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Abstract 

Protein post-translational modifications (PTMs) are chemical modifications of a protein after its 
translation. Owing to its play an important role in deep understanding of various biological 
processes and the development of effective drugs, PTM site prediction have become a hot topic in 
bioinformatics. Recently, many online tools are developed to prediction various types of PTM sites, 
most of which are based on local sequence and some biological information. However, few of 
existing tools consider the relations between different PTMs for their prediction task. Here, we 
develop a web server called PTM-ssMP to predict PTM site, which adopts site-specific modification 
profile (ssMP) to efficiently extract and encode the information of both proximal PTMs and local 
sequence simultaneously. In PTM-ssMP we provide efficient prediction of multiple types of PTM site 
including phosphorylation, lysine acetylation, ubiquitination, sumoylation, methylation, O-GalNAc, 
O-GlcNAc, sulfation and proteolytic cleavage. To assess the performance of PTM-ssMP, a large 
number of experimentally verified PTM sites are collected from several sources and used to train 
and test the prediction models. Our results suggest that ssMP consistently contributes to 
remarkable improvement of prediction performance. In addition, results of independent tests 
demonstrate that PTM-ssMP compares favorably with other existing tools for different PTM types. 
PTM-ssMP is implemented as an online web server with user-friendly interface, which is freely 
available at http://bioinformatics.ustc.edu.cn/PTM-ssMP/index/. 

Key words: Post-translational modifications, web server, site-specific modification profile, prediction 

Introduction 
Protein post-translational modifications (PTMs) 

are chemical modifications of a protein after its 
translation, which regulate variety of critical cellular 
processes such as cell cycle control, DNA repair, 
signal transduction and protein-protein interactions. 
[1-3]. Currently, many types of PTMs have been 
experimentally found and they play a critical role in 
various biological processes. For example, as a 
reversible PTM, phosphorylation not only functions 
significantly in cell signaling but also related to many 
diseases [4-6]. Moreover, lysine acetylation plays an 

important role in regulating gene expression and 
cellular signaling [7]. Ubiquitination is also implicated 
in the regulation of a variety of cellular processes, 
such as budding of retroviral virions, regulation of 
transcription factor activity and receptor endocytosis 
[8]. Besides these PTMs, there are many studies 
describing experimental validated PTMs, such as 
sumoylation, methylation, sulfation, O-linked 
glycosylation and proteolytic cleavage [9-14], which 
also affect many aspects of cellular functionalities and 
relate to various diseases. Therefore, PTM site 
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identification in proteomes is important to study and 
analyze the underlying molecular mechanisms, which 
also provide useful information for drug discovery 
[15-17].  

Due to the biological importance of protein PTM, 
many conventional experimental methods have been 
used to identify potential PTM sites, such as mass 
spectrometry (MS) and Chip-Chip. Since 
experimental methods are high-cost and 
time-consuming, many studies are dedicated to 
developing efficient and reliable theoretical 
computation method for the PTM site prediction. 
Most of computation methods use local sequence 
information in PTM site prediction because the local 
sequence of the PTM site is generally conserved 
[18-20]. For example, a number of methods are 
proposed to predict phosphorylation sites, such as 
PhosphoSVM [21], Musite [22], GPS 3.0 [23], 
KinasePhos 2.0 [24], PPSP [25] and NetPhos [9]. 
Besides phosphorylation, many bioinformatics tools 
have been developed to identify other PTM sites. For 
example, Ubipred [26] and Ubisite [27] are 
ubiquitination site prediction server which build 
prediction model using feature extraction method 
based on the local sequences. In addition, Shao et al. 
provide a online service called BRABSB [28] for 
identification of lysine acetylation site. Despite the 
success achieved by above sequence based methods, 
using sequence alone may not provide sufficient 
information for good prediction performance as PTM 
is a complex process that involves various biological 
mechanisms [8, 29-31]. Therefore, additional 
biological information, such as protein–protein 
interaction (PPI) [29, 30, 32] and protein structure 
information [8, 19, 31], has been introduced by 
different approaches in the task of PTM site 
prediction. An interesting phenomenon about PTM is 
that functional associations may exist among 
proximal PTMs in the protein sequence, i.e., PTM 
crosstalk [33-37]. It has been shown that 
phosphorylation can influence and regulate other 
PTMs such as sumoylation [38, 39] and O-linked 
glycosylation [40, 41]. Meanwhile, various crosstalks 
between lysine acetylation and other PTMs including 
phosphorylation [42-44] and methylation [45-47] have 
also been validated. For example, previous studies 
[44, 48] report that lysine acetylation inhibits 
phosphorylation of its upstream + 3 position when 
peptides containing the KXXS motifs. On the other 
side, some studies [37, 49] show that there are 
differences in proximal PTM information for different 
type of PTM sites due to the existence of intrinsic 
functional PTM crosstalks. Accordingly, we speculate 
that nearby PTM sites may be helpful to determine a 
candidate PTM site. More generally, it may be worthy 

of bringing the information of proximal PTMs into the 
task of PTM site prediction, and this idea has been 
supported by our previous work [50] by using 
information of in situ PTMs that occurs on the same 
site.  

Inspired by aforementioned research, in this 
study, we develop a web server called PTM-ssMP for 
PTM site prediction, which adopts site-specific 
modification profile (ssMP) to efficiently extract and 
encode the information of both proximal PTMs and 
local sequence simultaneously. To assess the 
performance of PTM-ssMP, a large amount of 
experimentally verified PTM data are collected from 
several sources and used to train and test the 
prediction models. Our results suggest that ssMP 
consistently contributes to remarkable improvement 
of prediction performance. In addition, independent 
tests demonstrate that PTM-ssMP compares favorably 
with other existing tools for different PTM types. For 
example, the performance of PTM-ssMP obtain more 
than 10% improvement compares with other exist 
tools for lysine acetylation and ubiquitination site 
prediction. Another advantage of ssMP is that it can 
be easily applied to various kinds of PTM types, 
therefore in PTM-ssMP we provide efficient 
predictions of multiple types of PTM sites including 
phosphorylation, lysine acetylation, ubiquitination, 
sumoylation, methylation, sulfation, proteolytic 
cleavage, O-GalNAc and O-GlcNAc. Therefore, 
PTM-ssMP is a comprehensive web server and it 
would provide effective assistance to researchers who 
are interested in proteome data. 

Methods and materials 
Overall framework 

PTM-ssMP is an online web server that can 
predict nine types of PTM site by using ssMP. There 
are four main procedures in our work (Figure 1): (i) 
constructing a valid dataset to train and test the SVM 
predictive models for multiple PTM types separately, 
(ii) selecting local sequence containing 10 residues up- 
and downstream of candidate sites, (iii) extracting 
ssMP for each candidate site (iv) and developing a 
user-friendly web server called PTM-ssMP that is 
accessible to the public. 

Data collection and pre-processing 
The experimentally determined 

phosphorylation, lysine acetylation, ubiquitination, 
sumoylation, methylation, sulfation, proteolytic 
cleavage, O-GalNAc and O-GlcNAc sites are extracted 
from several public databases including dbPTM 
version 3.0 [51], SysPTM [52], Phospho.ELM [53], 
HPRD [54], PhosphoSitePlus [55] and dbOGAP [56]. 
We then extract all of the experimentally verified PTM 
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sites in human protein from these databases for 
further analysis. To eliminate sequence redundancy 
and avoid overestimation of the prediction 
performance, we use CD-HIT [57] to ensure that none 
of the protein sequences show a sequence similarity 
more than 40% for dataset of each PTM type [49, 58]. 
Subsequently, we totally obtain 7866 protein 
sequences with at least one of the nine PTM types 
investigated in this study, and experimentally 
determined PTM sites with proximal PTM 
information are extracted as positive samples for each 
PTM type, respectively. We use a local sliding 
window that comprised 21 residues [27, 59] to extract 
the local sequence and proximal PTM information 
around candidate sites, where the candidate sites are 
located at the center with ten neighboring residues 
upstream and downstream. We find that more than 
70% of the PTM sites have at least one proximal PTM 
site. For negative samples, since it is difficult to verify 
that a particular residue is a not PTM site under any 
conditions [60], we extract negative sites for each PTM 
type with a common requirement [60, 61] that for a 
specific PTM type, the residue is not verified as a 
modification site of such PTM type in any database 

and that protein contains at least one residue known 
to be modified by such PTM type. To precisely assess 
the prediction performance, only negative sites with 
proximal PTMs are used for further analysis. To 
address a common issue in PTM site prediction that 
the dataset is unbalanced with much more negative 
samples than positive ones [21, 62, 63], we follow a 
widely used procedure by randomly selecting 
negative samples to match the number of positive 
ones [21, 62, 63] and the final datasets are outlined in 
Table S1. Furthermore, in consistent with previous 
studies [61, 64], we randomly select ∼20% sample as 
the independent test datasets and the remaining part 
as the benchmark datasets. The numbers of samples in 
the benchmark datasets and independent test datasets 
are outlined in Table S2 and Table S3 respectively, and 
their detailed sequences and positions information in 
the proteins are given in download page of web 
server (http://bioinformatics.ustc.edu.cn/PTM-ssMP/download/). 
Moreover, to reduce the bias of randomness, we 
follow the previous study [63] to repeat selection 
procedure of negative sample10 times for benchmark 
dataset. 

 

 
Figure 1. The overall framework of PTM-ssMP 
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Construction of site-specific modification 
profile 

We denote a specific amino acid R0 as a valuable 
of attribute data with Na types of values which 
represent the Na types of amino acids (here Na = 20), 
i.e. R0 ∈ Sa = {Aj | j = 1,…, Na} where Aj is the j-th type of 
amino acid. To predict the PTM types on residue R0, 
we define Ri as the i-th downstream amino acid of the 
R0. The set {Ri | 1 ≤ i ≤ L, i ∈N} is the 𝐿𝐿-th order 
downstream residue set, which contains the 
downstream amino acid residue neighbors of R0. 
Similarly, R-i denotes the i-th upstream amino acid of 
the R0, and the set {R-i | 1 ≤ i ≤ L, i ∈N} is the L-th order 
upstream residues set of R0. We then define the local 
sequences of R0 as a set SeqL, i.e. 

SeqL = {R-i | −L ≤ i ≤ L, i ∈N}               (1) 

where the cardinality of PL is 2L+1 and L is set to 10 in 
this study. Specifically, when the length of the 
upstream sequence Lu or the length of the 
downstream sequence Ld is less than L, we use ‘*’ to 
represent the not-exist amino acid, and the values of 
these not-exist amino acid is the dummy attribute. We 
further define another attribute variable Qi to denote 
known PTM types on Ri that have been previously 
validated, of which the value represents the NP types 
of PTMs. The variable space of Qi is a set whose 
cardinality is NP (here NP = 14), which is defined as SP 
= {Pj | j = 1, …, NP} and Pj is the j-th type of PTM. 

To encode the information of proximal PTMs, we 
introduce a NP × (2L+1) dimension matrix Yij to 
represent the profile of proximal PTMs for the sites 
where −L ≤ i ≤ L. Here NP represents the totally 
number of PTM types for attribute variable Qi. The (i,j) 
-th element of the matrix Yij is: 

Yij = Ind (Qi = Pj), for −L ≤ i ≤ L and 1 ≤ j ≤ NPTM, i, j ∈N 
(2) 

where Pj is j-th type of PTM that is represented 
by the j-th feature of the vector Yi. The function Ind (·) 
is the indicator function, which gives an output of 1 
when the input equation is true and 0 otherwise. Since 
there may be more than one type of known PTM 
occurring on a same site, the matrix Yij for 
representing known PTM types is not orthogonal. For 
example, there is a local sequence in Figure 1B, which 
consist of 21 amino acids (including a candidate site at 
the center and its local sequence at both upstream and 
downstream). In this local sequence, acetylation and 
methylation occurred on upstream 6 position, 
correspondingly, these PTM information are 
represented as (0,1,0,1,0,0,0,0,0,0,0,0,0,0). Likewise, we 
encode the local sequence information as a NR × 
(2L+1) dimension matrix (Xij), which is also the 
numeric representation of Ri for −L ≤ i ≤ L. The entry 

xij of the matrix is calculated as 

Xij = Ind (Ri = Aj), for −L ≤ i ≤ L and 1 ≤ j ≤ NR, i, j ∈N   
(3) 

where Aj is the j-th type of amino acid in set SR 
that is represented by the j-th feature of the vector. 
Note that Xij is an orthogonal binary matrix with only 
one entry of each row assigned with 1 and others 
assigned with 0. For example, a local sequence like 
‘LSTEKVMKLHKSYRSMTPAQY’, which will be 
encoded into a 21 by 21 matrix. Specifically, the first 
site of this local sequence is ‘L’, and it will be encoded 
as (0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0), 
correspondingly, the first row of the matrix is 
(0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0).  

Finally, we define the ssMP matrix Zij as Zij = Xij 
⊕ Yij, where the symbol ⊕ is the concatenation 
operation of matrices Xij and Yij. The variable space is 
the Cartesian product of the spaces for the two 
variables SZ = SR ⨂ SP (the symbol ⨂ denotes to 
Cartesian product). For all the entries Zij in the ssMP 
matrix, we can extract the features contained in SZ of 
the sample for each site in the local sequence and the 
related PTMs. To develop the classification models for 
PTM site prediction, a ssMP is generated for each 
sample in the training data and the entries of the ssMP 
are then adopted as the input features to train a SVM 
classifier with LibSVM [65] for each PTM type. These 
classifiers are then used to make perditions with the 
ssMP features extracted from candidate PTM sites.  

Implementation and web interface 
PTM-ssMP is implemented by the python on a 

Linux machine with Apache 2.2.3 HTTP Server. Web 
server consists of six sections, including Home, 
Server, Tutorial, Result, Download and Contact. 
Home page include a brief introduction about 
PTM-ssMP. In Server page (Figure 2), users can 
submit the data of proteins with known PTM 
information and select the task-related prediction 
models and thresholds. For the convenience of most 
users, we present a user guide in Tutorial page and 
our contact information in contact page. Furthermore, 
PTM-ssMP allows users to download datasets of all 
PTM types, including corresponding Protein ID, 
Position and protein local sequences from Download 
page. After the prediction task, PTM-ssMP generates a 
Result page that contains prediction results, where 
each row of the result represents a candidate site. The 
running time required for a prediction task depends 
on the selected models and the length of the query 
sequence. In PTM-ssMP we provide a test example, 
which have two query sequences with the total length 
more than 500 amino acid. The prediction task 
requires 10 s to generate and return the results if select 
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all predictive models. 

 
Figure 2. A semi-screenshot to show the server-page of the PTM-ssMP web-server at http://bioinformatics.ustc.edu.cn/PTM-ssMP/server/ 

 

Performance evaluation 
In this study, by following previous studies we 

perform a 10-fold cross-validation [2, 25] (based on 
the benchmark datasets) to evaluate the importance of 
ssMP and independent tests [27, 61](based on the 
independent test datasets) to compare with other 
existing PTM prediction tools. To evaluate the 
performance of each prediction model, six standard 
measurements are adopted, including accuracy (Acc), 
specificity (Sp), sensitivity (Sn), Matthew’s correlation 
coefficient (MCC), precision (Pre) and F1 score (F1). 
They are defined as follows: 

Acc = (TN+TP)/(TN+TP+FN+FP)           (4) 

Sn = TP/(TP+FN)                                       (5) 

Sp = TN/(TN+FP)                                      (6) 

Pre = TP/(TP+FP)                                     (7) 

F1 = 2×Pre×Sn/(Pre_Sn)                          (8) 

MCC = (TP×TN−FP×FN)/[(TP+FN) ×(TP+FP) 
×(TN+FN) ×(TN+FP)]1/2                        (9) 

TP and TN are abbreviations of true positives 
and true negatives, which indicate the number of 
positive and negative sites that are correct predicted. 
FP and FN are abbreviations false positives and false 

negatives, which indicate the number of positive and 
negative sites that are predicted falsely. Sn and Sp are 
abbreviations of sensitivity and specificity, and they 
measure the proportion of positives and negatives 
that are correctly identified. MCC is used to reflect the 
balance quality when the numbers of negative and 
positive data are significant imbalance. 

Results 
Statistical difference of proximal PTMs in 
positive and negative samples 

We first investigate the statistical difference of 
proximal PTMs in positive and negative samples. Use 
lysine acetylation as example, previous studies [44, 
48] report that lysine acetylation inhibits 
phosphorylation in +3 positions. Consequently, we 
calculate the number of phosphorylation of the +3 
positions in ssMP of positive and negative samples 
respectively, and the statistical significance is 
examined by using Fisher exact test. The results 
(Figure 3A) show that phosphorylation in +3 positions 
of acetylation-modified lysine is lower (p = 7.73 × 
10-7), which indicate that ssMP can reflect the 
proximal PTMs difference between positive and 
negative samples and it could be a helpful feature for 
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PTM site prediction. Furthermore, many studies 
report that there is mutual exclusion between lysine 
acetylation and its upstream phosphorylation. [66-68]. 
Correspondingly, we perform the same analysis on all 
upstream phosphorylation between lysine acetylation 
positive and negative samples, and we find a 
significant difference between the numbers of 
upstream phosphorylation in positive and negative 
samples (p = 4.05 × 10-44) (Figure 3B). The above 
analysis shows that there are clear differences 
between the proximal PTMs of positive and negative 
samples, which might contribute to the PTM site 
prediction.  

 

 
Figure 3. Comparison of proximal PTMs between positive and negative data. 
The gray bar represents the proportion of lysine acetylation proximal 
phosphorylation of positive samples and the black bar represents the negative 
ones. 

 

Evaluation of the prediction model 
In this section, we adopt ten-fold 

cross-validation to evaluate the performance of ssMP 
in PTM site prediction based on benchmark dataset, 
and we assess the prediction models trained by both 
local sequences and ssMP are assessed. In Figure S1 
we show the ROC curves of ubiquitination, 
acetylation, O-GlcNAc and phosphorylation in AGC, 
CK1, STE kinase groups. Furthermore, in Table 1 we 
list the corresponding AUC values in terms of mean 
and variance. As can be seen from Figure S1, our 
proposed method that are trained with ssMP has 
better prediction performance in predicting multiple 
types PTM sites. For phosphorylation kinase group 
AGC, STE and CK1 the AUC values of method trained 
with only local sequences are 0.822, 0.728 and 0.852, 
respectively. In our proposed method, the AUC 
values of AGC, STE and CK1 are increased to 0.873, 
0.806 and 0.901. In addition, for ubiquitination, the 
AUC value of method trained with local sequences 
only is 0.668. With ssMP, the corresponding AUC 
value is 0.752, which is 8.4% higher than the method 
trained with local sequences. Similarly, for lysine 

acetylation, and O-GlcNAc, the AUC value of our 
proposed method with ssMP also obtain 9.5%, 5.8% 
improvement than those methods that only use local 
sequences. The AUC value of the other PTM types are 
listed in Table S4, which further suggests that our 
proposed method is superior to the method that only 
consider local sequences. Therefore, we believe that 
ssMP are very useful features which can significant 
improve the performance of PTM site prediction for 
multiple types. 

 

Table 1: AUC values comparison of ssMP and local sequences of 
ubiquitination, lysine acetylation, O-GlcNAc and phosphorylation 
kinase groups AGC, CK1 and STE. 

PTM method AUC PTM method AUC 
Phosphoryla
tion 
(AGC) 

SEQ 0.822±1.96e-5 Ubiquitinati
on 

SEQ 0.668±3.00e-6 
ssMP 0.873±2.76e-5 ssMP 0.752±1.90e-6 

Phosphoryla
tion 
(CK1) 

SEQ 0.852±7.49e-5 Lysine 
acetylation 

SEQ 0.649±1.32e-5 
ssMP 0.901±4.70e-5 ssMP 0.744±7.14e-6 

Phosphoryla
tion 
(STE) 

SEQ 0.728±3.19e-4 O-GlcNAc SEQ 0.772±1.98e-4 
ssMP 0.806±3.33e-4 ssMP 0.830±6.12e-5 

 
 In addition to the AUC value, we also adopt 

other six measurements including Sn, Sp, Acc, F1, Pre 
and MCC to verify the reliability of ssMP. By 
following the study of Wang et al. [69], we set the 
threshold of specificity equal to 95.0% (high 
stringency levels) or 90.0% (medium stringency 
levels). Take two phosphorylation kinase groups 
AGC, STE and another two PTM ubiquitination, 
lysine acetylation as examples, the corresponding 
measurements in high stringency levels are computed 
and reported in Table S3. By incorporating ssMP, the 
values of Acc, Sn, F1, Pre and MCC for AGC are 0.743, 
0.536, 0.675, 0.915 and 0.534, respectively, whereas the 
Acc, Sn, F1, Pre and MCC values with only local 
sequences are 0.706, 0.461, 0.610, 0.903 and 0.472, 
respectively. And for STE, the corresponding 
measurements are also improved by 7.0%, 14.0%, 
15.9%, 6.0% and 13.3%, respectively. In addition to 
phosphorylation, we can find that our proposed 
method also have better performance for 
ubiquitination and acetylation. Taken ubiquitination 
as instance, the values of Acc, Sn, F1, Pre and MCC 
values are 0.588, 0.227, 0.355, 0.819 and 0.256, which 
are increased by 6.2%, 12.4%, 17.7%, 14.7% and 15.7% 
compared with the method using only local 
sequences. Similarly, as shown in Table S5, for other 
PTM types and phosphorylation groups our proposed 
method is consistently better than the method that 
using only local sequences. We also compute such 
measurements at medium stringency level, the 
detailed results of all PTM and phosphorylation 
groups are listed in Table S6. These results suggest 
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that ssMP are efficient features which can significant 
improve the prediction of multiple PTMs. 

Comparison with existing tools 
In this section, base on independent dataset we 

compare the prediction performance of PTM-ssMP 
and several other existing tools. Firstly, two common 
and efficient phosphorylation prediction methods, 
PPSP and GPS 3.0 are used to make comparison. To 
illustrate the prediction performance, we take four 
kinase groups Atypical, CK1, AGC and TK as 
examples and plot the ROC curves for three methods 
(Figure 4). As shown in Figure 4, for four kinase 
groups PTM-ssMP achieves better performance than 
other prediction methods. Moreover, for each method 
we also calculate the corresponding AUC value for 
each phosphorylation kinase group and displayed in 
Figure 4. For Atypical, CK1, AGC and TK, the AUC 
values of PTM-ssMP are 0.924, 0.880, 0.894 and 0.821 , 
which is 10.8%, 25.5%, 23.1% and 8.4% higher than 
GPS, and the AUC value of PPSP only have 0.813, 
0.808, 0.833 and 0.765, respectively. Therefore, 
PTM-ssMP outperformed other prediction methods in 
predicting multiple kinase groups of 
phosphorylation. Meanwhile, the ROC curves for 
other kinase groups are also plotted (Figure S3), and 
we find that PTM-ssMP consistently better than other 

methods. 
Additionally, we also plot the Acc-Sn-MCC- 

Pre-F1 bar graph of three methods to assess the 
detailed performance for phosphorylation kinase 
group AGC, CK1, STE and Atypical according to the 
high and medium stringency levels, as shown in 
Figure 5. It is obvious that PTM-ssMP achieves the 
best prediction performance in most of kinase groups. 
For instance, at high stringency level (Sp =95.0%), the 
Acc, Sn, MCC, Pre, F1 values of AGC are increased by 
8.5%, 17.0%, 14.2%, 2.5%, 14.1% compared with PPSP. 
For STE, the Acc, Sn, MCC, Pre, F1 values are 
improved by 15.0%, 30.0%, 27.6%, 11.1%, 30.8% 
compared with PPSP. Similarly, PTM-ssMP has better 
or comparable performance than GPS in most of 
kinase groups. In addition, PTM-ssMP also obtain 
better performance at medium stringency (Sp=90%). 
Taking CK1 as an example, PTM-ssMP outperforms 
PPSP with 5.5%, 11.0%, 9.8%, 1.8%, 7.6% higher Acc, 
Sn, MCC, Pre, F1 values. The detailed results other 
groups at high stringency level and medium 
stringency level are listed in Table S7 and Table S8 
respectively. As can be seen from the results, 
PTM-ssMP has better performance than other 
prediction method in almost all kinase groups. 

 

 
Figure 4. Performance of phosphorylation ROC curves in kinase group Atypical CK1, AGC and TK with different methods. The red lines represent the performance 
of PTM-ssMP, the blue and purple lines represent the GPS, PPSP respectively. 
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Figure 5. The Acc, Sn, MCC, Pre, F-score value comparison with different methods for kinase group AGC, CK1, STE and Atypical at two stringency levels. The left 
part is at specificity of 95.0%, the measurements in the right one are at specificity of 90.0%. The horizontal axis represents accuracy, sensitivity, Matthew correlation 
coefficient, precision and F-score respectively. 

 
In order to assess the prediction performance of 

PTM-ssMP more comprehensively, besides 
phosphorylation, we compare PTM-ssMP with other 
PTM type prediction tools. For ubiquitination, we 
compare PTM-ssMP with two common ubiquitination 
prediction methods Ubipred [26] and Ubisite [27], and 
the ROC curves of this methods are plotted and 
shown in Figure S4A. PTM-ssMP achieves AUC value 
of 75.0%, and the corresponding AUC values of 
Ubisite and Ubipred are 58.4% and 54.2% (Figure 
S4A). For lysine acetylation, PAIL [70] and 
BRABSB-PHKA [28] are applied to compare the 
prediction performance. As shown in Figure S4B, the 
AUC values are increased by 15.4% compared with 
BRABSB-PHKA and 21.8% with PAIL.  

As we all known, the prediction top-ranked 
results are very important in practice, which is used 
for proteomic-wide screening and systematic 
examination [71]. This requires computational 
method with both low false positive rate and ability to 
predict potential PTM site [71, 72]. Hence, we follow 
previous studies [71, 73] to compare the number of 
correctly retrieved PTM sites in top-ranked results. 
For each percentile k%, we count the number of true 
PTM site in the top ranked k%*total samples 

predictions and their proportion. Here, we take lysine 
acetylation and ubiquitination as example, results of 
six percentiles 1%, 2%, 5%, 10%, 15% and 20% of the 
total corresponding PTM sites number are compared, 
as shown in Figure 6. It is observed that, for 
ubiquitination, almost at all percentiles PTM-ssMP 
have more true positive prediction than Ubisite and 
Ubipred, and for lysine acetylation, our method also 
consistently better than BRABSB-PHKA and PAIL. In 
conclusion, aforementioned analyses suggest that 
PTM-ssMP obtain better performance than the other 
prediction tools in predicting multiple types of PTM. 

Usage 
For the convenience of most users, a detailed 

user guide is provided below. 
(1) Opening the web-server of PTM-ssMP at 

http://bioinformatics.ustc.edu.cn/PTM-ssMP/server
/, users can see the server page of PTM-ssMP on their 
computer screen. (2) On the server page, users can 
input the query protein sequences into the input box 
at the center of Figure 2 or choose the batch prediction 
by upload they desired batch input file via the 
‘Browse’ button. PTM-ssMP requires FASTA format 
inputs, users can click the ‘Example’ button left below 
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the input box to obtain the examples of sequences 
with FASTA format. (3) Select PTM type and 
specificity threshold, click on the ‘Submit’ button to 
submit the prediction task. (4) After the prediction 
task, PTM-ssMP will generate a result page that 
contains prediction results, each row of the result 

represents a candidate site (Figure 7). Users can 
export prediction result in JSON, TXT, XML, CSV, 
SQL and MS-EXCEL format by click ‘export data’ 
button. (5) Users can click the Download button at the 
top of the page to download all types of PTM datasets 
that is used to train and test the current predictors. 

 

 
Figure 6.The fraction of retrieved sites for lysine acetylation and ubiquitination (A) The left part represents the performance of Lysine Acetylation, and (B) the right 
part represents the performance of Ubiquitination. The horizontal axis represents five top 1, 2, 5, 10, 15 and 20 percent of the total samples. 

 

 
Figure 7. A semi-screenshot to show an example of PTM-ssMP prediction result 
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Conclusions  

PTMs play a critical role in various cellular 
processes, including maintain protein structure and 
integrity, regulate metabolism and defense processes. 
However, experimental methods are high-cost and 
time-consuming, it is urgent to develop effective tools 
to predict PTM site. Many PTM prediction tools only 
adopt the local sequence information or functional 
information for candidate site without considering the 
relations between different PTMs, which may limit 
the prediction performance. In this work, we develop 
a novel web server called PTM-ssMP to predict 
multiple PTM sites, which adopts the ssMP that can 
efficiently incorporate the relationships between 
substrate sites and PTMs. PTM-ssMP allows users 
submit multiple query protein sequences 
simultaneously and export prediction result in a 
variety of format. In addition, as can be seen from the 
results, the performance of PTM-ssMP is better than 
other existing tools. Overall, we believe PTM-ssMP 
will be very helpful for the identification of multiple 
types of PTM site. 
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