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Abstract

As one of the most widespread protein post-translational modifications, phosphorylation is involved in many biological
processes such as cell cycle, apoptosis. Identification of phosphorylated substrates and their corresponding sites will
facilitate the understanding of the molecular mechanism of phosphorylation. Comparing with the labor-intensive and time-
consuming experiment approaches, computational prediction of phosphorylation sites is much desirable due to their
convenience and fast speed. In this paper, a new bioinformatics tool named CKSAAP_PhSite was developed that ignored
the kinase information and only used the primary sequence information to predict protein phosphorylation sites. The
highlight of CKSAAP_PhSite was to utilize the composition of k-spaced amino acid pairs as the encoding scheme, and then
the support vector machine was used as the predictor. The performance of CKSAAP_PhSite was measured with a sensitivity
of 84.81%, a specificity of 86.07% and an accuracy of 85.43% for serine, a sensitivity of 78.59%, a specificity of 82.26% and an
accuracy of 80.31% for threonine as well as a sensitivity of 74.44%, a specificity of 78.03% and an accuracy of 76.21% for
tyrosine. Experimental results obtained from cross validation and independent benchmark suggested that our method was
very promising to predict phosphorylation sites and can be served as a useful supplement tool to the community. For public
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Introduction

Representing one of the most common protein post-transla-
tional modifications (PTMs) in eukaryotes, phosphorylation plays
significant roles in a wide range of cellular processes, such as
regulation of transcription [1], DNA repair [2], metabolism [3],
immune response [4], environmental stress response [5], and
cellular motility [6]. Phosphorylation process is catalyzed by a
group of enzymes called kinases, which affect certain acceptor
residues (serine, threonine and tyrosine) in the substrate sequences.
It has been estimated that 30-50% of the proteome undergone
phosphorylation [7]. Therefore, accurate recognition of the
phosphorylation substrates and the corresponding phosphoryla-
tion sites may help fully decipher the molecular mechanisms of
phosphorylation related biological processes.

Conventional experimental identification of phosphorylation
sites with a site-directed mutagenesis strategy is laborious,
expensive, and low-throughput [8]. Recently, the appearance of
high-throughput mass spectrometry technique [9] has greatly
accelerated the identification of novel phosphorylation sites.
Accordingly, several phosphorylation site databases have been
established, such as ‘Phospho.ELM’ [10], ‘Phosphorylation Site
Database’ [11], ‘PhosPhAT” [12], and ‘Phosphosite’ [13]. How-
ever, some limitations of this technique [14] make the exact
prediction of phosphorylation sites difficult, and it always requires
very expensive instruments and specialized expertise that are
usually not available in general laboratories. With the increasing
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availability of protein sequence data, there is an urgent need for
computational tools that can rapidly and reliably identify
phosphorylation sites.

In recent years, many computational predictors have been
developed and applied with varying success to predict phosphor-
ylation sites [15]. Most of phosphorylation site prediction tools are
kinase-specific, since they need the kinase information of the target
proteins as input, such as KinasePhos [16], PPSP [17], NetphosK
[18] and GPS [19]. In the establishment of these predictors,
proteins collected from the phosphorylation site databases without
kinase information were not considered and filtered out. However,
it can be found that the majority of experimentally validated
phosphorylation sites from the present update of Phospho.ELM
dataset did not contain kinase annotations, this part of dataset
were thus omitted in the training process of the existing kinase-
specific prediction tools. Hence the prediction tools that use the
information of kinase annotated proteins can not be regarded as
completely perfect for predicting the non-kinase annotated
proteins. In other words, these tools are certainly not generalized.
In addition, the limitations of kinase-specific prediction tools
definitely ignore some important properties of the phosphorylation
sites. 'Therefore, several generalized prediction tools were
proposed which ignored the kinase information and only used
the primary sequence information for classifying phosphorylation
sites, such as DISPHOS [20], Scansite [21], PPRED [22],
NetPhos [23], PHOSIDA [11], and AutoMotif Server AMS
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[24]. More details about these predictors can be found in two
recent reviews [25,26].

In this study, the prediction performance of phosphorylation
sites was improved by utilizing a new encoding scheme, A-spaced
amino acid pairs (CKSAAP), which has been widely used to deal
with diverse prediction topics in the field of bioinformatics [27—
29]. The proposed predictor CKSAAP_PhSite could overcome
the limitation by incorporating only sequence information rather
than using any kinase specific information. By comparison, the
performance of the CKSAAP_PhSite predictor was very promis-
ing to predict phosphorylation sites, with a sensitivity of 84.81%, a
specificity of 86.07% and an accuracy of 85.43% for serine, a
sensitivity of 78.59%, a specificity of 82.26% and an accuracy of
80.31% for threonine as well as a sensitivity of 74.44%, a
specificity of 78.03% and an accuracy of 76.21% for tyrosine.
CKSAAP_PhSite is a novel phosphorylation site online tool and
can provide probability information for prediction results. The
online service is freely available at http://59.73.198.144/
cksaap_phsite/.

Methods

Datasets

The datasets used in this paper were divided into two parts:
training dataset and independent testing dataset. The training
dataset came from Ashis and co-workers [22]. Experimentally
validated phosphorylation sites were extracted from the Phos-
pho.ELM database (version 8.1 released on August 12, 2008) [10],
which contained 5725 proteins covering 12373 phosphorylated
serine (S) sites, 2525 phosphorylated threonine sites (1) and 1826
phosphorylated tyrosine (Y) sites, these sites were regarded as
positive sites (see Text SI). All the remaining S/T/Y residues
which were not in a distance of 50 amino acids from any
phosphorylated sites of a protein sequence were regarded as
negative sites, as done by [22]. The phosphorylated histidine sites
were not taken into account in this paper, since the objective of
this work was to classify only the most frequently occurred
phosphorylated residues. Since the number of phosphorylated sites
and the non-phosphorylated sites were highly imbalanced, we
repeatedly selected the equal number of negative sites (non-
phosphorylated fragments) to match the positive ones (phosphor-
ylated fragments) ten times for each kind of sites (S/T/Y) in the
training dataset (see Text S2).

In order to evaluate the prediction performance among
different predictors, we collected a new independent testing
dataset by extracting the experimentally verified phosphorylated
sites from Phospho.ELM which were added after August 12, 2008.
Then the redundancy reduction using CD-HIT [30] was
performed to ensure that none of the protein sequences showed
a sequence similarity of more than 40% within the independent
testing dataset and also in the training dataset. Therefore, the
independent dataset contained 837 proteins covering 1450
phosphorylated serine sites, 835 phosphorylated threonine sites
and 286 phosphorylated tyrosine sites (see Supporting Information
Text S3). The negative sites in the independent testing dataset
were generated in the same way as in the training dataset.

Similar to the development of other PTM site predictors [31—
33], the sliding window strategy was utilized to extract positive and
negative samples. After a preliminary evaluation, the optimal
window size was 27 in this paper, with 13 residues located
upstream and 13 residues located downstream of the phosphor-
ylation sites in the protein sequences. In order to ensure a
sequence fragment with a unified length, a non-existing amino
acid O was used to fill the corresponding positions.
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Construction of feature vectors

In this study, the composition of A-spaced amino acid pairs
(CKSAAP) based encoding scheme was used. CKSAAP could
reflect the characteristics of the residues surrounding phosphor-
ylation sites, and it has been successfully used for predicting
palmitoylation sites [34] and mucin-type O-glycosylation sites [35]
to represent the sequence fragment. The detailed procedures are
described as follows. For a sequence fragment of 2n+] amino
acids, it may contain 441 types (44, AC, AD, ..., OO) of k-spaced
amino acid pairs (i.e. the pairs separated by £ other amino acids).
Then, a feature vector can be described as:

(NaasNac,Naps, - sNoo)aa1 (1)

The value of each component is the composition of the
corresponding amino acid pairs in the sequence fragment. For
example, when there are m AC pairs in the sequence fragment, the
value of corresponding component Ny is m. After a preliminary
evaluation, we found that when the value of £ increased, the
prediction accuracy and the sensitivity would increase, but the
computational complexity and the required time for training the
models would also increase. So that in this paper, we consider the
CKSAAP encoding scheme with £=0, 1, 2, 3, 4 and 5, and the
total dimension of the 5-spaced feature vector is 2646. An example
of the CKSAAP encoding scheme with £=0, 1, 2, 3 for sequence
fragment AAACD can be found from Table 1.

The binary encoding scheme is also carried out here to compare
with the CKSAAP encoding. As mentioned above, there are 21
types of amino acids in our setting, which are given as
ACDEFGHIKLMNPQRSTVWYO. Therefore, each amino acid
is represented by a 2l-dimensional binary vector, that is, A
corresponds to (100000000000000000000), C  corresponds to
(010000000000000000000), and O corresponds to
(000000000000000000001). For each sequence fragment, the
central amino acid is always S/T/Y, which is not necessary to
be considered. Consequently, the total dimension of the binary
feature vector is 21 X2n.

Feature selection

Because of the high dimensionality of the CKSAAP encoding
scheme, a well established filter feature selection method,
Information Gain (/G) [36] was employed in this paper.

Information Gain is a measure of dependence between the
feature and the class label. It is one of the most popular feature
selection techniques as it is easy to compute and simple to
interpret. Information Gain of a feature X and the class label 1'is
calculated as follows:

Table 1. An example of the CKSAAP encoding scheme with
k=0, 1, 2, 3 for sequence fragment AAACD.

The corresponding feature

K k-space amino acid pairs vectors

0 (AA, AC, AD....,00) 44 (2, 1,0,..,0)427
1 (AXA, AXC, AXD,...,0X0)44, (1,1, 1,...,0)as1
2 (AXXA, AXXC, AXXD,...,0XX0)441 0, 1, 1,...,0)447
3 (AXXXA, AXXXC, AXXXD,...,0XXX0) 441 0,0, 1,...,0)427

doi:10.1371/journal.pone.0046302.t001
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IG(X/Y)=H(X)~H(X/Y) )

Information entropy H(X) is a measure of the uncertainty
associated with a random variable (feature) X, which is calculated
as follows:

H(X)= = _ P(xi)logy(P(x:)) (3)

where {x;} denotes a set of values occurred in X, and Pk,
represents the prior probability of x;. The entropy H(X/Y) of X
after observing 1"is calculated as follows:

H(X/Y)==Y P> P(xi/y)logs(P(xi/y)  (4)
J i

where Px;/y)) is the posterior probability of ; given the value of y;
of 1.

For any two features X; and X, from the CKSAAP encoding
scheme, 1'is regarded as more correlated with X, than X, if IG(X,/
N>IGX,/Y). A feature that gives higher value of IG receives
higher rank.

SVM learning

Support vector machine (SVM) is a popular machine learning
algorithm mainly used in dealing with binary classification
problems. SVM looks for a rule that best maps each member of
training set to the correct classification [37], and it has been widely
used in bioinformatics community. Formally, given a training
vector x; € R, and y; € {—1, +1} be the corresponding class labels,

=1, ..., N, SVM solves the following optimization problem:
1 N
Minimiz §wT~w+ CZ & (5)
i=1
Subject to y;(wT-x; +b)=1—¢; and &>0 (6)

where w is a normal vector perpendicular to the hyperplane, the
regularization parameter C controls the trade-off between the
margin and the training error, and ¢; are slake variables for
allowing misclassifications [38]. In this paper, LIBSVM package
[39] with radial basis kernels (RBF) was wused as

K(xi,x;)=exp(—y xiijHz) where the kernel width parameter
y represents how the samples are transformed to a high
dimensional space. In this paper, grid search strategy based on
5-fold cross-validation was utilized to find the optimal parameters
Candye {277, 276 .., 28}, so that a total number of 256 grids

were evaluated.

Performance assessment of CKSAAP_PhSite

Three cross validation methods are often used to examine a
predictor for its effectiveness: independent dataset test, subsam-
pling test (e.g. 5-fold or 7-fold cross validation), and jackknife test
[40]. Of these three test methods, the jackknife test is deemed as
the most objective one [41], since the outcome obtained by it is
always unique for a given benchmark dataset. However, to reduce
the computational time, 5-fold cross validation test is commonly
used instead of jackknife test. In the 5-fold cross validation, the
dataset 1s divided into 5 equal subsets, out of which 4 subsets are
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used for training and the remaining one for testing. This
procedure is repeated 5 times and the final prediction result is
the average accuracy of the 5 testing subsets. In this study, 5-fold
cross validation and independent dataset test are chosen for
evaluating the proposed predictor.

In order to evaluate our predictor CKSAAP_PhSite, four
measurements are used: sensitivity (Sn), specificity (Sp), accuracy
(Ae) and Matthew correlation coefficient (MCC). They are defined
by the following formulas:

G TP
"= TPYFN
TN
SP= TN T FP
e TP+ TN
‘S TPYTN+FP+FN

TPxTN—FPxFN

MCC=
V(TP+FN)x (TN + FP) x (TP+FP) x (TN + FN)

where TP, TN, FP and FN stand for the number of true positive,
true negative, false positive and false negative, respectively. In
addition, the receiver operating characteristic (ROC) curves [42]
and the area under the curve (AUC) are also carried out.

Results and Discussion

Performance of CKSAAP_PhSite

For each training dataset, the sequence fragments were firstly
encoded as numerical vectors by using the CKSAAP encoding
scheme, then the CKSAAP_PhSite predictor was established with
the assistance of SVM algorithm. In our experiment, the optimal
parameters (C, ¥) for training S, T, and Y prediction model were
2%,277, (2,2 ") and (2, 277), respectively. CKSAAP_PhSite was
trained and tested through 5-fold cross-validation, and all of the
results were calculated based on the threshold value 0.5. The
average performance of CKSAAP_PhSite on the training dataset
was summarized in Table 2. The average prediction accuracy (4c)
reached 85.43% for S (Sn=284.81%, Sp=286.07%, MCC=0.709),
80.31% for T (Sn=178.59%, Sp=282.26%, MCC=0.599) and
76.21% for Y (Sn=74.44%, S, =78.03%, MCC'=0.524). Since the
proposed CKSAAP_PhSite predictor is a discrete classifier, the
ROC curves for each of the three residues (S, T and Y) have been
plotted, as can be seen in Figure 1, Figure 2 and Figure 3.

Due to the high dimensionality of the CKSAAP encoding
scheme, the well established filter feature selection method IG was
used to reduce the dimensionality and to find the most relevant
features (amino acid pairs). After several rounds of experiments, it
was found that the feature selection method resulted in little
performance improvement, so that feature selection was not used
in the final prediction model. This phenomenon was probably
because SVM has a good tolerance to high dimensional data.

The top ranked features

Though the feature selection method brought no significant
performance improvement, this method could find out the most
“important” features (amino acid pairs) generated by the
CKSAAP encoding scheme. In order to give some instruments
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True Positive Rate

0.1

Binary encoding AUC = 0.8965
CKSAAP encoding AUC = 0.9301 ]

1

| 1 1
0 0.1 0.2 0.3 0.4 0.5 06 0.7
False Positive Rate

0.8 0.9 1

Figure 1. ROC curves of CKSAAP_PhSite and the binary encoding scheme in terms of serine (S) site prediction based on the training

dataset.
doi:10.1371/journal.pone.0046302.g001

for predicting phosphorylation sites, the top 20 features of
phosphorylated S/T/Y sites were listed in Table 3. The
importance of these features was also clearly and intuitively
characterized in Figure 4. For example, the feature SxS of
phosphorylated serine (S) site prediction, which represents the SS

residue pair spaced by any amino acid (that is to say, 1-spaced
residue pair), is enriched in position pairs surrounding the
phosphorylated sites. As can be seen in Table 3, S, T and Y
frequently appeared in the top 20 amino acid pairs, which in
accord with the observation from Figure 4 that S, T and Y

True Positive Rate

01r

Binary encoding AUC = 0.851
CKSAAP encoding AUC = 0.889

0 I I i ! 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

False Positive Rate

0.8 0.9 1

Figure 2. ROC curves of CKSAAP_PhSite and the binary encoding scheme in terms of threonine (T) site prediction based on the

training dataset.
doi:10.1371/journal.pone.0046302.g002
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True Positive Rate

0.1

Binary encoding AUC = 0.791
CKSAAP encoding AUC = 0.837
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False Positive Rate
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Figure 3. ROC curves of CKSAAP_PhSite and the binary encoding scheme in terms of tyrosine (Y) site prediction based on the

training dataset.
doi:10.1371/journal.pone.0046302.g003

frequently occurred in the vicinity of phosphorylated sites. Table 3
also showed the sequence patterns around the phosphorylated
sites, that is, a new sequence fragment including these amino acid
pairs in rich would more likely have phosphorylated sites.

Comparison with the binary encoding scheme

When compared with the binary encoding scheme on the
training dataset, the CKSAAP encoding scheme revealed about
3%, 5%, and 3% higher accuracies for predicting S, T, and Y sites
respectively (Table 2). The comparisons were further illustrated by
the ROC curves. As can be seen in Figure 1, 2 and 3, CKSAAP
encoding was better than the conventional binary encoding. The
AUC value resulted from CKSAAP encoding was about 0.03-0.05
higher than that of the binary encoding in all three types of
phosphorylation site prediction. When compared with the binary
encoding scheme on the independent testing dataset, the AUC
value resulted from CKSAAP encoding was about 0.09-0.16

Table 2. Comparison of the two encoding schemes on the
training dataset.

Encoding

Site scheme Sn (%) Sp (%) Ac (%) Mecc

80.37+0.69 84.89+0.73 82.63+0.61 0.653+0.012
84.810.52 86.07+0.56 85.43+0.82 0.709:0.005
60.050.95 90.17+0.64 75.12+0.53 0.528+0.008
78.59*0.51 82.26+0.86 80.31+0.62 0.599+0.015
65.071.09 81.36+1.06 73.15+0.87 0.471*0.017
74.44%0.74 78.03+0.21 76.21+0.32 0.524+0.006

S Binary
CKSAAP_PhSite

T Binary
CKSAAP_PhSite

Y Binary
CKSAAP_PhSite

doi:10.1371/journal.pone.0046302.t002
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higher than that of the binary encoding in all three types of
phosphorylation site prediction.

We also carried out the comparison of CKSAAP and binary
encoding based merely on sites containing no ‘O’ residues, the
average performance between CKSAAP and the binary encoding
was summarized in Table 4. Experimental results showed that the
usage of ‘O’ residue could result in slightly different performance.
These results also revealed that the using of ‘O’ residue was
necessary to make the prediction of the predictor more accurate.

All the above results explicitly indicated that the CKSAAP
encoding has a significant advantage over the binary encoding in
predicting phosphorylation sites. This is because that the
CKSAAP encoding scheme focuses on the relationship of amino
acids at different positions, which can reflect the composition of
short linear motif. To our knowledge, a number of PTMs are
strongly associated with intrinsic disorder [43-47], and many
PTMs (e.g. lipidation, GPI-anchor) have been experimentally
proved to be correlated with intrinsic disorder regions. Moreover,
the short motifs in which two or three residues are conserved often
resided in disorder regions [48]. This may be the main reason why
the CKSAAP encoding can be better than the binary encoding
in predicting phosphorylation sites.

Comparison with the existing predictors

In this section, the proposed CKSAAP_PhSite was bench-
marked against DISPHOS [21], PPRED [20] and NetPhos [23],
three of the best phosphorylation site predictors on the indepen-
dent dataset with 1450, 835 and 286 phosphorylated sites of
serine, threonine and tyrosine respectively. The method DIS-
PHOS (DISorder-enhanced PHOSphorylation predictor) [20]
used position-specific amino acid frequencies and disorder
information to identify phosphorylation sites. PPRED [22] ignored
the kinase information and only used the evolutionary information
of proteins for classifying phosphorylation sites. NetPhos [23] was
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Figure 4. Three Two-Sample-Logos of the position-specific residue composition surrounding the phosphorylated site and non-
phosphorylated sites. (A) serine site logo, (B) threonine site logo, (C) tyrosine site logo. These three logos were generated using the web server
http://www.twosamplelogo.org/ and only residues significantly enriched and depleted surrounding phosphorylated sites (t-test, P<<0.05) are shown.

doi:10.1371/journal.pone.0046302.9004

a neural network-based method for predicting potential phos-
phorylation sites, and this predictor did not consider any kinase
specific information for prediction.

To conduct a comparison on the independent dataset, all the
proteins were predicted via the web servers of CKSAAP_PhSite,
DISPHOS, and NetPhos. Due to the absence of online server of
the method PPRED, we realized this method using the same ratio
of positive to negative samples (1:1) as PPRED done. For the
CKSAAP_PhSite, the final prediction results were average over
these ten training datasets for each kind of phosphorylation sites.
The performance based on the prediction results were summa-
rized in Table 5, 6 and 7. As shown in Table 5, 6 and 7, the
performance of CKSAAP_PhSite was better than DISPHOS,
PPRED and NetPhos for all three types of phosphorylated sites
prediction on the independent dataset. Each of the comparison
tables underlined the competitive performance of the proposed

PLOS ONE | www.plosone.org 6

predictor, CKSAAP_PhSite, among all three other existing
predictors.

The better prediction performance of CKSAAP_PhSite may be
credited to the appropriate sequence encoding scheme adopted in
this manuscript, even though the dimension of the CKSAAP
encoding is much higher than the encoding schemes used by other
predictors. More importantly, the reasonably good performance of
CKSAAP-PhSite implied that the CKSAAP encoding can
effectively find out the information of enriched and depleted
residue pairs around phosphorylated sites [29].

The proposed predictor (CKSAAP_PhSite) successfully over-
came the limitations of the kinase-specific prediction tools in
predicting protein phosphorylation sites. In designing the predic-
tor, all the remaining serine, threonine, and tyrosine residues that
were reported as phosphorylated sites and which were not located
in a distance of 50 amino acids from any of the positive annotated

October 2012 | Volume 7 | Issue 10 | e46302



Table 3. The top 20 features ranked by |G based feature
selection method.

The top 20 features S T Y

1 SP TP Y x xP

2 SxS PxxxP DxY

3 Sx X %S LxxL LxL

4 Rx xS LL DxxY

5 Sx xS SP LL

6 SX XXX XS TxxxxP LxxxxxL
7 SxxE PxxxxS DY

8 SX XX XS LxxxxL VxxL

9 SxR TxP YE

10 SxxxxE TxxxT PxxxP

11 SS LxL ExxY

12 RS TxxxxxP FxxxV
13 Rx X x xS Px xP LxxxL
14 SxxxE PE PxxxxxP
15 Rx X X x XS PP LxA

16 SxE LxxG LxxL

17 LxxxL SxxT Dx xS

18 Rxx xS PxT LxxxxL
19 ExE RP PxY

20 LxxL LxxxL Y x x xP
doi:10.1371/journal.pone.0046302.t003

residues were regarded as negative phosphorylated sites. Since
information regarding negative phosphorylated sites is scarce,
some of these remaining residues may be annotated as phosphor-
ylated sites in future experiments. Therefore, as more validated
phosphorylated sites from high throughput proteomic experiments
become available, we should re-train the predictor which will in
turn enhance the prediction performance.

Conclusion

Accurate identification of the phosphorylation substrates and
the corresponding phosphorylation sites could help fully decipher
the molecular mechanisms of phosphorylation related biological
processes. Though some researchers have focused on this problem,
the overall accuracy of prediction is still not satisfied. In this paper,
we have developed a competitive phosphorylation site predictor

Table 4. Comparison of the two encoding schemes on the
training dataset containing no ‘O’ residues.

Prediction of Protein Phosphorylation Sites

Table 5. Performance of DISPHOS, PPRED, NetPhos, and our
predictors in terms of serine (S) site prediction on the
independent dataset.

Method Performance parameters of the systems
5n (%) Sp (%) Ac (%) Mcc
DISPHOS 81.03 62.86 70.10 0.432
PPRED 72,62 56.42 62.87 0.286
NetPhos 78.90 55.64 64.91 0.343
CKSAAP_PhSite 79.45 78.03 78.59 0.566

doi:10.1371/journal.pone.0046302.t005

Table 6. Performance of DISPHOS, PPRED, NetPhos, and our
predictors in terms of threonine (T) site prediction on the
independent dataset.

Performance parameters of the systems

Systems

5n (%) Sp (%) Ac (%) Mcc
DISPHOS 70.06 73.04 71.93 0.421
PPRED 48.26 70.34 62.12 0.187
NetPhos 47.78 74.75 64.70 0.231
CKSAAP_PhSite 79.16 78.88 78.98 0.567

doi:10.1371/journal.pone.0046302.t006

named as CKSAAP_PhSite from the protein primary sequences.
By comparison, the performance of the CKSAAP_PhSite predic-
tor was better than three existing predictors, with a sensitivity of
84.81%, a specificity of 86.07% and an accuracy of 85.43% for
serine, a sensitivity of 78.59%, a specificity of 82.26% and an
accuracy of 80.31% for threonine as well as a sensitivity of
74.44%, a specificity of 78.03% and an accuracy of 76.21% for
tyrosine. Furthermore, feature selection method was used to find
out the most “important” features (amino acid pairs). The
conclusions derived from this paper might help to understand
more of the phosphorylation mechanism and guide the related
experimental validation.

Since user-friendly and publicly accessible web-servers represent
the future direction for developing practically more useful models,
simulated methods, or predictors, a web-server of CKSAAP_Ph-
Site has been developed, which can be freely accessible at http://
59.73.198.144/ cksaap_phsite/.

Table 7. Performance of DISPHOS, PPRED, NetPhos, and our
predictors in terms of tyrosine (Y) site prediction on the
independent dataset.

Encoding
Site scheme Sn (%) Sp (%) Ac (%) Mecc
S Binary 80.29+0.52 84.43+0.54 82.36+0.45 0.648+0.023
CKSAAP_PhSite  84.41%0.37 85.46+0.48 84.94+0.59 0.699+0.007
T Binary 62.13+0.28 88.61+0.72 73.82+0.47 0.512+0.004
CKSAAP_PhSite  78.36+0.67 81.72+0.36 79.59+0.71 0.568+0.028
Y Binary 66.14+0.87 75.36+0.82 71.04*+0.49 0.423+0.021
CKSAAP_PhSite  72.15+0.63 76.18+0.51 74.16+0.52 0.484:+0.005

Performance parameters of the systems

Systems

5n (%) Sp (%) Ac (%) Mcc
DISPHOS 55.24 74.19 66.62 0.298
PPRED 43.01 65.35 56.42 0.084
NetPhos 45.80 69.30 59.92 0.154
CKSAAP_PhSite 52.10 79.53 68.58 0.329

doi:10.1371/journal.pone.0046302.t004
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Supporting Information

Text S1 The training dataset contains 5725 proteins covering
12373 phosphorylated serine sites, 2525 phosphorylated threonine
sites and 1826 phosphorylated tyrosine sites.

(TXT)

Text 82 Ten sets of randomly selected negative samples for each
kind of sites (S/T/Y) in the training dataset.
(TXT)

Text 83 The independent dataset which contains 837 proteins
covering 1450 phosphorylated serine sites, 835 phosphorylated
threonine sites and 286 phosphorylated tyrosine sites.

(TXT)

References

1. Uddin S, Lekmine F, Sassano A, Rui H, Fish EN, Platanias LC (2003) Role of

Statd in type I interferon-signaling and transcriptional regulation. Biochem
Biophys Res Commun 308: 325-330.

2. Wood CD, Tina MT, Guadalupe S, Roger AD, Mercedes R (2009) Nuclear
localization of p38MAPKin response to DNA damage. Int J Biol Sci 5: 428-437.

3. Bu YH, He YL, Zhou HD, Liu W, Peng D, Tang AG, Tang LL, Xie H, Huang
QX, Luo XH, Liao EY (2010) Insulin receptor substrate 1 regulates the cellular
differentiation and the matrix metallopeptidase expression of preosteoblastic
cells. J Endocrinol 206: 271-277.

4. Kim SH, Lee CE (2011) Counter-regulation mechanism of IL-4 and IFN-o
signal transduction through cytosolic retention of the pY-STATG6: pY-
STAT2:p48 complex. Eur J Immunol 41: 461-472.

5. Wang YY, Chen SM, Li H (2010) Hydrogen peroxide stress stimulates
phosphorylation of FoxO1 in rat aortic endothelial cells. Acta Pharmacol Sin 31:
160-164.

6. Ressurreico M, Rollinson D, Emery AM, Walker AJ (2011) A role for p38
MAPK in the regulation of ciliary motion in a eukaryote. BMC Cell Biol 12: 6.

7. Pinna L, Ruzzene M (1996) How do protein kinases recognize their substrates?
BBA-Molecular Cell Reascarch 1314: 191-225.

8. Meier R, Alessi DR, Cron P, Andjelkovic M, Hemmings BA (1997) Mitogenic
activation, phosphorylation, and nuclear translocation of of protein kinase
Bbeta. J Biol Chem 272: 30491-30497.

9. Jensen ON (2004) Modification-specific proteomics: characterization of post-
translational modifications by mass spectrometry. Curr Opin Chem Biol 8: 33—
41.

10. Diella F, Cameron S, Gemund C, Linding R, Via A, et al. (2004) Phospho.ELM:
a database of experimentally verified phosphorylation sites in eukaryotic
proteins. BMC Bioinform 5: 79.

11. Gnad F, Ren S, Cox J, Olsen JV, Macek B, et al. (2007) PHOSIDA
(phosphorylation site database): management, structural and evolutionary
investigation, and prediction of phosphosites. Genome Biol 8: R250.

12. Heazlewood JL, Durek P, Hummel J, Selbig J, Weckwerth W, et al. (2008)
PhosPhAt: a database of phosphorylation sites in Arabidopsis thaliana and a
plant-specific phosphorylation site predictor. Nucleic Acids Res 36: D1015—
D1021.

13. Hornbeck PV, Chabra I, Kornhauser JM, Skrzypek E, Zhang B (2004)
Phosphosite: a bioinformatics resource dedicated to physiological protein
phosphorylation. Proteomics 4: 1551-1561.

14. Boersema PJ, Mohammed S, Heck AJ (2009) Phosphopeptide fragmentation
and analysis by mass spectrometry. ] Mass Spectrom 44: 861-878.

15. Huang JH, Cao DS, Yan J, Xu QS, Hu QN, et al. (2012) Using core
hydrophobicity to identify phosphorylation sites of human G protein-coupled
receptors. Biochimie 94: 1697-1704.

16. Huang H, Lee T, Tzeng S, Horing J (2005) KinasePhos: a web tool for
identifying protein kinase-specific phosphorylation sites. Nucleic Acids Research
33: W226.

17. Xue Y, Li A, Wang L, Feng H, Yao X (2006) PPSP: prediction of PK-specific
phosphorylation site with Bayesian decision theory. BMC bioinformatics 7: 163.

18. Blom N, Sicheritz-ponten T, Gupta R, Gammeltoft S, Brunak S (2004)
Prediction of post-translational glycosylational and phosphorylation of proteins
from the amino acid sequences. Proteomics 4: 1633-1649.

19. Xue Y, Ren J, Gao X, Jin C, Wen L, et al. (2008) GPS 2.0, a tool to predict
kinase-specific phosphorylation sites in hierarchy. Molecular and Cellular
Proteomics 7: 1598.

20. Lakoucheva L, Radivojac P, Brown C, Oconnor T, Sikes J, et al. (2004) The
importance of intrinsic disorder for protein phosphorylation. Nucleic Acids
Research 32: 1037.

21. Obenauer J, Cantley L, Yaffe M (2003) Scansite 2.0: proteome-wide prediction
of cell signaling interactions using short sequence motifs. Nucleic Acids Research
31: 3635-3641.

22. Ashis KB, Nasimul N, Abdur RS (2010) Machine learning approach to predict
protein phosphorylation sites by incorporating evolutionary information. BMC
Bioinformatics 11: 273.

PLOS ONE | www.plosone.org

Prediction of Protein Phosphorylation Sites

Acknowledgments

The authors are thankful for Ashis KB for supplying data to support not-
for-profit research efforts.

Author Contributions

Wrote the paper: XWZ. Collected data: WYZ XX. Wrote codes: WYZ
XX. Developed the web server: WYZ XX. Participated in the research
design: ZQM MHY. Participated in the method assessment: ZQM MHY.
Participated in preparation of the manuscript: ZOM MHY. Directed the
research: XWZ. Read and approved the final manuscript: XWZ WYZ XX
7ZOM MHY.

23. Blom N, Gammetltoft S, Brunak S (1999) Sequence and structure-based
prediction of eukaryotic protein phosphorylation sites. Journal of Molecular
Biology 294: 1351-1362.

24. Plewcznski D, Tkacz A, Wyrwicz L, Rychlewski L (2005) AutoMotif server:
prediction of single residue post-translational modifications in proteins.
Bioinformatics 21: 2525.

25. Trost B, Kusalik A (2011) Computational prediction of eukaryotic phosphor-
ylation sites. Bioinformatics 27: 2927-2935

26. Xue Y, Gao X, Cao ], Liu Z, Jin C, et al. (2010) A summary of computational
resources for protein phosphorylation. Curr Protein Pept Sci 11: 485-496.

27. Chen K, Kurgan LA, Ruan J (2007) Prediction of flexible/rigid regions from
protein sequences using A-spaced amino acid pairs. BMC Struct Biol 7: 25.

28. Chen K, Kurgan LA, Rahbari M (2007) Prediction of protein crystallization
using collocation of amino acid pairs. Biochem Biophys Res Commun 355: 764—
769.

29. Chen Z, Chen YZ, Wang XF, Wang C, Yan RX, et al. (2011) Prediction of
Ubiquitination Sites by Using the Composition of -spaced amino acid pairs.
PLoS one 6: ¢22930.

30. Huang Y, Niu B, Gao Y, Fu LM, Li WZ (2010) CD-HIT Suite: a web server for
clustering and comparing biological sequences. Bioinformatics 26: 680-682.

31. Hu LL, Li Z, Wang K, Niu S, Shi XH, et al. (2011) Prediction and Analysis of
protein Methylarginine and Methyllysine based on Multisequence Features.
Biopolymers 96:763-771.

32. Zhao XW, Li XT, Ma ZQ), Yin MH (2011) Prediction of Lysine Ubiquitylation
with Ensemble Classifier and Feature Selection. International Journal of
Molecular Sciences 12: 8347-8361.

33. Xue Y, Liu ZX, Gao X], Jin CJ, Wen LP, et al. (2010) GPS-SNO:
Computational Prediction of Protein S-Nitrosylation Sites with a Modified
GPS algorithm. PLoS one 5: e11290.

34. Wang XB, Wu LY, Wang YC, Deng NY (2009) Prediction of palmitoylation
sites using the composition of -spaced amino acid pairs. Protein Engineering
Design and Selection 22: 707-712.

35. Chen YZ, Tang YR, Sheng ZY, Zhang ZD (2008) Prediction of mucin-type O-
glycosylation sites using the composition of A-spaced amino acid pairs. BMC
bioinformatics 9: 101.

36. ChenK, Jiang Y, Du L, Kurgan L (2009) Prediction of integral membrane protein
type by collocated hydrophobic amino acid pairs. J] Comput Chem 30: 163-172.

37. Vapnik V (1998) Statistical Learning Theory Wiley: New York.

38. Tung CW, Ho SY (2008) Computational identification of ubiquitylation sites
from protein sequences. BMC bioinformatics 9: 310.

39. Chang CC, Lin CJ (2011) LIBSVM: A library for support vector machine. ACM
Trans Intell Syst Technol 2: 1-27.

40. Chou KC, Zhang CT (1995) Review: Prediction of protein structural classes.
Crit Rev Biochem Mol Biol 30: 275-349.

41. Chou KC, Shen HB (2008) Cell-PLoc: A package of Web servers for predicting
subcellular localization of proteins in various organisms. Nature Protocols 3: 153-162.

42. Gribskov M, Robinson NL (1996) Use of receiver operating characteristic
(ROC) anlysis to evaluate sequence matching. Comput Chem 20: 25-33.

43. Russell RB, Gibson T]J (2008) A careful disorderliness in the proteome: sites for
interaction and targets for future therapies. FEBS Lett 582: 1271-1275.

44. Uversky VN, Dunker AK (2008) Biochemistry. Controlled chaos. Science 322:
1340-1341.

45. Xie H, Vucetic S, Iakoucheva LM, Oldficld CJ, Dunker AK (2007) Functional
anthology of intrinsic disorder, ligands, post-translational modifications, and disease
associated with intrinsically disordered proteins. J Proteome Res 6: 1917-1932.

46. Gsponer J, Futschik ME, Teichmann SA, Babu MM (2008) Tight regulation of
unstructured proteins: from transcript synthesis to protein degradation. Science
322: 1365-1368.

47. He B, Wang K, Liu Y, Xue B, Uversky VN (2009) Predicting intrinsic disorder
in proteins: an overview. Cell Res 19: 929-949.

48. Neduva V, Linding R, Su-Angrand I, Stark A, Masi F (2005) Systematic
discovery of new regognition peptides mediating protein interaction network.

PLoS Biol 3: e405.

October 2012 | Volume 7 | Issue 10 | e46302



