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Abstract

Protein tyrosine phosphorylation is a key regulatory modification in metazoans, and the corresponding kinase enzymes
have diversified dramatically. This diversification is correlated with a genome-wide reduction in protein tyrosine content,
and it was recently suggested that this reduction was driven by selection to avoid promiscuous phosphorylation that
might be deleterious. We tested three predictions of this intriguing hypothesis. 1) Selection should be stronger on
residues that are more likely to be phosphorylated due to local solvent accessibility or structural disorder. 2)
Selection should be stronger on proteins that are more likely to be promiscuously phosphorylated because they are
abundant. We tested these predictions by comparing distributions of tyrosine within and among human and yeast
orthologous proteins. 3) Selection should be stronger against mutations that create tyrosine versus remove tyrosine.
We tested this prediction using human population genomic variation data. We found that all three predicted effects
are modest for tyrosine when compared with the other amino acids, suggesting that selection against deleterious
phosphorylation was not dominant in driving metazoan tyrosine loss.

Key words: phosphorylation, tyrosine, promiscuous, solvent accessibility, structural disorder, expression level, allele
frequency.

Introduction
Protein phosphorylation is a key posttranslational modifica-
tion that can reversibly regulate protein activity, binding, or
localization, and the evolution of phospho-regulation is re-
ceiving increasing attention (Moses and Landry 2010; Tan
2011). Phosphorylation is common; the PhosphoSitePlus
database (Hornbeck et al. 2012) reports more than 150,000
phosphorylation sites among more than 17,000 human pro-
teins. Because the kinases that carry out phosphorylation may
be promiscuous (Ubersax and Ferrell 2007), many of these
phosphorylations may be nonfunctional (Lienhard 2008).
Notably, Landry et al. (2009) estimated, based on evolutionary
conservation, that up to 65% of phosphorylation sites
may be nonfunctional. (Although some nonconserved sites
may function by regulating bulk electrostatics [Tan et al.
2010].)

Tyrosine phosphorylation, in particular, is key to cell–cell
communication in metazoans (multicellular animals) (Hunter
2009). The basic repertoire of tyrosine kinases existed before
the divergence of metazoans from filastereans (Clarke et al.
2013; Ringrose et al. 2013), but tyrosine kinases have diversi-
fied dramatically in the metazoan lineage (Shiu and Li 2004;
Lim and Pawson 2010; Ringrose et al. 2013). Moreover, there is
a strong correlation between the number of tyrosine kinases
encoded in a species’ genome and the number of cell types
in that species.

Tan et al. (2009) recently noted a strong negative correla-
tion in metazoans between the number of genomically

encoded tyrosine kinases and the overall abundance of tyro-
sine within proteins (supplementary fig. S1, Supplementary
Material online). Tyrosine is metabolically costly, but Tan et al.
(2009) argued that is unlikely to be driving the correlation,
because tryptophan and phenylalanine are similarly costly but
show, respectively, strongly positive and weakly negative cor-
relations (supplementary fig. S1, Supplementary Material
online). Tan et al. (2009) also noted that the single-celled
choanoflagellate Monosiga brevicollis, which possesses an un-
usually large number of tyrosine kinases, uses an unusually
small amount of tyrosine in its proteome, consistent with the
metazoan correlation. Lastly, they found that the relative def-
icit of tyrosine in human versus Saccharomyces cerevisiae
yeast proteins was larger in proteins not observed to be ty-
rosine-phosphorylated in humans. Together, these observa-
tions led Tan et al. (2009) to propose that the correlation
between metazoan tyrosine kinase count and tyrosine usage
was driven by selection to avoid deleterious tyrosine phos-
phorylation. Promiscuous tyrosine phosphorylation could be
deleterious by interfering with protein function or stability.
For example, the fission yeast Schizosaccharomyces pombe
possesses no native tyrosine kinases, and expressing the c-
Src tyrosine kinase in Sc. pombe is lethal (Superti-Furga and
Fumagalli 1993).

In a technical comment on Tan et al. (2009), Su et al.
(2011) argued that a more parsimonious hypothesis was
that the loss of tyrosine in metazoans was driven by an in-
crease in genomic guanine-cytosine (GC) content, because
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tyrosine is encoded by codons that are GC-poor. Consistent
with this argument, Su et al. (2011) noted that other amino
acids encoded by GC-rich or -poor codons are also enriched
or depleted, respectively, in metazoan genomes. (Su et al.
[2011] also pointed out that correlation analyses between
species characters must account for confounding phyloge-
netic relationships [Felsenstein 1985].) In response, Tan et
al. (2011) noted that the most relevant measures of GC con-
tent focus on coding regions and that tyrosine content cor-
relates more strongly with number of tyrosine kinases than
with those measures of GC content, suggesting that GC con-
tent does not fully explain the decline in tyrosine content.
They also noted that phenylalanine, which is also encoded by
a GC-poor codon and differs from tyrosine only by the phos-
phorylatable hydroxyl group, does not show the preferential
loss in nontyrosine-phosphorylated proteins that tyrosine
shows. Moreover, phenylalanine and tryptophan residues in
yeast are less likely to be substituted for tyrosine in humans if
a protein is not observed to be tyrosine phosphorylated than
if it is. Lastly, among tyrosine residues that are conserved
between human and yeast, Tan et al. (2011) used their
NetPhorest algorithm (Miller et al. 2008) to show that
human tyrosine residues are less likely to reside in known
targeting motifs of tyrosine kinases, suggesting that flanking
bases may also be evolving to reduce phosphorylation. More
recently, Kutchko and Siltberg-Liberles (2013) noted that the
expansion of metazoan tyrosine kinases was paralleled by an
expansion in metabolic pathways that consume tyrosine to
synthesize neurotransmitters and hormones. Diversion of
tyrosine from protein synthesis to those metabolic pathways
may thus also contribute to the metazoan loss of proteomic
tyrosine.

The Tan et al. (2009) promiscuous phosphorylation hy-
pothesis remains controversial. Changes in GC content do
not account for all the correlation between number of tyro-
sine kinases and tyrosine content (Su et al. 2011; Tan et al.
2011). Definitive evidence is, however, lacking as to whether
the remaining correlation is driven by selection against pro-
miscuous phosphorylation. We thus sought to independently
test several predictions of the promiscuous phosphorylation
hypothesis. 1) Selection and thus tyrosine loss should be
stronger for residues with greater propensity to be phosphor-
ylated, based on accessibility (Ubersax and Ferrell 2007) or
structural disorder (Collins et al. 2008). 2) Selection and thus
tyrosine loss should be stronger for proteins that are more
abundant and thus more prone to promiscuous phosphory-
lation (Levy et al. 2012). 3) In species with many tyrosine
kinases, selection should disfavor mutations that create tyro-
sine compared with mutations that remove tyrosine, causing
a difference between their allele frequency distributions
(Wright 1938). We focused on these predictions, in particular,
because they are all relatively insensitive to the changes in
genomic GC content that have occurred during metazoan
evolution; predictions 1 and 2 because they focus not on the
total amount of tyrosine but rather on its distribution within
the proteome; prediction 3 because it compares alleles within
a single species.

Results and Discussion
In testing our first two predictions, we followed Tan et al.
(2009) by focusing on comparisons between humans and the
budding yeast Sa. cerevisiae, because humans possess a large
number of tyrosine kinases (89), and yeast are the phyloge-
netically closest eukaryotes that possess no conventional ty-
rosine kinases. To minimize potential biases due to changes in
protein function, we restricted our analyses to proteins that
are orthologous between human and yeast. The lack of tyro-
sine kinases in yeast may be an evolutionarily derived state
(Shiu and Li 2004; Suga et al. 2012). To control for phenomena
associated with the yeast-specific loss of tyrosine kinases, we
ran similar analyses comparing humans and the fruit fly
Drosophila melanogaster, which possesses the smallest
number of tyrosine kinases (29) among the metazoan
model organisms considered by Tan et al. (2009). In all
cases, comparisons with fruit fly yield similar conclusions to
comparisons with yeast.

Phosphorylation Propensity
Our first prediction was that tyrosine residues that are more
likely to be promiscuously phosphorylated will be more
strongly selected against and thus preferentially lost. We as-
sessed promiscuous phosphorylation propensity via solvent
accessibility and structural disorder. We used these broad-
scale predictors rather than a site-specific phosphorylation
predictor (Trost and Kusalik 2011), because even state-
of-the-art site-specific predictors have modest sensitivity
and specificity, particularly when applied to species other
than that on which they were trained (Dou et al. 2014).
Moreover, we expect that promiscuously phosphorylated
sites will be in relatively weak motifs that will be particularly
challenging for site-specific predictors. We thus focused on
the general biophysical preference for kinases to target acces-
sible and unstructured sites.

We initially planned to assess solvent accessibility using
Protein Data Bank structures (PDB; Bernstein and Koetzle
1977). For the metazoan species considered by Tan et al.
(2009), however, the available PDB sequences do not follow
the genomic trend of decreasing tyrosine content with in-
creasing number of tyrosine kinases (supplementary fig. S1A,
Supplementary Material online; Pearson correlation
&!0:19; P&0:57), presumably due to biases in the pro-
teins for which structures have been solved. We thus turned
to computational sequence-based predictions of solvent ac-
cessibility, using SPINE X, which is based on a multistep neural
network (Faraggi et al. 2011). We validated this approach
using the PhosphoSitePlus database (Hornbeck et al. 2012),
showing that human tyrosine phosphorylation propensity
does indeed increase strongly with predicted solvent accessi-
bility (fig. 1A).

The deleterious phosphorylation hypothesis predicts that
tyrosine content should decline most dramatically for the
residues most likely to be phosphorylated, in this case,
those with high solvent accessibility. Figure 1B shows the
distributions of solvent accessibility for tyrosine residues in
human and yeast, among orthologous proteins. The human
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distribution is only slightly shifted toward lower accessibility
(Mann–Whitney U=½nHnY# ¼ 0:489), but the difference
is statistically significant (nH ¼ 36;756; nY ¼ 39;006; P&
2:7% 10!7 two-tailed). To assess the biological significance
of this result, we compared tyrosine with the other amino
acids. Among all 20 amino acids, tyrosine has the 16th-largest
difference in accessibility distributions between human
and yeast (fig. 1C and supplementary table S1,
Supplementary Material online). Similar results were found
when we compared humans with fruit flies (supplementary
fig. S4 and table S2, Supplementary Material online) and when
we used homology models to PDB structures to estimate
solvent accessibility (supplementary fig. S6 and table S2,
Supplementary Material online). Consistent with the slight
shift in the overall absolute solvent accessibility (ASA) distri-
bution, the human ortholog has a lower median tyrosine
solvent accessibility in 45% of pairwise comparisons between
orthologous human and yeast proteins (supplementary fig.
S8A, Supplementary Material online). This is statistically sig-
nificantly different from 50% (binomial test, n = 2,167, P&2:8
%10!6 two-tailed), but among all 20 amino acids, tyrosine has
only the 13th most statistically significant difference in this
analysis (supplementary fig. S8B and table S2, Supplementary
Material online).

We next considered the effect of structural disorder, using
SPINE-D to predict whether residues are ordered or disor-
dered within human and yeast orthologous proteins
(Zhang et al. 2012). As expected (Iakoucheva et al. 2004;
Collins et al. 2008), we found in humans that residues in
predicted disordered regions are more likely to be phosphor-
ylated (fig. 1D). If tyrosine were selected against irrespective of
phosphorylation propensity, then an equal proportion of ty-
rosine should have been lost in human ordered and disor-
dered regions. Conversely, the deleterious phosphorylation
hypothesis predicts that the proportional tyrosine deficit in
human relative to yeast should be larger in disordered regions.
This is particularly true because a larger fraction of residues
are disordered in human proteins (39.3%) versus in yeast
proteins (34.3%), which in the absence of amino acid com-
position change would tend to increase promiscuous phos-
phorylation. The human tyrosine content deficit is indeed
larger in disordered regions (fig. 1E); the tyrosine content of
yeast ordered residues is 3.91& 0.2% versus 3.41& 0.2% for
human ordered residues, and the tyrosine content of yeast
disordered residues is 2.04& 0.2% versus 1.41& 0.2% in
human disordered residues. The proportional human-
to-yeast tyrosine content in ordered regions is thus 3:41=3:91
&0:872 versus 1:41=2:08&0:691 in disordered regions.

FIG. 1. Effects of phosphorylation propensity. (A) Observed fraction of tyrosine residues phosphorylated versus predicted absolute solvent accessibility
(ASA) in human proteins. (B) Distributions of tyrosine ASA in budding yeast and human proteins. See supplementary figure S3, Supplementary Material
online, for other amino acids. (C) Normalized Mann–Whitney U statistics and corresponding P values comparing ASA distributions between yeast and
human. Shaded region is P < 10!200. See supplementary table S1, Supplementary Material online, for numerical values. (D) Observed fraction of
tyrosine residues phosphorylated versus structural disorder in human proteins. (E) Tyrosine content versus disorder in yeast and human proteins. See
supplementary figure S10, Supplementary Material online, for other amino acids. (F) Difference between ratios of human-to-yeast amino acid content
for ordered and disordered residues and corresponding P values. Shaded region is P < 10!100. See supplementary table S1, Supplementary Material
online, for numerical values. Throughout figure, data are from longest one-to-one orthologous proteins, and error bars denote two-standard deviation
uncertainties. See supplementary figure S4, Supplementary Material online, for similar comparisons between human and fruit fly and supplementary
figure S6, Supplementary Material online, for comparisons using homology models to PDB structures to estimate solvent accessibility.
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The difference in ratios of 0.181& 0.013 is statically different
from zero, based on a normal approximation (P&8% 10!46,
two-tailed). Among all 20 amino acids, tyrosine has the sixth-
largest magnitude of difference in content ratios between
ordered and disordered residues, which is the fifth-most sta-
tistically significant (fig 1F; supplementary table S1,
Supplementary Material online). We found similar results
comparing human against fruit fly (supplementary fig. S4
and table S2, Supplementary Material online).

The larger relative difference in tyrosine content in disor-
dered versus ordered regions (fig. 1E) is consistent with the
deleterious phosphorylation hypothesis, but it is also consis-
tent with the overall faster rate of evolution in disordered
regions (Brown et al. 2002). Moreover, the tyrosine content
difference is not exceptional when compared against the
other amino acids (fig. 1F), suggesting that any effect
caused by selection against deleterious phosphorylation is
modest compared with the forces that shape the evolution
of the other amino acids. Although statistically significant, the
difference in tyrosine solvent accessibility distributions we
found was slight (fig. 1B). In particular, tyrosine had one of
the smallest differences in accessibility distributions among
the 20 amino acids (fig. 1C). The overall increase in evolution-
ary rate with solvent accessibility (Franzosa and Xia 2009)
should enhance any effect of selection against highly exposed
tyrosine. The small effect we observe thus suggests that highly
exposed tyrosine is not under particularly strong negative
selection against promiscuous phosphorylation. Another pos-
sible explanation for the lack of stronger selection against
exposed or disordered tyrosine is that promiscuous phos-
phorylation may itself be less deleterious when it occurs on
such tyrosine. However, by regulating bulk electrostatics
(Serber and Ferrell 2007; Strickfaden et al. 2007) or binding
(Pawson et al. 2001), phosphorylation in disordered regions
can be just as functional as in ordered regions (e.g., Holt et al.
2009), and thus promiscuous phosphorylation in disordered
regions could be just as deleterious as in ordered regions. Our
results suggest that selection against promiscuous phosphor-
ylation is similarly weak in both ordered and disordered
regions.

Protein Abundance
The deleterious phosphorylation hypothesis predicts that the
deficit in human versus yeast tyrosine content should be
larger in more abundant proteins, because they should
suffer more promiscuous phosphorylation (Levy et al. 2012).
The hypothesis (Kutchko and Siltberg-Liberles 2013) that
metabolic limitation is driving the tyrosine deficit also pre-
dicts a larger deficit in more abundant proteins, because they
consume more of the metabolic budget than less abundant
proteins. Defining an evolutionarily relevant effective protein
abundance is challenging in multicellular organisms with
complex development, so we used the Codon Adaptation
Index (CAI; Sharp and Li 1987) of the yeast ortholog as a
proxy for protein abundance. The CAI measures the degree
to which a protein is encoded using preferred codons, and it is
a commonly used proxy for protein abundance in yeast

(Ghaemmaghami et al. 2003), particularly in evolutionary
analyses (e.g., Drummond et al. 2005; Wall et al. 2005).

For tyrosine, we found a weak, but statistically significant,
positive Pearson correlation between difference in tyrosine
content between human and yeast orthologs and yeast CAI
(fig. 2; r&0:071; P&8% 10!4 two-tailed). This indicates
that the human tyrosine deficit is smaller in more highly
expressed proteins. Among all amino acids, tyrosine shows
the 12th-strongest dependence of differences in amino acid
content on yeast CAI (fig. 2B and supplementary table S1,
Supplementary Material online). Moreover, although GC con-
tent is higher in human than in yeast across the genome, the
difference is larger for highly expressed genes (supplementary
fig. S16, Supplementary Material online; Lercher et al. 2003;
S!emon et al. 2005), which would enhance any removal of
tyrosine by selection. Because yeast CAI is an imperfect
proxy for metazoan protein abundance, we carried out similar
analyses comparing human and fruit fly using fruit fly protein
abundance (supplementary fig. S12, Supplementary Material
online; Wang et al. 2012) and comparing mouse and yeast
using mouse gene expression (supplementary fig. S14,
Supplementary Material online; Su et al. 2004; Drummond
and Wilke. 2008), in both cases averaging across tissues and
developmental stages. Both these analyses yielded similar re-
sults to our yeast analysis.

We found smaller differences in tyrosine content for more
abundant proteins, contrary to the prediction of the delete-
rious phosphorylation and metabolic limitation hypotheses.
This result is, however, consistent with the well-known reduc-
tion in evolutionary rates of proteins with higher expression
(P!al et al. 2001). The fact that tyrosine is unexceptional in our
protein abundance analysis thus suggests that selection
against tyrosine due to deleterious phosphorylation or met-
abolic limitation is modest compared with the more general
selection against protein misfolding (Drummond et al. 2005)
and misinteraction (Yang et al. 2012) that is thought to drive
the overall correlation between evolutionary rate and expres-
sion level.

Allele Frequencies
The deleterious phosphorylation hypothesis predicts that, in
species with many tyrosine kinases, mutations that create
tyrosine should, on average, be selectively disfavored com-
pared with mutations that remove tyrosine. In other words,
the distribution of fitness effects (DFE) of mutations that
create tyrosine should be shifted toward more negative
values, relative to the DFE of mutations that remove tyrosine
(Eyre-Walker and Keightley 2007). Patterns of genetic poly-
morphism contain a great deal of information about the DFE
(Eyre-Walker et al. 2006; Boyko et al. 2008). A shift in the
frequency spectrum of segregating polymorphisms toward
lower frequencies is indicative of moderate negative selection,
which lowers the probability of alleles reaching high fre-
quency. A lack of polymorphism is indicative of strong neg-
ative selection, which purges mutations from the population
before they rise to even modest frequency. We used high-
coverage exome sequencing data from 1,092 human
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individuals generated by phase 1 of the 1000 Genomes Project
(1000 Genomes Project Consortium 2012) to assess both re-
gimes of negative selection for mutations that create or
remove tyrosine.

Figure 3A shows the frequency spectra of alleles that create
or remove tyrosine. For comparison, also shown are the spec-
tra for synonymous alleles, which do not change the protein
and are expected to be relatively selectively neutral, and for
stop codon-altering alleles, which truncate or extend proteins
and are expected to particularly deleterious. We quantified
the frequency spectra differences between alleles that create
or remove tyrosine using Tajima’s D (Tajima 1989), a widely
used measure of how skewed a frequency spectrum is relative
to the standard neutral model. More negative values of D
indicate a greater shift toward rare alleles and thus stronger
negative selection. Tyrosine has the 10th largest magnitude of

difference in D (Dcreate ! Dremove&0:046), but that difference
is not statistically significant (P&0:38, two-tailed permuta-
tion test). Cysteine, glutamine, and arginine do, however,
show significant differences (P < 0:05=20). As a sharper
test of the promiscuous phosphorylation hypothesis, we spe-
cifically compared alleles that remove versus create tyrosine
in disordered regions, again finding no statistically significant
difference (supplementary fig. S18, Supplementary Material
online; Dcreate ! Dremove&! 0:051; P&0:63, two-tailed per-
mutation test).

Our analysis of the frequency spectrum suggests that al-
leles that create versus remove tyrosine have similar distribu-
tions of moderately deleterious effects. To test for differences
among strongly deleterious alleles, we asked whether the ob-
served ratio of numbers of segregating alleles that create
versus remove tyrosine matches that expected from the

A B

C D

FIG. 3. Allele frequencies and counts. (A) Cumulative distributions of minor allele frequencies for mutations that alter stop codons (typically deleterious;
gray), remove tyrosine (solid black), create tyrosine (dotted black), or do not change the coded amino acid (approximately neutral; gray). For confidence
intervals and other amino acids, see supplementary figure S17, Supplementary Material online. (B) Statistical significance versus difference in Tajima’s D
for alleles that create or remove amino acids. Shaded region is P < 10!4. (C) Relative numbers of observed alleles that create or remove particular amino
acids versus expected relative mutation rates based on a context-dependent mutation rate model. (D) Deviations between allele count and mutation
ratios for amino acid creation or removal and corresponding P values.

FIG. 2. Effects of protein abundance. (A) For one-to-one human-yeast protein orthologs, difference in tyrosine content versus yeast CAI. See supple-
mentary figure S11, Supplementary Material online, for other amino acids. (B) Pearson correlation between difference in amino acid content and yeast
CAI and corresponding P values. Amino acids with P < 10!12 are plotted in the shaded region. See supplementary table S1, Supplementary Material
online, for numerical values, supplementary figure S12, Supplementary Material online, for human–fruit fly comparison using protein abundances, and
supplementary figure S14, Supplementary Material online, for mouse–yeast comparison using gene expression.
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influx of new mutations. To calculate expected relative rates
of mutation (supplementary table S3, Supplementary
Material online), we used a context-dependent mutation
rate model based on the flanking two bases (Hwang and
Green 2004). Such local context does not explain all variation
in mutation rates (Hodgkinson and Eyre-Walker 2011), but
we expect that larger-scale sources of rate variation average
out in our analysis, because sites where mutations could
create or remove tyrosine are scattered roughly equally
throughout the genome. The ratio of numbers of segregating
alleles that create versus remove tyrosine is statistically indis-
tinguishable from the ratio expected under this mutation
model (fig. 3A and B; P&0:10 two-tailed). In contrast, 17
other amino acids show a statistically significant difference
after Bonferroni correction (fig. 3D and supplementary table
S1, Supplementary Material online; P < 0:05=20), although
some differences could be caused by biases in the mutation
rate model.

We found only small and statistically nonsignificant differ-
ences between the relative frequencies of and numbers of
alleles that create versus remove tyrosine in humans. This is
consistent with relative neutrality between these classes of
mutations, suggesting that any selection selection against
deleterious tyrosine phosphorylation is modest in humans.

Other Amino Acids
Because in our genomic analyses even small effects can be
statistically significant, throughout we have assessed biologi-
cal significance by comparing tyrosine against the other
amino acids. Our results thus touch on hypotheses regarding
other amino acids.

Phenylalanine is similar biochemically to tyrosine, differing
only in that it lacks a phosphorylatable hydroxyl group, and
Tan et al. (2009, 2011) used differences with phenylalanine to
argue for phosphorylation-driven effects on tyrosine. In our
analyses of residue solvent accessibility, residue disorder, pro-
tein abundance, and allele frequencies, phenylalanine behaves
similarly to tyrosine, with deviations from the null model in
the same direction, although less statistically significant (sup-
plementary table S1, Supplementary Material online). The
one exception is that phenylalanine shows an excess of cre-
ation versus removal alleles compared with the predicted
relative mutation rates, although this excess is not exceptional
when compared with the other amino acids (fig. 3D).

Cysteine is enriched in multicellular eukaryotes (supple-
mentary fig. S2, Supplementary Material online; Miseta and
Csutora 2000), and we found that this enrichment is particu-
larly strong in regions of high solvent accessibility (fig. 1C and
supplementary fig. S3, Supplementary Material online) and
structural disorder (fig. 1F and supplementary fig. S10,
Supplementary Material online). This is consistent with the
hypothesis that this enrichment is driven by the acquisition of
disulfide bonds to promote protein stability (Wong et al.
2010).

In contrast, asparagine is particularly depleted in regions of
high solvent exposure (fig. 1C and supplementary fig. S3,
Supplementary Material online) or structural disorder

(fig. 1F and supplementary fig. S10, Supplementary Material
online). Additionally, the ratio of segregating alleles that
create versus remove asparagine is markedly lower than ex-
pected from the predicted mutation rates (fig. 3C and D).
These observations are consistent with the hypothesis that
mammalian genomes are depleted in asparagine repeats
(Kreil and Kreil 2000) due to selection against excessive gly-
cosylation (Karlin et al. 2002). Notably, segregating alleles that
remove asparagine in a repeat (defined as being flanked by
another asparagine) have higher frequencies, on average, than
alleles that create or remove isolated asparagine (supplemen-
tary fig. S19, Supplementary Material online; D&0:166;
P&0:047, two-tailed), consistent with selection to remove
asparagine repeats.

Conclusions
We tested several predictions of the hypothesis that selection
against deleterious phosphorylation drove tyrosine loss in
metazoans. Within proteins, we found that human and
yeast have very similar distributions of tyrosine solvent acces-
sibility (fig. 1B), consistent with evolution that is neutral with
respect to accessibility and thus promiscuous phosphoryla-
tion propensity. Also within proteins, we found that the ty-
rosine deficit in humans relative to yeast was not
exceptionally larger for residues more likely to be phosphor-
ylated on the basis of structural disorder (fig. 1E). Among
proteins, we found that the tyrosine deficit was not larger
for proteins that are more likely to be phosphorylated be-
cause they are abundant (fig. 2). Among mutations, we found
in humans that alleles that create versus remove tyrosine have
similar frequency spectra and that the numbers of such alleles
match the mutation influx (fig. 3), which is evidence for neu-
trality between creation and removal of tyrosine. All these
results contradict the predictions of the promiscuous phos-
phorylation hypothesis and are consistent with a model in
which tyrosine loss is neutral with respect to phosphorylation.

Our results cast doubt on the hypothesis that metazoan
tyrosine loss was an adaptation to prevent promiscuous
phosphorylation, but it remains unclear whether any other
selective forces contributed substantially to the loss. A defin-
itive answer will likely demand a quantitative model of how
nonadaptive forces cause amino acid content to drift over
evolutionary time. Such a model would need to build on
recent efforts to model the roles that selection and GC-
biased gene conversion play in the evolution of genomic
GC content (e.g., Capra et al. 2013). The nonadaptive evolu-
tionary forces of mutation and genetic drift can create com-
plex and seemingly adaptive phenotypes (Lynch 2007),
particularly in organisms with relatively small effective popu-
lations sizes, such as many metazoans (Lynch and Conery
2003). The loss of tyrosine may simply be one such nonadap-
tive phenotype.

Materials and Methods
Protein sequence data for Homo sapiens and Sa. cerevisiae
were obtained from Ensembl release 72 (Flicek et al. 2014),
using the pep.all files that contain the “super-set of all
transcripts resulting from Ensembl known, novel and
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pseudogene predictions.” One-to-one orthologs between
human and yeast were identified as the longest proteins in
each of 2,180 orthologous gene sets annotated in Ensembl
release 72. Numbers of genomic tyrosine kinases were ob-
tained on January 7, 2014 from the SMART database version
7.0 (Letunic et al. 2012), by searching for TyrKc domains in
“Genomic” mode.

Phosphorylation Propensity
Data on experimentally observed human tyrosine phosphor-
ylation were obtained from the PhosphoSitePlus database
(Hornbeck et al. 2012) on July 3, 2013. We used Ensembl
BioMart (Kinsella et al. 2011) to map Ensembl protein iden-
tifiers to the UniProt accessions by which PhosphoSitePlus
indexes its data, succeeding for 1,885 of our 2,180 human
orthologs. Among those proteins, there were 4,180 phosphor-
ylated tyrosine residues in the PhosphoSitePlus database, dis-
tributed among 1,324 proteins. We analyzed the 4,132 of
these phosphorylated tyrosine residues that we could map
to our Ensembl sequences, based on the position and flanking
context reported in the PhosphoSitePlus database. Residue
solvent accessibility was predicted using SPINE X 2.0 (Faraggi
et al. 2011) and structural disorder predicted using SPINE-D,
for all human-yeast one-to-one orthologs, with the exception
of 18 for which disorder could not be predicted due to U or X
codons in the human sequence.

Uncertainties on phosphorylation and amino acid-content
percentages in figure 1A, D, and E were estimated based on a
binomial distribution as

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pð100! PÞ=N

p
, where P is percent-

age of interest and N is the total number of residues
considered. P values in figure 1F are based on a normal ap-
proximation, with standard deviations propagated through
the ratios of human to yeast amino acid contents for ordered
and disordered residues and then through the difference in
these ratios.

Protein Abundance
CAI was calculated in BioPython (Cock et al. 2009), using the
adaptation index from Sharp and Li (1987). Six ortholog pairs
that corresponded to yeast mitochondrial genes were ex-
cluded from the analysis.

Allele Frequencies
Allele frequency data were obtained from phase 1 of the 1000
Genomes Project (1000 Genomes Project Consortium 2012).
We used only autosomal single-nucleotide polymorphisms
(SNP) characterized by high-coverage exome sequencing for
which all 1,092 individuals were successfully called. We in-
ferred ancestral states from the four-way EPO (Enredo,
Pecan, Ortheus) alignments between human, chimp, orang-
utan, and rhesus macaque provided by the project, and we
only used SNPs for which all three outgroups agreed on the
ancestral state. The effects of those SNPs on the protein were
inferred from the project’s annotations based on GENCODE
Release 7. If there were multiple annotations indicating dif-
ferent effects on different transcripts, we discarded that SNP
from our analysis.

To calculate relative total rates of mutation to and from
different amino acids in the human genome, we applied the
tri-nucleotide mutation rate matrix inferred for the human
lineage by Hwang and Green (2004). For each possible codon
and flanking bases (“padded codon”), we applied the nine
possible mutations to the codon itself, looking up the rate for
that mutation in the Hwang and Green (2004) matrix and
tracking what amino acids that mutation would create or
remove. We also counted the total occurrences of each
padded codon in the longest isoforms of 22,665 human pro-
tein-coding genes, using data from Ensembl release 72. The
total mutation rate for creating or removing a given amino
acid is then the sum over all relevant padded codon muta-
tions of the mutation rate times the total number of occur-
rences. Supplementary table S3, Supplementary Material
online, reports these total rates, normalized by the largest
total rate.

To assess the statistical significance of differences in
Tajima’s D (fig. 3B), we ran 10,000 permutations of alleles
between the classes create and remove for each amino acid.
Standard deviations of allele count ratios (fig. 3C) and confi-
dence intervals on allele frequency distributions in
Supplementary figure S17, Supplementary Material online,
were calculated by bootstrapping 1,000 times in 1 Mb
chunks over the 1000 Genomes data. Standard deviations
of mutation rate ratios (fig. 3D) were calculated by bootstrap-
ping 1,000 times overlongest transcripts in our human geno-
mic data. P values comparing ratios of creation and removal
alleles and mutations (fig. 3D) were calculated by propagating
standard deviations and approximating the distribution of
ratios of ratios by a normal distribution.

Supplementary Material
Supplementary materials and methods, tables S1–S3, and fig-
ures S1–S19 are available at Molecular Biology and Evolution
online (http://www.mbe.oxfordjournals.org/).
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