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Recent phosphoproteome analyses using mass spec-
trometry-based technologies have provided new insights
into the extensive presence of protein phosphorylation in
various species and have raised the interesting question
of how this protein modification was gained evolutionarily
on such a large scale. We investigated this issue by using
human and mouse phosphoproteome data. We initially
found that phosphoproteins followed a power-law distribu-
tion with regard to their number of phosphosites: most of
the proteins included only a few phosphosites, but some
included dozens of phosphosites. The power-law distribu-
tion, unlike more commonly observed distributions such as
normal and log-normal distributions, is considered by the
field of complex systems science to be produced by a
specific rich-get-richer process called preferential attach-
ment growth. Therefore, we explored the factors that may
have promoted the rich-get-richer process during phos-
phosite evolution. We conducted a bioinformatics analysis
to evaluate the relationship of amino acid sequences of
phosphoproteins with the positions of phosphosites and
found an overconcentration of phosphosites in specific re-
gions of protein surfaces and implications that in many
phosphoproteins these clusters of phosphosites are acti-
vated simultaneously. Multiple phosphosites concentrated
in limited spaces on phosphoprotein surfaces may there-
fore function biologically as cooperative modules that are
resistant to selective pressures during phosphoprotein evo-
lution. We therefore proposed a hypothetical model by
which the modularization of multiple phosphosites has
been resistant to natural selection and has driven the rich-
get-richer process of the evolutionary growth of phos-
phosite numbers. Molecular & Cellular Proteomics 8:
1061–1071, 2009.

Protein phosphorylation is an important and ubiquitous
post-translational modification that regulates a variety of bio-
logical processes in various organisms (1–4). Reversible
phosphorylations of serine, threonine, and tyrosine residues
are critical steps in the control of signal transduction path-
ways (1–4). Recent advances in MS-based technologies and
phosphopeptide enrichment methods have allowed high
throughput and large scale in vivo phosphosite mapping for a
wide variety of organisms such as human (5–8), mouse (9),
yeast (10–12), fly (13, 14), bacteria (15, 16), and plants (17–
19). Moreover information on several hundred to several thou-
sand phosphosites from each study has been gathered in
public databases such as Phospho.ELM (20), PhosphoSite-
Plus, PHOSIDA (21), and UniProt (22). However, the total
number of phosphosites and most of their biological functions
are still unknown. Similarly only about 10% of the estimated
500–600 human kinases target known phosphosite consen-
sus sequences within their substrate proteins (23). Although
the tyrosine phosphoproteome in Arabidopsis was recently
published (24), the corresponding tyrosine kinases have not
been identified because of the lack of known consensus
sequences activated by tyrosine kinases.

Computational data-mining approaches have been re-
quired to extract information from the large amount of accu-
mulated phosphosite data obtained from experimental ap-
proaches. These approaches have also been used to add
more meaningful information about each of the phosphosites
to understand the proteome-wide protein phosphorylation in
various organisms. One of the most useful strategies of com-
putational data mining is to identify phosphorylated sequence
motifs by extracting consensus sequences from the sets of
amino acid sequences clustered around phosphorylated res-
idues (25). A number of kinases and their corresponding rec-
ognition substrate motifs have been successfully identified by
the experimental approach of incubating each target kinase
with a combinatorial substrate peptide library and ATP, and
these data are registered in various databases, including the
Human Protein Reference Database (HPRD)1 (26). With this
knowledge of documented kinases and their related se-
quence motifs, we can use computational biology techniques
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to discover additional phosphorylated motifs in the numerous
substrates shown in phosphoproteomics studies to be bio-
logically phosphorylated. This has allowed us to reconstruct
the kinome on a large scale (27–29).

A comparative study of phosphoproteome data in multiple
species has revealed that a wide range of phosphoproteins
are relatively well conserved relative to non-phosphoproteins,
and similarly many phosphoserine (Ser(P)), phosphothreonine
(Thr(P)), and phosphotyrosine (Tyr(P)) phosphosites are well
conserved compared with non-phosphorylated sites (21). Un-
der natural selection, the emergence of phosphoproteins and
the gain and loss of phosphosites should have changed the
regulation of many intracellular systems, such as kinetic path-
ways, subcellular protein localization, and protein interactions
and stabilization. This triggered our interest in the evolution of
phosphoproteins and their phosphosites.

In this study, we combined statistical physics and compu-
tational biology to investigate the role of selective pressure in
the evolution of phosphoproteins and to create a model of the
evolutionary gain of phosphosites. First using the human and
mouse phosphoproteome data registered in public data-
bases, we discovered that the number of phosphosites in
each phosphoprotein follows a power-law distribution, which
has been shown in complex systems science and statistical
physics to emerge through a specific rich-get-richer process
called preferential attachment growth (30–32). We therefore
hypothesized that phosphoproteins may have evolved
through a rich-get-richer process, gaining new phosphosites
according to a probability density proportional to their current
number of phosphosites. Starting from this hypothesis, we
then explored how this particular evolutionary pattern may
have arisen during natural selection and suggested that sets
of phosphosites localized in limited spaces on protein sur-
faces may function as cooperative modules that are resistant
to selective pressures. Therefore, to explain phosphosite evo-
lution, we proposed a model in which the evolutionary gain of
phosphosites follows a rich-get-richer process and evolution
is promoted by the development of cooperative functional
modules on protein surfaces.

EXPERIMENTAL PROCEDURES

Phosphosite Data—We initially obtained the phosphosite data and
phosphoproteome sequences from the UniProt database (22), which
incorporates large scale data from many high quality phosphopro-
teomics studies. The complete list of UniProtKB/Swiss-Prot (Release
12.8) protein entries involving at least one phosphosite identified in
high throughput phosphoproteomics studies was downloaded via the
Protein Knowledgebase (UniProtKB) (33) in Extensible Markup Lan-
guage (XML) format by querying the term scope: “PHOSPHORYLA-
TION [LARGE SCALE ANALYSIS] AT.” Within each entry, Swiss-Prot
accession IDs, protein name, positions of phosphosites, amino acid
sequence of the protein, and functional annotations were included.
When multiple Swiss-Prot IDs were included in an entry, throughout
this study we used the first one.

The downloaded phosphoproteome data were obtained mainly
from human (Homo sapiens), mouse (Mus musculus), and yeast

(Saccharomyces cerevisiae). In human, among a total of 10,463
phosphosites in 3,290 phosphoproteins, there were 8,043 Ser(P)
sites (in a total of 2,769 proteins), 1,496 Thr(P) sites (in 1,005
proteins), and 892 Tyr(P) sites (in 620 proteins). In mouse, within a
total of 4,894 phosphosites (in 2,089 proteins), there were 3,466
Ser(P) sites (in 1,648 proteins), 744 Thr(P) sites (in 573 proteins),
and 668 Tyr(P) sites (in 462 proteins). In yeast, within a total of 4,982
phosphosites (in 1,656 proteins), there were 4,069 Ser(P) sites
(1,528 proteins), 887 Thr(P) sites (616 proteins), and 25 Tyr(P) sites
(25 proteins).

Proteome Sequences—The human proteome sequences were
downloaded from the International Protein Index (IPI) of the European
Molecular Biology Laboratory-European Bioinformatics Institute
(EMBL-EBI) database (34), which provides minimally redundant but
maximally complete sets of proteins for registered species. We ob-
tained a set of 69,731 amino acid sequences.

Phosphoserine-based Motifs—From the HPRD (26), we obtained a
total of 171 Ser(P)-based human sequence motifs. Among these
motifs, 158 were kinase and phosphatase motifs, and the others were
protein-binding motifs.

Distribution of Phosphosite Numbers among Proteins—We
counted the numbers of phosphosites in each protein by using pre-
pared sets of phosphoproteins that included any type of phosphosite
(i.e. all phosphoproteins), Ser(P) sites, Thr(P) sites, or Tyr(P) sites in
human, mouse, and yeast. Then the cumulative probability distribu-
tions of phosphoproteins in each set were calculated with regard to
the numbers of all types of phosphosites, “only Ser(P) sites,” “only
Thr(P) sites,” and “only Tyr(P) sites”; in each distribution, the numbers
of phosphosites were denoted on the horizontal axis (X), and the
proportion having more than X phosphosites of all the phosphopro-
teins in the set was indicated on the vertical axis (P�(X)). Each distri-
bution was then approximated by a power-law function. When a
probability distribution density follows a power law, the probability of
variable X (i.e. p(X)) is inversely proportional to the power of the
variable X with a power-law exponent ��, and its cumulative prob-
ability distribution density P�(X) also follows a power law with the
power-law exponent �� � 1.

p�X� � X�� N P��X� � X���1 (Eq. 1)

Therefore, to ascertain whether a distribution followed a power law,
we analyzed its cumulative probability distribution because the cumu-
lative probability distribution can normalize the effect of noise where the
variable X is large with low p(X) arising from a small number of samples;
this region is called the long tail region of the power-law distribution.

Characteristics of Phosphoprotein Sequences—To investigate
whether the characteristics of phosphoproteins affect their distribu-
tion with regard to the number of phosphosites they contain, we
observed the lengths and compositions of the amino acid sequences
of phosphoproteins. In both human and mouse, we calculated the
Pearson’s correlation coefficients between the number of Ser(P) sites
and protein lengths and between the number of Ser(P) sites and
number of Ser residues.

Probabilistic Logic-based Reannotation of Phosphosite Num-
bers—To control for possible redundant annotations in the UniProt
data, we newly estimated the number of phosphosites in the proteome
sequences. We adopted a probabilistic logic model of the proteome-
wide mapping of phosphopeptides and stochastically estimated the
number of phosphosites within each protein where at least one of its
peptide sources matched multiple other protein sequences. We ob-
tained human phosphopeptide data from the PHOSIDA database (21)
and downloaded the human proteome sequences from IPI. Of all phos-
phosites within the phosphopeptides in the PHOSIDA database, we
selected only the Ser(P) sites that scored highly reliable experimental
post-translational modification probabilities (p � 0.75) (6).
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According to the experimental procedure of PHOSIDA in which
trypsin is used to convert the protein mixture into a more analyzable
population of peptides (21), we integrated the redundancy of phos-
phopeptides at the sequence level and matched them to proteome
sequences on the basis of the following rules: the exclusive cleavage
of a C-terminal Arg or Lys and the possible cleavage of the weakest
peptide bond between Asp (on the N-terminal side) and Pro (on the
C-terminal side) were induced in the trypsin digestion in the MS-
based proteome analysis (35). When a phosphopeptide fragment
harboring k Ser(P) sites was redundantly matched to n protein se-
quences, we counted the expectation value of k divided by n (i.e. k/n)
for each of n proteins. Using this procedure, we created a probabi-
listic logic-based reannotated set of the number of Ser(P) sites in each
phosphoprotein. Then we analyzed the cumulative probability density
distribution of all phosphoproteins included in the reannotated set
according to their estimated number of Ser(P) sites.

Finally by downloading the cross-reference file of the protein IDs of
multiple databases from the IPI, we integrated the information on the
stochastically estimated number of Ser(P) sites with data from each
corresponding phosphoprotein obtained from UniProt. Then using
the phosphoproteins present in both the UniProt set and the reanno-
tated set, we demonstrated the respective distributions of phospho-
proteins according to the Ser(P) site numbers in the UniProt data and
those in the reannotated set. Within the intersection set, the Pear-
son’s correlation coefficient between the number of Ser(P) sites of
respective proteins annotated in UniProt and those in the reannotated
set was also calculated.

Localization of Phosphosites on Protein Surfaces—We evaluated
the locations of phosphosites on the protein surfaces in the human
and mouse phosphoproteome data from UniProt. For each set of all
amino acid sequences of phosphoproteins in human and mouse, we
used a sliding window of a certain size (see below) with a 1 � amino
acid (AA) displacement and counted all the possible distances be-
tween two Ser(P) sites within the window when more than two Ser(P)
sites were included in the window. Negative controls were generated
by a similar procedure; when multiple Ser(P) sites were observed
within the sliding window, we moved them to serine residues ran-
domly selected from all the serine residues, including the actual Ser(P)
sites, within the window and counted all the possible distances be-
tween two Ser(P) sites set randomly in silico.

The SURFACE database of protein surfaces (36) contains the dis-
tribution of residue lengths of amino acid segments appearing on
protein surfaces. According to the distribution, 85% of the patches
exposed on protein surfaces are composed of between 10 AA and 40
AA residues, and the peak of the distribution is around 20 AA. There-
fore, to estimate the concentration of multiple phosphosites on the
protein surface, we adopted sliding window sizes of 40, 20, and 10 AA
using human and mouse phosphoproteomics data, and we compared
the probability distributions of all the possible distances between
pairs of Ser(P) sites with those of the negative controls. For each of
the analyses, the window size and object species were varied, the
negative control analyses were repeated 1,000 times, and the average
and the 95% confidence intervals of the probability distributions of
the negative controls were calculated.

Sequence Consensus around Phosphosites—We used the data set
of Ser(P) sites obtained from UniProt to evaluate the sequence con-
sensus of the amino acids surrounding the phosphosites within each
phosphoprotein of human and mouse. For each Ser(P) site of each
phosphoprotein, we identified the amino acids between the relative
positions of �6 and �6. Then by using each set of 13 AA including the
surrounding sequences, the information entropy of every relative
position was first calculated on the basis of information theory, such
as used in the sequence logo program (37). Let A be a class of 20
amino acids, and a is a given amino acid included within A. The

occurrence ratio of a at position i can be represented as pi,a. The
information entropy of a relative position i is defined as Hi (bit) and is
calculated as follows.

Hi � log2�20� � �
a�A

pi,alog2�pi,a� (Eq. 2)

Finally we defined the mean information entropy Hmean (bit) for each
phosphoprotein by dividing the total information entropies of all the
relative positions between �6 and �6 by 13. Larger values of the
Hmean score express a higher consensus of sequences surrounding
Ser(P) sites in a protein; the maximum score is �4.32, derived from
log2(20), and a score of 0 means no consensus.

We also analyzed whether multiple phosphosites in a single protein
matched the same previously documented phosphosite-based motif.
By using the human Ser(P)-based motifs obtained from the HPRD, we
searched for the motifs that most commonly matched the Ser(P) sites
within the phosphoproteins. For each human phosphoprotein having
more than 10 Ser(P) sites, we calculated the percentage of Ser(P)
sites that matched the most common motif in the protein. The neg-
ative control for each phosphoprotein was prepared by randomly
selecting the same number of phosphosites from the total pool of
human Ser(P) sites in UniProt. Then the occurrence percentage of the
most common motif among the randomly selected set was calcu-
lated. This random procedure was repeated 1,000 times, and its mean
and S.D. were computed.

RESULTS

Power-law Rule in Phosphoproteins—We analyzed the dis-
tribution of phosphoproteins in human and mouse with regard
to their number of Ser(P) sites using phosphoprotein data
obtained from the UniProt database. The cumulative proba-
bility density of each human phosphoprotein was approxi-
mated by a power-law exponent of �1.92, and the r2 value of
Pearson’s correlation coefficient was 0.98 (Fig. 1A). The cu-
mulative probability density of mouse proteins was approxi-
mated with a power-law exponent of �2.00, and the r2 value
was 0.98 (Fig. 1B). Human and mouse phosphoproteins also
followed power-law distributions with high correlations with
regard to their number of Ser(P)/Thr(P)/Tyr(P) phosphosites,
only Thr(P) sites, and only Tyr(P) sites (see supplemental Figs.
S1–S3) as did yeast phosphoproteins for all types of phos-
phosites (data not shown).

Next to investigate whether the power-law distributions
were potentially affected by the characteristics of the phos-
phoprotein sequences, we examined the correlations be-
tween the numbers of Ser(P) sites and the lengths of the
phosphoproteins in human and mouse. The r2 values calcu-
lated from the linear approximation were 0.02 in human and
0.05 in mouse (supplemental Fig. S4, A and B), indicating that
there was no correlation between the Ser(P) site numbers and
the lengths of the phosphoproteins. Similarly the number of
Ser(P) sites and the number of Ser residues in the human and
mouse phosphoproteins had r2 values of 0.05 and 0.10, re-
spectively (supplemental Fig. S4, C and D). In fact, the prob-
ability distributions of human and mouse phosphoproteins
with regard to the number of Ser residues were log-normal
distributions (Fig. 2). Therefore, the power-law rule linking the

On the Evolutionary Increase in Phosphosites

Molecular & Cellular Proteomics 8.5 1063

 by Y
asushi Ishiham

a on M
ay 1, 2009 

w
w

w
.m

cponline.org
D

ow
nloaded from

 

http://www.mcponline.org/cgi/content/full/M800466-MCP200/DC1
http://www.mcponline.org/cgi/content/full/M800466-MCP200/DC1
http://www.mcponline.org/cgi/content/full/M800466-MCP200/DC1
http://www.mcponline.org/cgi/content/full/M800466-MCP200/DC1
http://www.mcponline.org


phosphosite numbers to protein probabilities was not caused
by the characteristics of the primary sequences of amino
acids within the phosphoproteins.

More than one protein may have identical stretches of
amino acids, an issue that is not addressed in the UniProt
database, and we were concerned about the possible effect
of redundant or duplicative annotation on the distribution

pattern of phosphosite numbers of individual proteins. There-
fore, we used PHOSIDA phosphopeptide data obtained with
an MS-based analysis to conduct a probabilistic logic-based
estimation of the numbers of phosphosites for each protein
within the IPI database, which consists of minimally redun-
dant but maximally complete sets of documented proteins.
From this, we generated a stochastically reannotated set of

FIG. 1. Cumulative probability distribution of number of Ser(P) sites within phosphoproteins obtained from UniProt. Distributions of
cumulative probabilities of human (A) and mouse (B) phosphoproteins obtained from the UniProt database are shown according to their
number of Ser(P) sites (“# of pS”); each plot shows the proportion of phosphoproteins having more Ser(P) sites than the corresponding variable
indicated on the horizontal axis (see “Experimental Procedures”). In each figure, both axes are on log scales, and the optimal approximate line
of the power-law distribution is shown as a gray dotted line with the r2 value of the Pearson’s correlation coefficient. The approximate formula
of each distribution is shown in the dotted box; “C” means constant.

FIG. 2. Probability distribution of
number of Ser(P) sites and Ser resi-
dues within phosphoproteins ob-
tained from UniProt. Probability distri-
butions of the number of Ser(P) sites (“#
of pS”) within the human (A) and mouse
(B) phosphoproteins obtained from the
UniProt database are shown; each point
shows the proportion of phosphopro-
teins with the number of Ser(P) sites in-
dicated on the horizontal axis. Using the
same phosphoprotein set, the probabil-
ity distributions of the number of Ser
residues (“# of S”) within each human (C)
and mouse (D) phosphoprotein were cal-
culated. In each figure, both axes are log
scale.
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phosphoproteins along with their estimated number of Ser(P)
sites (see “Experimental Procedures”). The distribution of the
reannotated phosphoproteins with regard to their number of
Ser(P) sites was also proportional to a power law with an
exponent of �1.73 and an r2 value of 0.99 (Fig. 3A). When we
focused only on phosphoproteins included in both UniProt
and the reannotated data, a power-law distribution of phos-
phoproteins with regard to the number of Ser(P) sites anno-
tated in UniProt was observed with an exponent of �2.00 and
an r2 value of 0.98 (Fig. 3B). In this population, a power-low
distribution was also observed according to the number of
Ser(P) sites estimated in the reannotated set with a power-law
exponent of �1.76 and an r2 value of 0.97 (Fig. 3C). Moreover
the number of Ser(P) sites estimated in the reannotated set
was correlated with the number in the UniProt database with
an r2 value of 0.51 (Fig. 3D). Thus, the power-law rule in the
number of phosphosites was not likely to arise from redun-
dant proteome-wide mapping of phosphopeptides.

Furthermore we demonstrated that the observed power-
law distribution was independent of protein abundance. We
were concerned that the phosphosites of abundant proteins
might be more likely to be identified by MS, thereby resulting
in the power-law distribution. Therefore, we estimated the
absolute abundances of proteins in a lysate of HeLa cells at
the proteome level by calculating the exponentially modified
protein abundance index (emPAI (38)) in an LC-MS/MS ex-

periment. We also used phosphoproteome data we obtained
from the same cell lysate in our previous studies (5, 39, 40) to
count the numbers of phosphosites of individual proteins. We
found no correlation between the number of phosphosites
within respective proteins and their copy number (for details,
see supplemental Fig. S5). In fact, in this analysis, proteins
containing many phosphosites seemed to be less abundant
than other proteins (supplemental Fig. S5).

Localization of Phosphosites on Protein Surfaces—We hy-
pothesized that the power-law distribution of phosphopro-
teins emerged during evolution according to the preferential
attachment growth principle whereby a phosphoprotein gains
new phosphosites according to a probability that is propor-
tional to its current phosphosite number. To investigate what
might have promoted the rich-get-richer growth of phos-
phosites during evolution, we conducted a bioinformatics
analysis using human and mouse data from UniProt to esti-
mate phosphosite localization on the protein surface. By slid-
ing a window of a given size along the phosphoprotein se-
quences, we were able to measure the distances between all
possible pairs of Ser(P) sites within each sliding window.
According to the SURFACE database, most stretches of
amino acids appearing on protein surfaces range from 10 to
40 AA with a peak at 20 AA. Therefore, we used these three
values as the window sizes to predict the localization of
phosphosites on protein surfaces. Negative controls were

FIG. 3. Cumulative probability distri-
bution of number of Ser(P) sites within
phosphoproteins of the reannotated
set. The distribution of cumulative prob-
abilities of phosphoproteins according
to their estimated number of Ser(P) sites
(“# of pS”) in the human phosphopro-
teins reannotated by using PHOSIDA
and IPI data (A) is shown. The distribu-
tion of phosphoproteins in the intersec-
tion between UniProt and the reanno-
tated set according to the number of
Ser(P) sites annotated in the UniProt
data (B) and in the reannotated set (C) is
shown. For a detailed explanation of the
cumulative probability distribution, see
the legend to Fig. 1. Within the intersec-
tion set, the correlation between the
number of Ser(P) sites annotated in Uni-
Prot and those estimated in the reanno-
tated set was calculated with the r2 value
of the Pearson’s correlation coefficient
(D). The dotted gray line indicates its
straight line approximation.
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generated by randomly placing Ser(P) sites within the sliding
windows onto any serine residues within the respective win-
dows (see “Experimental Procedures”).

In all the results obtained by displacing sliding windows of 40,
20, and 10 AA by 1 AA on the sequences of human and mouse
phosphoproteins, the distances between pairs of Ser(P) sites
within the windows were significantly shorter than those gener-
ated by negative control trials (Fig. 4). For each window size in
each species, we compared the probability distribution of dis-
tances between two actual Ser(P) sites with the higher confi-
dence bound of the probability distribution estimated by 1,000
repetitions of the negative controls. When the sliding window

size of 40 AA was used on the human data, the probabilities of
distances of two Ser(P) sites under 5 were significantly higher
than those estimated for the negative controls in human (p �

0.05) (Fig. 4A), and the probabilities of distances under 4 were
significantly higher than those of the negative controls in mouse
(p � 0.05) (Fig. 4D). Similarly the probabilities of distances under
3 were significantly higher than those of the negative controls
when the sliding window of 20 AA was used in both human and
mouse (p � 0.05) (Fig. 4, B and E), and the probabilities of
distances under 2 were significantly higher than those of the
negative controls when the sliding window of 10 AA was used in
both species (p � 0.05) (Fig. 4, C and F). Although some

FIG. 4. Distribution of distances between two Ser(P) sites within limited spaces of phosphoprotein sequences. Using sliding windows
of 40, 20, and 10 AA on the phosphoproteome sequences with a 1-AA displacement, the probability density distributions of distances between
all possible pairs of Ser(P) (pS) sites included within the sliding windows are shown as the black-filled graphs in A–C for human and D–F for
mouse. Sequence distance (d) between two Ser(P) sites is shown by the number of amino acid residues between the two sites; thus, d 	 0
means the two sites are next to each other. In each figure, the gray solid line indicates the average of distributions calculated from 1,000
random trials as negative controls, and both sides of the 95% confidence intervals estimated by the negative trials are indicated by gray dotted
lines (see “Experimental Procedures”).
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probability differences between the positive and negative con-
trols are hard to observe in the figures when a 10-AA sliding
window was used in either species, especially at the distance of
1 AA in mouse, all of the probabilities for the positive controls
were significantly higher than those for the negative controls
(detailed data not shown). These results suggest that multiple
phosphosites within a phosphoprotein tend to localize within
the sequences located on the protein surfaces.

Sequence Consensus around Phosphosites with Each Pro-
tein—Next we analyzed the sequence consensus around
phosphosites in human proteins. Using information theory, we
calculated the mean information entropy of Hmean for the
amino acids between the positions of �6 and �6 relative to
each Ser(P) within the same phosphoprotein. Within the 20
phosphoproteins with the largest number of Ser(P) sites, most
of the Hmean scores were above 1, indicating that sequences
surrounding Ser(P) sites in the respective phosphoproteins
are strongly biased toward specific patterns (Table I). More-

over in sequence logo representations of the sequences sur-
rounding each Ser(P) site within some example phosphopro-
teins, we also observed remarkable sequence biases around
the Ser(P) sites (Fig. 5). However, we could not rule out the
possibility that this result was caused by bias in the occur-
rence of amino acid residues within each protein rather than
by the relationship of these residues to phosphosites.

On the other hand, many phosphorylation sequence motifs
have been documented in previous studies, and substrate
proteins including phosphorylation motifs are thought to be
the targets of specific kinases (26). We therefore next exam-
ined whether multiple phosphosites in a single protein tended
to be targeted by some of the common kinases. We ob-
tained the documented Ser(P)-based motifs in human pro-
teins from the HPRD, and for each phosphoprotein that
included more than 10 Ser(P) sites we extracted the motif
that most commonly matched the Ser(P) sites and calcu-
lated the percentage of Ser(P) sites represented by the most

TABLE I
The 20 human phosphoserine proteins containing the highest numbers of Ser(P) sites

Proteins are sorted by number of Ser(P) sites annotated in the UniProt database; the top 20 are listed (for the full list, see the supplemental
Table S1). The column “Name” indicates the protein names obtained from the UniProt database. Numbers of Ser(P) sites in each protein are
shown under “No. of Ser(P)
; the column “UniProt” indicates those annotated in UniProt, and “Reannotated” indicates those estimated using
the PHOSIDA and IPI databases. In the column “Length,” the number of amino acid residues in each protein is shown, and the number of Ser
residues is in parentheses. Each value in the column “Hmean” is the mean information entropy calculated by using all the sequences surrounding
Ser(P) sites within a given protein. The occurrence percentage of the most common motif of each protein is represented in subcolumn “P” of
the column “Percentage of the most common motif.” The subcolumn “N” denotes the mean and S.D. calculated from 1,000 trials of the
negative control. Selected annotations from UniProt are listed in the column “Comments.”

Name
No. of Ser(P)

Length Hmean

Percentage of the
most common motif Comments

UniProt Reannotated P N

SRRM2 142 45.78 2752 (642) 1.27 36.62 21.52 � 3.15 Serine/arginine repetitive matrix protein 2
SRRM1 60 31.96 904 (151) 1.72 48.33 22.31 � 4.24 Serine/arginine repetitive matrix protein 1
TCOF1 59 8.94 1488 (203) 1.44 27.12 22.47 � 4.61 Treacle protein; Treacher Collins syndrome protein
TP53BP1 49 11.45 1972 (246) 0.99 26.53 22.94 � 4.87 Tumor suppressor p53-binding protein 1
IWS1 44 14.00 819 (112) 1.81 38.64 22.72 � 5.01 IWS1 homolog
BCLAF1 39 5.62 920 (151) 1.14 30.77 23.15 � 5.27 Bcl-2-associated transcription factor 1
MAP1B 33 50.00 2468 (295) 1.26 24.24 23.22 � 5.39 Microtubule-associated protein 1B
ACIN1 33 8.17 1341 (152) 1.33 54.55 23.22 � 5.39 Apoptotic chromatin condensation inducer in the

nucleus
MKI67 31 4.00 3256 (280) 1.47 41.94 23.40 � 5.57 Antigen KI-67
HIRIP3 28 11.00 556 (70) 1.67 25.00 23.70 � 6.00 HIRA-interacting protein 3
KIAA1802 27 21.00 812 (113) 1.62 14.81 24.17 � 6.08 Zinc finger protein KIAA1802
PRPF4B 26 27.00 1007 (117) 1.49 50.00 24.20 � 6.34 Serine/threonine-protein kinase PRP4 homolog;

PRP4 kinase
NUMA1 26 1.75 2115 (162) 1.32 23.08 24.20 � 6.34 Nuclear mitotic apparatus protein 1
THRAP3 25 28.67 955 (156) 1.33 40.00 24.22 � 6.20 Thyroid hormone receptor-associated protein 3
MDC1 25 2.50 2089 (201) 1.30 12.00 24.22 � 6.20 Mediator of DNA damage checkpoint protein 1;

nuclear factor with BRCT domains 1
TNKS1BP1 23 3.50 1729 (217) 1.37 26.09 24.81 � 6.73 182-kDa tankyrase 1-binding protein
MAP4 23 1.58 1152 (114) 1.30 34.78 24.81 � 6.73 Microtubule-associated protein 4; MAP 4
ZC3H13 22 10.67 1668 (195) 1.44 31.82 25.15 � 6.67 Zinc finger CCCH domain-containing protein 13
INCENP 22 2.67 923 (74) 1.43 13.64 25.15 � 6.67 Inner centromere protein
AHNAK 21 13.50 5890 (323) 1.55 14.29 24.67 � 6.70 Neuroblast differentiation-associated protein;

AHNAK
LEO1 21 10.50 666 (78) 1.90 23.81 24.67 � 6.70 RNA polymerase-associated protein LEO1
SFRS2IP 21 6.33 1148 (164) 1.42 23.81 24.67 � 6.70 SFRS2-interacting protein; splicing factor,

arginine/serine-rich 2-interacting protein;
SC35-interacting protein 1

NUCKS1 21 4.80 243 (32) 1.58 38.10 24.67 � 6.70 Nuclear ubiquitous casein and cyclin-dependent
kinases substrate
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common motif. For each phosphoprotein, we calculated the
occurrence percentage of the most common motif and the
mean and S.D. calculated from 1,000 repetitions of the neg-
ative control trials (Table I and Fig. 6). The occurrence per-
centages of the most common motifs were much higher than
those of the negative controls, especially in proteins with
larger numbers of Ser(P) sites (Fig. 6). Although it is possible
that the specific sequence pattern biases around Ser(P) sites
within the respective phosphoproteins are caused by pattern
biases that exist naturally in the whole proteins, we suggest
that specific observed biases in the sequences surrounding
sets of Ser(P) sites might promote the targeting of phos-
phosites within a protein by common kinase proteins.

Model of Phosphoprotein Evolution—We further developed
a computational program simulating the evolution of the
phosphoprotein population according to the preferential at-
tachment growth rule (supplemental Fig. S6). The model gen-
erated power-law distributions of phosphoproteins when sev-
eral parameters were adopted (supplemental Fig. S7). These
findings from our model might explain why phosphoproteins
containing many phosphosites are likely to be conserved
among multiple species (supplemental Fig. S8).

DISCUSSION

When the probability of measuring a particular value of
some quantity varies inversely as a power of that value, the

FIG. 5. Sequence logo representation of sequences surrounding the Ser(P) sites within example phosphoproteins. Sequence logo
representations of all the sequences surrounding the Ser(P) sites of the SRRM1, IWS1, MKI67, HIRIP3, KIAA1802, and LEO1 phosphoproteins
are shown in A–F, respectively. The surrounding sequences include the relative positions of �6 to �6 from the Ser(P) (pS) site. The height of
each symbol represents the occurrence percentage of the corresponding amino acid in the relative position indicated on the horizontal axis.
The name of each protein is denoted in the left side of the black box on the upper side of each figure, and the mean information entropy (Hmean)
calculated by using the sequences surrounding all of the Ser(P) sites in each protein is indicated on the right side with the number of
surrounding sequences (equal to the number of Ser(P) sites in the protein) in parentheses.

FIG. 6. Occurrence percentages of the most common motifs in
phosphoproteins having many Ser(P) sites. The occurrence per-
centages of the most common motifs in each phosphoprotein are
plotted as black-filled circles corresponding to the number of Ser(P)
(pS) sites within the protein. Phosphoproteins with �10 Ser(P) sites
were used in this analysis. Negative controls are represented as gray
crosses; for each plot, we used the mean of the occurrence percent-
ages of the most common motifs calculated by 1,000 negative trials
(see “Experimental Procedures”).
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quantity is said to follow a power law, also known as Zipf’s law
or the Pareto distribution (30). Notably in the field of statistical
physics, it has been shown that this distribution emerges by a
rich-get-richer process (31, 32) known as preferential attach-
ment growth. A simple example of this process is the growing
network of Web page links, which follow a power-law distri-
bution (32). In this rich-get-richer generative model, each new
Web page creates links to existing Web pages with a proba-
bility distribution that is not uniform or normal but is propor-
tional to the current in degrees of Web pages (32). Power-law
distributions have also been observed in some biological phe-
nomena, such as the distribution of the node degrees in a
protein-protein interaction network (41, 42) and the distribu-
tion of the gene expression levels of various species (43).
These findings suggest that genome evolution might be pro-
moted by some extremely general and simple mechanisms
based on the preferential attachment growth principle (41,
44–46). Here we hypothesized that the distribution of phos-
phosites and phosphoproteins has evolved through the rich-
get-richer process of preferential attachment growth whereby
the phosphoprotein population regularly grows and each
phosphoprotein gains new phosphosites according to a prob-
ability that is proportional to its current phosphosite number.

We initially found that human and mouse phosphoproteins
identified in the UniProt database followed a power-law dis-
tribution with regard to their numbers of phosphosites:
whereas most of the phosphoproteins included only a few
phosphosites, there were some that contained many tens of
phosphosites. Because every category of phosphoprotein
data (all types of phosphosites, only Ser(P) sites, only Thr(P)
sites, and only Tyr(P) sites) exhibited a power-law distribution
and the data were most abundant for Ser(P) sites and Ser(P)
proteins in both the human and mouse (giving the most sup-
port for further statistical analyses), we focused on Ser(P)
sites throughout this study to further investigate the power-
law rule in phosphoproteins and their biological and evolu-
tionary significance.

In the human phosphoprotein data in UniProt, we observed
phosphoproteins with up to 142 Ser(P) sites (Table I). Al-
though the overall content of Ser residues within a few of
these proteins, such as the SRRM2 protein, was also high
(Table I), we demonstrated that the power-law rule did not
arise from the amino acid contents or any sequence charac-
teristics of the phosphoproteins. We also eliminated the pos-
sibility that the power-law distribution of phosphoproteins
was affected by redundant annotation in the UniProt data-
base. In MS-based phosphoproteome analyses, proteins are
digested to peptides, and then proteome-wide mapping of
identified phosphopeptides is conducted to search for their
source phosphoproteins and to determine the positions of
phosphosites on the protein sequences. However, a fragment
ion spectrum of a unique phosphopeptide can sometimes be
matched to, and potentially attributed to, multiple proteins.
Even a single gene may produce multiple proteins that contain

similar protein fragments through alternative splicing (47). This
problem has not been addressed in the UniProt data. To rule
out the effects of redundant annotations of phosphosites
possibly included in the UniProt data, we reannotated the
phosphosites by using data from PHOSIDA and IPI and prob-
abilistic logic, and we determined that the experimental and
annotation procedures used for the phosphoprotein data did
not affect the bias of phosphosite number or the power-law
distribution of the phosphoproteins. However, the possibility
remained that the phosphosite numbers of individual proteins
were correlated with the abundance of the protein. We further
demonstrated that phosphosite numbers were not related to
protein abundance and that the power-law rule was not af-
fected by the abundance of each protein (supplemental Fig.
S5). The evolution of the phosphoprotein population accord-
ing to the preferential attachment growth rule was further
supported by our computational model (see supplemental
Figs. S6 and S7).

Protein phosphorylation is an important post-translational
modification that regulates a variety of biological processes,
such as cellular signaling pathways, subcellular protein local-
izations, and protein interactions and stabilization (1–4).
Among the list in Table I of human phosphoproteins that
include many phosphosites, there are several that have nota-
ble functions. For example, TP53BP1 is a DNA damage
checkpoint protein that binds to the DNA-binding domain of
p53 and enhances p53-mediated transcriptional activation
(48). TP53BP1 is known to be hyperphosphorylated in re-
sponse to DNA damage (48). MDC1 is another DNA damage
checkpoint protein that contributes to the early cellular re-
sponses to DNA damage by inhibiting phosphorylation of p53
to protect cells from apoptotic cell death (49). Additionally the
phosphorylation of INCENP, an inner centromere protein, by
Aurora B kinase regulates mitosis (50). Because the functional
behaviors of these proteins might be highly related to their
phosphorylation status, improving our understanding of the
evolution of phosphosites will help us to understand the im-
portant functions of these and other phosphoproteins.

We then explored what factors can lead to the preferential
attachment of new phosphosites within the growing phospho-
protein population. In our two bioinformatics sequence anal-
yses (of phosphosite localization and the consensus se-
quence around phosphosites), phosphosites within a
phosphoprotein tended to be concentrated in limited regions
of the protein surface and to be targeted together by several
common kinases. We therefore suggest that groups of phos-
phosites concentrated in specific regions of protein surfaces
tend to be activated simultaneously by their respective ki-
nases and act biologically as functional modules. Recently
simultaneous phosphorylation of closely concentrated Ser(P)
sites was identified in the amino acid sequence of the Am-
phiphysin I protein from rat brain nerve terminals (51). The
simultaneous activation of localized phosphosites and their
cooperativity may provide some benefits for the cellular sys-
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tem. In some cases, phosphorylation of multiple amino acid
residues enables protein interaction or stabilization that is not
achieved by single phosphorylation. For example, multiple
phosphorylations in some components of the postsynaptic
density, a protein complex lining the postsynaptic membranes
of neurons, regulate synaptic structure and function (52). Fur-
thermore when multiple phosphosites that are closely con-
centrated on a protein surface have similar effects on the
cellular system, each might be able to amplify the effect of the
phosphorylation or act as a backup for the others. For exam-
ple, in cell cycle regulation of mitogen-activated protein ki-
nase signaling in yeast, phosphorylation of multiple phos-
phosites on Ste5, a mitogen-activated protein kinase (MAPK)
cascade scaffold protein, results in substantial accumulation
of negative charges and is required for the effective inhibition
of mitogen-activated protein kinase signaling (53).

In the evolution of a living system, biological merit is directly
linked to the robustness of resistance to genetic changes.
Phosphosites are significantly more conserved than non-
phosphorylated sites (21). Here we have suggested that mul-
tiple phosphosites concentrated on a protein surface form
functional modules and act cooperatively, and we conse-
quently propose that they may be evolutionarily robust and
resistant to natural selection pressure. Moreover if a phos-
phoprotein contains a larger number of phosphosites, the
protein is more likely to form phosphosite modules, and
the phosphosites are more likely to be robust; this increases
the chance that each member of a larger cluster of phos-
phosites in a protein will survive over evolution. This logic
is consistent with the rich-get-richer generative model of
phosphosite evolution (see supplemental Figs. S6 and S7)
and the result that phosphoproteins containing many phos-
phosites are likely to be conserved among multiple species
(see supplemental Fig. S8). Thus, the functional and cooper-
ative organization of multiple phosphosites that are concen-
trated in a limited space on the protein surface is a possible
factor that has promoted the preferential attachment growth
of phosphoproteins. Although the increasing amount of phos-
phoproteomics data is remarkable because of breakthroughs
in many experimental techniques, our knowledge of the func-
tions and evolution of phosphoproteins has not kept pace. We
believe that our proposed hypothesis and findings will provide
useful tools for uncovering the role of phosphorylation in living
cellular systems.
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36. Ferrè, F., Ausiello, G., Zanzoni, A., and Helmer-Citterich, M. (2004) SUR-
FACE: a database of protein surface regions for functional annotation.
Nucleic Acids Res. 32, D240–D244

37. Schneider, T. D., and Stephens, R. M. (1990) Sequence logos: a new way

to display consensus sequences. Nucleic Acids Res. 18, 6097–6100
38. Ishihama, Y., Oda, Y., Tabata, T., Sato, T., Nagasu, T., Rappsilber, J., and

Mann, M. (2005) Exponentially modified protein abundance index (em-
PAI) for estimation of absolute protein amount in proteomics by the
number of sequenced peptides per protein. Mol. Cell. Proteomics 4,
1265–1272

39. Kyono, Y., Sugiyama, N., Imami, K., Tomita, M., and Ishihama, Y. (2008)
Successive and selective release of phosphorylated peptides captured
by hydroxy acid-modified metal oxide chromatography. J Proteome Res.
7, 4585–4593

40. Imami, K., Sugiyama, N., Kyono, Y., Tomita, M., and Ishihama, Y. (2008)
Automated phosphoproteome analysis for cultured cancer cells by two-
dimensional nanoLC-MS using a calcined titania/C18 biphasic column.
Anal. Sci. 24, 161–166

41. Koonin, E. V., Wolf, Y. I., and Karev, G. P. (2002) The structure of the protein
universe and genome evolution. Nature 420, 218–223

42. Deeds, E. J., Ashenberg, O., and Shakhnovich, E. I. (2006) A simple phys-
ical model for scaling in protein-protein interaction networks. Proc. Natl.
Acad. Sci. U. S. A. 103, 311–316

43. Ueda, H. R., Hayashi, S., Matsuyama, S., Yomo, T., Hashimoto, S., Kay,
S. A., Hogenesch, J. B., and Iino, M. (2004) Universality and flexibility in
gene expression from bacteria to human. Proc. Natl. Acad. Sci. U. S. A.
101, 3765–3769

44. Eisenberg, E., and Levanon, E. Y. (2003)Preferential attachment in the
protein network evolution. Phys. Rev. Lett. 91, 138701

45. Light, S., Kraulis, P., and Elofsson, A. (2005) Preferential attachment in the
evolution of metabolic networks. BMC Genomics 6, 159

46. Davids, W., and Zhang, Z. (2008) The impact of horizontal gene transfer in
shaping operons and protein interaction networks—direct evidence of
preferential attachment. BMC Evol. Biol. 8, 23

47. Itoh, H., Washio, T., and Tomita, M. (2004) Computational comparative
analyses of alternative splicing regulation using full-length cDNA of var-
ious eukaryotes. RNA 10, 1005–1018

48. Rappold, I., Iwabuchi, K., Date, T., and Chen, J. (2001) Tumor suppressor
p53 binding protein 1 (53BP1) is involved in DNA damage-signaling
pathways. J. Cell Biol. 30, 613–620

49. Nakanishi, M., Ozaki, T., Yamamoto, H., Hanamoto, T., Kikuchi, H., Furuya,
K., Asaka, M., Delia, D., and Nakagawara, A. (2007) NFBD1/MDC1
associates with p53 and regulates its function at the crossroad between
cell survival and death in response to DNA damage. J. Biol. Chem. 282,
22993–23004

50. Bishop, J. D., and Schumacher, J. M. (2002) Phosphorylation of the car-
boxyl terminus of inner centromere protein (INCENP) by the Aurora B
kinase stimulates Aurora B kinase activity. J. Biol. Chem. 277,
27577–27580

51. Craft, G. E., Graham, M. E., Bache, N., Larsen, M. R., and Robinson, P. J.
(2008) The in vivo phosphorylation sites in multiple isoforms of am-
phiphysin I from rat brain nerve terminals. Mol. Cell. Proteomics 7,
1146–1161

52. Jaffe, H., Vinade, L., and Dosemeci, A. (2004) Identification of novel phos-
phorylation sites on postsynaptic density proteins. Biochem. Biophys.
Res. Commun. 321, 210–218

53. Strickfaden, S. C., Winters, M. J., Ben-Ari, G., Lamson, R. E., Tyers, M., and
Pryciak, P. M. (2007) A mechanism for cell-cycle regulation of MAP
kinase signaling in a yeast differentiation pathway. Cell 128, 519–531

On the Evolutionary Increase in Phosphosites

Molecular & Cellular Proteomics 8.5 1071

 by Y
asushi Ishiham

a on M
ay 1, 2009 

w
w

w
.m

cponline.org
D

ow
nloaded from

 

http://www.mcponline.org

