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Systematic Characterization and Prediction of
Post-Translational Modification Cross-Talk*s
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Post-translational modification (PTM)' plays an important
role in regulating the functions of proteins. PTMs of mul-
tiple residues on one protein may work together to deter-
mine a functional outcome, which is known as PTM cross-
talk. Identification of PTM cross-talks is an emerging
theme in proteomics and has elicited great interest, but
their properties remain to be systematically character-
ized. To this end, we collected 193 PTM cross-talk pairs in
77 human proteins from the literature and then tested
location preference and co-evolution at the residue and
modification levels. We found that cross-talk events pref-
erentially occurred among nearby PTM sites, especially in
disordered protein regions, and cross-talk pairs tended to
co-evolve. Given the properties of PTM cross-talk pairs, a
naive Bayes classifier integrating different features was
built to predict cross-talks for pairwise combination of
PTM sites. By using a 10-fold cross-validation, the inte-
grated prediction model showed an area under the re-
ceiver operating characteristic (ROC) curve of 0.833, su-
perior to using any individual feature alone. The prediction
performance was also demonstrated to be robust to the
biases in the collected PTM cross-talk pairs. The inte-
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grated approach has the potential for large-scale prioriti-
zation of PTM cross-talk candidates for functional valida-
tion and was implemented as a web server available at
http://bioinfo.bjmu.edu.cn/ptm-x/. Molecular & Cellular
Proteomics 14: 10.1074/mcp.M114.037994, 761-770, 2015.

Post-translational modifications (PTMs) are defined as the
covalent addition of a modifying group (e.g. phosphate,
acetyl, or methyl) to specific amino acid residues (1), which
play important roles in regulating gene expression, modifying
protein functions, and modulating protein—protein interactions
(2-6). With the development of mass spectrometry (MS) tech-
niques, increasing number of PTM sites have been identified
(7, 8). Multiple PTMs within one protein can coordinately
determine a functional outcome, which is called PTM cross-
talk (9). For example, the Set9-mediated methylation of Lys
372 on p53 inhibits the Smyd2-mediated methylation of Lys
370, and consequently represses the p53 activity (10). On
histone H3, the methylation of Lys 4 by SET7 and Lys 9 by
SUV39H1 was found to inhibit each other, which has differ-
ential effects on subsequent histone acetylation by p300 (11).
The importance of PTM cross-talk has been recognized in
various biological pathways (12-15), such as transcriptional
regulation (16), DNA damage response (17), and protein sta-
bility regulation (18-20).

Large-scale quantification of PTM changes after perturba-
tion has been used to explore the association of multiple PTM
types. For example, the interplay between phosphorylation
and lysine acetylation was systematically investigated by the
deletion perturbations in the Mycoplasma pneumonia genome
(21). The relationship between phosphorylation and ubiquity-
lation was studied after proteasome inhibition on Saccharo-
myces cerevisiae (22). These studies suggested that cross-
talks between different PTMs were extensive and remained to
be discovered. Histone modification cross-talk networks have
been symmetrically discovered in S. cerevisiae (23). However,
the method was hard to generalize to the whole proteome.
The identification of PTM cross-talk proteome wide remains a
great challenge.

Large-scale PTM cross-talks have also been explored com-
putationally. Minguez et al. (8) used the co-evolution of PTM
sites to measure the functional correlation of PTM types.
Beltrao et al. (7) identified protein regions with significantly
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high density of PTM sites. Lu et al. (24) simulated the muta-
tions of acetylation sites to determine the relationship be-
tween acetylation and other PTM types. Schwammle et al.
(25) analyzed co-existence patterns of PTM sites in histone
proteins to identify interplay between pairs of methylation and
acetylation marks in histones. Peng et al. (26) globally identi-
fied 81 putative PTM cross-talk motifs enriched in the se-
quence context of PTM sites occurring in proximity. Although
these studies suggested that several different features could
be used to predict functional associations between PTM sites,
to what extent do those associations represent PTM cross-
talks remains to be evaluated on a gold-standard data set. It
is also unclear if multiple features can be integrated to im-
prove the prediction of PTM cross-talk.

In this study, we systematically surveyed the published
literature to collect experimentally validated PTM cross-talk
pairs. In total, 193 pairs of PTM sites in 77 human proteins
with experimental support for cross-talk were compiled. Con-
trol sets of PTM pairs matched to the cross-talk set were also
generated for comparison. We tested motif enrichment in the
sequence context of PTM cross-talks, investigated the loca-
tion preference of cross-talk PTM pairs, and measured the
evolutionary correlations of cross-talk pairs at the residue and
modification levels. Features that distinguished the cross-talk
and control sets were then integrated using a naive Bayes
classifier with kernel density estimation to predict PTM cross-
talk. The performance of the classifier was evaluated by a
10-fold cross-validation. We showed that the integrated
model was superior at distinguishing the cross-talk from con-
trol pairs than the models using any single feature alone. The
model was further demonstrated to be robust to the biases
in the collected PTM cross-talk pairs. Our method called
PTM-X was implemented as a web-based tool available at
http://bioinfo.bjmu.edu.cn/ptm-x/.

EXPERIMENTAL PROCEDURES

Cross-Talk Data Collection—The PTM cross-talk data were col-
lected from the published literature. With the keywords combination
“((cross AND (talk OR regulate OR link)) OR interplay) AND post
translational modification,” 766 articles were extracted from PubMed
through April 23, 2014. In addition, PTM sites around experimentally
characterized short linear motif-based molecular switches were
mined from the switches.ELM database (27). Known PTM associa-
tions compiled by the PTMcode database (28) were also included as
candidates. All the related references were then manually reviewed. A
total of 193 pairs of PTM sites with experimentally validated evidence
of cross-talk in 77 human proteins were identified. Their positions on
the protein sequences, modification types, and brief descriptions of
the mechanisms are given in supplemental Table S1. We only con-
sidered PTM cross-talk within a protein in this study. PTMs modifying
the same residue, which presumably compete with each other, were
also excluded.

Generation of Control Sets—The PTM data of Homo sapiens were
downloaded from the PhosphoSitePlus® database (www.phosphosite.
org) (29), which included 155,027 sites of phosphorylation, acetyla-
tion, methylation, ubiquitination, SUMOylation, O-N-acetylgalac-
tosamine, O-N-acetylglucosamine, etc. As described in their web site,

these data were manually collected from the published experiments in
PubMed or from the unpublished data generated at the Cell Signaling
Technology (http://www.cellsignal.com). The database included PTM
sites identified from both low-throughput and high-throughput exper-
iments. To ensure the data quality, only PTM sites supported by at
least one low-throughput experiment were included in the control set.

To build the control set, all pairwise combinations of the known
PTM sites present in each of the 77 proteins included in the cross-talk
set were first generated. If both PTM sites of a pair were found in the
cross-talk set, no matter whether they formed a cross-talk pair or not,
then the pair was discarded. This procedure resulted in a total of
9,611 PTM pairs, which were referred to as the control data set. We
noted however, that some false negatives must be included in the
control set since not all cross-talk events had been discovered on
these proteins.

The PTM sites that are close to each other may tend to co-evolve
or to evolve at the same rate and may also tend to be located in the
same disordered protein region. To control for the effect of sequence
distance, the control set was resampled into a subset whose distri-
bution of sequence distances was similar to that of the cross-talk set
(median = 6.0 ~ 7.0 amino acids; supplemental Fig. S1). The sample
size of the resulting distance control set was 772.

Similarly, the PTM sites with well-characterized biological functions
might be evolutionarily more conserved than those without known
functions (7). The manually collected PTM cross-talk pairs are thus
expected to be more conserved than randomly selected PTM pairs.
To correct for this bias when evaluating the co-evolution of PTM pairs,
a function control set was built by including only the PTM sites
supported by at least two low-throughput experiments. The sample
size of the function control set was 2,218; and the distribution of the
number of PubMed papers was similar to that of the cross-talk set
(median = 4.0; supplemental Fig. S2).

Tertiary Structural Distance—The tertiary structures of the proteins
were obtained from the PDB database (30). This database contained
the three-dimensional structural data of protein crystals at atomic
resolution. The tertiary structural distance between a residue pair was
defined as the distance between the two a-carbon atoms adjacent to
the carboxyl group of amino acids. In cases when multiple distances
were found for a cross-talk pair, the average of all distances was
taken.

Residue Co-Evolution—For each human protein as the reference,
the multiple sequence alignment (MSA) across ~50 vertebrates were
obtained from the “align” data set of the vertebrates nonsupervised
orthologous groups in the eggNOG v4.0 database (31). When multiple
paralogs from one species were available, only the one with the
smallest editing distance to the human homolog was included in
MSA.

The co-evolution of two PTM sites was measured using the mutual
information (MI) method (8, 32, 33), as follows:

p(x.y) )

MIXY) = >, EMWW(M

YE Ax XE Ay

(Eg. 1)

where X and Y are two discrete random variables denoting the iden-
tities of amino acids at the two PTM sites across the aligned protein
sequences. The observations of X and Y, denoted by x and y, can take
values of the amino acid alphabets or alignment gap that appear in
the respective column of the MSA, denoted by A, and A. p(x) and
p(y) are the frequencies of x and y at the respective columns; and p(x,
y) is the frequency of jointly observing x and y at those positions in the
same species. As an example, shown in Fig. 2A is an excerpt MSA of
p53 across 19 vertebrates. Among the known PTM sites, let X denote
the site K120 and Y denote R209, we have p(X = K) = 17/19, p(Y =
R) = 12/19, and p(X, Y = K, R) = 11/19. MI measures the mutual
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dependence of two PTM sites that show variability across different
species. When at least one PTM site was fully conserved across the
species in MSA, the pair was excluded from the analysis.

In order to rescale the MI from zero to one, the MI was normalized
by the squared root of the product between the entropies of X and Y
(34), as described in Eq. (2):

Vi) MIC:Y)
n YY) =
>, p(xlog(p(x) >, p(y)log(p(y))
IXE Ax Y€ Ay

Eq. 2

Referring to the example shown in Fig. 2A again, there ar(-,E gghz
known PTM sites in the part of human p53 sequence, and two pairs
(S15-T18 and S37-S46) cross-talk to each other: Phosphorylation of
T18 depends on the prior phosphorylation of S15 site (35), and
phosphorylation level of S46 is regulated by phosphorylation at S37
(36). It is apparent that the phosphor-acceptor residues of the cross-
talk pairs tend to both appear or both disappear across the species,
possibly because of their functional dependences. The nMI scores
reflect the extent this interdependence and are higher for the cross-
talk pairs than the control pairs.

Modification Co-Evolution—Although the sequence conservation
suggests the conservation of modification, whether the modification
is truly conserved can only be verified by the experimental PTM data.
Here, we extended the co-evolution measure to the modification
level, which reflects the level of co-occurrence of PTM at a pair of
residues across species. This analysis was restricted to human,
house mouse, and brown rat, whose PTM data were downloaded
from the database PhosphoSitePlus® (29). The total PTM sites are
101,844 for house mice and 16,567 for brown rats. The 1-to-1 or-
thologs of mouse and rat genes to the 77 human genes were obtained
from InParanoid database v8 (37). Only the 1-to-1 orthologs with
Inparanoid confidence scores greater than 0.9 were considered. The
protein sequences for the three species were downloaded from Uni-
Prot (38) and then aligned by MUSCLE 3.8.31 (39).

The modification co-evolution of two human PTM sites was defined
as the proportion of times that both residues are the same as human
and are post-translationally modified across the species, as shown in
Eqg. (3):

1
M=g > 51X8;5, SP = {human, mouse, rat} (Eq.3)

i€ SP

where s;; (j = 1,2) is the indicator variable to indicate that site j is a
known human PTM site and for non-human species i, the amino acids
residue at site j is the same as human, and PTM is also observed in
species i. The product of s; ; and s; , can be 1 only when the residue
and modification status at both sites are the same as human. Given a
pair of known PTM sites on human, the modification co-evolution
measure can take values of 1/3, 2/3, or 1.

Figure 3A shows four PTM pairs on p53 and their modification
status in the three species. The pairs T312-S313 and S314-S315 are
from the control set, and their modifications only co-occur in human.
So they have the lowest co-evolution scores of 1/3, even if the first
pair has fully conserved residue across the three species. The PTMs
of the other two pairs K873-T377 and K373-S378 from the cross-talk
set co-occur in more than one species and consequently have higher
modification co-evolution scores.

Permutation Test—When comparing features between the PTM
pairs in the cross-talk and the control sets, the following permutation
testing strategy was adopted to account for the nonindependence
among pairs. The cross-talk set is denoted by A and the control set is

denoted by B, and their means (or medians) of the feature under
comparison are denoted by u, and ug, respectively. First, the ob-
served difference of the means (or medians) between the two groups
was calculated: d = u, - ug. Then, the group membership of all pairs
were randomly assigned to form new groups A" and B’, with the same
sample sizes as the original ones. The difference in the means (or
medians) between randomized groups A and B” (d" = u,- - ug:) was
recorded. The second step was repeated 100,000 times to generate
a null distribution of the differences of the means (or medians) be-
tween the two groups. Finally, the p value was defined as the pro-
portion of d” that was at least as extreme as the observed value d.

PTM Cross-Talk Prediction and Performance Evaluation—To inte-
grate different features to predict cross-talk for a pair of PTM sites, a
naive Bayes classifier (NBC) was used. The posterior probability for a
given PTM pair to cross-talk with each other is defined as

P(C =1X=(Xy,. . X))

PC=1]]p(xiC=1)

i=1

PC =N]]p(xlC=1)+PC=0]]p(xIC=0) (Eq.4)

i=1 i=1

where C is an indicator of cross-talk, X is the feature vector for a PTM
pair, and m is the number of features. The prediction can be made by
choosing a threshold for the posterior probability. PTM pairs with the
probability above the threshold are classified as cross-talk and oth-
erwise as noncross-talk. P(C = 1) and P(C = 0) are the prior proba-
bilities of cross-talk and noncross-talk respectively, both of which are
fixed at 0.5. The features used in the integrated model included
sequence distance, structural distance, residue co-evolution, modifi-
cation co-evolution, and co-localization within the same disordered
regions. For comparison, we also implemented NBCs using each
single feature. For each feature x; of a PTM pair, p(x/C = 1) and
px|C = 0) are the probability densities of the feature i for the
cross-talk and control classes, respectively. When a PMT pair has
missing value for feature x;, the feature will be omitted from calculat-
ing the posterior probability for that pair. The distribution of the
conditional probability density of each feature for a given class p;(x;/C)
was estimated from the pairs of that class via nonparametric kernel
density estimation with a Gaussian kernel, whose bandwidth was
determined according to the Scott’s rule (40).

A 10-fold cross-validation was used to assess the perfor-
mance of the prediction model as follows. The cross-talk and control
PTM pairs were randomly partitioned into 10 subsets with roughly
equal sample sizes. Of the 10 subsets, one subset was retained as the
validation data for model testing, and the remaining nine subsets were
used as the training data to build the prediction model. The cross-
validation was then repeated 10 times, with each of the 10 subsets
used exactly once as the validation data. To balance the cross-talk
and control samples, the control set was randomly resampled to have
the same sample size as the cross-talk set. The overall process of the
cross-validation was repeated 100 times by using different control
sets, and the results were averaged.

To evaluate the prediction performance, the threshold for the pos-
terior probability was gradually increased from 0 to 1 in increment of
0.001. At each threshold, false positive rate (FPR; i.e. the proportion
of control samples predicted as cross-talk) and false negative rate
(FNR; i.e. the proportion of cross-talk samples predicted as control)
were calculated; FPR was then plotted against 1-FNR (i.e. true pos-
itive rate) at different thresholds on the x- and y-axes to draw an ROC

Molecular & Cellular Proteomics 14.3

763



Characterization and Prediction of PTM Cross-Talk

TABLE |
Proteins with more than five reported PTM cross-talk pairs in the
literature
Protein p53 H3 ER-a H4 NFkB-p65 All (77)
Number of samples 23 19 9 6 6 193

curve. The area under the ROC curve (AUC) was calculated and used
to summarize the prediction performance.

The integrated model was also implemented as an online tool for
predicting cross-talk from given PTM pairs. The training set included
all the above cross-talk and control pairs. One hundred NBCs were
built using all cross-talk pairs and different sets of control pairs with
matched sample size. The final prediction result for a PTM pair was
the average posterior probability over all NBCs.

RESULTS

Data Collection and Motif Analysis—To investigate the
properties of PTM cross-talk, a total of 193 experimentally
validated PTM cross-talk pairs in 77 human proteins were
manually compiled from the published literature (supplemen-
tal Table S1). The proteins with largest number of reported
PTM cross-talk pairs were histones and transcriptions factors
like p53. Table | lists the proteins with more than five reported
cross-talk pairs. The combinations of PTM types in the cross-
talk events were summarized in supplemental Table S2. Phos-
phorylation is the most abundant type of PTM involved in the
cross-talk event.

PTM cross-talk events may be facilitated by specific con-
sensus sequences or motifs that have biological signifi-
cances. Several sequence motifs were noted for the experi-
mentally validated PTM cross-talk events in previous studies.
For example, the Akt consensus phosphorylation motif
(ImeR].[meR]..S/T) has been found on the BCL-2 antagonist of
cell death and Forkhead box O transcription factors family,
where the arginine methylation inhibits the Akt-mediated
phosphorylation (41, 42). Rust et al. (43) and Yang et al. (44)
summarized several motifs of cross-talks between phosphor-
ylation and methylation/acetylation on short peptides. We
verified that 27 of our collected PTM cross-talk pairs encom-
passed the eight well-known cases of cross-talk motifs, as
compared with only four control pairs (supplemental Table
S3). Furthermore, Peng et al. (26) identified 81 motifs enriched
for pairs of known PTM sites in close proximity, including
three combinations of PTM types: phosphorylation-acetyla-
tion, phosphorylation-SUMOylation, and phosphorylation-
phosphorylation (supplemental Table S4). To find out whether
the 81 computationally identified motifs were enriched in the
sequence context of the cross-talk pairs, only PTM pairs that
had compatible residues and PTM types with the motifs and
were located within five amino acids were selected as candi-
dates. This resulted in 35 of 193 pairs in the cross-talk set and
95 of 9,611 pairs in the control set left for the analysis.
However, we did not find a significant enrichment of the 81
motifs on cross-talk pairs: 15 of 35 cross-talk and 25 of 95

control candidates matched to at least one motif, shown in
supplemental Table S5 (folder change = 1.63, p = 0.23,
Fisher’'s exact test). It suggests that computationally pre-
dicted motifs may not be of functional significance in known
cross-talk PTM pairs.

Location Preference—To investigate the proximity of the
PTM cross-talk pairs on the primary protein sequences, the
sequence distances between the 193 cross-talk and the 9,611
control pairs were compared. We found the sequence dis-
tances of the PTM cross-talk pairs were significantly shorter
than that of control pairs (median: 6 versus 159 amino acids,
p < 107° by permutation test; Fig. 1A). We also calculated the
structural distances of cross-talk and control PTM pairs using
the protein structure data from PDB database (30). Because
of the limited data in this database, structural distances were
only available for 50 of 193 cross-talk and 1,821 of 9,611
control pairs. The structural distances for the cross-talk PTM
pairs were also significantly shorter than that of the control
pairs (median: 10.02 A versus 31.66 A, p < 107° by permu-
tation test; Fig. 1B).

We further found that the Pearson correlation coefficient
between the sequence and structural distance at the log scale
was 0.95 for cross-talk pairs but only 0.73 for control pairs
(Fig. 1C). The cross-talk pairs thus seem to be located in more
“linear” regions of the proteins than the control pairs. A pos-
sible explanation is that the cross-talk pairs are enriched in
the disordered regions where three-dimensional structures
are not well defined and short linear peptide motifs often
occur (45). To test this hypothesis, disordered protein regions
were identified by the prediction tool DisEMBL (45). We found
that 57.0% of unique PTM sites in the cross-talk pairs were
located in disordered regions, slightly but significantly higher
than that of the control pairs (50.7%, permutation test p =
0.041). When both sites of a pair are considered together,
42.5% of the cross-talk PTM pairs are located within the same
disordered regions, compared with only 6.3% for the control
pairs (p < 1.0 X 107° by permutation test). The increased
proportion for cross-talk pairs cannot be explained by their
close proximity, as we observed 35.6% of PTM pairs in the
distance control set colocalized in the same disordered re-
gions (p = 0.047 by the permutation test). Together, these
results suggest that the cross-talk preferentially occurs be-
tween PTM sites in close proximity and especially within the
same disordered region.

Co-Evolution at Residue Level—The amino acid co-evolu-
tion of two PTM sites essentially elucidates the conserved
functional dependence across species (32). In this study, the
nMI method was adopted to measure the extent of co-occur-
rence of two residues across vertebrates.

The nMI measures of residue co-evolution were available
for 149 of the 193 cross-talk pairs, and 8,137 of 9,611 control
pairs. For the 44 cross-talk pairs (1,474 control pairs) without
co-evolution measure, 33 cross-talk pairs (926 control pairs)
did not have MSA data in the vertebrates nonsupervised
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orthologous groups database, and 11 cross-talk pairs (549
control pairs) had one or two fully conserved sites in MSA. The
cross-talk set showed a significantly higher level of residue
co-evolution than that of the control set (mean: 0.576 versus
0.308, p < 10™° by permutation test, Fig. 2B). We noted that
cross-talk pairs tended to locate in close proximity, and the
co-evolution measures between PTM sites were negatively
correlated with their sequence distances (Spearman correla-
tion coefficient = -0.42, p < 107 '9). To correct for the dis-
tance effect, the control PTM pairs was subsampled to form a
distance control set that showed similar distribution of se-
quence distances to the cross-talk set. The mean nMI scores
of the distance control pairs was 0.500, still significantly lower
than the cross-talk pairs (p = 1.4 X 1072 by permutation test;
Fig. 2B). Therefore, the higher level of co-evolution for the
cross-talk pairs cannot solely be explained by their location
proximity.

We also noted that more cross-talk pairs were composed of
well-characterized PTM sites supported by at least two LPT
experiments than the control pairs (91/193 versus 2414/9611,
p = 9.1 X 107" by Fisher exact test). And those PTM pairs
with well-characterized sites tended to show higher co-evo-
lution measures than other pairs (mean: 0.33 versus 0.29, p =
1.3 X 107'° by t test). To control for this functional bias, the
control PTM pairs was subsampled to form a functional con-
trol set whose PTM sites were supported by similar number of
low-throughput experiments. The average nMI score of the
functional control set was 0.335, still significant lower than the
cross-talk pairs (o < 1.0 X 10~ ° by permutation test; Fig. 2B),
which suggests that the functional importance of PTM sites
also does not explain the higher residue co-evolution in cross-
talk pairs.

Co-Evolution at Modification Level—Previous studies showed
that PTM sites conserved at the modification level are more
likely functional than PTM sites conserved at the residue level
(7, 46). To directly quantify the conservation of cross-talk,
we adopted a modification co-evolution measure defined as

the proportion of times that both residues are conserved
and modified across H. sapiens, Mus musculus, and Rattus
norvegicus.

Because of the lack of confident 1-to-1 orthologs in the
Inparanoid v8 database, the measure of modification co-evo-
lution was available for 167 of the 193 cross-talk pairs and
9,519 of 9,611 control pairs. The modification co-evolution
measures were significantly higher for the cross-talk pairs
than that of control pairs (mean: 0.537 versus 0.401,p < 1.0 X
107° by permutation, Fig. 3B). Spearman correlation coeffi-
cient between the modification co-evolution measures and
their sequence distances was -0.14 (p < 107 '9). Those PTM
pairs with well-characterized sites also tended to show higher
modification co-evolution measures than other pairs (0.48
versus 0.38, p < 1079, t test). Similar to the residue co-
evolution analysis, we found the sequence distance or the
functional importance alone could not explain the observed
difference between the cross-talk and control sets. The cross-
talk pairs showed a significantly higher modification co-evo-
lution scores than the distance control set (mean: 0.537 ver-
sus 0.430, p < 1.0 X 10~° by permutation test, Fig. 38), and
also higher than the function control set (mean: 0.537 versus
0.474, p = 7.4 X 10~* by permutation test, Fig. 3B).

Prediction of PTM Cross-Talk by Integrating Different Fea-
tures—As demonstrated above, the PTM cross-talk pairs ex-
hibited proximity on the primary sequences and tertiary struc-
tures, preference for colocalization in the same disordered
regions and evolutionary correlations at the residue and mod-
ification levels across different species. An NBC was built to
integrate different features for predicting PTM cross-talk. The
performance was evaluated by the 10-fold cross-validation
using 193 cross-talk and 9,611 control pairs. The integrated
model achieved an area under the ROC curve of 0.833, higher
than other NBCs built using single features (Fig. 4A). For
NBCs built with individual features, the structural distance
was the most discriminative feature (AUC = 0.815), even
though it has the highest no-call rate (only 50 cross-talk and
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1,821 control pairs had structural distances available). By
contrast, the performance of the modification co-evolution
was relatively poor (AUC = 0.644), partly due to the incom-
pleteness of PTM data in mouse and rat. Using the threshold
of 0.5, the integration of these five features achieved a mod-
erate FPR of 0.12 and FNR of 0.32 (Fig. 4B).

The integrated model called PTM-X was implemented as an
online tool at (http://biocinfo.bjmu.edu.cn/ptm-x/). Users can
specify the protein by the UniProt accession number and
input pairs of PTM sites; the above five features and the
prediction score (posterior probability of cross-talk) for each
PTM pair will be calculated. The input PTM pairs with predic-
tion scores higher than a given cutoff can be selected as the
cross-talk candidates. Some consideration of selecting an
appropriate cutoff is needed when applying the prediction
tool. For users who want accurate positive predictions and
can tolerate some false negatives, a stringent cutoff with
lower FPR can be used; for users who want more sensitive
predictions, a lenient cutoff can be chosen. We provide an
interface to facilitate this procedure: If users click on the
prediction score on the web page, the ROC curve from the
10-fold cross-validation will appear and show the related FPR
and true positive rate with the prediction score as cutoff
(supplemental Fig. S3).

Influence of Biased Training Set on the Prediction Perfor-
mance—As shown in supplemental Table S2, the compiled
cross-talk pairs were biased to some PTM types: phosphor-
ylation dominated the majority of the cross-talk pairs. In
addition, the cross-talk set did not cover all pairwise combi-
nations of PTM types. For example, the SUMOylation-acety-
lation pair was not observed. The prediction performance for
some combination of PTM types could be poor because they
were not well represented in the training set. To evaluate the
influence of the PTM type on the prediction performance, all
phosphorylation-phosphorylation pairs in the cross-talk set
(73 pairs) and control set (5,313 pairs) were used for model
testing, and the remaining pairs were used as training data.
The AUC for the integrated model was 0.833 (Fig. 5A). At the
threshold of 0.5, 632 out of the 5,313 control pairs were
classified as cross-talk (FPR = 0.119), and 24 of 73 cross-talk
pairs were predicted as non-crosstalk (FNR = 0.325). These
results suggest that the PTM types do not influence the pre-
diction performance.

Besides the bias for PTM types, the known cross-talk set
was also biased for some proteins. For example, p53 har-
bored more cross-talk pairs than any other protein; hence, the
training set may be biased for these samples on p53. We
therefore evaluated the prediction performance on p53 by
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using the cross-talk and control pairs of all other proteins as
the training data. The test set comprised 23 cross-talk and
1,005 control pairs from p53 (supplemental Table S6). In Fig.
5B, AUC for the integrated model was 0.753, and at the
threshold of 0.5, 110 out of the 1,005 control pairs were
classified as cross-talk (FPR = 0.109), and 9 of 23 cross-talk
pairs were predicted as noncross-talk (FNR = 0.377). These
results indicated the protein bias in the training set also does
not markedly influence the prediction performance.

DISCUSSION

Sequence motifs, structural proximity, and residue co-evo-
lution were presumed to imply the functional association be-
tween PTM sites in previous studies (8, 26); here, we system-
atically tested the effectiveness of these features to predict
the PTM cross-talk using by far the largest collection of vali-
dated cross-talk data sets. We demonstrated that the cross-
talk and control pairs can be distinguished by the sequence
and structural distances and co-localization within the same
disordered region location, as well as the residue and modi-
fication co-evolution measures. We applied a naive Bayes
method to integrate these features to predict PTM cross-
talks. The integration of these features demonstrated an ef-
fective performance in terms of the AUC of the cross-valida-
tion. The integrated model also had the advantage of
accommodating the missing data and reduced the no-call
rate as compared with using single features.

crosstalk control distance control function control

We analyzed the location preference of cross-talk PTM
pairs on both primary sequences and tertiary structures. A
small portion of the cross-talk PTMs were located far from
each other; for instance, the phosphorylation on Y14 of
HNF4« was distant from its cross-talk partners (i.e. phosphor-
ylations on Y286 and Y288) (47). However, 130 of 193 (67.4%)
PTM cross-talks in our data were located within 20 amino
acids. Furthermore, the cross-talk PTM site pairs in proximity
prefer to colocalize in the same disordered regions. When two
modifications that cross-talk with each other are in close
proximity, the mechanism of cross-talk may be relatively
straightforward (e.g. steric or charge effects; linked PTM bind-
ing domains on interacting proteins). More distal cross-talk
may be mediated by specific signaling pathways. It should be
noted that some percentage of the increased spatial associ-
ation we identified between cross-talk residues may be due to
biases in the underlying experimental data. The researchers
who identified sites of cross-talk used in our analysis may
have preferentially searched for and/or identified cross-talk
events that occurred in close proximity. It is difficult to deter-
mine the extent to which this may have occurred. When
methods are developed for the large-scale identification of
cross-talk residues, we will be better able to address this
point.

The co-evolution of cross-talk PTMs was first analyzed at
the residue level. Using the nMI method, the cross-talk pairs
showed a significantly higher residue co-evolution than the
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distance (distance 1d), structural dis-
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control pairs. However, we also found that this residue co-
evolution was dramatically reduced after taking distance be-
tween residues into account (Fig. 2B). It may be explained by
the possibility that neighboring sites having higher potential to
co-evolve or simultaneously evolve. A second possibility may
be the false negatives in the control set, where a majority of
the nearby PTM sites indeed cross-talk with each other and
consequently tend to show higher level of co-evolution. Nev-
ertheless, the residue co-evolution was demonstrated to bring
more information to distinguish cross-talk from control pairs
than only using the distance features. A potential problem of
nMI measure was that MI cannot be defined for PTM pairs in
which at least one site is full conserved. We noted that this
only resulted in discarding very small proportion of the data
(5.7% for both the cross-talk and the control pairs). Besides
nMI, residue co-evolution could also be quantified by two
other measures (1-nHMdist and nCoBML, described in Sup-
plementary Materials). Regardless of the methods, cross-talk
pairs showed consistently higher residue co-evolution than
the control pairs. nMI showed the best performance in distin-
guishing the cross-talk from control pairs when residue co-
evolution as feature was used alone. Combined with other
features in the integrated model, the three methods showed
comparable performance to distinguish the cross-talk from
control pairs (supplemental Fig. S4).

Furthermore, we analyzed the modification co-evolution
across humans, house mice, and brown rats using the exper-
imentally validated PTM data. The results revealed that the
cross-talk pairs exhibited much higher modification co-evo-
lution than the control pairs (Fig. 3B). Currently, co-evolution
at the modification level was analyzed only using the known
PTM sites of human, mouse and rat. It could be generalized
into more species with the accumulation of more PTM data.
However, even for the three species used in this study, the
PTM data were largely incomplete. It was noted that a signif-
icant fraction of the difference between mouse and human
was due to false negatives in databases (48). Although some
residues have not been reported as modification sites, they
can still be modified. To solve this problem, we developed a
method to impute the missing data and to refine the modifi-
cation co-evolution measure using imputed modification sta-
tus (see supplementary materials). Although the refined meas-
ure of modification co-evolution could better discriminate the
cross-talk and control pairs, it did not improve the prediction
performance of the integrated model (supplemental Fig. S5). An
effective method to fill in the missing data is needed here.

PTMs at multiple sites are believed to function in a combi-
natorial pattern known as PTM code (49, 50). The “cross-talk
pair” used in this study is mainly for computational conven-
ience; it is admittedly an oversimplification of PTM code. But
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in the same vein as we use protein-protein interaction to
model the complex interplay between proteins; the PTM code
can also be described using the network terminology, where
nodes are represented by PTM sites and edges by cross-talk
pairs. Take the PTM cross-talk network on p53 as an example
(supplemental Fig. S6). Some PTM sites interacted with many
other PTM sites, forming a hub in the interaction network,
similar to other biological networks. In the future, methods
from systems biology can be used to better characterize the
cross-talk network and provide functional insights into the
PTM code.
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