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Abstract
Background: Whether or not a protein's number of physical interactions with other proteins
plays a role in determining its rate of evolution has been a contentious issue. A recent analysis
suggested that the observed correlation between number of interactions and evolutionary rate may
be due to experimental biases in high-throughput protein interaction data sets.

Discussion: The number of interactions per protein, as measured by some protein interaction
data sets, shows no correlation with evolutionary rate. Other data sets, however, do reveal a
relationship. Furthermore, even when experimental biases of these data sets are taken into
account, a real correlation between number of interactions and evolutionary rate appears to exist.

Summary: A strong and significant correlation between a protein's number of interactions and
evolutionary rate is apparent for interaction data from some studies. The extremely low agreement
between different protein interaction data sets indicates that interaction data are still of low
coverage and/or quality. These limitations may explain why some data sets reveal no correlation
with evolutionary rates.

Background
Over twenty-five years ago, a number of authors suggested
that a protein's rate of evolution should decrease with the
number of molecular interactions in which it participates
[1-3]. The rationale behind this prediction was that addi-
tional interactions impose functional constraints on oth-
erwise relatively unconstrained residues, such as those on
the surface of the protein. Thus, other things being equal,
a protein with more interactions would evolve more
slowly. This prediction was recently corroborated by us, in
the form of a negative correlation between a protein's rate
of evolution and the number of other proteins with which
it interacts [4]. While other authors have questioned the
existence of this relationship [5], we later showed that in
their analysis, the absence of a correlation was due to the

particular protein interaction data that they used; when all
data sets available at that time were used, a very strong and
statistically significant correlation was apparent [6].

In a recent, thorough analysis of protein interaction data
sets, Bloom and Adami have questioned whether the cor-
relation between number of protein interactions and evo-
lutionary rate is independent of gene expression level [7].
While we agree that the results of Bloom and Adami show
quite convincingly that an association between expression
and number of interactions contributes significantly to
the correlation between interactions and evolutionary
rate, we believe that two of their conclusions are unwar-
ranted. First, it is not yet clear that the association between
expression and number of protein interactions is due

Published: 27 May 2004

BMC Evolutionary Biology 2004, 4:13

Received: 11 December 2003
Accepted: 27 May 2004

This article is available from: http://www.biomedcentral.com/1471-2148/4/13

© 2004 Fraser and Hirsh; licensee BioMed Central Ltd. This is an Open Access article: verbatim copying and redistribution of this article are permitted in 
all media for any purpose, provided this notice is preserved along with the article's original URL.
Page 1 of 5
(page number not for citation purposes)

http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=15165289
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=10.1186/1471-2148-4-13
http://www.biomedcentral.com/1471-2148/4/13
http://www.biomedcentral.com/
http://www.biomedcentral.com/info/about/charter/


BMC Evolutionary Biology 2004, 4 http://www.biomedcentral.com/1471-2148/4/13
exclusively to experimental biases rather than real proper-
ties of the organism. Second, current results do not indi-
cate that the correlation between interactions and
evolutionary rate is entirely due to the association
between expression and evolutionary rate. In this work,
we argue that their conclusions represent an over-exten-
sion of their analyses, and also provide further analyses
demonstrating that a protein's number of interactions
does indeed influence its rate of evolution, independently
of its expression level.

Discussion
Critique of Bloom and Adami
Bloom and Adami [7] tested protein interaction data from
seven methods (two experimental and five computa-
tional) individually for correlations between the number
of protein interactions and protein evolutionary rates,
while statistically controlling for gene expression levels.
They found that only in the two interaction data sets gen-
erated using mass spectrometry was there a strongly signif-
icant correlation between the number of protein
interactions and evolutionary rate independent of expres-
sion levels. In protein interaction data sets generated by
the computational methods of gene co-occurrence and
gene neighborhood, a weakly significant correlation
between number of interactions and evolutionary rate
remained when expression levels were statistically con-
trolled [7]. Despite the inability of expression levels to
account for the correlation between number of interac-
tions and evolutionary rate in these data sets, Bloom and
Adami argued that expression levels completely explain
the correlation between number of interactions and evo-
lutionary rate, and that they failed to see this in the partial
correlations because the partial correlations did not com-
pletely control for expression levels. To explain why par-
tial correlations were unable to completely control for
expression levels, Bloom and Adami suggested that their
expression data (measured by DNA microarrays and
codon bias) are imprecise.

While we agree with Bloom and Adami that current codon
usage and expression data do not measure expression lev-
els with perfect precision, we do not believe that their
interpretation is supported by the evidence. If one is to
consider the quality of each of the types of data involved
in calculation of the partial correlations – expression data,
evolutionary rate data, and interaction data – there is no
question that the least reliable of the three are the interac-
tion data. This can be seen in many ways, the simplest of
which is the nearly nonexistent overlap between different
high-throughput protein interaction data sets [8]. Regard-
less of whether this small overlap is predominantly due to
false positives, false negatives, or simply incomplete cov-
erage, the fact is that the two independent expression data
sets used by Bloom and Adami show much better agree-

ment than any two high-throughput interaction data sets
in existence. (As reported by Bloom and Adami [7], their
two expression data sets are correlated with Spearman
rank r = 0.62; in contrast, the correlation between number
of interactions per protein in two of the most comprehen-
sive and highest quality high-throughput interaction data
sets [9,10] is only 0.12, and correlations between most
other protein interaction data sets are weaker or even neg-
ative [11]). Expression data, we may conclude, are of sig-
nificantly higher quality and/or coverage than currently
available interaction data. Therefore, if one is to invoke
poor data as an explanation for not observing some par-
ticular outcome of the analysis, then it should be invoked
to explain why the correlations involving protein interac-
tions are not any stronger than they presently are. More
generally, if the precedent set by Bloom and Adami were
to be followed, then any variable A that only partially
weakens a correlation between two other variables B and
C when it is statistically controlled for could be claimed to
be completely responsible for the correlation between B
and C, if the values of A are not known with perfect preci-
sion. While it is certainly always possible that A will com-
pletely account for the correlation between B and C when
it is known with more precision, this remains speculative
in the absence of any supporting evidence.

As further evidence that the correlation between number
of interactions and evolutionary rate is mediated by
expression level, Bloom and Adami [7] showed that only
in the interaction data sets in which the proteins with
many interactions are highly expressed is there a signifi-
cant negative correlation between number of interactions
and evolutionary rate. Working under the assumption
that the observed relationship between number of interac-
tions and level of expression is an experimental artifact,
Bloom and Adami suggested that the correlation between
number of interactions and evolutionary rate is due to an
experimental bias toward the detection of many interac-
tions for highly expressed proteins. However, a simple
alternative explanation must also be considered: it is
entirely possible that highly expressed genes do tend to
have more protein interactions than weakly expressed
genes. Indeed, in addition to being found in yeast, a pos-
itive correlation between expression level and number of
interactions has been reported in other organisms as well,
using protein interaction detection methods (such as
yeast 2-hybrid) which Bloom and Adami believe are unbi-
ased with respect to expression levels [12]. If more highly
expressed proteins do tend to participate in more protein
interactions, one would expect to observe precisely the
pattern of correlation coefficients Bloom and Adami
report. Specifically, interaction datasets of sufficiently
high coverage and accuracy would reveal the (real) rela-
tionship between expression and number of interactions,
as well as the relationship between evolutionary rate and
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number of interactions. In contrast, less accurate or com-
plete datasets would show no such relationships. As evi-
dence against this idea, Bloom and Adami state that
Jordan et al. [5] "observed no significant correlation
between evolutionary rate and the number of interactions
when they used a set of manually curated interactions that
might be expected to be of higher accuracy than those
from any single high-throughput method." While it is true
that Jordan et al. did not observe a significant correlation,
it is not true that they relied on a set of manually curated
interactions. As we previously pointed out [6], approxi-
mately half of the interactions in the list used by Jordan et
al. (after duplicate interactions were removed [13]) were
from the high-throughput yeast 2-hybrid screen of Uetz et
al. [14], which has been shown to be one of the least reli-
able high-throughput protein interaction data sets in
existence [8].

Finally, Bloom and Adami criticized the biophysical
explanation we proposed [4] to explain why proteins with
many interactions would tend to evolve slowly. They
stated that "there is no obvious reason why residues
involved in intermolecular contacts should be more evo-
lutionary [sic] constrained than other residues with the
same number of intramolecular contacts" [7]. While this
is true, it is not directly relevant to our original proposal,
which was that "proteins with more interactions could
evolve more slowly because a greater proportion of the
protein is involved in protein functions" [4]. Our pro-
posal was not that intermolecular contacts impose more
stringent constraints than intramolecular contacts, but
rather that additional interactions could impose con-
straints on sites that are otherwise relatively uncon-
strained, such as residues on the surface of a polypeptide.
Thus the critique presented by Bloom and Adami has no
bearing on the hypothesis we proposed.

Additional analysis of the data
A simple statistical method for examining the relationship
between two variables (e.g., number of interactions, I and
rate of evolution, E), while partially controlling for a
third, potentially related variable (e.g., gene expression,
A), is to divide the dataset into quantiles according to the
controlled variable. This reduces the variance of the con-
trolled variable relative to the other variables within each
quantile, resulting in partial statistical control. This
approach is complementary to partial correlation in that
it the two methods can be combined, and division of the
dataset into bins allows one to investigate the consistency
or variation of relationships across quantiles. To empha-
size that current data do not indicate that the relationship
between evolutionary rate and number of interactions in
mass spectrometry data is entirely mediated by expression
levels, we present here a simple binning and partial corre-
lation analysis of mass spectrometry [9], expression, and

evolutionary rate data. It bears restating here that correla-
tions among separate datasets indicate that interaction
data are far less accurate than expression data; therefore,
noise and other limitations of data should be expected to
reduce the estimated strength of the relationship between
number of interactions and evolutionary rate more than
they reduce the strength of the relationship between
expression levels and evolutionary rate.

As Bloom and Adami [7] noted, the proteins that are cho-
sen to be tagged and overexpressed in mass spectrometry
studies are subject to an ascertainment bias. For this rea-
son, we used only the untagged data. We used the expres-
sion data of Wang et al. [15], which was produced from
more replicates than other available expression datasets
and, unlike the data used by Bloom and Adami [16], was
not accidentally measured in an aneuploid strain of yeast
[17]. For evolutionary rate data we used dN/dS values cal-
culated from four species of the Saccharomyces genus, with
a correction for the effect of codon bias on dS (Hirsh AE,
Fraser HB, and Wall DP, submitted). We used Spearman's
rank correlation for all analyses.

Before dividing the dataset into quantiles according to
expression level, we measured the strength of the correla-
tion between number of interactions and evolutionary
rate for all 555 genes for which we had interaction, evolu-
tionary rate, and expression data. The correlation between
number of interactions (I) and evolutionary rate (E) was
quite strong, even when controlling for expression (rEI = -
0.403, p = 5 × 10-23; rEI.A = -0.277, p = 3 × 10-11; Table 1,
row 1, column 1). We then partitioned the dataset into
quantiles according to expression levels and calculated rEI
and rEI.A within each bin. We present results using two,
three, four, and five bins. In every bin, the correlation
between number of interactions and evolutionary rate is
significant, even after controlling for expression levels.
Perhaps even more importantly, controlling for expres-
sion levels actually strengthens the correlation between
number of interactions and expression level in three of the
bins (Table 1, underlined). In one of these bins, control-
ling for expression levels results in more than a two-fold
improvement in the p-value of the correlation. In order for
inaccurate expression data to explain this result, the
expression data in those three bins would not only have
to be noisy – they would have to be negatively correlated
with the true expression levels of those genes. Since this is
quite unlikely to be the case, we believe the most parsimo-
nious explanation is that the number of interaction part-
ners a protein has is correlated with its evolutionary rate
independently of its expression level.

Summary
We agree with Bloom and Adami [7] that the quality of
high-throughput protein interaction data sets is quite
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variable, and that some show a correlation with evolu-
tionary rates while others do not. However we do not
believe that expression levels can account for this correla-
tion in all data sets. To support this position, we showed
that limitations of the data are likely to weaken the appar-
ent effect of number of interactions more than they
weaken the apparent effect of expression. Therefore,
Bloom and Adami's suggestion that the significant contri-
bution of expression to the relationship between number
of interactions and evolutionary rate should be inter-
preted to mean that expression is entirely responsible for
this relationship seems unwarranted. To emphasize that
the measurable effect of number of interactions on evolu-
tionary rate remains highly significant even when control-
ling for expression, we presented a re-analysis of mass
spectrometry interaction data. Across quantiles of expres-
sion, the relationship between number of interactions
and evolutionary rate, controlling for expression levels,
was significant. In several quantiles, controlling for
expression actually strengthened the relationship between
number of interactions and evolutionary rate.

Bloom and Adami's thorough analysis shows, above all,
that large-scale data sets remain woefully noisy and
incomplete. While it remains possible that expression lev-
els will ultimately account for the correlation between
number of interactions and evolutionary rate once more
accurate expression data are published, we find it far more
likely that the vast majority of improvement will be in
protein interaction data. In any case, it will be interesting
to see what relationships emerge as more (and higher
quality) functional genomic data are produced.
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1 2 3 4 5
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