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Abstract Tyrosine phosphorylation plays crucial roles in

numerous physiological processes. The level of phosphor-

ylation state depends on the combined action of protein

tyrosine kinases and protein tyrosine phosphatases.

Detection of possible phosphorylation and dephosphoryl-

ation sites can provide useful information to the functional

studies of relevant proteins. Several studies have focused

on the identification of protein tyrosine kinase substrates.

However, compared with protein tyrosine kinases, the

prediction of protein tyrosine phosphatase substrates

involved in the balance of protein phosphorylation level

falls behind. This paper described a method that utilized

the k-nearest neighbor algorithm to identity the substrate

sites of three protein tyrosine phosphatases based on the

sequence features of manually collected dephosphorylation

sites. In the performance evaluation, both sensitivities and

specificities could reach above 75 % for all three protein

tyrosine phosphatases. Finally, the method was applied on

a set of known tyrosine phosphorylation sites to search for

candidate substrates.
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Abbreviations

PTK Protein tyrosine kinase

PTP Protein tyrosine phosphatase

PTP1B Protein tyrosine phosphatase 1B

SHP-1 Src homology 2 domain tyrosine phosphatase 1

(also known as SH-PTP1, src homology 2

domain protein tyrosine phosphatase 1)

SHP-2 Src homology 2 domain tyrosine phosphatase 2

(also known as SH-PTP2, src homology 2

domain protein tyrosine phosphatase 2)

Introduction

Protein phosphorylation is the major post-translational

modification in physiological processes and mainly occurs

on serine (S), threonine (T), and tyrosine (Y) residues by

adding phosphates. Dephosphorylation is the reverse pro-

cess used to remove phosphates from phosphorylated

amino acids. The level of phosphorylation state could

influence protein activities and consequently, regulate the

signal propagation in cells. Growing evidence suggests that

protein phosphorylation participates in various cellular

processes, such as migration, proliferation, apoptosis, dif-

ferentiation, metabolism, and intracellular communication

(Graves and Krebs 1999; Manning et al. 2002a, b).

Tyrosine phosphorylation is extensively used for cell

communication, cell motility, proliferation, and differenti-

ation (Hunter 1987; Mustelin et al. 2002). Protein tyrosine
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phosphatases (PTPs) collaborate with protein tyrosine

kinases (PTKs) to control the level of phosphorylation

state. Abnormal tyrosine phosphorylation could result in

various diseases, such as cancer (Zhao et al. 2011), insulin

resistance (Andersen et al. 2004), and Noonan syndrome

(Tartaglia et al. 2001). Detection of relevant substrates

involved in biochemical reactions could help in acquiring a

better understanding of specific signal pathways and find-

ing out new targets for therapy. Unfortunately, the mass-

spectroscopy method cannot provide exact information of

acting enzymes, whereas the p-Tyr antibody technique is

time consuming if applied in an unbiased fashion. In silico

prediction shows the advantage of providing useful infor-

mation of candidate substrates and narrowing down

experimental efforts.

During the past decades, several focused studies have

contributed to the computational prediction methods for

PTKs. These algorithms included artificial neural network

(Blom et al. 1999), logistic regression (Iakoucheva et al.

2004), support vector machine (Kim et al. 2004), and

conditional random field (Dang et al. 2008). Most of them

predicted phosphorylation sites based on primary sequen-

ces around these sites, whereas the information of high-

level structures, functional domains, and subcellular loca-

tion was gradually considered (Li et al. 2010). Under

physiological conditions, PTPs, together with PTKs,

maintain the balance of protein phosphorylation levels.

Identification of the corresponding dephosphorylated pro-

teins would provide useful information of candidate sub-

strates, as well as contribute to the development of

phosphorylation studies.

In contrast to studies on various methods to predict

phosphorylation, studies on the prediction of PTPs are few.

Ferrari et al. (2011) integrated chip technology and

‘‘closeness’’ in the protein interaction network to identify

new substrates of the phosphatase PTP1B, whereas the

prediction field of other PTPs remained unexplored.

PTP1B is the most intensively studied tyrosine phosphatase

and the first enzyme of its class to be purified (Tonks et al.

1988). By decreasing the phosphorylation level of sub-

strates, PTP1B is involved in various biological processes

that contain cell differentiation (LaMontagne et al. 1998;

Fuentes et al. 2012), cell migration (Stuible et al. 2008;

Cortesio et al. 2008), development, and morphology

(Lanahan et al. 2010; Chacon et al. 2010). Meanwhile,

other well-studied PTPs, such as SHP-1 and SHP-2, were

also reported to participate in cell proliferation (Lopez-

Ruiz et al. 2011; Mahmood et al. 2012; Kozlowski et al.

1998), cytoskeleton organization (Langdon et al. 2012;

Timmerman et al. 2012; Stebbins et al. 2003; Draber et al.

2012), cell communication (Hebeisen et al. 2013; Pani

et al. 1995), cell motion (Neel et al. 2003), and so on.

However, numerous substrates of these PTPs in relevant

pathways still remain to be identified; they are helpful in

acquiring a better understanding of how they function to

achieve positive and negative signals.

The present study utilized the information of peptide

sequences in the proximity of known dephosphorylation

sites to predict putative substrate sites of three PTPs,

namely, PTP1B, SHP-1 (also known as SH-PTP1), and

SHP-2 (also known as SH-PTP2). Based on manually

collected data, the k-nearest neighbor (k-NN) algorithm

was used to identify substrate sites. The sensitivities and

specificities of the predictive method could both reach

above 75 % in the performance evaluation. A web server

was available at http://cmbi.bjmu.edu.cn/ptpsite/. Finally,

this method was applied to scan the substrate sites of three

PTPs from a set of known phosphorylation sites acquired

by a mass spectrometer. This study only focused on the

prediction for PTPs because the combinatorial subunit

principle of serine/threonine protein phosphatases could

generate much more diversity and flexibility (Alonso et al.

2004), which means that the specificity of these enzymes

was affected by binding to different co-workers. Informa-

tion about the relevant combined proteins that assign the

substrate selectivity should also be considered for serine/

threonine protein phosphatases (McConnell and Wadzinski

2009).

Materials and methods

Data preparation

Positive dataset

Protein substrates of PTPs were collected by searching the

literature with key words ‘‘protein tyrosine phosphatase*

AND dephospho*’’ in PubMed. After reading all those

papers and related references, the ones with experimentally

verified dephosphorylated site and PTP information were

picked out. The dephosphorylated proteins were extracted

and mapped to UniProt Database for 21-mer sequences of

relevant sites, including the central tyrosine and residues

from -10 to ?10 surrounding it. Given that some substrate

sites were at the beginning or the end, the vacant position is

filled with a symbol ‘‘–’’ (e.g., EDYFTSTEPQYQPGENL—)

during the collection. The exact UniProt ID and accession

number of each dephosphorylated protein were also retrieved

at the same time. Each dephosphorylated site was carefully

checked to ensure the position is exactly the one mentioned in

articles. Among the obtained data, three PTPs that contained

the most sites, namely, PTP1B, SHP-1, and SHP-2, were

selected in this study (positive data are available in Table S1).

To avoid high similarity among sequences, only sequence

fragments that shared \70 % identity were kept for the
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positive dataset during the performance evaluation. Given that

previous studies of phosphorylation prediction selected 70 %

as the threshold, the same identity was adopted in the present

study (Kim et al. 2004; Menor et al. 2012; Dang et al. 2008). If

70 % or more than 70 % residues on corresponding positions

of two isometric sequences were similar, only one of them was

kept in the positive dataset and the other was discarded.

Meanwhile, sequences with ‘‘-’’ were also abandoned

because of the difficulty in similarity calculation. The method

utilized in this study calculated sequence similarity based on

the BLOSUM 62 matrix, which does not have scores for ‘‘–’’.

Thus, similarity calculation cannot be applied on the sequen-

ces with ‘‘–’’, thereby limiting the terminal sites. In a previous

study, Kiemer et al. (2005) constructed predictors for N-ter-

minal acetylation sites using sequences that contained residues

on the C-terminal side of the modified residue. Given that

most of the positive data in the study contained enough resi-

dues on both sides, the few sequences with ‘‘-’’ were dis-

carded and the information on both sides was fully used.

Meanwhile, some dephosphorylated substrate sites were

not proved by accurate experiments during the collection

(Table S2). These substrate sites were proposed with

uncertain words, such as ‘‘possible’’ and ‘‘maybe’’. To

guarantee the prediction exactitude, these ‘‘unqualified

data’’ were not contained in the positive dataset.

Negative dataset

All the human proteins (Release 2013_08) were downloaded

from UniProtKB at http://uniprot.org/pub/databases/uniprot/

current_release/knowledgebase/proteomes/ and the corre-

sponding sequences of centered tyrosines were extracted.

The negative dataset was obtained by eliminating the posi-

tive dataset (Table S1) along with ‘‘unqualified data’’ (Table

S2) from the entire tyrosine-centered sequences of human

species. Given that our knowledge about the entire protein

modification process is limited, collecting a set of peptide

sequences that can be safely regarded as non-substrates of

any kind of PTPs is difficult. However, the non-substrate

sites of a specific PTP should still dominate the negative

dataset in consideration of the numerous peptides that con-

tain tyrosines in human species.

Performance evaluation with k-NN algorithm

The k-NN algorithm is one of the simplest machine

learning algorithms. In this algorithm, an object is classi-

fied by a majority vote of its neighbors based on its simi-

larity to the trained samples. The details of the predictive

algorithm are described as follows. Initially, similarity

scores between the query peptide and each peptide in

positive and negative training sets were calculated

according to the BLOSUM 62 matrix. To deal with the

imbalanced sample size between two training sets, each

score in the positive training set was multiplied by a weight

(wi) as the final score. Thereafter, all those scores were

mixed and ranked from high to low. If most of the scores

that ranked in the top k positions belonged to the positive

training set, which means that the given peptide is more

similar to the positive samples than the negative ones, the

query peptide can be dephosphorylated by this PTP.

Otherwise, the query peptide is considered to be a non-

substrate sequence. In this case, the value of k is set to 5.

Meanwhile, 1,000 negative training sequences and 100

negative test sequences were selected from the negative

dataset. Thus, each time the number of test sample was 101: 1

positive sample and 100 negative samples. The 70 % identity

was used for both the positive and negative sequences to

avoid over-estimation. During the selection, each of the 100

negative test peptides was guaranteed to share less than 70 %

sequence identity with the 1,000 samples in the negative

training set. The tests were performed 1,000 times, and the

final evaluation was the average value.

Results and discussion

Sequence and functional features of collected data

The dephosphorylation sites were manually collected from

the public literature. A total of 57 sites were discovered for

PTP1B, 47 for SHP-1, and 48 for SHP-2 (Table S1). Most

Fig. 1 Venn diagrams representing overlaps of substrate sites and

substrate proteins of PTP1B, SHP-1, and SHP-2

Table 1 The numbers of collected sites of three PTPs

PTPs PTP1B SHP-1 SHP-2

All sites collected 57 47 48

All known human dephosphorylation

sites

51 42 44

Positive dataset after removal of

sequences with ‘‘–’’ and highly

homologous peptides (over 70 %

identity)

50 36 41
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of the dephosphorylation sites were from human, whereas

the rest belonged to the mouse species. The following

analysis only focused on the dephosphorylation sites of

human, which contained 51, 42, and 44 sites for PTP1B,

SHP-1, and SHP-2, respectively (Table 1). As shown in

Fig. 1, the three PTPs shared some substrate proteins and

sites. The overlaps between every two PTPs made up

approximately a quarter of the total sum.

The substrate specificity of each PTP was first charac-

terized using all the known 21-mer peptide sequences with

dephosphorylation tyrosines surrounded by 10 residues on

both sides. From the frequency analysis (Fig. 2) by Web-

Logo (Crooks et al. 2004), PTP1B preferred Glu (E) at

positions -5 and -4 and a large fraction of the C-terminal

positions. Asp (D) was the most common residue found at

position -7 and several other positions on the proximal

N-terminal. Taken together, PTP1B showed more prefer-

ence for acidic amino acids that flank the phosphorylated

tyrosine, which is consistent with the previous studies for

PTP1B substrate specificity (Vetter et al. 2000; Pellegrini

et al. 1998). Likewise, SHP-1 and SHP-2 favored acidic

residues on the N-terminal side, as shown in Fig. 2.

However, hydrophobic residues Leu (L), Val (V), and Pro

(P) were more preferred than acidic residues in the

upstream of SHP-1 targets. As for SHP-2, the C-terminal

showed a slightly broader specificity. For example, Val

(V), Asp (D), and Pro (P) dominated at positions ?1 to ?3,

respectively. Meanwhile, position ?7 showed more

Fig. 2 Sequence frequency

analysis of dephosphorylation

peptides for PTP1B, SHP-1, and

SHP-2. Sequence logo plots

represent amino acid

frequencies for 10 amino acids

from both sides of the

dephosphorylation site. N amino

side, C carboxyl side
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preference for the acidic residue Glu (E). This observation

mostly agrees with the careful analysis of substrate speci-

ficity for these PTPs (Ren et al. 2011). By contrast, the

WebLogo analysis of 1,000 negative sequences showed

obvious differences with the positive sequences (Fig. 2).

We can see that each PTP recognizes the specific motif

around dephosphorylation sites, but the patterns were not

so conserved, at least less pronounced than kinases.

Furthermore, the same sequences as WebLogo were

used to display the sequence identity distribution of dif-

ferent sets. In the positive and negative sets, the sequences

contained were compared with one another from positions

-10 to ?10 (except the central tyrosines). Meanwhile,

each positive sequence was compared with each negative

sequence to show the sequence identity between positive

and negative sets. The identical residues on 20 positions for

each pair were calculated and the number of pairs that

shared the same amount of identical residues was counted.

The final identity distributions, divided by the total sum,

were shown in supplementary Figure S1. The figure shows

that the sequence identity of two sets and between them

was relatively low even though that of the positive set was

slightly higher, which meant that very few sequences

shared high similarity with one another. Taken together,

the sequence identity between the positive and negative

sets was not easily separable.

Ability of prediction during performance evaluation

Although the previous sections showed that acidic resi-

dues at the -1 to -5 positions were much more

favorable for substrate recognition by PTPs (Hippen

et al. 1993), other positions also showed regular patterns,

as shown in Fig. 2. To determine the best length of

peptide sequences used for prediction, performance tests

were conducted on 5–10 residues on both sides of the

central tyrosine, and 70 % identity threshold was used to

obtain the suitable positive dataset for each length. The

curves in Fig. 3 compared the performance of sequences

with different lengths. As described in the experimental

procedures, to deal with the imbalanced sample size

between positive and negative training sets, each score in

the positive training set was multiplied by a weight (wi)

as the final score. Setting different values of wi would

result in different sensitivities and specificities. Each

value in receiver operating characteristic (ROC) curves

was the average level of 1,000 performances. The results

showed that the best-performing ROC for PTP1B was

the pink curve (with nine residues on both sides).

Meanwhile, the black line (with eight residues on both

sides) of SHP-1 and the red line (five residues on both

sides) of SHP-2 showed the best performance compared

with other lengths. In this case, the positive dataset for

PTP1B, SHP-1, and SHP-2 substrate sites was used with

9, 8, and 5 residues on both sides. By contrast, the

performance of the blue curve (with six residues on both

sides) for SHP-1 and the black curve (with eight residues

on both sides) for SHP-2 was obviously worse than the

other lengths. This observation could be attributed to the

difference in sequence patterns. For example, the -8 and

?8 positions of SHP-2 targets showed less preference for

any kind of amino acids (Fig. 2). Even though the

sequences with 9 and 10 residues on both sides for SHP-

2 targets were also not as good as the other lengths, the

more regular patterns (especially the Pro on the C-ter-

minal) at corresponding positions still slightly improved

their performance.

Next, the best results in performance evaluation of

PTP1B, SHP-1, and SHP-2 were adopted and the sensi-

tivities and specificities at two cutoffs were provided, with

details shown in Table 2. The corresponding positions

were marked with blue and red in ROC curves (Fig. 4).

The horizontal axis represented false positives (1-speci-

ficity), whereas the vertical axis represented true positives

(sensitivity). For PTP1B, both the sensitivity and speci-

ficity could reach above 75 % at the low-stringency cutoff,

whereas the specificity could reach as high as 91.0 % at the

high-stringency cutoff with a sensitivity of 65.6 %. This

result nearly caught up with the previous study of PTP1B

prediction, which achieved a sensitivity of 50 % and a

specificity of 98 % (Ferrari et al. 2011). However, Ferrari’s

predicted substrates were proteins rather than exact sites,

which made comparing the predicted results impossible,

because numerous tyrosines existed in the full sequence of

one protein. The other two PTPs also performed as well as

PTP1B at the low-stringency cutoff, whereas the sensitivity

was nearly 10 % lower than PTP1B at the level of high-

stringency cutoff. A highly stringent threshold will

improve the specificity but decrease the sensitivity,

whereas a less stringent threshold will increase the sensi-

tivity at the price of lower specificity. Choosing the level of

cutoffs can predict more candidates or more accurate

substrates. To see if a concerned sequence or protein could

be dephosphorylated by a given PTP, users can test the

query peptide on our predicting website http://cmbi.bjmu.

edu.cn/ptpsite/.

To confirm that the performance evaluation in this study

was not biased because of lacking independent positive test

sequences, the positive dataset was split into two groups:

1/5 and 4/5. Before the division, the 70 % identity

threshold was also adopted in the entire positive dataset for

different lengths (5–10 residues on both sides of the central

tyrosine). The larger group was used to perform leave-one-

out tests for sequences with different lengths, as previously

mentioned. Then, the best performance for each PTP (15-

mer for PTP1B, 17-mer for SHP-1, and 15-mer for SHP-2)
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was picked out and the weights at high cutoffs were

adjusted (Table 3). Using the best weights, the rest of the

positive sequences were utilized to score the performances

independently. Table 3 shows the sensitivities and speci-

ficities acquired from the predictive results of 1/5 positive

sequences (which were 10 for PTP1B, 8 for SHP-1, and 8

for SHP-2) and 1,000 random negative sequences that

shared\70 % identity with the negative training set. At the

specificity of around 90 %, each PTP could identify more

than 60 % of the 1/5 independent positive sequences. In

conclusion, the performance of completely independent

positive sequences was still relatively well. The Matthews

correlation coefficient and F1 score were also provided as

references of the independent tests (Supplementary Table

S3). However, both values turned out to be very low

because of the large difference between positive and neg-

ative sample sizes (about 10:1,000).

The 70 % identity was adopted to avoid high similarity

between the training and test sequences. To investigate the

effect of identity values on the performance, experiments

were conducted with another 4 identity thresholds: 60, 50,

40, and 30 %. Each identity was used not only for the

Fig. 3 ROC curves with different colors representing different lengths of sequences used for prediction. The sequences that performed best for

PTP1B, SHP-1, and SHP-2 are 9, 8, and 5 residues on both sides of central tyrosines, respectively

Fig. 4 ROC curves showing predictive results of three PTPs using sequences with the best-performing length. The detailed results at two cutoffs

are marked with blue and red

Table 2 The results in

performance evaluation of three

PTPs with two cutoffs

PTPs Low-stringency cutoff High-stringency cutoff

Value of wi Sensitivity (%) Specificity (%) Value of wi Sensitivity (%) Specificity (%)

PTP1B 2.35 78.8 75.6 1.70 65.6 91.0

SHP-1 2.60 79.5 78.4 1.90 54.7 91.6

SHP-2 1.75 75.0 79.1 1.45 56.0 91.9
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positive dataset, but also between the negative test set and

negative training set. The best performance acquired from

the experiments at different identity levels was compared

with one another (Fig. 5). The results in Fig. 5 show that

performances did not show large differences at the 70, 60,

and 50 % identities because those positive sequences were

not largely decreased when the identity threshold dropped

from 70 to 50 % (Supplementary Table S4). At the 30 %

identity, performances were obviously worse than the

others except the one for SHP-2. The 30 % identity was a

very strict threshold. For example, in the sequence frag-

ment with five residues on each side, only \3 out of 10

residues could be similar, which leads to the significant

reduction of positive sequences.

To our knowledge, only a fraction of tyrosines are

phosphorylated, and they are more likely to be within

disordered regions (Iakoucheva et al. 2004). Phosphotyro-

sines might have specific sequence contexts because of the

disordered regions. The good performance of the method

utilized in this study might be caused by discriminating

phosphotyrosines versus non-phosphotyrosines, not the

substrate specificity of different PTPs. Recently, numerous

phosphorylated sites of several species have been identified

by mass spectroscopy (Beltrao et al. 2012). Among those

data, more than 8,000 tyrosine sites of human proteins were

discovered. To confirm the discrimination ability, the same

tests were performed using numerous phosphotyrosines

identified by mass spectroscopy as the negative dataset.

Figure 6 shows the performance results after replacing the

whole tyrosines with identified phosphorylated tyrosines.

The predictor could still discriminate substrates although

not as well as the results with the whole tyrosines. Table 4

shows the detailed sensitivities and specificities at two

cutoff levels. Compared with the results using whole ty-

rosines as negative dataset (Table 2), PTP1B still per-

formed better than the other two PTPs. At the low-

stringency cutoff, the sensitivities and specificities dropped

to 60–70 %, whereas at the high-stringency cutoffs with

specificities of around 90 %, the sensitivities of three PTPs

declined about 20 %. Even though the results were not as

good as the tests using whole tyrosines, the predictor could

still discriminate different substrates.

To explore whether one PTP could distinguish the

substrates of other PTPs, the collected substrate sites of

each PTP were treated as three query peptide sets. The

three sets were tested for each PTP on our predictive

website at the high-stringency cutoff level with a speci-

ficity of above 90 %. The results obtained from the analysis

are listed in Table 5, which presents the percentage of

identified substrates for each PTP in three sets. Table 5

shows that 100 % of the known substrate sites of PTP1B

could be recognized by the predictor of PTP1B, because all

the collected data were used to train the predictor on the

website. By contrast, 34.5 % of the SHP-1 substrate sites

were predicted as substrates of PTP1B. Among the three

known substrate sets, the overlaps among them made up

Fig. 5 Comparison of ROC curves using different identity thresholds

Table 3 Results of the

validation based on independent

1/5 positive sequences

PTPs Performance using 4/5 of the positive dataset Tests of the remaining 1/5

Value of wi Sensitivity (%) Specificity (%) Sensitivity (%) Specificity (%)

PTP1B 1.75 58.0 90.4 60.0 89.6

SHP-1 2.25 48.0 91.2 62.5 89.9

SHP-2 1.80 57.0 90.0 62.5 90.2
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approximately a quarter of the total sum (Fig. 1). In con-

sideration of the overlaps in the collected data, the dis-

crimination ability of different PTPs was acceptable.

Identification of substrates for three PTPs

According to the results of the performance evaluation

(Fig. 3), the 19-, 17-, and 11-mer sequences were used for

PTP1B, SHP-1, and SHP-2 to perform prediction. The

sample size of the positive dataset that resulted from the

removal of sequences with ‘‘–’’ and highly homologous

peptides (over 70 % identity) is listed in Table 1. The

results show that the specificity above 90 % could predict

relatively accurate substrates. In the set of human tyrosine

phosphorylation sites that contained more than 8,000 tar-

gets, possible substrate sites were scanned at the specificity

of 91.0 % for PTP1B, 91.6 % for SHP-1, and 91.9 % for

SHP-2. The k-NN algorithm was trained using all the

known dephosphorylation sites and 1,000 negative samples

randomly selected from the negative dataset (the entire

negative dataset with the appropriate length for each PTP is

shown in Table S5). The numbers of predicted dephos-

phorylation sites at the high-stringency cutoff are listed in

Table 6 (the detailed sites and sequences can be found in

Table S6). Reported articles have revealed that PTP1B is

exceptionally active toward multiply phosphorylated sub-

strates (Ren et al. 2011), especially for two side-by-side

pYs (Myers et al. 2001). This observation was consistent

with our collected dataset and predicted results. The pre-

dicted sequences that contained Y–Y structures made up

about 13.6 % of the total PTP1B substrate sites, which

outnumbered the percentage for SHP-1 (11.6 %) and SHP-

2 (9.0 %).

Conclusion

This study utilized manually collected substrate sites in

PubMed to predict the substrate sites of three PTPs, namely,

PTP1B, SHP-1, and SHP-2. Analysis of substrate sequences

revealed that specific motifs could be recognized by different

enzymes. The performance tests achieved both sensitivities

Fig. 6 ROC curves using phosphotyrosines instead of tyrosines from human proteome as negative dataset

Table 4 Performance

evaluation using phosphorylated

tyrosines as negative dataset

PTPs Low-stringency cutoff High-stringency cutoff

Value of wi Sensitivity (%) Specificity (%) Value of wi Sensitivity (%) Specificity (%)

PTP1B 2.25 64.5 71.2 1.65 40.8 90.7

SHP-1 2.55 67.6 71.5 1.85 34.9 89.5

SHP-2 1.75 62.0 71.9 1.40 32.8 91.4

Table 5 Results in the table presented the percentage of identified

substrates of each PTP using three collected sets

PTP1B (%) SHP-1 (%) SHP-2 (%)

Substrate sites of PTP1B 100 21.1 41.0

Substrate sites of SHP-1 34.5 100 31.3

Substrate sites of SHP-2 29.6 51.7 100

Table 6 The numbers of predicted sites of three PTPs

PTPs PTP1B SHP-1 SHP-2

The number of predicted

dephosphorylation sites

1176 1571 1239
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and specificities of above 75 % using appropriate lengths of

peptide sequences. Applying the predictor utilized in this

study on the set of proteins that have already been identified

as phosphorylated substrates could provide a set of possible

candidates for experimental validation (Table S6). To

improve the prediction performance of the method used in

this study, collecting data and updating the webserver will be

maintained. More PTPs can also be included in the system

with the availability of more dephosphorylation data.
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