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Abstract

Microarrays allow researchers to interrogate thou-
sands of genes simultaneously. A crucial step in data
analysis is the selection of subsets of interesting genes
from the initial set of genes. In many cases, espe-
cially when comparing genes expressed in a specific
condition to a reference condition, the genes of inter-
est are those which are differentially regulated. This
paper focuses on the methods currently available for
the selection of such genes. Fold-change, unusual ra-
tio, univariate testing with correction for multiple ex-
periments, ANOVA and noise sampling methods are
presented and compared to each other.

Keywords: fold change, unusual ratio, ANOVA,
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1 Introduction

DNA microarrays are used as a very effective method
to interrogate hundreds or thousands of genes simul-
taneously [1]. In many cases, the purpose is to com-
pare the gene expression levels in two different spec-
imens. In most cases, one sample is considered the
reference or control and the other one is considered
the experiment. Obvious examples include compar-
ing healthy vs. disease or treated vs. untreated tis-
sues. Sample comparison may be done using differ-
ent arrays (eg. oligonucleotide arrays) or multiple
channels on the same array (eg. ¢cDNA arrays). In
all such comparative studies, a very important prob-
lem is to determine those genes that are differentially
expressed in the two samples compared. Although
simple in principle, this problem becomes compli-
cated in reality because the measured intensity values
are affected by numerous sources of fluctuation and

noise [2, 3, 4]. For spotted cDNA arrays, there is
a non-negligible probability (about 5%) that the hy-
bridization of any single spot containing complemen-
tary DNA will not reflect the presence of the mRNA
or that a single spot will provide a signal even if the
mRNA is not present (about 10%) [5]).

The Affymetrix technology tries to respond to the
challenge of a poor reliability for single hybridiza-
tions by representing a gene through a set of probes.
The probes correspond to short oligonucleotide se-
quences thought to be representative for the given
gene. Each oligonucleotide sequence is represented
by two probes: one with the exact sequence of the
chosen fragment of the gene (perfect match or PM)
and one with a mismatch nucleotide in the middle
of the fragment (mismatch or MM). For each gene,
the value that is usually taken as representative for
the expression level of the gene is the average differ-
ence between PM and MM (see Fig. 1). In principle,
this value is expected to be positive because the hy-
bridization of the PM is expected to be stronger than
the hybridization of the MM. However, many factors
including non-specific hybridizations and a less than
optimal choice of the oligonucleotide sequences rep-
resentative for the gene may determine a MM hy-
bridization stronger than the PM hybridization for
some probes. In this case, the calculated average dif-
ference may be negative. Such negative values intro-
duce noise in the data set and make the gene selection
task difficult even for Affymetrix data.

In this context, distinguishing between genes that
are truly differentially regulated and genes that are
simply affected by noise becomes a real challenge.
All methods discussed here are completely indepen-
dent of the technology used to obtained the data (e.g.
cDNA or Affymetrix). The only difference between
the different types of data is the pre-processing. The
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Figure 1: The principle of the Affymetrix technol-
ogy. The probes correspond to short oligonucleotide
sequences thought to be representative for the given
gene. Each oligonucleotide sequence is represented
by two probes: one with the exact sequence of the
chosen fragment of the gene (perfect match or PM)
and one with a mismatch nucleotide in the middle of
the fragment (mismatch or MM). For each gene, the
value that is usually taken as representative for the
expression level of the gene is the average difference
between PM and MM.
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Affymetrix data will be pre-processed by combining
the fluorescence levels of individual probes between
match and mismatch to yield average differences and
expression calls (present, absent, marginal, etc.). The
cDNA data is usually processed by subtracting the
background from the fluorescence values of the spots.
Furthermore, when data from different arrays are
compared, such comparison must be first made mean-
ingful by bringing the arrays at comparable levels of
intensity. This is usually done by some global nor-
malization such as dividing the values on each array
by their mean over the whole array. Finally, in most
cases, one would like to apply a log transform in or-
der to improve the characteristics of the distribution
of expression values.

In the following, we will exemplify several meth-
ods using the very simple example of a comparison
between two conditions: experiment and control.

1.1 Fold change

The simplest and most intuitive approach to finding
the genes that are differentially regulated is to con-
sider their fold change between control and experi-
ment. Typically, a difference is considered as signifi-
cant if it is at least 2 or 3 fold [6, 7, 8, 9, 10, 11, 12].
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Sometimes, this selection method is used in paral-
lel on expression estimates provided by several tech-
niques such as radioactive and fluorescent labelling
[13]. A convenient way to select by fold change is to
calculate the ratio between the two expression lev-
els for each gene. Such ratios can be plotted as a
histogram (Fig. 2).

Typically for an experiment involving many genes,
most genes will not change. Thus, the experi-
ment/control ratio of most genes will be grouped
around 1 and their logs will be grouped around 0.
The horizontal axis of such a plot is graded in units
reflecting the log fold change so selecting differentially
regulated genes can be simply done by setting thresh-
olds on this axis and selecting the genes outside such
thresholds. For instance, in order to select genes that
have a fold change of 4, one would set the thresholds
at +/ — 2 (assuming the log was taken in base 2). If
the log expression levels in the experiment are plot-
ted against the log expression levels in control in a
scatterplot (see Fig. 3), the genes selected will be at
a distance of at least 2 from the diagonal that cor-
responds to the expression being the same in control
and experiment.

The fold change method is often used because it
is simple and intuitive. However, the method has
important disadvantages. The most important draw-
back is that the fold threshold is chosen arbitrarily
and may often be inappropriate. For instance, if one
is selecting genes with at least 2 fold change and the
condition under study does not affect any genes to
the point of inducing a 2 fold change, no genes will be
selected resulting in zero sensitivity. Reciprocally, if
the condition is such that many genes change dramat-
ically (or if the threshold is lowered), the method will
select too many genes and will have a low specificity.
In this respect, the fold change method is nothing
but a blind guess. Another important disadvantage
is related to the fact that the microarray technology
tends to have a bad signal /noise ratio for genes with
low expression levels. On a scatterplot this is illus-
trated by the funnel shape of the distribution (see
yellow curves 2 in Fig. 3) determined by a large vari-
ance of the values measured at the low end of the
scale (to the left) and a low variance of values mea-
sured at the high end of the scale (to the right). A
gene that is closer to the diagonal at a high expres-
sion level might be more reliable than a gene that is a
bit further from the diagonal at a low level. Since the
fold change uses a constant threshold for all genes, it
will introduce false positives at the low end thus re-
ducing the specificity, while missing true positives at
the high end and thus reducing the sensitivity.
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Figure 2: Experiment-control ratios can be plotted
in a histogram showing the number of genes (verti-
cal axis) for every ratio value (horizontal axis). The
horizontal axis is graded in fold change units. Select-
ing differentially regulated genes based on fold change
corresponds to setting thresholds at the desired min-
imum fold change and selecting the genes in the tails
of the histogram (blue areas).
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Figure 3: A scatterplot representing the experiment
values plotted against the control values. Unchanged
genes will appear on the diagonal as the two values
are similar. Selecting genes with a minimum fold
change is equivalent to setting linear boundaries par-
allel to the y=x diagonal at a distance from it equal
to the minimum fold change requested (1). A better
selection would be achieved with non-linear bound-
aries that adapt to the increased noise variance at
low intensities (2).
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1.2 Unusual ratio

The second widely used selection method involves se-
lecting the genes for which the ratio of the experi-
ment and control values is a certain distance from
the mean experiment/control ratio [14]. Typically,
this distance is taken to be +/-2 standard devia-
tions. In other words, the genes selected as being
differentially regulated will be those genes having an
experiment/control ratio at least 2 standard devia-
tions away from the mean experiment/control ratio.
In practice, this can be achieved very simply by ap-
plying a z-transform to the log ratio values. The z-
transform essentially subtracts the mean and divides
by the standard deviation. In consequence, a his-
togram of the transformed values will still be cen-
tered around 0 (most genes will still have a ratio of 1
corresponding to a log ratio of 0) but the horizontal
axis will be graded in units of standard deviation (see
Fig. 4). Thus, setting thresholds at +/-2 will corre-
spond to selecting those genes which have an unusual
ratio, situated at least 2 standard deviations away
from the mean ratio.

This method is superior to the fold change method
while still simple and intuitive. The advantage of
the unusual ratio method is that it will automatically
adjust the cut-off threshold even if the number of
genes regulated and the amount of regulation vary
considerably. Thus, the unusual ratio method uses
thresholds on how different the experiment/control
ratio of a gene is with respect to the mean of all such
ratios instead of thresholds on the values of the ratios
themselves. No matter how many genes are regulated
and no matter by how much, this method will always
pick the genes that are affected most. In particular, if
the ratio distribution is close to a normal distribution
and the thresholds are set at +/-2 standard deviation,
this method will select the 5% most regulated genes.

However, the unusual ratio method still has impor-
tant intrinsic drawbacks. Thus, the method will re-
port as differentially regulated the 5% of the genes
even if there are mo differentially requlated genes.
This happens because in all microarray experiments
there is a certain amount of variability due to noise.
Thus, if the same experiment is performed twice, the
expression values measured for any particular gene
will likely not be exactly the same. If the method
is applied to study differential regulated genes in two
control experiments, the result will still contain about
5% of the genes. This is because different measure-
ments for the same gene will still vary a little bit due
to the noise. The method will dutifully calculate the
mean and standard deviation of this distribution and
will select those genes situated +/-2 standard devia-
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tions away from the mean.

Furthermore, the method will still select 5% of the
genes even if much more genes are in fact regulated.
Thus, while the fold method uses an arbitrary thresh-
old and can provide too many or too few genes, the
unusual ratio method uses a fixed proportion thresh-
old that will always report a given proportion of the
genes as being differentially regulated. On a scatter-
plot (such that in Fig. 3), the ratio method contin-
ues to use cut-off boundaries parallel to the diagonal
which will continue to overestimate the regulation at
low intensity and underestimate it at high intensity.

A variation of the unusual ratio method selects
those genes for which the absolute difference in the
average expression intensities is much larger than the
estimated standard error (6) computed for each gene
using array replicates. For duplicate experiments the
absolute difference has to be larger than 4.36 and
22.36 for the 5% and 1% significance levels, respec-
tively [15]. For triplicate experiments the require-
ments can be relaxed to 2.85 and 5.26 for the 5%
and 1% significance levels, respectively. A number of
other ad hoc thresholding and selection procedures
have also been used. For instance, [16, 17] only con-
sidered genes for which the difference between the
duplicate measurements did not exceed half their av-
erage. Furthermore, the genes considered as differ-
entially regulated were those genes which exhibited
at least a 2-fold change in expression. Although this
seems to use the fold method, it can be shown [15]
that the combination of the duplicate consistency
condition and the differentially regulated condition
can be expressed in terms of mean and standard de-
viations and therefore it falls under the scope of the
unusual ratio method.

1.3 Confidence levels and corrections
for multiple experiments

Another possible approach to gene selection is to use
univariate statistical tests (e.g. t-test) to select differ-
entially expressed genes [18, 15, 19]. Let us consider
that the log ratios follow a distribution like the one in
Fig. 5. For a given threshold and a given distribution
the confidence level or p-value is the probability of the
measured value being in the shaded area by chance.
The thinking is that a gene whose log ratio falls in the
shaded area is far from the mean log ratio and will
be called differentially regulated (upregulated in this
case). However, the measured log ratio may be there
just due to random factors such as noise. The proba-
bility of the measurement being there just by chance
is the p-value. In this case, calling the gene differen-
tially regulated will be a mistake and the p-value is
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Figure 4: Selecting by the unusual ratio criterion.
The frequencies (vertical axis) of the z-scores of the
genes (horizontal axis) are plotted in a histogram.
The horizontal axis is now graded in standard devi-
ations. Setting thresholds at the +/-2 marks corre-
sponds to selecting genes withe a ratio more than 2
standard deviations away from the mean log ratio.

the probability of making this mistake.

Regardless of the particular test used (e.g. t-test
if normality is assumed), one needs to consider the
fact that when many genes are analyzed at one time,
some genes will appear as being significantly different
just by chance [20, 21, 22, 23, 24]. Let us assume we
are considering a gene with a value (e.g. log-ratio) v
situated in the tail of the histogram of all such values,
possibly indicating that the gene is regulated. The p
value provided by the univariate test is the probabil-
ity that v is where it is just by chance. If we call
this gene differentially regulated based on this value
and the value is there by chance, we will be making
a mistake. Therefore, p is the probability of making
a mistake in this test!. The probability of drawing
the right conclusion in this one test will be 1 — p.
If there are R such tests, we would like to draw the
right conclusion from all of them. The probability
of this will be prob(right) = (1 — p)®. The prob-
ability of making a mistake will be prob(wrong) =
1 — prob(right) = 1 — (1 — p)®. This is the so-called
Sidék correction [25]. Bonferroni [26, 27] noted that
for small p, 1 — (1 — p)® ~ Rp and proposed to
correct the required p-value to p = p/R. Both Bon-
ferroni and Sidék corrections are unsuitable for gene
expression analysis because for large number of genes
R, no gene will be below the corrected p value (e.g.

1From a statistical point of view, interrogating R genes at
the same time, as on a microarray, is equivalent to running R
parallel tests.
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Figure 5: For a given threshold and a given distribu-
tion the p-value is the probability of the measured
value being in the shaded area by chance. If the
method is applied to the distribution of the log ra-
tios, the p-value is the probability of making a mis-
take when calling a gene differentially regulated if its
measured log ratio is in the shaded area.

p = p/R for Bonferroni).

A family of methods that allow less conservative
adjustments of the p-values without the heavy com-
putation involved in resampling is the Holm step-
down group of methods [20, 22, 28, 21]. These meth-
ods order the genes in increasing order of their p-value
and make successive smaller adjustments.

Bonferroni, Siddk and Holm’s step-down adjust-
ment assume the variables are independent. This is
not true for expression data since genes influence each
other in complex interactions [29, 30]. The West-
fall and Young (W-Y) step-down is a more general
method which adjusts the p-value while taking into
consideration the possible correlations. Duplication,
together with a univariate testing procedure (e.g. t-
test or Wilcoxon) followed by a W-Y adjustment for
multiple testing [24] are proposed in [19]. Another
technique that considers the correlation is the boot-
strap method [31, 32, 24]. The method samples with
replacement the pool of observations to create new
data sets and calculates p-values for all tests. For
each data set, the minimum p-value on the resampled
data sets is compared with the p-value on the original
test. The adjusted p-value will be the proportion of
resampled data where the minimum pseudo-p-value
is less than or equal to an actual p-value. Bootstrap
used with sampling without replacement is known as
the permutation method [33, 34]. Both bootstrap and
permutation are computationally intensive.
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1.4 ANOVA

A particularly interesting approach to microarray
data analysis and selecting differentially regulated
genes is the ANalysis Of VAriance (ANOVA) [35, 36,
37] The idea behind ANOVA is to build an explicit
model about the sources of variance that affect the
measurements and use the data to estimate the vari-
ance of each individual variable in the model.

For instance, Kerr and Churchill [38, 39, 40] pro-
posed the following model to account for the multiple
sources of variation in a microarray experiment:

ﬂ+Ai+Dj+Vk+Gg+
(AG)ig + (VG)ig + €ijg

log (Yijrg) =

(1)

In this model, p is the overall mean signal of the
array, A; is the effect of the i'" array, D; represents
the effect of the j* dye, Vj is the effect of the k!
variety?, G, is the variation of the g** gene, (AG);,
is the effect of a particular spot on a given array,
(VG)kg represents the interaction between the k'
variety and the ¢! gene and €; 1, represents the error
term for array i, dye j, variety k and gene g. The
error is assumed to be independent and of zero mean.
Finally, log (yijkg) is the measured log-ratio for gene
g of variety j measured on array i using dye j.

The advantage of ANOVA is that each source of
variance is accounted for. Because of this, it is easy
to distinguish between interesting variation such as
gene regulation and side effects such as differences
due to different dyes or arrays. The caveat is that
ANOVA requires a very careful experiment design
[39, 41] that must ensure a sufficient number of de-
grees of freedom. Thus, ANOVA cannot be used if
the experiments have not been designed and executed
in a manner consistent with the ANOVA model used.

1.5 Noise sampling

A full blown ANOVA requires a design that blocks all
variables under control and randomizes the others. In
most cases, this requires repeating several microar-
rays with various mRNA samples and swapping dyes
if a multi-channel technology is used. A particular
variation on the ANOVA idea can be used to identify
differentially regulated genes using spot replicates on
single chips to estimate the noise and calculate confi-
dence levels for gene regulation [2, 42, 43]. The Kerr-
Churchill model is modified as follows:

log R(gs) = pu+ G(g) + e(g; 5) (2)

2In this context a variety is a condition such as healthy or
disease.
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Figure 6: Using the empirical noise distribution to
find differentially expressed genes. The confidence in-
tervals found on the noise distribution (lower panel)
can be mapped onto confidence intervals on the dis-
tribution of the expression values (upper panel). The
confidence interval can be different between the up
and downregulated parts of the distribution if the
noise is skewed.

where log R(gs) is the measured log ratio for gene g
and spot s, u is the average log ratio over the whole
array, G(g) is a term for the differential regulation of
gene g and €(g, $) is a zero-mean noise term.

In the model above, one can calculate an estimate
[ of the average log ratio u:

f= S los(R(g,5) 3)

which is the sum of the log ratios for all genes and
all spots divided by the total number of spots (m

replicates and n genes). An estimate G(g) of the
effect of gene g can also be calculated as:

Gl =~ Ylos(R(gs) —i ()

where the first term is the average log ratio over the
spots corresponding to the given gene. Using the es-
timates above, one can now calculate an estimate of
the noise as follows:

— —

€(g,s) =1log(R(g,s)) — i — G(9) (5)

This will provide a noise sample for each spot. The
samples collected from all spots yield an empirical
noise distribution®. A given confidence level can be

3Note that no particular shape (such as Gaussian) is as-
sumed for the noise distribution or for the distribution of the
gene expression values, which makes this approach very gen-
eral.
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associated with a deviation from the mean of this dis-
tribution. To avoid using any particular model, the
distance from the mean can be calculated by numeri-
cally integrating the area under the distribution. This
distance on the noise distribution can be put into cor-
respondence to a distance y on the measured distribu-
tion (Fig. 6) by bootstrapping [42, 24]. Furthermore,
the dependency between intensity and variance can
be taken into account by constructing several such
models covering the entire intensity range and con-
structing non-linear confidence boundaries similar to
those in Fig. 3. The method has the important ad-
vantage that its non-linear selection boundaries adapt
automatically both to various amounts of regulation
and different amounts on noise for a given confidence
level chosen by the user.

A full blown ANOVA requires a special experimen-
tal design but provide error estimates for all variables
considered in the model. The noise sampling method
does not require such a special experiment design but
only provides estimates for the log ratios of the genes.
It has been shown that the noise sampling method
provides a better sensitivity than the unusual ratio
method and a much better sensitivity than the fold
change method [42, 43].

1.6 Other methods

Other statistically based methods for the selection
of differentially regulated genes include model based
maximum likelihood estimation approaches [44, 45,
5]. A maximum likelihood estimation approach for
two color arrays is described in [44]. This approach
is based on the hypothesis that the level of a tran-
script depends on the concentration of the factors
driving its selection and that the variation for any
particular transcript is normally distributed and in
a constant proportion relative to most other tran-
scripts. This hypothesis is then exploited by consid-
ering a constant coefficient of variation ¢ for the entire
gene set and constructing a 3-rd degree polynomial
approximation of the confidence interval as a func-
tion of the coefficient of variation c¢. This approach
is also interesting because it provides the means to
deal with signals uncalibrated between the two col-
ors through an iterative algorithm that compensates
for the color difference. Sapir et al. [45] present a
robust algorithm for estimating the posterior proba-
bility of differential expression based on an orthogo-
nal linear regression of the signals obtained from the
two channels. The residuals from the regression are
modeled as a mixture of a common component and
component due to differential expression. An expec-
tation maximization algorithm is used to deconvolve
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the mixture and provide estimate of the probability
that each gene is differentially regulated as well as
estimates of the error variance and proportion of dif-
ferentially expressed genes.

Another approach uses replicates and a maximum
likelihood approach to calculate the probability of a
particular gene being expressed and selecting only
those genes for which all replicates indicate that the
gene is expressed [5]. Note that although in [5] this
approach is used only to make the binary distinction
between expressed and not expressed genes, the ap-
proach can be extended to a multichannel experiment
to detect differentially expressed genes.

Two hierarchical models (Gamma-Gamma and
Gamma-Gamma-Bernoulli) for the two channel
(color) intensities are proposed in [46]. One advan-
tage of such an approach is that the models con-
structed take into consideration the variation of the
posterior probability of change on the absolute in-
tensity level at which the gene is expressed. This
particular dependency is also considered in [47] where
the values measured on the two channels are assumed
to be normally distributed with a variance depend-
ing on the mean. Such intensity dependency reduces
to defining some curves in the green-red plane cor-
responding to the two channels and selecting as dif-
ferentially regulated the genes that fall outside the
equiconfidence curves.

However, as pointed out in [19] any gene selection
method that does not use replication is critically sen-
sitive to the typically large amount of noise in mi-
croarrays. Dudoit et al. [19] propose a univariate
testing procedure (e.g t-test or Wilcoxon) followed by
a Westfall and Young adjustment for multiple test-
ing [24]. Another multiple experiment approach is
to identify the differentially expressed genes by com-
paring their behavior in series of experiments with
an expected expression profile [48, 49]. The genes
can be ranked according to their degree of similarity
to a given expression profile. The number of false
positives can be controlled through random permu-
tations that allow the computation of suitable cut-off
thresholds for the degree of similarity. Clearly, these
approaches can only be used in the context of a large
data set including several microarrays for each con-
dition considered.

Other methods used for the selection of differen-
tially regulated genes include gene shaving [50], as-
signing gene confidence [51] or significance [52], boot-
strap [31, 32] and Bayesian approaches [53, 54, 55].
A few methods also take into consideration that the
variance depends on the intensity [46] and [47].

Finally, more elaborate methods for the data anal-
ysis of gene expression data exist. Such methods in-
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clude clustering [56, 57, 15, 58, 59, 60, 61, 62, 63,
64, 65, 12, 66, 67]), principal component analysis is
[58, 68, 69], singular value decomposition [70], inde-
pendent component analysis [71], gene shaving [50]
and many others. The goals of such methods go well
beyond the selection of differentially regulated genes
and, as such, they are outside the scope of the present

paper.

2 Conclusions

A plethora of refined methods is available for the
analysis of microarray data and in particular for the
selection of differentially regulated genes. Although
still in widespread use, the early methods of selection
by fold change and unusual ratio are clearly inade-
quate. Using a fold change without a clear biolog-
ical justification is just a blind guess. The unusual
ratio method will always report some genes as regu-
lated even if two identical tissues are studied (false
positives). These two methods suffer from severe
drawbacks and their use should be discontinued as
methods for selecting differentially regulated genes.
However, studying the fold change of genes of known
function is and will continue to remain important. In
order words, computing statistics as required by bio-
logical reasons is fully justified (eg. how do apoptosis
related genes change in immortalization?). However,
drawing biological conclusions based on an arbitrary
choice of fold change is not (e.g. concluding that gene
X is relevant to immortalization because it has a fold
change of 2).

When using univariate statistical tests for hundreds
or thousands of genes (eg. with data coming from
most commercial chips), Bonferroni should be taken
as a sufficient but not necessary condition. In other
words, if a gene still appears to be differentially reg-
ulated after applying the Bonferroni correction, the
gene is indeed so. However, if a gene does not appear
as differentially regulated after the Bonferroni correc-
tion, the gene may or may not be so. Univariate tests
such as the t-test followed by a Bonferroni correction
can be used effectively if the number of genes on the
array is relatively low (tens to a few hundreds). At
this time, the bootstrap and Westfall and Young fam-
ilies of methods appear to provide the most accurate
correction for multiple experiments.

Current statistical methods offer a great deal of
control and the possibility of selecting genes within a
given confidence interval. However, all such methods
rely essentially on a careful experiment design and
the presence of replicate measurements. A good way
to obtain reliable results is arguably some version of
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the ANOVA method. However, in most cases, this
will probably mean involving a statistician from the
very beginning and designing the experiment in such
a way that enough degrees of freedom are available
in order to answer the relevant biological questions.
The noise sampling method is a variation of ANOVA
and allows the automatic computation of noise depen-
dent equiconfidence boundaries. The noise sampling
method can be used in many instances in which data
for a full blown ANOVA is not available.
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