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and methods
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The review summarizes main trends in the development of methods for the prediction of protein post-translational
modifications (PTMs) by considering the three most common types of PTMs — phosphorylation, acetylation and
glycosylation. Considerable attention is given to general characteristics of regulatory interactions associated with PTMs.
Different approaches to the prediction of PTMs are analyzed. Most of the methods are based only on the analysis of the
neighbouring environment of modification sites. The related software is characterized by relatively low accuracy of PTM
predictions, which may be due both to the incompleteness of training data and the features of PTM regulation. Advantages
and limitations of the phylogenetic approach are considered. The prediction of PTMs using data on regulatory interactions,
including the modular organization of interacting proteins, is a promising field, provided that a more carefully selected

training data will be used.
The bibliography includes 145 references.
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I. Introduction

As a result of numerous genome sequencing projects, a huge
number of protein-coding regions and the related amino
acid sequences were identified.! These data are widely used
in studies of molecular mechanisms providing the biological
functions. The human genome contains from 20 to 25
thousands of protein-coding DNA sequences.? According
to estimates,? the number of transcripts read from these
regions should exceed 100 thousands due to such factors as
alternative splicing, more than one translation start codons,
alternative polyadenylation and RNA editing. An even
greater protein diversity is due to chemical modifications
performed by specialized enzymes after the synthesis of a

polypeptide chain on a ribosome. In genomes of higher
eukaryotes, genes encoding enzymes responsible for these
post-translational modifications (PTMs) account for
approximately 5% of their total amount.* More than 300
different types of PTMs are distinguished,’ due to which the
number of protein variants may exceed a million.%7

There are the following types of PTMs.4

1. Limited or controlled proteolysis, which provides the
formation of the functionally active variant of proteins and
determines their subcellular localization. The polypeptide
chain cleavage is performed by external proteases or
through autocatalysis.

2. The covalent attachment of chemical groups to the
terminal amino or carboxyl group of the polypeptide chain.
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3. The attachment of chemical groups to amino acid side
chains. This type of modifications were founds for 15
canonical amino acid residues.*#

Residue Type of modification

Arg methylation

Asn N-linked glycosylation

Asp phosphorylation

Cys phosphorylation, hydroxylation, formation of
disulfide bridges

Gln protein cross-linking by glutaminase

Glu methylation, carboxylation

Gly hydroxylation followed by C-terminal amide
formation

His phosphorylation

Lys methylation, acetylation, ubiquitination

Met oxidation to sulfoxide

Pro hydroxylation

Ser phosphorylation, O-linked glycosylation

Thr phosphorylation, O-linked glycosylation

Trp C-linked glycosylation (mannosylation)

Tyr phosphorylation

According to calculations routinely performed at the
PTM Statistics Curator web server® such modifications as
phosphorylation, acetylation and glycosylation are most
abundant among the experimental data presented in the
UniProt! knowledgebase (Fig. 1). These modifications
result in the attachment of the phosphate group, the acetyl
group or a carbohydrate moiety, respectively, to an amino
acid side chain (Fig. 2).
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Figure 1. Representation of different PTM types in the UniProt

knowledgebase (January, 2013).

The attachment of chemical groups leads to structural
rearrangements in the protein molecule accompanied by
changes in its functional characteristics, such as enzymatic
activity, subcellular localization, ezc. This affects the pro-
tein folding, protein—protein interactions, protein degrada-
tion, signal transduction from the receptor to the gene,
regulation of the cell cycle, apoptosis, intercellular adhesion
and so on.!0-15

of post-transla-
tional modifications of amino acid side
chains in proteins: phosphorylation of
Ser (@), N-linked glycosylation of Asn
(b) and acetylation of Lys (c¢).

Figure 2. Examples

Data on protein post-translational modifications are
necessary for the detailed analysis of key molecular bio-
logical processes. About 5% of mutations associated with
pathologies were revealed in known PTM sites, whereas
neutral mutations account for only 2%.'¢ Disorders of
PTMs were found in many diseases including cancer.!” 20

A complex of experimental methods is used to identify
modified proteins and localize PTM sites.?! However, even
the application of high-throughput mass-spectrometry
methods does not allow researchers to determine the totality
of PTMs, which can occur in living systems. In addition, the
results of such investigations should be interpreted with
caution. Data obtained in vitro depend to a large extent on
the experimental conditions, therefore not all identified
modifications can occur in vivo. In cells, reversible modifi-
cations of proteins are often short-term events, which take
place in the course of dynamic processes and are followed
by the recovery of the initial forms. Hence, when a material
obtained in vivo is used, the sample can contain only a small
part of potentially possible modifications.

At the present time, the prediction of PTMs based on
amino acid sequences is one of the rapidly developing fields
of bioinformatics. Several reviews on this subject were
published in recent years.>-22~28 These reviews cover meth-
ods based on the analysis of the neighbouring environment
of modification sites in amino acid sequences. They deal
with problems associated with the generation of initial data
and the application of various approaches for the recogni-
tion of modification sites. Factors responsible for the
accuracy of the prediction, such as the size of the training
set and the classification of data according to modifying
enzymes, are analyzed.

The available prediction methods give a large number of
false-positive results.?? Besides, in many cases it is impos-
sible to clearly distinguish between true- and false-positive
results because of the incompleteness of available data. Due
to the stochastic character of PTM processes and the
reversible character of modifications of many types, pre-
dicted PTMs can be absent in particular experimentally
studied samples, which does not exclude their possible
appearance in other situations.

In the present review, we focus on the multicomponent
character of PTM-related processes, consider the molecular
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mechanisms of protein modifications and discuss the possi-
bility of increasing the efficiency of the prediction with the
use of particular methods utilizing data on phylogenetic
relationships and regulatory interactions. The following
aspects will be highlighted:

— regulatory interactions in post-translational modifi-
cations;

— structural features of the neighbouring environment
of modification sites;

— information resources that can be used for the gen-
eration of training sets for the prediction of PTMs;

— computational methods for the determination of
modifications of different types in the proteins under study.

These aspects will be discussed for the three most
common PTMs: phosphorylation, acetylation and glycosy-
lation.

I1. Interactions responsible for the specificity of
post-translational modifications

Post-translational modifications occur as a result of inter-
actions between two or more proteins. For these interac-
tions, it is common that the structural domain of one
protein molecule binds to a short peptide sequence of
another protein.?? 33 All sequences specific for a particular
domain can be described using a pattern or a linear motif.
In this pattern, each position can be occupied by one of
several residues having particular physicochemical proper-
ties. Short modules of protein molecules are referred to in
the literature as SLiM (Short Linear Motifs),?* minimo-
tifs 33 or ELM (Eucaryotic Linear Motifs).36-37

The linear motif is determined by a small number of
amino acid positions so that the corresponding regions can
be identified in amino acid sequences with a rather high
probability. It should be noted that only some of the
identified regions are functioning modules of this type.38

The region containing a site of modification (modified
residue) and a small number of residues surrounding this
site is also considered as a short module, which can interact
with the catalytic domain of the modifying enzyme. Due to
a small length of the motifs describing only the neighbour-
ing environment of modification sites and their highly
degenerate character, the presence of appropriate regions
is not a conditions sufficient for the modification to occur.
In addition, not all possible modification sites undergo
changes in each particular case. On the other hand, not all
experimentally identified sites are important for particular
functionally significant events.

The specificity, as well as the possibility of performing
PTMs, is determined not only by the structure of enzyme
active site and neighboring environment of the modification
site. The interaction and proper orientation of the protein
with respect to the modifying enzyme can be provided by
domain structures of the enzymes and short regions of
substrate proteins, the so-called docking sites, located
separately from PTM sites (Fig. 3).

In the case of mitogen-activated protein kinases, dock-
ing sites of the substrate bind to pockets in the catalytic
domain located outside the active site (see Fig. 3a).3° 42
Tyrosine-specific protein kinases of the Src group contain
separate domains (SH2 and SH3) recognizing docking sites
in substrate proteins (see Fig. 35).#> Adaptor and scaffold
proteins can play an important role in the determination of
the phosphorylation specificity.** An adaptor protein binds

n
*

Figure 3. Interactions of proteins involved in the regulatory signal
transduction through phosphorylation.

(a) Substrate recognition by single-domain protein kinase; (b)
substrate recognition by the non-enzymatic domain of protein
kinase; (c¢) recognition of enzymes and substrates by an adaptor
protein; (d) the cascade of post-translational modifications coordi-
nated by a scaffold protein. Modification sites of the substrate
bound in the active site of the enzyme are indicated by triangles.
Docking sites of the substrate and enzyme interacting with recog-
nition sites are indicated by squares.

the enzyme and substrate, thus determining their specific
interaction (see Fig. 3¢). Multidomain scaffold proteins
mediate space-time organization of cell regulation path-
ways,*’ including the physical contact between the proteins
involved in phosphorylation cascades (see Fig. 3d). The
specificity of modifying enzymes can also be affected by
their interactions with other regulatory proteins. Let us
mention cyclins as a classical example. These proteins
form complexes with protein kinases of respective types,
thus activating these enzymes and determining the set of
substrate proteins.*®

Therefore, the specificity of PTMs is determined not
only by the neighbouring environment of the modification
site in the amino acid sequence but also by numerous other
factors. An analysis of methods for the prediction of PTMs
(these methods are considered in detail below) shows that
the more reasonable approaches are those which take into
account these additional factors rather than only modifica-
tion motifs.

I11. Structural features of the neighbouring
environment of modification sites

Regions containing modification sites, like all types of short
modules, are usually identified in parts of protein molecules
with less ordered spatial structure. The results obtained by
NMR spectroscopy for non-modified proteins were
reported in a study 4’ where the authors analyzed the non-
modified regions, which corresponded to the previously
identified PTM sites. It was shown that the sites specific
for particular types of PTMs are characterized by a higher
degree of conformational flexibility. Thus, potentially phos-
phorylated regions are distinguished by a substantially
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higher flexibility compared to non-modified regions. It
should be noted that Lys acetylation sites differ only slightly
in this parameter from Lys-containing regions for which the
acetylation was not observed. Apparently, the calculated
structurization/disorder characteristics should be taken into
account in different ways for different types of modifica-
tions.

In the case of N-linked glycosylation, which occurs
already during the translation of the polypeptide chain,
the structure of modified sites is formed during the attach-
ment of oligosaccharide chains. The regions containing
glycosylation sites differ in composition from other parts
of amino acid sequences.*® For positions located at close
distances from the modification site, the following prefer-
ences were mentioned: the sites —2 and +4 are character-
ized by a higher frequency of nonpolar residues, and the
sites +3 and + 5 are characterized by a higher frequency of
hydrophobic residues with a bulky side chain.

IV. Information resources

Vast data sets stored in information resources (available via
the Internet) contain various data on different types of
PTMs. The number of such resources is rather large.
Despite the diversity of the used formats, a typical record
in the database contains the following fields: 1) the protein
identifier; 2) the sequence position number of the modified
residue; 3) the type of the amino acid residue; 4) the type of
modification; 5) the attached group; 6) the modifying
enzyme; 7) citation information (bibliographical referen-
ces); 8) characteristics of the experiment.

Some fields are often missed, including the type of the
modifying enzyme. Incomplete data pose serious problems
in the generation of training sets, when it is necessary to
relate a set of modification sites to the class of the enzyme.

The databases on PTMs have been summarized in
sufficient detail.> Here, we briefly consider the most well-
known resources.

The UniProt knowledgebase ! is the main international
resource of data on amino acid sequences and functional
characteristics of the corresponding proteins. The data on
the functional mapping (including data on the predicted and
experimentally identified PTM sites) in the UniProt are
collected from other information resources and biblio-
graphical sources.

A large number of resources are specially designed for
data on PTMs. For instance, dbPTM #° is an information
repository of PTMs retrieved from several databases,
including UniProt,! Phospho.Elm,>® UbiProt,’! O-GLYC-
BASE,>> HPRD %3 and PhosphoSitePlus,>* as well as data
extracted directly from publications. Such databases as
Human Protein Reference Database (HPRD)>3 and Phos-
pho.Elm,>° are manually curated based on expert knowl-
edge of appropriate publications.

Information sets available in different databases overlap
with each other to a substantial extent. Some databases (for
example, PhosphoSitePlus>* and SysPTMs?>%) integrate
data on regulatory interactions from the STRING,>®
KEGG,”” PFAM>® and Gene Ontology>® information
resources, thus providing better insight into the relationship
between particular PTMs and biological processes.

The Phospho.Elm resource > is one of the largest freely
available collection of information on phosphorylation. In
addition to phosphorylation sites, this resource includes

data on sequences that are recognized by phosphopeptide-
binding domains. The Phospho3D database® includes
projections of the identified phosphorylation sites on the
three-dimensional structures of the corresponding proteins.
Since most of the known three-dimensional structures refer
to non-phosphorylated proteins, the database contains
mainly information on the structures of potentially modi-
fied rather than actually modified sites.

Information on the acetylation of Lys residues is col-
lected in the Compendium of Protein Lysine Acetylation
(CPLA) resource.®' This resource also integrates data on
interactions between the modified proteins and other pro-
teins.

Resources such as O-GLYCBASE 32 and UniPep,%? are
databases of glycosylation sites in amino acid sequences.
The GlycoSuiteDB web server ¢3 provides information on
the chemical structures of polysaccharide groups (glycans)
involved in glycoproteins, as well as on the binding sites of
these groups in amino acid sequences. The GlycomeDB
metadatabase ° integrates structural data on glycans from
main databases of carbohydrate structures. The dbOGAP
database ©° is the first specialized resource containing infor-
mation on the O-linked glycosylation of proteins with
attached N-acetylglycosamine.

V. Methods for the prediction of PTMs

1. General aspects

When developing new methods for the prediction of PTMs,
it is necessary to evaluate the efficiency of original
approaches compared to the already available methods. It
is convenient to estimate the accuracy of prediction based
on calculations of such parameters, as sensitivity and
specificity. The sensitivity is determined as the percentage
of the correctly predicted positive examples out of the total
number of positive examples. The specificity is determined
as the percentage of the correctly predicted negative exam-
ples of the total number of negative examples. Developers
of new software strive to provide a high level of sensitivity
at a rather high level of specificity.

An important problem faced by researchers when gen-
erating a training set that is used for the design of an
algorithm for the prediction, as well as when estimating
the prediction accuracy, is that it is impossible to determine
unambiguously the positive and negative examples. Recall
that the reactions resulting in PTMs have a stochastic
character. In many studies, modifications are determined
under different conditions (for example, in the selection of
biological samples in different stages of the cell cycle).
Hence, available experimental data not necessarily contain
information on all PTMs occurring in living cells. This
leaves place for the alternative interpretation of negative
patterns: either these patterns actually attest to the absence
of PTMs in particular regions of proteins or researchers
failed to find experimental conditions under which these
modifications occur. On the other hand, modifications
identified in vitro not necessarily occur in living cells, i.e.,
positive examples can be in fact negative.

In many cases, a comparison of the published data on a
particular type of PTMs in one and the same protein shows
that data on all known modification sites are available in
none of the publications. This is due to different aims of
particular studies, as well as because of the use of different
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methods. The collection of experimental data bit by bit is a
necessary step in the information work with PTMs.

The extensive list of references on programmes for the
prediction of PTMs is available in the Cuckoo Group
website (http://www.biocuckoo.org).

The largest number of methods was developed for the
prediction of phosphorylation at Ser, Thr and Tyr residues.
This is due to the abundance of available experimental data
and the better understanding of the reversible phosphor-
ylation, particularly in relation to the signal transduction
and cell cycle regulation. Hence, the main approaches to the
prediction of PTMs will be considered in more detail for this
type of modifications.

2. Prediction of phosphorylation

The phosphorylation of amino acid side chains is a common
way to regulate protein activity utilized in cell signal trans-
duction.®¢~% It is believed that up to one-half of eukaryotic
proteins undergo phosphorylation.’® Data on this type of
modifications are actively used in the modeling of cell
signaling networks.”! The phosphorylation at Ser, Thr and
Tyr residues is most well studied.”? Striking examples of the
role of PTMs in regulated cellular signal transduction are
hierarchical phosphorylation cascades,”? in which one and
the same protein kinase acts both as a modifying enzyme
and a substrate.

In all methods, training sets include amino acid
sequence regions, each containing several residues on both
sides of the modification site. Various approaches are used
to derive prognostic markers from these training sets.

In the GPS (Group-Based Prediction System)
method,’* 75 the estimate for the probable phosphorylation
region is calculated based on its similarity with the already
identified phosphorylation regions specific for a particular
group of protein kinases. The estimates of similarity are
calculated based on substitution matrices optimized for
each group of protein kinases.

Generalized patterns (or motifs) of modified regions are
often used for the prediction of phosphorylation.

The most pictorial representation of PTM motifs is
based on the use of regular expressions. The latter are
proposed for the first time in the PROSITE database.”®
Each position is described by a set of residues, which can
present in this position. Despite the apparent simplicity of
this representation of expressions, the procedure for the
identification of motifs is rather complicated and is different
in different approaches.

The Motif-x algorithm 7’ takes a single-character pat-
tern as an input, in which one position is occupied by only
one symbol designating one of the twenty amino acid
residues; the 21th additional symbol is used when the
position can be occupied by any residue. The iterative
procedure involves the successive selection of statistically
significant motifs. The F-Motif method 7® employs the same
type of pattern with the difference that the initial data set is
divided into clusters, and motifs are determined for each
particular cluster. This allows the identification of specific
patterns that are not recognized by other similar algorithms.
The MoDL programme 7° initially generates a set of single-
character patterns based on phosphopeptides. In subse-
quent iterations, the motifs are combined thus creating
classical regular expressions, in which the conserved posi-
tion can be occupied by one of several letters. The coverage
of one set by multiple motifs makes it possible to take into

account, in implicit form, the relationships between individ-
ual positions. The match between the region under consid-
eration and the motif can be estimated taking into account
the scores of amino acid residues obtained for individual
positions of the pattern.3°

The position-specific scoring matrix (PSSM), where the
scores for each of 20 amino acid residues are assigned to
each position of the pattern, is employed in the Scansite
programme.8! Position-specific scoring matrices are used
also in the Predikin programme.®? The Predikin web server
allows predicting phosphorylation sites also for new types
of protein kinases. Users input amino acid sequences of
protein kinases and expected substrates. The type of the
modifying enzyme is determined based on the match with
substrate-binding regions of known protein kinases.

Machine-learning methods have found wide application.
The NetPhos ®3 and NetPhosK programmes 23 employ arti-
ficial neural networks (ANNs). This approach allows not
only weighting the positional scores but also taking into
account the relationships between the positions. Such
ANNSs are trained based on phosphorylated regions. The
NetPhos programme enables prediction of phosphorylation
sites without taking into account the enzyme specificity. The
more recent version of this method, NetPhosK, was devel-
oped for the prediction of sites specific for particular types
of protein kinases. Artificial neural networks are employed
also in the AMS 4.0 programme.®* Different versions of
support vector machines are used in the PredPhospho 83 and
KinasePhos programmes,®¢ as well as in the programme
available via the PHOSIDA web server.8’” The PPSP pro-
gramme %8 allows predicting the phosphorylation sites spe-
cific for different types of protein kinases based on Bayesian
decision theory.

The DISPHOS (DISorder-enhanced PHOSphorylation
predictor) method 8 implements the algorithm based on
logistic regression. Input data include frequencies of amino
acid residues, predicted disorder and secondary structure,
estimates of conformational flexibility, hydrophobicity and
other physicochemical parameters.

The pkaPS method was developed for the prediction of
sites specific for protein kinase A (PKA).°© When develop-
ing this method, regions containing modification sites were
studied in detail. Neuberger er al.°° also employed data on
the three-dimensional structures of PKA in complex with a
peptide, resulting in the development of a simplified model
of interactions. This model enabled the prediction of phos-
phorylation sites with a rather high accuracy.

Let us mention the Phos3D web server, °! which takes as
input three-dimensional structures of proteins (in the PDB
format). Support vector machines are used for the predic-
tion of modification sites. Durek er al.°' showed that the
accuracy of the prediction steadily increases, although
slightly, compared to other methods utilizing information
only on amino acid sequences.

A comparative trial of several above-mentioned meth-
ods showed that all these programmes predict phosphor-
ylation sites with rather low accuracy.®> Combining several
methods with weighing of their results provides some
improvement of the prediction accuracy.”?

The low efficiency of the above-mentioned methods may
be associated with the following factors. The use of a large
number of parameters is not justified in the case of a small
training set, besides containing some percentage of false
negative examples.?? Approaches that should take into
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account interpositional relationships and frequency charac-
teristics of the positions in the pattern do not provide
substantial advantages due probably to an insufficient size
of the training sets and small length of specific regions. The
low specificity of the above-mentioned methods is in part
explained by the fact that the negative control in these
methods is usually accumulated from regions surrounding
Ser, Thr or Tyr residues, in which the phosphorylation was
not identified experimentally, i.e., from the same amino acid
sequences for which the control is positive. It is difficult to
propose an alternative solution. However, it should be
remembered that negative examples can contain modifica-
tion sites that are still not identified.

The degeneration of phosphorylation motifs is respon-
sible for low specificity of the recognition of interacting
molecules. Hence, in order to get a clear understanding of
the mechanisms of phosphorylation, it is necessary to take
into account all complex regulatory interaction networks,
where phosphorylation events can be considered as individ-
ual steps.%®

In order to increase the accuracy of phosphorylation site
prediction, developers of new methods utilize information
on evolutionary relationships and regulatory interactions.

Evolutionary relationships of related proteins are
studied to make a more accurate prediction of phosphor-
ylation. The presence of phosphorylation sites in conserved
regions of homologous proteins identified by the alignment
of amino acid sequences is considered as the support of their
involvement in similar signalling pathways in related organ-
isms.?* The phosphorylation site conservation compared to
non-phosphorylated Ser, Thr and Tyr residues was men-
tioned by other authors as well.?5~ %8 Methods using multi-
ple alignment were developed for the phosphorylation site
prediction based on such observations. The iterative con-
struction of position-specific scoring matrices with the PSI-
Blast method °° allows taking into account the evolutionary
stability of modification sites and neighbouring positions
for their prediction. This approach was implemented in the
PPRED % and PostMod programmes.!0!

Methods employing the alignment have limitations. For
example, mammalian orthologous proteins can differ by
certain phosphorylation sites, even in highly conserved
regions.!92 Examples were found in which phosphorylation
sites are shifted in the aligned sequences of orthologous
proteins.103

The modification site conservation is estimated using the
CS (Conservation Score) method based on the alignment of
the sequence under study and its homologues.!%* The degree
of conservation of the region is determined by taking into
account phylogenetic relationships between the given pro-
tein and its homologues. The high conservation score is
considered as an additional support that the predicted site is
actually functional. The conservation scores obtained using
the CS algorithm are included in records of the Phos-
pho.ELM database.

Phylogenetic models are implemented in the phy-
loHMM method. The latter was used for the identification
of short conserved sequences in disordered regions of
proteins from the yeast proteome.'?> Nguyen Ba er al. '3
identified the known functional modules (including phos-
phorylation sites) and the previously unknown conserved
regions. Short conserved regions are often present in dis-
ordered areas of hub proteins (proteins involved in many
regulatory pathways).

Disordered regions of proteins are characterized by a
specific amino acid composition. Due to the limited set of
the types of amino acids used and a small length of linear
motifs, the alignment programmes often cannot choose the
best variant of sequence matching. The possibility of
coupled mutations cannot be ruled out as well.

Apparently, methods based on the alignment allow users
to identify conserved phosphorylation motifs in function-
ally related homologous proteins. This approach is less
suitable for the identification of regions in more distantly
related proteins.!0°

The phosphorylation site conservation can be due to the
fact that the respective proteins play a similar role in the
same regulatory pathways. Let us consider SMAD proteins
involved in the signal transduction from the receptor of the
transforming growth factor B (TGF-beta).!7 The SMAD2
and SMAD3 proteins belong to the same functional R-
SMAD group, whereas SMAD4 proteins are considered as
the separate coSMAD group. The alignment of the corre-
sponding amino acid sequences (Fig. 4) shows that in most
cases the phosphorylation sites in SMAD2 and SMAD3
either coincide or are located in the same alignment region.

Five phosphorylation sites were experimentally found
for the SMAD4 protein. Three of these sites are located in
the more conserved N-terminal region and match upon the
alignment with the sites of SMAD2 and SMAD3. Two
other sites are present in the insertions, and are associated
with the functional differences of the proteins under con-
sideration.

This example shows that functionally diverged homo-
logues can have different phosphorylation sites. Such web
servers, as dbPTM,*° PhosphoSitePlus,’* Phospho.Elm ¢
and PHOSIDA 37 allow users to align phosphorylation sites
with amino acid sequences retrieved from the commonly
available resources (for example, UniProt). Hence, users
can score the degree of conservation/variability of modifi-
cation sites in homologous proteins.

As mentioned above, the enzymatic reactions generating
PTMs are involved in complex processes, in the course of
which the interaction between the modifying enzyme and
the substrate protein is determined by the space-time
arrangement of intermolecular interactions;'%® the latter
can be both direct and mediated.!?®

The specificity of protein kinases depends on such
factors as the involvement of adaptors and scaffold pro-
teins, coexpression, subcellular colocalization and so on. In
order to take into account all these factors, it is necessary to
consider the results of the site prediction combined with the
data from different resources of protein—protein interac-
tions, regulatory network models, efc. Many commonly
used web servers for the prediction of phosphorylation
sites contains references, which allow users to extract addi-
tional information from available sources.

The automated integration of data on phosphorylation,
complex protein— protein interactions and regulatory path-
ways was implemented for the first time in the NetWorKin
programme.!!%- 111 The proposed approach utilizes informa-
tion on experimentally identified and predicted protein—
protein regulatory interactions; this information can be
extracted from the String database.®® The NetWorKin
method was developed for the prediction of protein kinase
types responsible for modification of the known sites; the
data on sites are extracted from Phospho.Elm > and Phos-
phoSitePlus.>* This problem is very important because the
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SMAD2 rnEsi—lp pvvkrllgwkksaggsggagggeqnggeekwcekavkslvkklk-ktgrl
SMAD3 mssi-lp pivkrllgwkk-—————-—-—--—- gegqnggeekwcekavkslvkklk-ktggl
SMAD4 mdnmsit tsndaclsivhs--—---- lmchrgggesetfakraieslvkklkekkdel
SMAD2 delekaittqncn-tkcvtipstcseiwglstpntidqwdttglysfseqtrldgrlqv
SMAD3 delekaittgnvn-tkcitip-——-——-————————————————————————— rsldgrlgv
SMAD4 dslitaittngahpskcvtigq-——-———-———-—-—-—-—-—"—-—-——-———-———-———————— rldgrlqv
SMAD2 shrkglphviycrlwrwpdlhshhelkaienceyafnlkkdevecvnpyhygrveipvlpp
SMAD3 shrkglphviycrlwrwpdlhshhelramelcefafnmkkdevcvnpyhygrveispvlpp
SMAD4 agrkgfphviyarlwrwpdlhkn-elkhvkycqyafdlkcdsvcvnpyhyervvgpgidl
SMAD2 vlvprhteiltelpplddyﬂhsip ————————————————————————————————————
SMAD3 vlvprhteipaefpplddyshsip-—————-——————————————————————————————
SMAD4 sgltlgsnapssmmvkdeyvhdfeggpslsteghsiqgtighppsnrastetystpallap
SMAD2 @ ------ entnfp----- agiepgsny—--——------—-- ipej{pppg-——————————-— yise
SMAD3 ------ entnfp--———-- agiepgsn-——-——-—-—-—-—--— ipej{pppg-———————————— ylse
SMAD4 sesnatstanfpnipvastsgpasilggshsegllgiasgpgpgggangftggpatyhhn
SMAD2 dgetsd--—-——-——-—-—-—-——-- qqlanmdt aelfgpttl vnhldlqp—-vtysepafw
SMAD3 dgetsd--—--—-—-—-—-—-—-- hgmnhsmda -nl8pnpmSpahnnldlgp--vtycepafw
SMAD4 stttwtgsrtapyﬁpnlphhqnghlqhhppmpphpghywpvhnelafqppisnhpapeyw
SMAD2 csiayyelngrvgetfhasg--psltvdgftdpsnserfclgllsnvnrnatvemtrrhi
SMAD3 csisyyelngrvgetfhasg--psmtvdgftdpsnserfclgllsnvnrnaaveltrrhi
SMAD4 csiayfemdqugetfkvpscpivtvdgyvdpsggdrfclgqlsnvhrteaierarlhi
SMAD2 grgvrlyyig-gevfaeclsdsaifvgspncngrygwhp-atvckippgenlkifnn-—-
SMAD3 grgvrlyyig-gevfaeclsdsaifvgspncngrygwhp-atvckippgenlkifnn---
SMAD4 gkgvgleckgegdvwvrclsdhavfvgsyyldreagrapgdavhkiypsayikvfdlrgce
SMAD2 ---—-——-—-- gefaallagsvnggfea—-——————————————————-— vygltrmctirm
SMAD3 @ -—---—————-- gefaallagsvnggfea—-——————————————————-— vygltrmctirm
SMAD4 hrgmgggaatagaaaaagaaavagnipgpgsvggiapaislsaaagigvddlrrlcilrm
SMAD2 kagwgaeyrrqtvtstpcwielhlngplqwldkvltqmg Svrc S

SMAD3 sfvkgwgaeyrrgtvtstpcwielhlngplgwldkvltangSplircERvE

SMAD4 sfvkgwgpdyprgsiketpcwieihlhralglldevlhtmpiadpgpld--—

Figure 4. Alignment of SMAD proteins. Phosphorylation sites are highlighted.

information resources do not contain data on the types of
enzymes for two-thirds of phosphorylation sites. The algo-
rithm includes a two-step procedure. In the first step, motifs
specific for different subfamilies of protein kinases are
determined for specified modification sites using the Scan-
site and NetPhosK programmes. From each group, an
enzyme is chosen with the smallest distance between the
corresponding node and the node of the expected substrate
in the network extracted from the String database.>® The
aim is to estimate the probability of the interaction and
exclude less probable variants. The NetWorKin resource
containing data on phosphorylation sites from Phos-

pho.Elm allows users to study network interactions, which
include phosphorylation events.!'! The NetWorKin algo-
rithm is implemented also in the PhosphoSiteAnalyzer
bioinformatic platform '!? designed in order to explore
large phosphoproteomic data sets.

In the iGPS programme, information on the experimen-
tally determined and predicted protein—protein interactions
is taken into account.!13

Another group of researchers!!'* proposed to consider
the factors responsible for the specificity of modifications
using characteristics of phosphorylated proteins compiled
from various resources: KEGG >’ (involvement in regula-
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tory pathways), Gene Ontology>° (localization, biological
process, molecular function), String>® (protein—protein
interactions), Pfam>® and InterPro!''> (domain composi-
tion). Based on these data, a set of features was generated
and the score was developed to estimate the probability that
the protein under consideration serves as a substrate for this
type of protein kinases. The study of the feature space using
the support vector machine (SVM) revealed the factors
most significant for determining the specificity of phosphor-
ylation sites and separate proteins for the particular enzyme
types. The influence of various factors was different for
different types of protein kinases. However, it was men-
tioned that, in addition to the amino acids surrounding the
modification site, the specificity of the enzyme substantially
depends also on the cellular localization and protein— pro-
tein interactions.

The identification of local similarity regions in amino
acid sequences can indicate the presence of modules respon-
sible for interactions with the same or similar proteins. The
approach is implemented in the PAAS (Projection of Amino
Acid Sequences) method, which allows the prediction of
substrate proteins for particular types of protein kinases
without identification of modification sites.!!°

The approach based on investigation of the domain
composition of protein kinases and their substrates was
proposed by Liu and Tozeren.!'” The authors determined
the domain profiles in amino acid sequences and then found
statistically significant domain pairs in partner proteins.
They succeeded in distinguishing stable domain complexes
(domain strings), which characterize the specificity of inter-
actions between different types of protein kinases and their
partners.

The use of information on complex interactions for the
prediction of PTMs seems to be quite justified. However,
the efficiency of methods depends on the completeness and

reliability of these data. The involvement of information on
predicted interactions can reduce the advantages of the
approach under consideration almost to zero. The exper-
imental data on interactions collected in the respective
resources should be qualified with different degrees of
confidence depending on the methods used for their obtain-
ing.118

To compare the efficiency of various methods, we
examined several programmes used for the prediction of
phosphorylation sites in the SMAD?2 protein at Ser and Thr
residues. Table 1 summarizes the results of prediction of the
experimentally determined phosphorylation sites
(dbPTM #° database) without taking into account the
enzyme specificity. The Ser or Thr residues, which are not
marked as phosphorylation sites, are considered as negative
examples.

The amino acid sequence of the human SMAD?2 protein
contains 75 Ser and Thr residues. The GPS programme
recognized the largest number of known sites (16 of 17), but
predicted phosphorylation sites in most of positions occu-
pied by Ser or Thr residues, i.e., showed very low specificity.
The KinasePhos method, although being slightly less sensi-
tive, also showed very low specificity. The NetPhoskK
method allowed us to slightly increase the specificity due
to a decrease in the number of incorrectly predicted negative
samples. The programme available via the PHOSIDA web
server provided a even larger increase in the specificity but
at the expense of a considerable decrease in the sensitivity.
The use of a filter in the DISPHOS programme to exclude
conformationally ordered regions led to a sharp decrease in
both the total number of predicted sites and the number of
correctly predicted sites. In all cases, the balanced accuracy
(the half-sum of specificity and sensitivity) was low and
reached the maximum value (0.65) with the use of the iGPS
programme. In the latter case, the filter based on the

Table 1. Prediction of phosphorylation at Ser and Thr residues in the known sites of the SMAD?2 protein. Positive results are represented by

shaded rectangles.

Site KinasePhos2 GPS NetPhosK Phosida DISPHOS iGPS

52 l ] l ] 1
T8 1 l | l | 1
S110 L] L] L]

T172 1 l | l | ]
T197 L] L 1
T220 1 l | l ] l | ] l ]
5240 1 l | l

5245 1 l | l | 1 ]
5250 1 l | l | 1
8255 L ] L ] ]
5260 1 l | l

5417 1 l | l

5458 1 l | l | 1 1
S460 1 l | l | 1

S464 l | l | L 1
S465 l | l | l | l |
S467 1 l | l |
Correctly predicted 13 16 13 5 3 12

All predicted 70 63 43 24 5 35
Sensitivity 0.76 0.94 0.76 0.29 0.18 0.71
Specificity 0.02 0.19 0.48 0.67 0.97 0.60
Balanced accuracy 0.39 0.57 0.62 0.48 0.57 0.65
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experimentally determined protein—protein interactions
was applied. This made it possible to achieve the most
reasonable ratio of sensitivity and specificity; this result
can be attributed to a good knowledge of regulatory
interactions in the SMAD?2 protein.

3. Prediction of acetylation at lysine residues

The reversible acetylation of Lys residues was revealed for
the first time for histone molecules. The switching of their
functional state by means of this modification plays an
important role in the gene transcription regulation.!'!?-120
Later on it was shown that the acetylation of lysine residues
in proteins of other classes is necessary for the regulation of
cell signal transduction at different levels.!?!

The human genome encodes more than twenty lysine
acetyltransferases exhibiting different substrate specificity.
Their classification is a difficult problem because of high
variability of amino acid sequences. Nine lysine acetyltrans-
ferases are grouped into three families: CBP/p300, GCNS5/
PCAF and MYST.!22 In most of the methods used, Lys
acetylation sites are predicted without taking into account
the specificity of acetyltransferase based solely on the data
on the amino acid composition of positions in the direct
vicinity of the acetylated Lys residue. The experimentally
determined regions containing acetylated and non-acety-
lated Lys residues are used for the generation of training
sets, which are processed using various algorithms.

The PAIL (Prediction of Acetylation of Internal Lysine)
algorithm '>*> implements Bayesian discriminant analysis.
The probability scores for acetylation are calculated based
on the analysis of the frequencies of amino acid occurrence
in positions around modified and non-modified Lys resi-
dues. In the programme designed by Gnad et al.,'?* regions
of amino acid sequence are represented in the feature space.
Each dimension of the space is determined by the sequence
position number and the type of the residue. The support
vector machine method is applied to recognize modified
regions. The same approach is implemented in the LysAcet
programme.!'?> A support vector machine ensemble is used
in the method proposed in the study.!?°

The very simple predMod algorithm 27 employs the
clusterization of modified and non-modified regions,
which are pre-aligned based on the central Lys residue. A
comparison of the amino acid sequence regions under study
with the regions from different clusters allows the prediction
of acetylation sites in histones and cytoplasmic proteins.

Regular expressions constructed with the use of the
above-mentioned Motif-x method are used also for the
prediction of acetylation sites via the scan-x web site.!?8
The prediction of Lys acetylation sites based solely on
sequences of site-surrounding regions has a relatively low
accuracy, particularly in the case of a comparative trials of
several methods using the same test set. Too optimistic
estimates of the quality of the predictions often reported in
the original publications may be associated with the fact
that the samples under test, which are used to estimate the
efficiency of the prediction, are included in the training set
employed for the optimization of the algorithm.!?°

It would be expected that the generation of training sets
for Lys acetylation sites taking into account the type of
modifying enzymes will lead to an increase in the efficiency
of the prediction. The ASEB programme predicts acetyla-
tion sites taking into account the enzyme specificity.!?> The
estimate of the probability of the presence of the potential

acetylation site is calculated based on the similarity of
amino acid sequences.!3® In addition, data providing evi-
dence for the interaction (either direct or mediated) between
the enzyme and the substrate protein can be utilized. These
relationships are determined from the analysis of regulatory
networks (retrived from the STRING ¢ and PINA 3! data-
bases) by calculating the shortest distance between enzyme
and the substrate in the graph of relationships.

4. Prediction of glycosylation

The term ‘glycosylation’ includes several different PTMs,
which lead to changes in the structure and function of
modified proteins.!3?> The N-linked glycosylation results in
the attachment of oligosaccharides to the NH, group of
asparagine. This modification is important for the folding
of membrane and secretory proteins, protein subcellular
localization, the formation of the immune response and so
on.'33 The O-linked glycosylation occurs through the
attachment of sugar residues to the oxygen atoms of Ser or
Thr side chains.!?* The mucin-type O-linked glycosylation
was studied in most detail. This process results in the
binding of N-acetylgalactosamine to which, in turn, a
branched polysaccharide structure is attached. These pro-
teins are involved in cell adhesion and the formation of the
intracellular matrix.!3> The O-linked glycosylation, which
leads to the reversible binding of N-acetylglucosamine, is
shown for nuclear and cytoplasmic proteins involved in the
transcription, ubiquitination, cell cycle, stress responses and
so on.!3¢ The C-linked glycosylation resulting in the attach-
ment of mannose to the C(2) atom of the indole ring of
tryptophan was described in the literature.!37- 138

For N-linked glycosylation sites, the characteristic reg-
ular expression N—{P} —[ST]- {P} was determined. Accord-
ing to this expression, the first position can be occupied only
by Asn; the second and fourth positions, by any residue
except for Pro; the third position, by Ser or Thr.!> For C-
linked  glycosylation sites, the specific pattern
W-X-X-[WFYC] was determined, according to which
the first position should be occupied by Trp; the fourth
position, by Trp, Phe, Tyr or Cys; the second and third
positions, by any residue.!3® It is believed that O-linked
glycosylation patterns are too vague to be represented as a
regular expression. It was reported '3° that particular posi-
tions in the neighbouring environment of mucin-type O-
linked glycosylation sites can be responsible for the specif-
icity for different types of modifying enzymes.

In the NetNGlyc,?? NetCGlyc 40 and NetOGlyc algo-
rithms,!4!- 142 neural networks are used for the recognition
of N-, C- and O-linked (mucin type) glycosylation sites.
Both amino acid sequence regions and predicted structural
characteristics (surface localization, secondary structure,
etc.) can be used as training data. To more clearly identify
regions of the protein under consideration that can be
actually glycosylated, the sequence under study should be
analyzed for the presence of transmembrane regions and
cellular localization signals, thus revealing extracellular
regions.

Different approaches were implemented in such pro-
grammes as EnsembleGly.!4? The latter employs support
vector machine ensembles, which are trained using positive
and negative examples of modification regions, for the
prediction of N-, O- and C-linked glycosylation sites. The
support vector machine method is applied also for the
prediction of O-linked glycosylation sites with attached
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N-acetylglucosamine®> and is implemented in the
CKSAAP_OGlySite programme '4* for the recognition of
mucin-type O-linked glycosylation sites. The GPP (Glyco-
sylation Prediction Programme) method '4° iutilizes a ran-
dom forest algorithm using frequency characteristics of
amino acid residues in positions surrounding the modified
residue.

VI. Conclusion

Post-translational modifications are events that are very
important steps in complex intra- and intercellular proc-
esses of functioning of biological systems. Thus, phosphor-
ylation reactions are involved in cell signal transduction, the
acetylation is considered as mechanism of gene activity
regulation and the glycosylation provides the transport of
membrane and secretory proteins. Despite a great progress
in the development of high-throughput experimental meth-
ods of isolation, expression and analysis of proteins, these
methods do not allow researchers to found all possible
modifications. Hence the in silico prediction of PTMs is
important both for the design of experimental research and
the comprehensive analysis of the regulatory mechanisms of
the functioning of living systems.

Numerous methods were developed for the recognition
of potential PTM sites in amino acid sequences of proteins.
However, the analysis of the results obtained by these
methods shows that the use of only short modification
regions in amino acid sequences of substrate proteins for
the prediction of PTMs does not provide sufficient accuracy
even with the use of complex statistical methods. This is due
to at least two factors.

First, post-translational modifications of a particular
type are performed by a group of enzymes with different
substrate specificity. It should be noted that the available
experimental data are not always sufficient to generate
representative training sets classified according to the spe-
cificity of modifying enzymes. At the present time, data on
the substrate specificity are most completely used in meth-
ods for the prediction of phosphorylation sites.

Second, the above-mentioned methods do not take into
account regulatory interactions involving the modifying
enzyme and the substrate protein. Short linear regions
cannot by themselves completely determine PTMs of a
particular type. Short modules containing modification
sites can ensure the specificity only when they are combined
with other regions in the substrate protein molecule respon-
sible for the interaction with the enzyme or the third
protein, thus providing the required arrangement of the
enzyme and substrate molecules. The use of data on direct
and mediated interactions between modifying enzymes and
substrate proteins seems to be most promising for the
solution of the problem under consideration. However,
special attention should be given to the selection of exper-
imental data used as a base for the recognition of PTM
patterns.

The identification of protein post-translational modifi-
cations are necessary for investigation of complex regula-
tory networks in living systems both in physiological and
pathological states. Taking into account the above-men-
tioned limitations of experimental methods, the application
and development of bioinformatic approaches for predict-
ing PTMs is a promising field of systematic biology.

This review has been written with the financial support
of the Ministry of Education and Science of the Russian
Federation (Agreement No. 8274).
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