly selected for model training so that there
were the same numbers of positive and negative phos-
phorylation sites. All negative sites were ensured to have
sequence identity <30 % with any other negative sites and
all positive sites.

Support vector machine setup
Feature vectors

For classification, we used a SVM classifier, which is a
machine learning algorithm with supervised learning
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models (Vapnik 1998, 2000). During the training proce-
dure, a SVM constructs a hyperplane by finding support
vectors in the high-dimensional space, which is the space
for feature vectors (Vapnik 1998, 2000). For a given amino
acid residue, a subsequence with all residues adjacent to it
in a certain window size was used to create the feature
vector for the SVM. A window size, e.g., 7, meant that the
given residue had three neighbors on each side in the
subsequence. This subsequence was encoded with a mul-
tidimensional vector based on eight sequence-based attri-
butes, which were SE, RE, SS, PD, ASA, OP, ACH, and
KNN. In the following, each attribute is described in
details.

Shannon entropy

Shannon entropy score is one of most commonly used
sequence conservation measures, and is commonly used for
prediction of functionally important residues (Capra and
Singh 2007; Mihalek et al. 2004). We used the SE score to
quantify the conservation of phosphorylation sites. Shan-
non entropy was calculated by weighted observed per-
centages (WOP), which was extracted by PSI-BLAST
(Altschul et al. 1997). For a given full-length protein
sequence that could potentially have phosphorylation sites,
PSI-BLAST was applied to it against the NCBI BLAST
Non-redundant protein database. The WOP vector for a
position represents the position-specific distribution of 20
amino acids. The SE score for the given position is defined
as:

20
SE=—> p; log(p:) (1)
i=1

where p; = a/Za;, a; is the jth value in the WOP vector for
this given position. If a position has complete conservation,
the SE score has the smallest value, 0.

Relative entropy

Relative entropy measures the conservation of amino acids
compared with the background distribution, and the devi-
ation from a background distribution is also important for
functionally important amino acid residues (Johansson and
Toh 2010). Calculating RE scores requires the WOP matrix
from PSI-BLAST as well. The RE score of a type of amino
acid is calculated as:

20 .
mme@> )
i=1

where p; = a/Za;, a; is the jth value in the WOP vector for
this given position and p, is the protein BLOSUMG62
background distribution.

Secondary structure

Protein functions are dependent on their structures, and
phosphorylation sites are enriched in some specific sec-
ondary structures (2004). The secondary structure (SS)
attribute describes the structural environment of a phos-
phorylation site and its surrounding amino acid residues.
The most accurate way to obtain the information of sec-
ondary structure would be from the 3D structures of pro-
teins, but for a given protein sequence without known 3D
structures, currently, the secondary structures can only be
predicted. In this manuscript, the SS attribute of each res-
idue has three bits to show the possibility scores of three
types of secondary structures (H, E, and C), which were
predicted using PSIPRED (McGuffin et al. 2000).

Protein disorder

Protein disorder is important for understanding protein
function (Iakoucheva et al. 2004). Previous works suggested
that PD information is helpful to improve the discrimination
between phosphorylation and non-phosphorylation sites
(Iakoucheva et al. 2004). In this study, PD was predicted
using DISOPRED (Ward et al. 2004), because it is free for
downloading and convenient to use. For each residue,
the prediction result provides two scores, each between
0 and 1, which correspond to either a structured or disor-
dered status.

Accessible surface area

All phosphorylation sites are on the surface of substrate
proteins, and hence large solvent accessibility is also an
important feature for the catalytic residues. To improve the
prediction accuracy, the ASA information of each residue
was included into the algorithm as well. For the same
reason as for the case of SS, the ASA attribute is also
predicted with protein sequences. In this study, RVP-net
(Ahmad et al. 2003) was used to predict the relative solvent
ASA for each residue in a give protein sequence. Each
amino acid residue has a real value in (0, 1) for the ASA
attribute. The prediction of ASA does not have high reso-
lution, and the phosphorylation sites that become accessi-
ble upon protein conformational changes cannot be
evaluated by current existing methods.

Overlapping properties

Taylor’s OP, reflecting the amino acid groups with com-
mon physicochemical properties, were used for identifica-
tion of protein motifs (Wu and Brutlag 1995), and
prediction of T-cell epitopes (Gok and Ozcerit 2012), and
prediction of functionally important protein residues (Wu
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et al. 2012; Dou et al. 2010, 2012), etc. These properties
are: Polar {NQSDECTKRHYW}, Positive {KHR}, Neg-
ative {DE}, Charged {KHRDE}, Hydrophobic {AG-
CTIVLKHFYWM}, Aliphatic {IVL}, Aromatic {FYWH},
Small {PNDTCAGSV}, Tiny {ASGC} and Proline {P}
(Taylor 1986). Amino acid residues are encoded using
10-bit vectors where the dimensions of the corresponding
properties are set to 1 and remaining positions are 0, i.e., A
(0000100010, ...... , V (0000110100).

Average cumulative hydrophobicity

Average cumulative hydrophobicity (ACH) has been
demonstrated to be an important attribute for protein
functional important residues (Dou et al. 2012; Zhang et al.
2008; Wang and Brown 2006), because it quantifies the
propensity of the propensity of a phosphorylation site
amino acid and its surrounding residues to be exposed to
solvents. The attribute was quantified by computing the
average of the cumulative hydrophobicity indices around
the central amino acid residue of a candidate subsequence
over the sliding windows with sizes of 3, 5, 7, ..., 21,
respectively. Therefore, we used ten bits in the feature
vector for ACH scores for one given candidate subse-
quence. Hydrophobicity index proposed by Sweet and Ei-
senberg (1983) was used in this manuscript, where 20
standard amino acids (A, C,D,E, F, G, H, I, K, L, M, N, P,
Q.R,S, T, V, W, Y) have the values of (0.62, 0.29, —0.90,
—0.74, 1.19, 0.48, —0.40, 1.38, —1.50, 1.06, 0.64, —0.78,
0.12, —0.85, —2.53, —0.18, —0.05, 1.08, 0.81, 0.26),
respectively.

K-nearest neighbor profiles (KNN)

Similar patterns often appear in the local sequences of
phosphorylation sites, and this information is helpful for
phosphorylation prediction, especially for kinase-specific
phosphorylation site prediction. To quantify this kind of
information, the KNN score was introduced. A KNN score
for one given sequence is the portion of positive phos-
phorylation sites in its k-nearest neighbors in the training
set, where the distance between two sequences is propor-
tional to their sequence similarity; a pair of similar
sequences has a short distance. In this study, the BLO-
SUMBG62 substitution matrix was used to calculate similar-
ities between amino acids, and the sequence similarity was
defined as the sum of all amino acid substitution scores. To
get a global view of the distribution of similar sequences in
the training set, several different k parameters were used to
calculate KNN profiles for a given sequence. For S- and
T-type sites, the parameter k¥ of KNN was (0.25, 0.5, ...,
5 %) of the training dataset, and thus the KNN profile
attribute had 20 bits. For Y-type sites, the parameter k was
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(1, 2, ..., 5 %) for five bits because the size of the training
set for Y-type sites is small. A KKN attribute vector
actually quantifies the neighborhood of a phosphorylation
site in the similarity network of all known sites. This fea-
ture has been used and described in detail by Musite for
phosphorylation site prediction (Gao et al. 2010).

If a residue on a sequence terminus is the central bit of a
sliding window, zeros were used to fill in blanks on one
side of the window. Attributes KNN and ACH were just
applied to the central amino acid of a give subsequence,
and hence independent of the size of the windows.

We employed PSIPRED (McGuffin et al. 2000),
DISOPRED (Ward et al. 2004), and RVP-net (Ahmad et al.
2003) to predict protein SS, PD, and ASA, and hence their
training protein sequences could potentially affect our
prediction results if they had high sequence identity with
the protein sequences in our dataset. To assess this aspect,
we compared the training protein sequences for RVP-net
(Ahmad et al. 2003) with our data. Only 0.5 % of the
sequences in our data had sequence identity more than
30 % with sequences from RVP-net training dataset. The
training protein sequences for PSIPRED (McGuffin et al.
2000) and DISOPRED (Ward et al. 2004) are not available,
but we know that the number of proteins that they used as
training data was small. For example, DISOPRED (Ward
et al. 2004) collected only 750 proteins from PDB as their
training sequences. Therefore, the overlap between the
datasets we used for phosphorylation site prediction and
the training data of these two tools is very small, and hence
the effect from the training data of these two tools to the
accuracy of phosphorylation site prediction is very limited.

Training/prediction procedure

In this study, we used an SVM package, LIBSVM (Fan
et al. 2005), obtained from http://www.csie.ntu.edu.tw/
~cjlin/libsvm. The parameters, the window size and
parameters of C, the cost, and y for RBF kernel in SVM
were optimized on the P.ELM dataset with a tenfold cross-
validation. All protein sequences were grouped into ten sets
using BLASTClust (Altschul et al. 1997) again, and it
ensures the most similar phosphorylation sites in the same
set. The reason we did like this is because the filtered
known subsequences of phosphorylation sites still have
some redundancy. To obtain a sound estimate of the per-
formance of a prediction method, we need to ensure that
the overlap between training and evaluation data is mini-
mized. For one round, nine of those ten sets were used to
train the model. For training, all positive sites of proteins
were used and the same number of negative sites was
randomly selected as the positive sites on each protein
sequence. All positive and negative sites on proteins in the
10th group were scored by the trained model. After 10
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rounds, all positive and negative sites in the whole dataset
obtained prediction scores for analysis. The optimal set of
parameters resulting in the highest AUC values were
obtained by a grid search in the interval of (1, 25) in steps
of 2 for the window size (0.001, 0.01) in steps of 0.001 for
v, and (2_5 s 24) in steps of x2 for C. Since this method was
found to be sensitive to parameter C, an additional fine
linear search in (1, 6) in steps of 1 for parameter C was
conducted, while the other parameters kept the same grid
sizes as before. For the application on the independent
dataset and the online server, the prediction model was
obtained by training the whole P.ELM dataset with the
same number of positive and negative sites, and this model
is free for downloading to use on other applications of
phosphorylation prediction.

Evaluation methods

The statistical terms, Specificity (Sp), Sensitivity (Sn),
Precision, and MCC are defined in the following equations:

TN
e 1
S = TN rp 1007

_ ™ 00v
" TP +FN ¢

TP
P=—— 1

Tp 1 pp < 100%

TP)(TN) — (EP)(EN

e (TP)(TN) — (FP)(FN)

/(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(3)

where TP, TN, FP, and FN stand for true positive, true
negative, false positive, and false negative, respectively. To
compare among different algorithms, all Sp and Sn were
calculated at the point with the maximal F-measure, which
is the balance point of specificity and sensitivity on the
ROC curve (Lasko et al. 2005). The F-measure is defined
in the following equation:

_2><P><Sn

P + Sn (4)

where P and Sn are Precision and Sensitivity, respectively.
The ROC curve represents the interplay of Sn and (1 —
Sp). To obtain the ROC curve, all sites in a dataset are
sorted with their prediction scores and points of (Sn, 1 —
Sp) calculated by increasing the number of returned sites in
steps of one site a time. The area under ROC curve (AUC)
was used as the primary evaluation metric. A java program
available at http://pages.cs.wisc.edu/ ~ richm/programs/
AUC/ was used to calculate the AUC. The online tool
StAR (DeLong et al. 1988; Vergara et al. 2008) was used to
test whether the difference between the ROC curves
resulting from two methods is statistically significant.

Since, we used tenfold cross-validation, there were ten
different subsets of P.ELM data. The standard deviation of
AUC values for a method was calculated based on AUC
values from these ten subsets. For PPA data, we randomly
grouped them into ten subsets to calculate standard devi-
ation of AUC values.

Six other prediction methods for comparison

The methods being tested against PhosphoSVM in the
manuscript included Netphos (Blom et al. 1999), NetPhosK
(Hjerrild et al. 2004), Swaminathan’s method (Swamina-
than et al. 2010), PPRED (Biswas et al. 2010), GPS 2.1
(Xue et al. 2011), and Musite (Gao et al. 2010). These
methods were chosen because they have good perfor-
mance, and also because they either have free download-
able programs or provide user-friendly web servers. All of
these methods were obtained from their official websites,
except Swaminathan’s method (Swaminathan et al. 2010)
and PPRED (Biswas et al. 2010), which were implemented
by us locally. Though the different version of P.ELM
database was used, the local implemented software had the
similar results as that from the original articles with the test
procedure described in their original articles. Two of them,
NetPhosK (Hjerrild et al. 2004) and GPS 2.1 (Xue et al.
2011), are kinase-specific methods, and the others are non-
kinase-specific methods. Both NetPhos (Blom et al. 1999)
and NetPhosK (Hjerrild et al. 2004) are neural network-
based methods for predicting potential phosphorylation in
protein sequences. GPS is a group-based phosphorylation
site prediction method and the latest version (i.e., v2.1) was
used for testing (Xue et al. 2011). Swaminathan’s method
uses SVM classifier and three sets of sequence-based
attributes (Swaminathan et al. 2010). PPRED method uses
only PSSM but uses a sliding window to incorporate
information of neighboring residues (Biswas et al. 2010).
Musite employs the aggregation of multiple SVMs on three
attributes: disorder scores, KNN profiles, and amino acid
frequency scores (Gao et al. 2010). For the kinase-specific
method, all types of kinase family prediction rules were
applied to a given peptide sequence, and only the predic-
tion result with the highest score used for analysis. Netphos
(Blom et al. 1999) was trained using PhosphoBase, an early
version of P.ELM (Kreegipuu et al. 1999). Following their
original manuscript, the training sets of Swaminathan’s
method (Swaminathan et al. 2010) and PPRED (Biswas
et al. 2010) were extracted from P.ELM by us. Musite (Gao
et al. 2010) extracted species-specific training data from
P.ELM and PPA databases, and all data were combined to
train a model for generic eukaryotes. The models trained
by the combined data, including data from PPA, were used
for Musite.
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