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ABSTRACT

The correlation coefficient is commonly used as a measure of the divergence of gene expression profiles
between different species. Here we point out a potential problem with this statistic: if measurement error is
large relative to the differences in expression, the correlation coefficient will tend to show high divergence
for genes that have relatively uniform levels of expression across tissues or time points. We show that genes
with a conserved uniform pattern of expression have significantly higher levels of expression divergence,
when measured using the correlation coefficient, than other genes, in a data set from mouse, rat, and
human. We also show that the Euclidean distance yields low estimates of expression divergence for genes

with a conserved uniform pattern of expression.

T is now possible to measure the expression levels of
thousands of genes in multiple tissues at multiple
times. This has led to investigations into the evolution
of gene expression and how the pattern of expression
changes on a genomic scale. In some analyses, the
evolution of expression is considered only within one
tissue, but in many studies the evolution across multiple
tissues is investigated. In this latter case, the evolution
of an expression profile—a vector of expression levels
of a gene across several tissues—is considered.

Several different statistics have been proposed to
measure the divergence between gene expression
profiles. The two most popular measures are the
Euclidean distance (JORDAN et al. 2005; Kim et al
2006; YANAT et al. 2006; UrRrUTIA et al. 2008) and
Pearson’s correlation coefficient (Makova and Li
2003; HumiNIECKI and WOLFE 2004; YANG et al. 2005;
Kim et al. 2006; L1ao and ZHANG 2006a,b; XING et al.
2007; URRUTIA ¢f al. 2008). The correlation coefficient
is often subtracted from one, so that the statistic varies
from zero, when there has been no expression di-
vergence, to a maximum of two; we refer to this statistic
as the Pearson distance. Here we describe a significant
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shortcoming of the Pearson distance that is not shared
by the Euclidean distance.

To investigate properties of these two measures of
expression divergence, we compiled a data set of 2859
orthologous genes from human, mouse, and rat for
which we had microarray expression data from nine
homologous tissues: bone marrow, heart, kidney, large
intestine, pituitary, skeletal muscle, small intestine,
spleen, and thymus). The expression data for rat came
from WALKER et al. (2004), the mouse data from Su et al.
(2004), and the human data from GE et al. (2005). Each
tissue experiment had two replicates in mouse, a varying
number of replicates in rat, and one in humans; some
genes were also matched by multiple probe sets. To
obtain an average across experiments and probe sets we
processed the data as follows:

i. Raw CEL files of gene expression levels were obtained
from the NCBI Gene Expression Omnibus database
(http://www.ncbi.nlm.nih.gov/projects/geo/).

ii. The results from the mouse, rat, and human arrays
were normalized separately using both the MAS5
(ArrymMETRIX 2001) and the RMA algorithms
(IR1ZARRY et al. 2003) as implemented in Bioconduc-
tor (GENTLEMAN et al. 2004). The results are qualita-
tively similar for the two normalization procedures,
although recent analyses suggest that MAS5 normal-
ization is generally better (PLONER et al. 2005; Lim
et al. 2007).

iii. The expression of each gene within a tissue was
averaged across experiments and probe sets.
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We computed expression distances (ED) between
orthologous gene expression profiles, for each of the
three species comparisons, rat-mouse, rat-human, and
mouse—human, according to the two different distance
metrics, the Euclidean distance and the Pearson distance:
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Here x; is the expression level of the gene under
consideration in species i in tissue j, and X; is the
average expression level of the gene in species i across
tissues. Expression levels are known in a total of £ tissues.

Because expression levels are measured on different
microarray platforms in the three species, we compute
relative abundance (RA) values, before calculating the
Euclidean distance (LL1ao and ZHANG 2006a). The RA is
the expression of a gene in a particular tissue divided by
the sum of the expression values of that gene across all
tissues. We calculated RA values to remove “probe” effects
(the tendency for a gene to bind its probe set on one
platform more efficiently than on another platform).
Because of probe effects it is not easy to distinguish
absolute changes in expression and differences in bind-
ing efficiency. Calculating RA values removes this
problem from the Euclidean distance. Pearson’s distance
does not change under such a rescaling and so this is
unnecessary.

In some analyses the logarithm of the expression or RA
values are used (e.g., Makova and L1 2003; KiMm et al. 2006;
XING et al. 2007), and in others the expression values are
used without this transformation (e.g., HUMINIECKI and
WoLrE 2004; JORDAN el al. 2005; YANG et al. 2005; Liao
and ZHANG 2006a,b; YANAT et al. 2006; URRUTIA el al.
2008). We calculated both the Pearson and the Euclidean
distances on log-transformed and untransformed expres-
sion values. The results are qualitatively similar so here we
present only the results obtained using the logarithm of
the expression or RA values.

It is natural to expect the two measures of expression
divergence to be positively correlated with one another;
however, the Euclidean and Pearson distances are
almost completely uncorrelated (MAS5 normalization,
mouse-rat correlation coefficient = 0.06, human-rat r=
0.13, human-mouse r = 0.10; RMA normalization,
mouse-rat correlation coefficient = —0.12, human-rat
r = —0.00, human-mouse r = —0.08; Figure 1). This
could, plausibly, be because the two statistics measure
different aspects of divergence. However, irrespective of
this, there is a potential problem associated with the
Pearson distance. Imagine that we have a gene that is
expressed at identical levels in all tissues in two species
(i.e., expression levels are uniform between tissues and
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Ficure 1.—The correlation between the Euclidean and
Pearson distances for (a) mouse-rat, (b) human-rat, and
(c) human-mouse. Only the results from MAS5 normaliza-
tion are shown; qualitatively similar results were obtained with
RMA.
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TABLE 1

The median expression divergence for genes that have a conserved uniform pattern of expression
(upper quartile of mean entropy values) vs. all other genes

Conserved uniform

Wilcoxon test

Data set Statistic genes Other genes Pvalue
MASDS5 normalization
Mouse-rat Euclidean 1.66 2.79 <10°'®
Pearson 0.70 0.47 <10°*°
Human-mouse Euclidean 1.67 3.13 <10~
Pearson 0.78 0.58 <10-1°
Human-rat Euclidean 1.83 3.21 <10-*°
Pearson 0.78 0.58 <10-1°
RMA normalization
Mouse-rat Euclidean 0.59 1.40 <10°1°
Pearson 0.82 0.38 <10-'°
Human-mouse Euclidean 0.59 1.58 <10°'®
Pearson 0.81 0.48 <10-*°
Human-rat Euclidean 0.58 1.55 <10~
Pearson 0.73 0.50 <10°1°

also between species). We quite reasonably assume that
measured expression levels contain noise. Thus each
measured expression level (x;) is the sum of the (as-
sumed) uniform expression level and an independent
random number representing noise. In this case there is
no real divergence in the expression profile between the
species. However, the two measures of divergence may
differ greatly in this case. The Euclidean distance re-
flects only the noise presentin the dataand hence will be
small if the noise is small. By contrast, the Pearson
distance will have a value close to 1 since the second term
in PeaD in Equation 1 will be close to zero, reflecting the
fact that the noise components of different expression
levels are independent. Thus the Pearson distance will
give the impression that expression divergence is great,
but all this apparent divergence is noise. This will be a
problem with Pearson’s distance whenever measure-
ment error is of the same magnitude as the differencesin
expression between tissues. This will therefore tend to
be a problem for lowly expressed genes, where measure-
ment error can be large relative to the true value.

The above example is unrealistic because real gene
expression profiles are rarely perfectly uniform. To
investigate whether this shortcoming of the Pearson
distance is a problem in real data sets, we determined
genes with a relatively uniform pattern of expression in
all three species considered above. To do this we
computed the entropy of a gene’s expression, which is a
measure of uniformity in expression across tissues
(ScHUG et al. 2005): the higher the value of the entropy,
the more uniform is the expression. We calculated the
entropy for each gene in each of the three species,
averaged these across species, and then took those
genes in the upper quartile of mean entropy values as
a data set of genes with a relatively conserved pattern of
uniform expression.

It is natural to expect those genes with a conserved
uniform pattern of expression to have relatively low
expression divergence; however, on average these genes
have significantly higher Pearson distances than other
genes (Table 1; Figure 2; supporting information,
Figure S1 and Figure S2). By contrast, the Euclidean

F1Gure 2.—The distribution of expression di-
vergence values for those genes with a uniform
pattern of expression that is conserved across
species wvs. the distribution for all genes for
(a) Pearson and (b) FEuclidean distances
for mouse-rat. We present similar values for
human-mouse and human-rat in Figure SI
and Figure S2. Only the results from MAS5 nor-
malization are shown; qualitatively similar results
were obtained with RMA.
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distance shows the pattern one would anticipate; all of
the conserved uniform genes have low expression
divergence. It therefore seems likely that the Pearson
distance is sensitive to measurement error and hence
may not be a good measure of expression divergence.

We note that there are two additional advantages of
the Euclidean distance. First, it can take into account
differences in the absolute level of expression if those
data are available, either because the method of assay
allows this, for example, if ESTs, SAGE, sequencing, or
RNA-Seq data are used, or because expression in the two
species has been assessed on the same platform using
probes that are conserved between the two species.
Second, the square of the Euclidean distance is ex-
pected to increase linearly with time. KHATTOVICH et al.
(2004) have previously shown that the squared differ-
ence in log expression level increases linearly with time
under a Brownian motion model of gene expression
evolution. It is therefore expected that the squared
Euclidean distance will increase with time since the
squared Euclidean distance is the sum of the squared
differences across tissues. We prove this in File S1; we
also show that this linearity holds, approximately, when
relative abundance values are used (see also PEREIRA
et al. 2009).

We are grateful to a referee for helpful comments. V.P. and A.E.W.
were supported by the Biotechnology and Biological Sciences Re-
search Council.
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FILE S1

A problem with the correlation coefficient as a measure of gene
expression divergence.

Vini Pereira, David Waxman & Adam Eyre-Walker

In this supplementary information we establish two results under a ran-
dom walk model of gene expression from an ancestral state. (i) The square
of the Euclidean distance of gene expression profiles increase linearly with
time. (ii) The Euclidean distance of the relative abundance values of a gene
approzimately increases linearly with time. (The relative abundance value of
a gene in a tissue is its expression level in that tissue divided by the sum of
its expression values over all tissues).

We consider evolution of gene expression levels of a number of different
genes in k tissues. Let z; denote the expression level of a particular gene,
in a particular species, in tissue j. We collect these expression levels into
a vector (z1, T, ..., o)) representing the expression level of the gene in all &
tissues and refer to this vector as the expression level profile of the gene.

We make the assumption that the expression levels of different genes, in
different tissues, are the outcome of independent multiplicative random walks
from an ancestral expression level. The ancestor is taken to occur at time
t = 0 and the expression level of a particular gene in tissue j in the ancestor
is written z;(0). The corresponding gene expression level after ¢ generations
is z;(t) = fifi—1...fof12;(0) where the factors f; are independent random
variables, where log f, is normal with mean 0 and variance o; (i.e., the f; are
log-normal random variables). The vanishing mean of log fj corresponds to
frand f~ ! being equally likely, so genes are equally likely to be up or down
regulated by the same factor. We explicitly allow the variance of log fi to
depend on tissue type (i.e., on j).

Since a sum of independent normal random variables is also normal, it
follows that logz;(t) is a normal random variable with mean logz;(0) and
variance (szt and we can write log x;(¢) = log 2;(0) + 0;1/tZ; or equivalently
z;(t) = x;(0)exp (0;vtZ;), where here and elsewhere, Z’s with different
labels are independent and identically distributed normal random variables
with mean zero and variance unity.

Note that the ancestral expression values (the x;(0)), for different genes
and different tissues generally take different values.

Results for unscaled expression profiles
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We consider the expression level of a given gene in different tissues. The
log expression-level profile of the gene is

L(t) =/+ \/£(0'1Z1, O'QZQ, vy O'ka)

Here ¢ = (logz1(0),log x2(0), ...,log z(0)) is the log expression-level of the
gene in the common ancester which exists at time ¢ = 0. The divergence
of expression level profile from the ancestral value of the gene is L(t) — ¢ =
Vt(01Z1,057, ...,047;) and this has an expected value of zero: E [L(t) — ¢] =
0. The “branch length” associated with the expression level of the gene is the
squared Euclidean length ||L(t) — ¢||* = tZ?Zl (0,)° (Z;)?. This evidently
increases linearly with time, as does its expected value: E[|L(t) — ¢|°] =

tZ§:1 (Uj)z-

Scaled profiles

Let us now consider scaled data. The data is scaled (normalised) such
that for a given gene, the sum of the normalised expression levels over all
tissues is unity. The normalised expression profile for a given gene is thus

o zi(D)
[>Ty v

and this satisfies 2521 7v;(t) = 1. In terms of the Z’s, we have

z;(0) exp (ajﬁZj)

,yj (t) - Zf:l SC[(O) exp (JlﬁZl) -

Taking logs yields

Li(t) S In[(8)] = Vio; Z; + £(1)

where
06 € 1y, (0)] - In [Z; w(0)exp (1vi7)] . (3)

We take the L;(t) for a given gene to constitute elements of a row vector L
and similarly the ¢;(t) constitute elements of a row vector £(t). Then

L(t) = Vt(0121,00 25, ..., 01.71) + £(1) (4)

is the log transformed, normalised expression profile of a given gene at time
t. The change in this quantity from the ancestral value is

L(t) — L(0) = Vt(0124,00Z,, ..., 0uZ;) + £(t) — £(0) (5)

3 SI
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The last term on the right hand side of Eq. (3) complicates matters. We
make an approximation, assuming that for all tissues

U?t < 1. (6)

This condition corresponds to changes in expression levels between extant
species and the common ancestor being typically small. Then

6 = ()] =1 Y (0 (1+ vz
= In[7;(0)] — In (1 + Z; 71(0)01\/1?21)

k
~ In [v;(0)] — ﬂzlzl (0)01Z) (7)
with corrections of order %t. Then
k
Lit) = L;0) = VE (02, = > wl0)aiz) (8)

This has an expected value that vanishes to leading order in vo?t and a
2
squared Euclidean length of ||L(t) — L(0)||* ~ ¢ (aij -3, %(O)UZZl>

which is linear in 0t to leading order and which has an expectation of

E[|L(t) — L(0)||*] ~ tzk: E [(ajzj - Z; 71(0)0121)1

=t Z o2 [1 = 29;(0) + kv3(0)] . (9)
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FIGURE S1.—The distribution of expression divergence values for those genes with a uniform pattern expression that this
is conserved across species, versus the distribution for all genes for (a) Pearson and (b) Euclidean distances for human-mouse.
Only the results from MAS5 normalization are shown; qualitatively similar results were obtained with RMA.
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FIGURE S2.—The distribution of expression divergence values for those genes with a uniform pattern expression that this is
conserved across species, versus the distribution for all genes for (a) Pearson and (b) Euclidean distances for human-rat. Only
the results from MAS) normalization are shown; qualitatively similar results were obtained with RMA.



