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Mousemodels are often used to study human genes because it is believed that the expression and function are similar for the
majority of orthologous genes between the two species. However, recent comparisons of microarray data from thousands of
orthologous human and mouse genes suggested rapid evolution of gene expression profiles under minimal or no selective
constraint. These findings appear to contradict non–array-based observations from many individual genes and imply the
uselessness of mouse models for studying human genes. Because absolute levels of gene expression are not comparable
between species when the data are generated by species-specific microarrays, use of relative mRNA abundance among
tissues (RA) is preferred to that of absolute expression signals. We thus reanalyze human and mouse genome-wide gene
expression data generated by oligonucleotide microarrays.We show that themean correlation coefficient among expression
profiles detected by different probe sets of the same gene is only 0.38 for humans and 0.28 for mice, indicating that current
measures of expression divergence are flawed because the large estimation error (discrepancy in expression signal detected
by different probe sets of the same gene) is mistakenly included in the between-species divergence. When this error is
subtracted, 84% of human-mouse orthologous gene pairs show significantly lower expression divergence than that of ran-
dom gene pairs. In contrast to a previous finding, but consistent with the common sense, expression profiles of orthologous
tissues between species aremore similar to each other than to those of nonorthologous tissues. Furthermore, the evolutionary
rate of expression divergence and that of coding sequence divergence are found to be weakly, but significantly positively
correlated, when RA and the Euclidean distance are used to measure expression-profile divergence. These results highlight
the importance of proper consideration of various estimation errors in comparing the microarray data between species.

Introduction

Patterns andmechanismsofDNAandprotein sequence
evolutionhavebeen extensively studied in the past three dec-
ades (Li 1997; Nei and Kumar 2000). By contrast, little had
been known about the general patterns of gene expression
evolution until a few years ago when high-throughput
gene expression–profiling technologies became available
(Cavalieri, Townsend, and Hartl 2000; Enard et al. 2002;
Oleksiak, Churchill, and Crawford 2002; Ranz et al. 2003;
Rifkin, Kim, and White 2003; Townsend, Cavalieri, and
Hartl 2003).Becausegeneexpressionevolution links the evo-
lutionary changesof genes and phenotypes, it is of fundamen-
tal importancetoestimatetherateofgeneexpressionevolution
and to look for the underlyingmolecularmechanisms respon-
sible for transcriptome evolution.Among all the technologies
for producing transcriptome data, the DNA (oligonucleotide
or cDNA) microarray is most commonly used (Ruan et al.
2004). This technologymakes it possible to study the expres-
sion of large numbers of genes simultaneouslywith relatively
low cost compared to sequencing-based technologies such as
serial analysis of gene expression (Velculescu et al. 1995) and
massively parallel signature sequencing (Brenner et al.
2000). Transcriptome data from various tissues in various
organisms have been produced using DNA microarrays,
making evolutionary analysis of genome-wide gene expres-
sion patterns feasible.

Based on oligonucleotide microarray data sets
obtained from humans and mice (Su et al. 2002), Yanai,
Graur, and Ophir (2004) found that the expression profiles
of orthologous genes differ substantively between the two
species, suggesting little selective constraint in the evolution
of gene expression. Additionally, based on the expression

similarity among 32 human and mouse tissues, they found
orthologous tissues between species (e.g., human liver and
mouse liver) to be less similar than nonorthologous tissues
within species (e.g., human liver and human testis). Because
tissue functions are determined by the genes expressed in
the tissue, these results imply that the human liver is func-
tionally more similar to the human testis than to the mouse
liver, which is contrary to the common sense. Based on both
oligonucleotide and cDNA microarrays, Khaitovich et al.
(2004) found that expression-level divergence between pri-
mate species increases linearly with divergence time and
that functional genes and expressed pseudogenes have sim-
ilar rates of expression evolution (Khaitovich et al. 2004).
Because pseudogenes evolve without any selective con-
straint, these results suggest that gene expression evolution
is largely neutral, without the influence of either positive or
purifying selection (Khaitovich et al. 2004).

These findings are surprising for several reasons. First,
it is well established that coding sequences and functions of
most orthologous genes are conserved across species (Li
1997). Because a gene must be expressed properly to func-
tion in the cell, it is puzzling why gene function should be
conserved when the expression changes quickly. Second,
the expression pattern and function of human genes are often
inferred from their mouse orthologs (e.g., Hinds et al. 1993),
based on the assumption that these properties are conserved
between the two species. The success of many mouse mod-
els of human genes and diseases suggests the validity of
this assumption. Studies using traditional non–array-based
methods such as the northern analysis showed that the ex-
pression profiles of human-mouse orthologs are overall sim-
ilar, although a quantitative genome-wide measure of mean
similarity is difficult to obtain, due to large variations in ex-
perimental designs among these individual-gene studies.
Third, a recentmicroarray-based study of the nematodeCae-
norhabditis elegans showed that transcriptome evolution is
significantly faster in laboratory mutation-accumulation
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strains than in naturally isolated strains (Denver et al. 2005).
Because the sizes of the laboratory populations are much
smaller than those of the wild populations, the observation
of Denver et al (2005) is best explained by purifying selec-
tion acting on expression divergence in nature. The rate of
expression divergence would have been similar between
laboratory and wild populations if gene expression were
not under any selection (Kimura 1983).

With these considerations, we reexamined the expres-
sion divergence between orthologous genes, based on the
oligonucleotide microarray data of human and mouse genes
generated by Su et al. (2004). Our choice of this data set is
not only because it (or its earlier version) has been used in
a number of evolutionary studies (Li 1997; Makova and Li
2003; Huminiecki andWolfe 2004; Yanai, Graur, andOphir
2004; Jordan, Marino-Ramirez, and Koonin 2005; Yang,
Su, and Li 2005) but also because this data set is one of
the largest for humans and mice, the expression divergence
between which is of special importance to the biomedical
community. Our analysis showed that there is a large error
in measuring gene expression using microarrays. When this
error is subtracted, the majority of orthologous genes show
significantly lower expression-profile divergence between
humans and mice than expected under neutrality.

Materials and Methods
Mapping Expression Data to Ensembl Genes

We used the Gene Atlas V2 microarray data set of
humans and mice (http://symatlas.gnf.org/). The data set
was generated by hybridization of RNA from 79 human
and 61 mouse tissues onto the designed Affymetrix micro-
array chips (humans: U133A/GNF1H; mice: GNF1M) (Su
et al. 2004). These human and mouse chips were designed
according to the annotated human and mouse genome
sequences, respectively. On a chip, each gene is represented
by one to several probe sets, each of which comprises 11
pairs of probes. Each pair of probes contains a 25mer oligo-
nucleotide probe that matches the genomic sequence per-
fectly and the second probe that is identical to the first
probe except for the middle nucleotide, which differs from
the genomic sequence. To assign the probe sets to their cor-
responding human ormouse genes, we aligned sequences of
each probe set to the Ensembl cDNA sequences (humans:
Homo_sapiens.NCBI35.feb.cdna.fa; mice: Mus_musculus.
NCBIM33.feb.cdna.fa; http://www.ensembl.org/) using
BlastN (http://www.ncbi.nlm.nih.gov/blast/) and retained
those probe sets in which all 16 matching probes perfectly
matched to the same Ensembl gene. A total of 25,368 probe
sets (75.3%) in the human chip corresponding to 16,456
genes and 18,005 probe sets (49.8%) in the mouse chip cor-
responding to 15,835 genes were used for further analysis.
The expression level detected by each probe set was
obtained as the signal intensity (S) computed by the MAS
5.0 algorithm (Hubbell, Liu, and Mei 2002). The S values
were averaged among replicates.

To compare our results with those of Yanai, Graur, and
Ophir (2004), we also analyzed the expression data set used
in their study, which is from Su et al. (2002). The results
obtained from the two data sets were consistent with each
other when the same method was used. We also used the

expressional values computed by the robust multiarray av-
eraging (RMA) (Bolstad et al. 2003; Irizarry et al. 2003). The
results obtained from MAS 5.0 and RMA algorithms were
similar. Thus, only the results derived from the data set Gene
Atlas V2 and calculated by MAS 5.0 are presented here.

Human-Mouse Orthologs

Homology information of human and mouse genes
was obtained from Ensembl EnsMart (http://www.ensembl.
org/Multi/martview) (Kasprzyk et al. 2004). There are sev-
eral homologous relationships between human and mouse
genes annotated by Ensembl. We only considered those
pairs of genes annotated as unique best reciprocal hit
(meaning that they were unique reciprocal best hits in
all-against-all BlastZ searches) as orthologous. A total of
10,607 pairs of human-mouse orthologs have expression
information from the microarray data we use. Among these
genes, 64.5% of human genes and 86.9% of mouse genes
were represented by a single probe set, while the others
have multiple probe sets on the chips. Affymetrix probes
with name suffixes _x_at and _s_at are believed to be prone
to cross-hybridization, compared to other probes (Affyme-
trix Technical Support, Data Analysis Fundamentals, Ap-
pendix B; http://www.affymetrix.com/) and have been
considered ‘‘suboptimal’’ (Huminiecki and Wolfe 2004;
Yang, Su, and Li 2005). But our analysis showed that
the quality of these probes is not worse than other probes
(see below). We therefore considered all probe sets equally.

The number of synonymous substitutions per synony-
mous site (dS) and the number of nonsynonymous substitu-
tions per nonsynonymous site (dN) between human and
mouseorthologswereretrievedformEnsemblEnsMart.Inthis
database, dS and dN were estimated by codeml of the PAML
package (Yang 1997) using the likelihood method.

Analysis of Gene Expression Data

For the purpose of studying the divergence of expres-
sion profiles between human-mouse orthologs, we analyzed
26 common tissues from the two species (see fig. 2 for the
tissues examined; note that mouse lower spinal cord was
used as the homologous tissue of human spinal cord).

For calculating the expressional divergence between
a pair of orthologous genes, the expression signal in humans
and that in mice must be comparable. Log2-transformed sig-
nal intensity (S) is commonly used to quantitatively measure
the level of gene expression. But it has intrinsic problems for
comparing expression data derived from different Affyme-
trix microarrays. First, probes are separately designed for
the human and mouse orthologous genes and do not target
the same sequences. Therefore, the human probes and
mouse probes have different affinities to their target RNAs
(Binder et al. 2004a, 2004b). Subsequent normalization pro-
cedures still depend on the properties of the microarray chip
and do notmake the expression signals of orthologous genes
from different chips comparable. This important technical
issue was apparently ignored in earlier evolutionary studies
(Yanai, Graur, and Ophir 2004; Jordan, Marino-Ramirez,
and Koonin 2005) as the authors directly compared S or
log2-transformed S values obtained from the human and
mouse chips. Second, because the S value detected by
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the microarray is approximately linear with the actual quan-
tity of target RNAwithin reasonable ranges of measurement
(Affymetrix 2001), log2-transformed S values tend to over-
estimate the difference between two low expressional val-
ues but underestimate the difference between two high
expressional values. For these two reasons, we used relative
abundance (RA) to measure the relative expression level
of a gene in a given tissue among the sampled tissues.
The RA for human or mouse gene i expressed in tissue j
is defined as

RAHði; jÞ5 SHði; jÞ=
Xn
j5 1

SHði; jÞ and

RAMði; jÞ5 SMði; jÞ=
Xn
j5 1

SMði; jÞ:
ð1Þ

Here, n is the number of common tissues considered and is
26 in this study. H indicates humans and M indicates mice.
SHði; jÞ and SMði; jÞ are the expression signal intensities of
gene i in human tissue j and mouse tissue j, respectively.
When the RMA algorithm was used to measure expression,
S was calculated by antilog of the default output value. It
should be noted that by using RAwe lose the information of
the absolute expression level in all tissues, but as aforemen-
tioned, the absolute expression levels of orthologs are prac-
tically incomparable.

The divergence between expression profiles of human
andmouse orthologous genes is measured by ‘‘1� Pearson’s
correlation coefficient (r)’’ and ‘‘Euclidean distance (d)’’
using the RA values of the 26 pairs of tissues. Pearson’s
r between human and mouse gene i is computed by
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Euclidean distance d between human and mouse gene i is
computed by

d5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
j5 1

½RAHði; jÞ � RAMði; jÞ�2:
s

ð3Þ

For those genes with more than one probe set, we randomly
pick one probe set to represent that gene while measuring
the expressional divergence of human-mouse orthologs.

Our analysis showed that different probe sets on the
same chip often give very different S values for a given gene
in a given tissue. This difference is most likely due to the
variation in affinity among probe sets for a given gene.
Let dH denote the Euclidean distance between the expres-

sion profiles estimated by two randomly picked probe
sets for the same human gene, dM denote the Euclidean
distance for the corresponding mouse gene, and d be the
Euclidean distance defined in equation (3). We estimate
the net distance (D) between human and mouse orthologous
genes by

D5 d � ðdH 1 dMÞ=2: ð4Þ

This procedure is analogous to the estimation of the net ge-
netic difference between two populations by subtracting the
genetic variation within populations from that between
populations (Nei 1987). D should be interpreted as the de-
tectable divergence in expression profile between an orthol-
ogous gene pair from humans and mice. A lower d than
(dH 1 dM)/2 indicates no detectable divergence under
the current technology; we therefore assume D 5 0. There
were 3,762 and 1,385 genes with multiple probe sets on the
human and mouse chip, respectively. The number of genes
with multiple probe sets in at least one species is 4,564.
These 4,564 genes were used to measure D. For a given
gene, when one of the two species has only one probe
set, we assumed dH 5 dM. Human and mouse genes in this
set of 4,564 orthologs were randomly paired to estimate the
neutral expectation of expression divergence between the
two species.

The tissue expression dendrograms were calculated
from the matrix of distances among tissues, which were es-
timated from the RA values of 10,607 gene pairs in humans
and mice. Pearson’s correlation coefficient between human
tissue j1 and mouse tissue j2 is computed by

rðhuman j1;mouse j2Þ
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Here,N is the total number of genes studied. The correlation
coefficient between tissue j1 and j2 of the same species, say
humans, can be computed by replacing M with H in the
above equation. Distance between two tissues is defined
as 1 � r. The dendrograms of tissues were derived from
the hierarchical clustering algorithm (Murtagh 1985) imple-
mented in R (http://www.r-project.org/). We generated
10,000 dendrograms by bootstrapping genes. For a gene
with more than one probe set, we randomly pick a probe
set whenever the gene is sampled. The final consensus tree
was constructed by MEGA3 (Kumar, Tamura, and Nei
2004). In addition to the distance 1 � r, we also used
the Euclidean distance to compute the distance of expres-
sion profiles between two tissues. That is, the Euclidean
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distance between human tissue j1 and mouse tissue j2 is
computed by

dðhuman j1;mouse j2Þ5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN
i5 1

½RAHði; j1Þ � RAMði; j2Þ�2:

s

ð6Þ
The distance between tissue j1 and j2 of the same species,
say humans, can be computed by replacingM with H in the
above equation.

Results and Discussion
The Mean Expression Divergence Between
Human-Mouse Orthologs Is Lower Than That
Between Random Gene Pairs

To study whether the expression profile is conserved
between human and mouse orthologous genes, it is neces-
sary to know the expected value of expression divergence
under complete neutrality. Ideally, this value should be
estimated using expressed pseudogenes. However, it is
unlikely that a functionless pseudogene generated be-
fore the separation of primates and rodents would still
be retained and expressed in humans and mice. Jordan,
Marino-Ramirez, and Koonin (2005) suggested that the
expected expression divergence under neutrality can be ap-
proximated by the expression difference between a ran-
domly picked human gene and a randomly picked mouse
gene. This suggestion was based on the assumption that
the expression similarity between human-mouse orthologs
has been completely lost under neutrality. Following this
logic, we compared expression divergence of orthologous
human and mouse genes with that of randomly paired hu-
man and mouse genes. Our data set included 10,607 orthol-
ogous gene pairs, each with expression information from 26
common tissues from the two species (see Materials and
Methods). For a gene of a species, the signal intensity
(S) values from all the tissues were transformed to the
RA values, which are the signal intensities in individual tis-
sues divided by the total signals in all the tissues considered
(see eq. 1 in Materials and Methods). The reason for using
RA, instead of S, is that the absolute expression signal is not
meaningful in the human-mouse comparison as different
microarrays were used for the two species. We then used
1 � Pearson’s correlation coefficient (r) to measure the di-
vergence of expression profile between species (see eq. 2 in
Materials and Methods). Note that r can vary between �1
and 1, thus the value of 1 � r ranges from 0 to 2. Higher r
means lower 1 � r and indicates smaller expression diver-
gence. For randomly paired human-mouse genes, the mean
r is 0.002 and the median r is �0.024 (fig. 1a). Hence, on
average, randomly paired human and mouse genes show no
expression similarity, as expected. For human and mouse
orthologous gene pairs, the mean r is 0.216 and the median
r is 0.165. Orthologous genes have significantly higher r
values than random gene pairs do (P , 10�280, Mann-
Whitney U test). Thus, the expression divergence between
human and mouse orthologous genes is on average lower
than expected under complete neutrality, suggesting that
expression evolution has been under purifying selection.
We also used another commonly used measure of expres-

sion divergence, Euclidean distance (d) (see eq. 3 in Mate-
rials and Methods), which is always positive. Higher
d indicates greater expression divergence. We found that
human-mouse orthologs have a mean d of 0.180 and a me-
dian d of 0.149 (fig. 1b). By contrast, human-mouse random
gene pairs have a mean d of 0.229 and a median d of 0.177
(fig. 1b). Again, expression divergence measured by Eu-
clidean distances is lower between orthologous gene pairs
than between random pairs (P, 10�151, Mann-Whitney U
test), consistent with the result obtained from the use of r.
These results support the findings of Yanai, Graur, and
Ophir (2004) and Jordan, Marino-Ramirez, and Koonin
(2005), although they used different data sets and/or differ-
ent ways of analysis. For example, Yanai, Graur, and Ophir
(2004) used an earlier version of the microarray data (Su
et al. 2002), which was considerably smaller than the ver-
sion used here. They also removed those genes with more
than one probe set on the chip. The number of orthologous
gene pairs they analyzed was only 1,350, compared with

FIG. 1.—Expression-profile divergences of orthologous genes and
randomly paired genes from humans and mice. A total of 10,607 orthol-
ogous gene pairs and 10,607 random gene pairs are analyzed. Expression
divergence is measured by (a) Pearson’s correlation coefficient r and (b)
Euclidean distance d. Both measurements show that the expression-profile
divergence of human-mouse orthologs is significantly lower than that of
random gene pairs (P, 10�280 for r and P, 10�151 for d; Mann-Whitney
U test).
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10,607 in our analysis. When multiple probe sets are avail-
able for a gene, Jordan, Marino-Ramirez, and Koonin
(2005) picked the probe set that showed the highest S, while
we randomly picked a probe set. Because it is unclear
whether the use of the probe set with the highest expression
signal introduces biases, our result should be less influenced
by such potential biases.

Errors in Measuring Gene Expression

Although the overall rate of transcriptome evolution
between humans and mice appears lower than the neutral
expectation, it is unclear what proportion of genes are under
purifying selection in their expression evolution and how
strong the selection is. To address this question, it is neces-
sary to evaluate the error in measuring gene expression by
microarrays. It is quite common that more than one probe set
is used to represent a gene on an oligonucleotidemicroarray.
Theoretically, if the same transcripts are targeted and if there
is no cross-hybridization, all probe sets designed for the
same gene should provide the same, or at least similar, ex-
pression signals. However, this is often not the case. For ex-
ample, there are two probe sets on the human chip and two
on themouse chip for the geneRUTBC1. The S aswell asRA

values obtained from the two probe sets on the same chip are
quite different even for the same tissues (fig. 2). In this ex-
ample, the r between the RA values generated from the two
mouse probe sets (0.23) is even lower than the average r be-
tween the RA values generated from a human probe set and
a mouse probe set (0.40). In other words, the apparent low r
between species is largely attributable to the estimation error
of gene expression within species. For many of the 3,762
genes with multiple probe sets on the human chip, the r val-
ues between the expression profiles generated by two ran-
domly picked probe sets of the same gene are much
lower than 1 (fig. 3a). In fact, r has a mean of 0.375 and

FIG. 2.—Expression profiles of the RUTBC1 gene in humans andmice
measured by the oligonucleotide microarrays. Two probe sets (#1:
212319_at; #2: 36129_at) were used on the human chip and two (#1:
gnf1m22384_at; #2: gnf1m28735_at) on the mouse chip. Note that none
of them are so-called suboptimal probe sets. (a) Signal intensity values. (b)
RA values. The expression-profile similarity measured by r is 0.744 and
0.229, respectively, between the two probe sets for the human gene and
between the two probe sets for the mouse gene. When the interspecific
divergence is estimated by comparing the expression profile measured
by a human probe set and that measured by amouse probe set, four possible
r values can be obtained with equal probability: 0.484, 0.449, 0.495 and
0.164. The mean of the four r values is 0.398. FIG. 3.—Expression-profile divergences within and between species.

Presented are the results obtained from 3,762 human genes and 1,385
mouse genes for which multiple probe sets per gene are available. Two
probe sets for each gene are randomly picked on a microarray to measure
the expression-profile divergence within species (i.e., variation due to es-
timation errors). Two probe sets, one from the human gene and the other
from the orthologous mouse gene, are picked to measure the between-
species divergence. The experiment is repeated five times. Within-species
divergences are denoted in dark gray for humans and black for mice, while
the between-species divergences are represented by light gray lines. The
expression-profile divergence is measured by (a) Pearson’s correlation co-
efficient r and (b) Euclidean distances d. Both measures show that within-
species expression divergences are significantly lower than between-
species divergences (when r is used, P , 10�115 for humans and P ,

10�5 for mice; when d is used, P , 10�100 for humans and P , 10�35

for mice; Mann-Whitney U test).
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a median of 0.368. There are 1,385 genes with multiple
probe sets on the mouse chip. The mean r is 0.277 and
the median r is 0.235 between the expression profiles gen-
erated by two randomly picked probe sets of the samemouse
gene (fig. 3a). These low r values show that the expression
level is not precisely measured by the microarrays. Rather,
there are large errors associated with the estimates. Similar
results were obtained when d was used to measure the dif-
ference between expression profiles detected by different
probe sets targeting the same gene (fig. 3b).

It is unclear what factors caused such a great variation
between expressional levels detected by different probe sets.
Affymetrix probes with name suffixes _x_at and _s_at are
thought to be prone to cross-hybridization, compared to
other probes, and have been considered suboptimal (Humi-
niecki and Wolfe 2004; Yang, Su, and Li 2005). Using the
human chip, we examined whether the high estimation error
is due to the inclusion of suboptimal probe sets. Let A be the
group of genes with multiple probe sets and B be the subset
of A that contain multiple ‘‘optimal’’ probe sets but no sub-
optimal probe sets. There are 3,762 genes in group A and
1,097 genes in group B. Assuming that suboptimal probes
are randomly distributed among genes, we expect that the
mean expression-profile similarity between two probe sets
of the same gene is higher for group B genes than for group
A genes. However, we observed the opposite pattern (Sup-
plementary Fig. S1, Supplementary Material online), sug-
gesting that the estimation error was not due to the
inclusion of suboptimal probe sets. We also compared the
average S of all 26 tissues generated by suboptimal probe
sets and the corresponding value generated by optimal probe
sets for each of the human geneswith at least one suboptimal
and at least one optimal probe sets. We found that 1,016
genes show higher mean S from suboptimal probe sets than
from optimal probe sets and that 1,187 genes exhibit the op-
posite pattern (P, 0.0003, chi-square test). Thus, although
suboptimal probe sets tend to show slightly lower signal in-

tensities than optimal probe sets do, the bias is small. Fur-
thermore, in the presence of cross-hybridization, it is unclear
whether our observation means that suboptimal probes are
less or more accurate than optimal probes. In sum, we found
no definite evidence that suboptimal probe sets performed
worse than optimal probe sets. Other possible sources of
the estimation error are cross-hybridization with products
of multiple genes, hybridization with different transcripts
of the same gene, variable hybridization affinities of differ-
ent probe sets, and stochastic background noise of themicro-
array. To address estimation errors, a variety of methods
have been employed, such as removing suboptimal probe
sets (Huminiecki and Wolfe 2004; Yang, Su, and Li
2005), discarding genes with multiple probe sets (Yanai,
Graur, and Ophir 2004), and selecting the probe set with
the highest expression level for each gene (Jordan et al.
2004; Jordan, Marino-Ramirez, and Koonin 2005). How-
ever, none of these strategies remove the estimation error.
First, as we have shown, eliminating suboptimal probe sets
does not reduce the estimation error. Second, removing
genes with multiple probe sets does not reduce the intrinsic
imprecision of individual probe sets. Finally, choosing the
highest signal may only alleviate the error slightly because it
is still unknown whether the quality of the highest signal
probe set on the human chip is comparable to that on the
mouse chip andwhether highest signalmeansmost accurate.

Expression Profiles of 84% of Human-Mouse
Orthologs Are Significantly Lower Than Expected
Under Neutrality

Despite the high estimation error shown in figure 3, the
expression differences between human and mouse ortho-
logs are higher than those detected by different probe sets
within species. This indicates that for many genes the ex-
pression profile is not completely conserved between the
two species. For estimating the proportion of human-mouse
orthologs that diverge significantly slower than expected
under neutrality, Euclidean distance d is preferred over 1
� r because the correlation coefficient r ignores any linear
changes which may exist between expression profiles. We
computed the net expression distance D between humans
and mice by subtracting the expression distance between
probe sets within species from the expression distance be-
tween species (see eq. 4 in Materials and Methods). This
procedure is analogous to the estimation of the net genetic
difference between populations by subtracting the variation
within populations (Nei 1987). D can be interpreted as the
detectable expression divergence given the estimation error.
Randomly paired human-mouse genes should have no ex-
pression similarity; thus, the Euclidean distances do not re-
quire correction. We found that d has a relatively wide
distribution for random gene pairs (fig. 4). Five percent
of d is smaller than d5% 5 0.0897. If the D value of a hu-
man-mouse orthologous gene pair is smaller than d5%, we
may claim that the expression divergence of this gene pair
has been under selective constraint because the probability
that the evolution has been neutral is lower than 5% (fig. 4).
Using this criterion, we found that the detectable expression
divergence of 83.9% of genes is significantly lower than ex-
pected under complete neutrality. A simple interpretation

FIG. 4.—Net distances (D) of expressional profiles between human
and mouse orthologs and Euclidean distances (d) of random human-
mouse gene pairs. The distribution of the random pairs represents the
neutral expectation of expressional divergences. The black area left to
the vertical dashed line (d5% 5 0.0089) shows the 5% smallest d values.
A total of 83.9% of 4,564 human-mouse orthologous genes have D
smaller than d5%, suggesting that the detectable expression-profile diver-
gence of 83.9% of genes is lower than the neutral expectation at the 5%
significance level.
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is that the expressions of these genes are under purifying
selection. However, our result may also reflect the large
estimation error of the current microarray technology
and consequently low detectable expression divergence
between species. More accurately, our findings suggest that
at least for 84% of genes the current data do not provide
evidence for neutrality. Note that this estimate was derived
from 4,564 orthologous gene pairs in which multiple probe
sets are available for at least one species so that the estima-
tion error could be evaluated. Under the assumption that the
probe design for a gene is independent of the rate of gene
expression evolution, our result is applicable to the entire
genome. We also computed the values of dH and dM by av-
eraging the Euclidean distances of all possible combinations
of probe sets of the same gene, instead of using two ran-
domly picked probe sets. The results are very similar (Sup-
plementary Fig. S2, Supplementary Material online).

Orthologous Tissues Between Species Are More
Similar Than Nonorthologous Tissues in Terms of
Expression Profile

It is expected that orthologous tissues between species
(e.g., human liver and mouse liver) should have similar ex-
pression profiles because they carry out similar physiolog-
ical functions. However, Yanai, Graur, and Ophir (2004)
showed that 16 pairs of human and mouse tissues were clus-
tered into two species-specific clades. They explained that
the dichotomy of human and mouse tissue expression in the
dendrogram is due to large numbers of changes in the ex-
pression programs and considered this pattern as evidence
for the neutral evolution of transcriptional profiles. To un-
derstand the exact cause of their findings, we regenerated
the tissue expression dendrograms. When we measured
the gene expression level by the normalized RMA default
output or log2 MAS 5.0 signal intensity as Yanai, Graur,
and Ophir (2004) did, we reproduced their dendrogram that
showed the separate clustering of human and mouse tissues.
However, a complete different dendrogram is produced
when RA is used. Now most of the human-mouse ortholo-
gous tissues cluster, with bootstrap values higher than 95%
(fig. 5). Similar results were obtained when either 1� r (fig.
5a) or d (fig. 5b) was used to measure the expression dis-
tance between tissues (eqs. 5 and 6 in Materials and Meth-
ods) or when a smaller microarray data set (Su et al. 2002)
was used. Because our results are more consistent with the
expectation, we believe that the previous observation by
Yanai, Graur, and Ophir (2004) was due to inappropriate
data processing. In particular, ignoring the systematic bias
caused by the use of two different oligonucleotide arrays
and direct comparison of S (or log-transformed S) between
species was the major problem (see Materials and Meth-
ods). Irrespective of the distance measure used, some non-
orthologous species-specific tissue clusters remain in our
dendrograms with relatively high bootstrap percentages
(fig. 5). For example, amygdala, hypothalamus, and spinal
cord of the same species cluster together. Whether this phe-
nomenon is owing to simultaneously rapid evolution of the
genes coexpressed in these regions or other reasons requires
further investigation.

Correlation Between the Rate of Expression-Profile
Divergence and That of Coding Sequence Divergence

It has been controversial as whether there is a positive
correlation between the rate of expression evolution and the
rate of coding sequence evolution acrossmany genes in a ge-
nome. In earlier studies, this question was addressed by
comparing duplicate genes within species (Wagner 2000;
Gu et al. 2002; Makova and Li 2003). However, such anal-
ysis can only test whether the expression divergence and se-
quence divergence between two homologous genes are
correlated but cannot test whether the rates of the two diver-
gences are correlated. The latter question can be answered
only when orthologous genes between two species are com-
pared. Recent studies using human-mouse orthologs, how-
ever, do not find such a correlation (Jordan et al. 2004;
Yanai, Graur, and Ophir 2004; Jordan, Marino-Ramirez,
and Koonin 2005). In contrast, we found significantly pos-
itive correlations between d and coding sequence diver-
gence in terms of dS (Pearson’s correlation coefficient 5
0.119, P , 10�32; fig. 6a) or dN (Pearson’s correlation
coefficient 5 0.187, P , 10�80; fig. 6b). Because all the
human-mouse orthologous gene pairs have the same diver-
gence time, these results show that the rate of gene expres-
sion–profile divergence and the rate of coding sequence
divergence at both the synonymous and nonsynonymous
sites are positively correlated. In other words, proteins with
low rates of sequence evolution also tend to have low rates
of expression-profile evolution.We also observed that d and
dN/dS are positively correlated (Pearson’s correlation coef-
ficient5 0.152, P, 10�52; fig. 6c). In our data set, there is
virtually no correlation between dN/dS and dS (Pearson’s
correlation coefficient 5 0.023, P 5 0.02), contrary to
the observation of a high positive correlation in a recent
analysis of 3,561 human-mouse orthologous gene pairs
(Wyckoff et al. 2005). Thus, dN/dS is a reliable measure
of the strength of purifying selection acting on coding se-
quences. The correlation between d and dN/dS suggests that
the level of purifying selection preventing protein sequence
divergence is positively correlated with the level of purify-
ing selection preventing expression-profile divergence. We
think that this correlation arises becausewhen a gene is func-
tionally important, both its protein sequence and expression
profile tend to be more conserved, compared to the situation
when the gene is less important. It should be pointed out that
although the correlations we detected are highly significant,
the magnitudes of the correlations are low. This is not un-
expected as both the rate of sequence evolution and that of
expression-profile evolution are determined bymultiple fac-
tors, and the estimated rate of expression-profile evolution
has large errors. A recent study of humans and chimpanzees
suggested that the rate of gene sequence evolution and the
rate of expression-level evolution may also be positively
correlated (Khaitovich et al. 2005).

We believe that the main reason why the positive cor-
relation between expression-profile divergence and coding
sequence divergence was not previously observed in
the comparison of human and mouse orthologous genes
(Yanai, Graur, and Ophir 2004; Jordan, Marino-Ramirez,
and Koonin 2005) is because S (or the log-transformed
S) was used, instead of RA, in the estimation of d. However,
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the observed difference in the absolute level of gene expres-
sion between species is not meaningful due to the use of
species-specific microarrays. Therefore, inclusion of this
difference in computing d substantially increases the noise.
Furthermore, highly expressed genes tend to be more
conserved at the coding sequence level (Pal, Papp, and
Hurst 2001; Rocha and Danchin 2004; Jordan, Marino-
Ramirez, and Koonin 2005; Zhang and He 2005). They also
tend to have high d when it is computed using S (Jordan,
Marino-Ramirez, and Koonin 2005). Together, these fac-
tors dramatically reduce the positive correlation between
d and coding sequence divergence. This problem is rectified
when d is computed by RA.

As mentioned, 1� r and d are commonly used to mea-
sure gene expression divergence. Compared to d, 1 � r is
more often adopted by evolutionists, such as in the studies
of duplicated genes in yeast (Wagner 2000; Gu et al. 2002),

nematode (Castillo-Davis, Hartl, and Achaz 2004; Conant
and Wagner 2004), humans (Makova and Li 2003; Humi-
niecki and Wolfe 2004), mice (Huminiecki and Wolfe
2004), and mustard (Haberer et al. 2004). However, d re-
portedly performs better (Slonim et al. 2000) and has been
used to compare orthologous genes (Yanai, Graur, and
Ophir 2004; Jordan, Marino-Ramirez, and Koonin 2005)
and to cluster coexpressed genes (Wen et al. 1998; de
Bivort, Huang, and Bar-Yam 2004). To our surprise, we
did not observe positive correlations between 1 � r and
either dN, dS, or dN/dS. But this result is consistent with
that of Jordan et al. (2004), although they used Spearman’s
rank correlation instead of Pearson’s correlation (r) to mea-
sure the human-mouse expression-profile similarity. One
may think that the expression divergences measured by
d and 1 � r should be positively correlated. However,
the mathematical properties of d and 1 � r are different.

FIG. 5.—Dendrograms of 26 human and 26 mouse tissues based on (a) 1� Pearson’s correlation coefficient r and (b) Euclidian distance d of tissues.
The consensus trees from 10,000 bootstrap trees are presented, with the support values (bootstrap percentages) shown on branches. Interior branches with
support values lower than 40 are collapsed.
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For example, any linear transformations of S do not affect r,
while they may influence d. In addition, 1 � r is bounded
between 0 and 2, whereas d can increase infinitely. In our
data, 1� r and d have a weak, but significant, negative cor-

relation (Supplementary Fig. S3, Supplementary Material
online). Although both measures are commonly used,
which better describes the expression divergence between
orthologous genes remains unanswered. It is possible that
the advantages of these two measures vary depending on
the conditions used. It is also important to note that neither
1 � r nor d measures the number of genetic changes (i.e.,
number of nucleotide substitutions) underlying the ob-
served expression-profile divergence. Because the molecu-
lar mechanism of gene expression regulation is complex
and not well understood, no distance measures currently ex-
ist to quantify the genetic changes underlying expression-
profile divergence (Leung and Cavalieri 2003).

Final Remarks

There are two ways to compare the transcriptomes of
two species using DNA oligonucleotide microarrays. The
first approach is to use a single array to detect gene expres-
sion in multiple species, while the second approach is to use
species-specific arrays. Using a single array is only appli-
cable to closely related species and is subject to biases
caused by interspecific sequence differences (Hsieh et al.
2003; Preuss et al. 2004; Gilad et al. 2005). Using multiple
species-specific arrays is applicable to any species pairs, but
we found that the expression divergence between species is
substantially overestimated. This overestimation results
from the large variation in sensitivity among different probe
sets. Thus, precise measurement of expression divergence
between species is still a challenging task. cDNA micro-
arrays have also been used to assess the expression
divergence between species (Ranz et al. 2003; Renn,
Aubin-Horth, and Hofmann 2004). Our method of analysis
(e.g., use of RA instead of S) applies to cDNA array data as
well. We think that advances in both microarray technology
and statistical methodology are needed to better character-
ize the evolution of gene expression, which is central to our
understanding of the mechanism of biological evolution
(Rodriguez-Trelles, Tarrio, and Ayala 2005).

Supplementary Material

Supplementary Figures S1, S2, and S3 are available at
Molecular Biology and Evolution online (http://www.mbe.
oxfordjournals.org/).

Figure S1.—Pairwise comparison of expression pro-
files of two probe sets of the same human genes. The
3,762 genes in group B contain both optimal and subopti-
mal probe sets, whereas the 1,097 genes in group B contain
only optimal probe sets. The distributions show that the ex-
pression profiles detected by two probe sets of the same
gene are more similar for group A genes than for group
B genes (P , 10�27, Mann-Whitney U test), implying that
suboptimal probe sets produce more consistent expres-
sional profiles than optimal probe sets.

Figure S2.—Net distances (D) of expressional profiles
between human and mouse orthologs and Euclidean distan-
ces (d) of random human-mouse gene pairs. The distribu-
tion of the random pairs represents the neutral expectation
of expressional divergences. The black area left to the ver-
tical dashed line (d5% 5 0.0899) shows the 5% smallest

FIG. 6.—Expression-profile divergence between species, measured by
the Euclidean distance d, is positively correlated with the coding sequence
divergence measured by (a) synonymous distance dS, (b) nonsynonymous
distance dN, and (c) dN/dS. Averaged (6standard error) dS, dN, or dN/dS is
shown for each group of orthologs categorized by d. The number of hu-
man-mouse orthologous gene pairs per category is 1,689, 5,739, 1,670,
544, and 494, respectively, for the five categories.
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d values. A total of 86.6% of 4,564 human-mouse orthol-
ogous genes have D smaller than d5%, suggesting that the
detectable expression-profile divergence of 86.6% of genes
is lower than the neutral expectation at the 5% significance
level. In this figure, we computed the values of dH and dM
by averaging the Euclidean distances of all possible
combinations of probe sets of the same gene, instead of
using two randomly picked probe sets as in figure 4.

Figure S3.—Correlation between two measures of ex-
pression divergence between human-mouse orthologous
genes. A total of 10,607 pairs of orthologs are used.
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