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Abstract Reversible protein phosphorylation is one of

the most important post-translational modifications, which

regulates various biological cellular processes. Identifica-

tion of the kinase-specific phosphorylation sites is helpful

for understanding the phosphorylation mechanism and

regulation processes. Although a number of computational

approaches have been developed, currently few studies are

concerned about hierarchical structures of kinases, and

most of the existing tools use only local sequence infor-

mation to construct predictive models. In this work, we

conduct a systematic and hierarchy-specific investigation

of protein phosphorylation site prediction in which protein

kinases are clustered into hierarchical structures with four

levels including kinase, subfamily, family and group. To

enhance phosphorylation site prediction at all hierarchical

levels, functional information of proteins, including gene

ontology (GO) and protein–protein interaction (PPI), is

adopted in addition to primary sequence to construct pre-

diction models based on random forest. Analysis of

selected GO and PPI features shows that functional infor-

mation is critical in determining protein phosphorylation

sites for every hierarchical level. Furthermore, the predic-

tion results of Phospho.ELM and additional testing dataset

demonstrate that the proposed method remarkably outper-

forms existing phosphorylation prediction methods at all

hierarchical levels. The proposed method is freely avail-

able at http://bioinformatics.ustc.edu.cn/phos_pred/.
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Introduction

Protein phosphorylation, as a crucial dynamic and revers-

ible post-translational modification, plays an essential role

in multiple biological cellular processes, such as tran-

scription, translation, cell cycle, signal transduction, DNA

repair (Schafmeier et al. 2005; Singh et al. 2005; Lou et al.

2004; Pawson 2004; Wood et al. 2009). The regulation of

phosphorylation can be catalyzed by protein kinases in

various cellular processes and multiple pathophysiologic

conditions. Statistically, more than one-third of proteins are

phosphorylated (Ma et al. 2005) and about half of phos-

phorylation processes are related to diseases (Manning

et al. 2002). As phosphorylation processes are crucial in

studying diseases and drug design, it is urgent to identify

potential phosphorylation sites with related protein kinases.
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To this end, several experimental methods were developed

to identify protein phosphorylation sites with substrate-

specific kinases, such as the low-throughput biological

technique 32P-labeling (Aponte et al. 2009) and the high-

throughput biological technique mass spectrometry

(Beausoleil et al. 2006). However, the experimental iden-

tification methods are costly and labor-intensive. Due to the

limitation of experimental techniques, a number of com-

putational approaches have been developed recently.

Blom et al. (1999) developed the first phosphorylation

prediction method, which adopted artificial neural network

algorithm based on primary peptide sequences. After that, a

number of machine learning methods were developed for

protein phosphorylation site prediction, such as NetPhosK

(Blom et al. 2004), PPSP (Xue et al. 2006), KinasePhos (Wong

et al. 2007), GPS (Xue et al. 2008), Musite (Gao et al. 2010).

PPSP was used to predict potential phosphorylation sites for

about 70 protein kinase groups. KinasePhos incorporated

protein coupling pattern and sequence profile for nearly 60

protein kinase datasets. However, most of the kinase-specific

prediction methods clustered protein kinases into sub-groups

according to sequence homology. For example, PPSP clus-

tered six protein kinases with high sequence similarity into a

unique group of S6K. To gain insights into kinase function and

evolution, Manning et al. (2002) proposed a method to classify

various protein kinases into a hierarchical structure with four

levels including kinase, subfamily, family and group,

according to sequence comparison of their catalytic domains,

which can be used to deduce the functions of human protein

kinases from their family members. This method provided an

initial point to analyze protein phosphorylation comprehen-

sively and by this way potential phosphorylation sites can be

predicted at different levels. According to this clustering rule,

Xue et al. (2008) proposed a novel tool GPS that can hierar-

chically predict protein phosphorylation sites. This inspired us

to take full advantage of hierarchical structure in protein

phosphorylation studies.

Although a number of computational approaches have

been developed, most of them, such as PPSP, Musite, GPS,

only considered primary sequence information, which

hampered further improvement of the prediction perfor-

mance as protein phosphorylation is a complicated process

with different biological mechanisms involved. To solve

this problem, Li et al. (2010) used primary sequence and

other biological information, such as secondary structure

and protein–protein interaction (PPI), to identify kinase-

specific protein phosphorylation sites in human. The test

results showed that the functional information, represented

by input features of a prediction method, were important for

phosphorylation site prediction at family level, however,

they only focused on a part of kinase families and more

importantly the performance on other hierarchical levels,

i.e., kinase, subfamily and group, was not investigated. In

addition, the statistical approach used in their work may not

be sufficient to obtain the effective subset of functional

features from the high-dimensional functional data.

In this study, we conducted a systematic and hierarchical

investigation of computational prediction of protein phos-

phorylation sites by adopting the clustering rule of protein

kinases. We collected phosphorylation sites with related

protein kinases from the latest version of Phospho.ELM

data and grouped these protein kinases into four hierarchical

levels. In addition to primary sequence, important func-

tional information, including gene ontology (GO) terms and

PPI, was also employed to improve prediction performance.

We utilized a powerful feature selection algorithm called

minimum-redundancy-maximum-relevance (mRMR) to

extract useful functional information from high-dimen-

sional GO and PPI data. After that, we generated hierarchy-

specific predictive models based on random forest (RF)

algorithm, which is a popular machine learning approach

widely adopted in many areas of bioinformatics (Trost and

Kusalik 2013; Teng et al. 2012; Yang 2009; Wang et al.

2010; Zou et al. 2012). The results demonstrated both GO

and PPI information contributed to prediction performance

remarkably at different hierarchical levels. Furthermore, by

evaluating the performance of phosphorylation site pre-

diction using Phospho.ELM and an additional testing

dataset, we showed the proposed method outperformed

other existing methods at all hierarchical levels.

Materials and methods

Data collection and pre-processing

The latest version of Phospho.ELM (9.0) (Dinkel et al.

2011) was selected as the phosphorylation dataset, which

included 46,248 experimentally identified phosphorylation

records. In this study, we focused on prediction of protein

phosphorylation in human since most of the records

([80 %) were human proteins. The data was then carefully

processed by the following steps:

1. After removing the redundant human phosphorylation

entries, 3,151 non-redundant phosphorylation sites

[1,881 serine (S) sites, 621 threonine (T) sites, and

649 tyrosine (Y) sites] within 934 protein sequences

were selected with related protein kinase information.

2. To reduce the similarity of these 934 proteins, BLAST

(version 2.2.9) (Dondoshansky and Wolf 2002) was

employed with a sequence similarity threshold of

70 %. At this step, 889 phosphorylation proteins were

selected.

3. Among the non-redundant protein sequences obtained

in step 2, the phosphorylation sites annotated in
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Phospho.ELM were considered as positive sites, while

non-annotated were treated as negative sites. For each

site, a phospho-peptide with length of 15, including the

central residue and 7 residues upstream and down-

stream, was extracted from the corresponding protein

sequence.

4. In previous studies, the homology reduction is only

applied to the full-length protein sequences. To

generate unbiased training data, the CD-HIT tool

(Huang et al. 2010) was adopted to decrease the

homology of phospho-peptides with length of 15 in

each kinase with a similarity threshold of 70 %.

5. Next, we employed the method proposed by Manning

et al. (2002) to cluster various protein kinases into a

hierarchical structure including kinase, subfamily,

family and group. For example, Figure S1 shows the

hierarchal relationship of different kinases in CMGC

group.

6. To ensure reliable results, only those protein kinases

that contained more than 30 experimental phosphor-

ylation sites were selected.

Based on this data processing procedure we finally

obtained 54 protein kinases and the statistic of positive

phospho-peptides is shown in Table S1. The negative data

in phosphorylation dataset were randomly selected with a

positive-to-negative ratio of 1:2.

Since GPS and Musite used Phospho.ELM database as

training data, the phospho-peptides existed both in training

and testing data would overestimate the prediction perfor-

mance. To fairly compare these methods, we employed an

additional testing dataset that included 4,417 kinase-spe-

cific phosphorylation sites in 652 substrates (Newman et al.

2013). After carefully removing the same phosphorylation

sites within Phospho.ELM, we used the remaining phos-

phorylation sites as positive testing dataset. The negative

testing dataset was randomly sampled from all other non-

annotated S/T or Y sites in these substrates. The statistic of

phosphorylation sites in this independent testing dataset is

provided in Table S2.

Feature extraction

Besides protein primary sequences that are basic features to

identify potential phosphorylation sites, in this study we

also used GO terms and PPI as the functional features. The

feature extraction procedure was described below:

Sequence features

The binary encoding scheme (Li et al. 2010) was adopted

to transform each amino acid into a 21-dimensional binary

vector. Then a peptide with length of 15 was transformed

to a 315-dimensional vector.

GO features

GO terms were downloaded from gene ontology database

(version 1.2) (Harris et al. 2004), which used three non-

overlapping categories to describe the characteristics of

gene or gene product: biological process (BP), cellular

component (CC) and molecular function (MF). Totally

13,290 GO terms associated with the 889 human phos-

phorylation proteins were selected as the functional fea-

tures of candidate substrates.

PPI features

The dataset of PPIs was retrieved from the STRING

database (version 9.05), which contains both experimental

and predicted interaction information (Von Mering et al.

2003). We obtained 16,025 proteins that had interactions

with the selected phosphorylation proteins. For each PPI

we used Gini index (Gastwirth 1972) to discretize PPI

values. Suppose the sample set is split into two subsets with

size n1,t and n2,t by a given threshold t, and the number of

phosphorylation sites in each subset is m1,t and m2,t,

respectively. The definition of average Gini index is then

calculated as:

GiniðtÞ ¼
X2

j¼1

nj;t

N
1� mj;t

nj;t

� �2

� nj;t � mj;t

nj;t

� �2
 !

ð1Þ

The optimal threshold t is determined as follow:

t ¼ arg min
t

GiniðtÞ; t 2 fp1; p2; . . .; pi; . . .plg ð2Þ

where pi is the ith value in the corresponding PPI feature

vector.

Feature selection

In this study, we used mRMR (Peng et al. 2005) as the

feature selection method, which is an informative filter

method based on mutual information (Peng et al. 2013).

The basic idea of mRMR considers both features related to

sample classes and the redundancy of features simulta-

neously. A high mRMR score of a feature indicates that it

is important to the class and less redundancy to other

features. Suppose the whole feature set is represented by

Vm�n and the sample class is c. We iteratively selected the

feature with the highest mRMR score and based on pre-

viously selected feature set Sk-1 with k-1 features, for the

kth iteration the feature vk is selected by:
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vk ¼ arg max
v 2 Vm�n�Sk�1

I v; cð Þ � 1

k � 1

X

vi 2 Sk�1

I v; við Þ
" #

k ¼ 1; . . .; n

ð3Þ

where I (v, c) represents mutual information between

candidate feature v and class c, and I (v,vi) represents

mutual information between candidate feature v and

selected feature vi, respectively.

Classification method

The RF algorithm adopted in this study is an efficient

ensemble classifier consisting of multiple individual deci-

sion trees (Breiman 2001; Wang et al. 2009). A decision

tree is a classifier with tree-like model, including one root

node, several intermediate and terminal nodes. To con-

struct each decision tree in RF, two essential random

processes are performed. First, a bootstrap dataset is sam-

pled with replacement from the original dataset, and the

size of the bootstrap dataset is same with original dataset.

The un-sampled dataset is treated as out-of-bag (OOB)

dataset. Second, a subset of features is selected randomly at

each node in the decision tree. These two steps are repeated

several times to build a RF, and then the RF takes a

majority vote to define class for each test sample. In this

paper, Willows software package (Zhang et al. 2009) was

adopted to build 5,000 decision trees, and square root of

total number of features is used at each node.

Performance evaluation

To evaluate the prediction performance, several measure-

ments are calculated: sensitivity (Sn) and specificity (Sp)

are defined as the ratio of positive or negative sites which

could be correctly predicted, reflecting the predictive

ability for phosphorylation or non-phosphorylation sites,

respectively; precision (Pre) indicates the percentage of

true positive in predicted positive; accuracy (Acc) dem-

onstrates the ratio of true prediction in the test datasets;

Matthew’s correlation coefficient (MCC) illustrates the

correlation between true and predicted classes, reflecting

the balance quality. The detailed definitions are shown

below:

Sn ¼ TP

TPþ FN
ð4Þ

Sp ¼ TN

TNþ FP
ð5Þ

Pre ¼ TP

TPþ FP
ð6Þ

Acc ¼ TNþ TP

TNþ TPþ FNþ FP
ð7Þ

MCC ¼ TP� TN� FP� FNffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðTPþ FNÞ � ðTPþ FP)� ðTNþ FNÞ � ðTNþ FPÞ

p

ð8Þ

where TN, FN, TP and FP represent true negative, false

negative, true positive and false positive, respectively. In

addition, to further evaluate the performance, receiver

operating characteristic (ROC) curve and the area under

ROC curve (AUC) are also adopted in this work.

Results

Evaluation of functional information

We first ranked GO features by mRMR and then the GO

features with top-ranked scores were added iteratively for

prediction. The AUC results of tenfold cross validation for

each kinase at different levels are shown in Fig. 1. The

prediction performance of most kinases is significantly

improved by adding GO features to sequence features. For

example, AUC values are increased by 0.7 * 12.0,

1.8 * 11.2, 1.3 * 6.3 and 0.8 * 5.8 % when adding ten

GO features at kinase, subfamily, family and group level,

respectively. The results also show that the prediction

performance in a hierarchical structure is consistently

increased. Using hierarchical structure SRC(kinase)-

SrcA(subfamily)-Src(family)-TK(group) as an example,

the prediction performance is increased by 12.0, 11.2, 6.3

and 2.0 %. Further improvement in performance, albeit not

dramatic for some kinases, is also observed with additional

GO features added. Taken together, these results indicate

that GO features contribute to the prediction performance

at different levels. The same procedure was adopted to

examine the efficiency of PPI features and the results are

shown in Figure S2. Similarly, the AUC values are

increased by 1.8 * 16.3, 2.6 * 12.2, 2.0 * 10.5 and

1.2 * 11.4 % when ten PPI features are added to sequence

features from kinase to group level, respectively. In addi-

tion, detailed information regarding the prediction perfor-

mance improvement contributed by ten top-ranked GO and

PPI features separately are shown in Tables S3 and S4, and

the results demonstrate that both GO and PPI can generally

improve the performance of phosphorylation site predic-

tion at different hierarchical levels.

Since both GO and PPI features were important to

prediction performance of protein phosphorylation sites,

we combined sequence and functional features to enhance

phosphorylation site prediction. The ROC curves of four

levels are plotted and shown in Fig. 2. For hierarchical

structure PKCa-Alpha-PKC-AGC, the AUC values of RF

with sequence and functional features are 94.4, 94.4, 93.8

and 92.6 % at kinase, subfamily, family and group level,
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Fig. 1 Comparison of AUC

values with different number of

GO features. x-axis represents

the number of ranked GO

features added to sequence

features, and y-axis represents

the AUC of the corresponding

models. The subplots a, b, c and

d represent kinase, subfamily,

family and group level,

respectively. Each line

represents the performance of

one kinase data

Fig. 2 ROC curves of kinase

datasets with different features

at all hierarchical levels. The

dotted lines represent RF

constructed with only sequence

features and the solid lines

represent RF built with

sequence and functional

features together. SEQ and FF

represent sequence and

functional features, respectively
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Fig. 3 Performance comparison of different features in two hierar-

chical structures. The rows a and b represent the measurements of

hierarchical structure MAPK3-ERK1-MAPK-CMGC at specificities

of 0.99 and 0.95, respectively. The rows c and d represent the

measurements of hierarchical structure PKCa-Alpha-PKC-AGC at

specificities of 0.99 and 0.95, respectively

Fig. 4 ROC curves of different

methods using additional testing

data
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respectively, whereas the corresponding values with only

sequence features are 80.6, 83.9, 86.4 and 87.8 %. Fur-

thermore, the AUC values of all 54 kinases were illustrated

by the box plots (Figure S3). With the help of functional

features, the median AUC values are increased by 13.7,

21.0, 17.8 and 13.1 % at kinase, subfamily, family and

group level, respectively. In addition to AUC, other per-

formance measurements, such as Sn, Sp, Acc, Pre and

MCC, were also employed to evaluate the performance.

We evaluated the performance at high and medium strin-

gency levels that correspond to Sp [ 99.0 and 95.0 %,

respectively. Figure 3 shows the performance for two

hierarchical structures (MAPK3-ERK1-MAPK-CMGC and

PKCa-Alpha-PKC-AGC) and it can be seen that the con-

tribution of functional features is remarkable and consistent

at different levels. Taken MAPK for instance, the values of

Sn, Acc, Pre and MCC are increased by 44.5, 14.8, 4.3 %

and 0.360 with Sp equal to 99.0 %, and 18.2 %, 6.1 %,

2.0 % and 0.142 with Sp equal to 95.2 %. These results

further suggest that functional features are essential to

improve the prediction performance of phosphorylation

sites at different levels.

Performance comparison with existing methods

To further evaluate the prediction performance of our

method, we compared it with other existing kinase-specific

phosphorylation site prediction methods: GPS (version

2.1), Musite and PPSP. For the proposed method, we

adopted the 889 phosphorylation proteins as training data

and performed an unbiased tenfold cross validation. At the

same time, we re-implemented the PPSP method and

adopted the same evaluation procedure mentioned above.

Since cross validation was unavailable for GPS and Musite,

we simply used these proteins as testing data. It should be

noticed that by this way the performance of GPS and

Musite were over-estimated, as the phosphorylation sites

were also used as training data for these two methods.

However, the proposed method still achieved very com-

petitive performance. As an example, Figure S4 shows the

Table 1 Performance comparison of different methods at different hierarchical levels

Method Proposed GPS PPSP Musite

High Medium

Sn (%) Sp (%) Sn (%) Sp (%) Sn (%) Sp (%) Sn (%) Sp (%) Sn (%) Sp (%)

Kinase level

CK2a 68.1 99.1 83.4 97.2 72.4 96.0 49.7 96.6 – –

GSK3B 68.9 100 82.2 95.6 53.3 94.4 28.9 93.3 – –

MAPK1 71.5 99.1 83.5 96.2 65.8 96.8 38.6 95.9 82.9 95.9

MAPK3 80.3 99.1 88.0 98.3 53.8 96.2 35.0 96.6 63.2 92.3

MAPK14 83.8 100 89.2 97.3 56.8 94.6 27.0 95.9 – –

PLK1 84.2 100 84.2 97.4 42.1 97.4 21.1 92.1 – –

LCK 86.7 100 86.7 96.7 66.7 93.3 53.3 93.3 – –

LYN 94.1 100 94.1 97.1 64.7 97.1 35.3 91.2 – –

SYK 85.0 100 90.0 95.0 50.0 90.0 75.0 92.5 – –

Subfamily level

ERK1 76.3 99.3 87.9 96.4 57.0 94.4 13.5 98.6 – –

JNK 48.4 99.4 60.9 97.2 55.3 96.9 18.6 96.6 – –

Family level

CDK 37.6 99.0 63.4 95.1 55.6 94.9 23.4 98.8 34.6 98.8

MAPK 63.9 99.0 82.1 97.2 58.5 97.0 25.3 98.7 25.3 98.7

Src 70.0 100 82.5 96.3 82.5 87.5 57.5 97.5 55.0 90.0

Group level

CAMK 54.8 100 66.7 97.6 23.8 91.7 26.2 95.2 – –

CMGC 37.5 99.8 72.0 97.1 55.5 97.1 61.9 95.6 – –

TK 46.2 100 63.7 97.8 59.3 89.0 34.1 96.2 – –

–, Not applicable
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ROC curves of the hierarchical structure PKCa-Alpha-

PKC-AGC. At different levels, our proposed method con-

sistently outperformed the competing methods.

To make better performance evaluation, the additional

testing dataset was further employed for performance

assessment and the corresponding ROC curves for the same

hierarchal structure PKCa-Alpha-PKC-AGC are shown in

Fig. 4. The performance of the proposed method is con-

sistently better than other three methods at different levels.

For PKC, at the high stringency level with Sp of 99.1 %,

the Sn of the proposed method is 60.9 %, which is 58.3,

49.6 and 55.7 % higher than GPS, Musite and PPSP,

respectively. We also listed the detailed performance

obtained from different methods in Table 1, and the pro-

posed method achieves the best performance at all hierar-

chal levels.

Interpretation of selected features

Since GO term is an ontology representing function

information of a gene or gene product, we investigated the

protein kinases and selected GO terms for functional ana-

lysis. We analyzed the selected GO terms for kinase CDC2

that is well known as the important role in modulating the

cell cycle and the onset of mitosis. Intriguingly, we found

some of the top-ranked GO terms, such as GO:0000075

(‘‘cell cycle checkpoint’’), GO:0007067 (‘‘mitosis’’) and

GO:0006260 (‘‘DNA replication’’), directly reflect the

function of the catalytic kinase. A possible explanation is

that CDC2 and its substrates may have similar functional

relationship as they take part in the same signaling path-

ways to regulate cell cycle and mitosis. Therefore, the

substrate GO terms related to the function of CDC2 are

helpful in determining the CDC2-mediated protein phos-

phorylation. This result provides further support for the

utility of GO information in phosphorylation prediction.

To better understand the biological meaning of selected

PPI features, we also analyzed the interaction between the

proteins associated with selected PPI features and the

corresponding substrates. Take kinase LCK for instance,

the interaction network diagram is given in Fig. 5,

including the kinase LCK, protein substrates and the pro-

teins associated with selected PPI features. The results

show all experimentally identified protein substrates were

correctly predicted as targets of LCK. Meanwhile, Fig. 5

demonstrates that the proteins associated with selected

PPIs, such as CD19, CD79B, IL7 and LIME1, have inti-

mate interactions with these protein substrates. One pos-

sible explanation is that these proteins bind both LCK and

protein substrates and thereby play an important role in the

phosphorylation progress. For example, it was reported that

the CD19 receptor was physically associated with the rapid

activation of tyrosine kinase LCK and significantly

enhanced tyrosine phosphorylation (Waddick et al. 1993).

This suggests that the selected PPIs contain useful inter-

action information for phosphorylation prediction.

Discussions and conclusions

To overcome the shortcomings of phosphorylation site

identification using experimental techniques, it is urgent to

develop effective computational approaches. Although a

number of computational approaches have been developed

for kinase-specific phosphorylation site prediction, hierar-

chical structure has not been paid enough attention in these

studies. Another issue is that most of these approaches use

only local sequence information, which is not effective to

identify phosphorylation sites. To solve these problems, in

this study, we performed systematic investigation of pro-

tein phosphorylation prediction with respect to hierarchical

levels of protein kinases. In addition, the functional infor-

mation, including GO and PPI features, is incorporated to

enhance the phosphorylation site prediction performance in

all hierarchical structures. This finding was consistent with

the study of Li et al. (2010), in which the performance

improvement was mainly depended on functional infor-

mation. For example, in their study functional information

contributed most to GSK with more than 10 % improve-

ment in Acc, and in this study, we also observed that the

Acc of GSK family was improved by 15.5 % when func-

tional information was adopted. Moreover, we also

Fig. 5 Interactions among kinase LCK, the substrates and the

selected proteins associated with PPI features. Yellow, red and blue

round represent kinase, substrate and selected proteins associated

with PPI features, respectively. Red lines mean the relationships

between kinases and substrates, and blue lines mean relationships

between substrates and selected proteins (color figure online)
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evaluated the performance of structure features, such as

predicted protein secondary structure and solvent accessi-

bility, at all hierarchical levels. Compared with functional

features, structure features did not significantly contribute

to performance improvement (data not shown), which may

lie in the fact that the predicted structure information is not

accurate enough to provide sufficient discrimination power

for phosphorylation site prediction.

In this study, we also examined the relevance of func-

tional information at different levels of a hierarchical

structure. For example, we analyzed the selected GO terms

for CDC2 (kinase)-CDC2 (subfamily)-CDK (family) hier-

archy, which is known to play an important role in cell

cycle regulation. Intriguingly, we found totally 40 GO

terms were concordantly selected for three hierarchical

levels (Table S5), such as GO:0000075 (‘‘cell cycle

checkpoint’’), GO:0000076 (‘‘DNA replication check-

point’’) in biological processes and GO:0000228 (‘‘nuclear

chromosome’’), GO:0005654 (‘‘nucleoplasm’’) in cellular

components. This indicates the biological functions asso-

ciated with these hierarchical levels are similar and there-

fore the selected GO terms are useful to gain insights into

the functions of related kinases.

Protein phosphorylation is an important process that is

related to many complex biological mechanisms. Since

phosphorylation site recognition is benefited by biological

information implicated in intrinsic phosphorylation mech-

anism, the aim of this study is to enhance the prediction

performance of phosphorylation sites with relevant infor-

mation at all hierarchical levels. Although the proposed

method shows superior performance in phosphorylation site

prediction, further improvement can still be obtained from

various perspectives. For example, more biological infor-

mation such as evolutionary information could be consid-

ered for further performance improvement. In addition, this

study only focus on phosphorylation site prediction in

human, and leaves large room for further study in other

organisms. It also should be pointed out that since most of

human phosphorylation data are generated from various cell

sources/line or insufficiently controlled conditions, the

method proposed in this study in fact disregards great bio-

logical differences that may greatly influence protein

phosphorylation significantly, such as taxonomy/phylog-

eny, the basic living paradigm (nutrition, sex, age) (Mae-

shima et al. 2007; Lagranha et al. 2010; Jung et al. 2013)

and the experimental methods to generate phosphorylation

data (Fang et al. 2010). In fact, this critical issue has been

widely ignored in current computational study of protein

phosphorylation, partly because the corresponding experi-

mental information of the phosphorylation data is not

recorded in most phosphorylation databases. Therefore,

further efforts should be made to address this issue in future

studies of protein phosphorylation.
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