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Abstract

The recent explosion of interest in microarray technology has resulted in it
becoming the preferred methodology for conducting gene expression experi-
ments. Although the ability of an array experiment to simultaneously examine
the expression of thousands of genes gives a previously unheard of level of in-
sight to researchers, it also raises a plethora of statistical questions involving
both the sheer volume of data being produced, as well as the variability inher-
ent in this technology. In this paper we present statistical methods based on
Bayesian linear models to investigate the various sources of variability present
in array experiments. Data from a previously published cDNA microarray
experiment is used to illustrate this methodology.

A major goal of genomic research involves the determination of gene function, the
discovery of which ultimately gives investigators fundamental insight into the ways
in which genes act to affect the traits exhibited by an organism. The ability of
a gene to influence an organism’s characteristics is the result of the manufacture
(expression) of proteins by that gene, the identity of which is determined by the
gene’s genetic sequence (DNA). By observing the expression patterns of genes (i.e.,
the extent to which genes are turned on or off) under various treatment conditions,
important clues about gene function can be obtained. Studies which investigate
such patterns are termed gene expression experiments.

A common method for determining the level of expression is to measure the
amount of mRNA (an intermediate product in protein production) being produced
by that gene. Although not exact, there is relatively high degree of correspondence
between the volume of mRNA present, and the amount of protein produced. The
ability to measure mRNA levels is not new, however, microarray technology'>? pro-
vides an avenue to perform such experiments on a grand scale. Specifically, these
methods allow researchers to obtain expression data from thousands of genes under
various treatment conditions in a single experiment. This wealth of data has led
to the proposal of many different analytic approaches, with an early preference for
clustering (i.e., grouping similar gene expression profiles)® 7 gradually giving way
to studies of experimental variability®?, and methods for determining significant
differential gene expression across treatments' 3.

A microarray experiment consists of mRNA extracted from cells under different
treatment conditions, and glass slides (the microarrays) to which spots of genetic
material are attached. In the case of Affymetrix arrays?, this material comprises
oligonucleotides (short genetic sequences) which are synthesized on the array it-
self, while for cDNA arrays! the material is complementary DNA (¢cDNA), which is
printed onto the array by a robotic tool. In both cases, a single spot on the array
comprises thousands of strands of identical cDNA which represent the sequence of



a single gene, with thousands of spots (and thus thousands of genes) able to fit on a
single array. Although the two technologies share many similarities, the focus here
is on the cDNA array.

In its most simple form, the aim of a cDNA microarray experiment is to measure
the fold change in mRNA expression between two different treatment conditions for
a collection of genes. This is accomplished by tagging the extracted mRNA from
the two treatment conditions with fluorescent labels (often green (Cy3) for the
control condition, and red (Cy5) for the treatment condition), mixing the mRNA
samples together, and then placing the combined mRNA on the microarray to al-
low hybridization to occur. That is, allowing the single-stranded mRNA to bond
with the cDNA segments attached to the microarray. Since the sequence for each
gene is unique, each gene’s mRNA will only bond with the unique complementary
sequence from that gene, which means that each spot only collects mRNA that was
produced by the gene it represents. Using a laser scanner the labeled mRNA can be
fluoressed, thus providing an estimate of the amount of mRNA from each treatment
condition that has hybridized at each spot on the array. The set of intensity signals
from each of the red and green labels are often referred to as channels in array
experiments.

In addition to determining the red and green signal intensities, the software also
calculates a background intensity for each label color at each spot. The background
intensity aims to remove factors affecting the intensity levels (such as reflective
glare from the array surface) directly associated with the presence of hybridized
mRNA at the spot. This practice is referred to as background correction. Similar
corrections must also be made for differing average signal intensities between the
two channels, and across multiple slides. Such normalization procedures generally
consist of standardizing the intensities from each channel to a median of one (i.e.,
by dividing through by the median), thus putting all intensities of the same scale!?.
For an array with only a single spot per gene, the ratio of the two fluorescence in-
tensities at each spot gives an indication of the relative abundance of mRNA being
produced by each gene under each treatment condition, allowing the identification
of genes whose mRNA expression levels differ between the two treatments. Such
an approach, however, assumes that the experimental process is relatively free of
variability, and that all differences in fluorescence intensity are the result of changes
in expression level caused by differences in mRNA concentrations in each treatment
condition. In reality this is usually not the case, with variability introduced by the
chance nature of hybridization, and intensity changes affected by the fluorescent
labels, the arrays, the treatment conditions, and the genes themselves. In order

1.12 proposed a linear models approach for

to overcome these problems, Kerr et a
the analysis of gene expression data. This allowed experimental effects to be in-
corporated as model parameters, thus accounting for the influence on fluorescence
intensity, and excluding them from the estimation of the random error component.
The use of a linear model in conjunction with techniques to account for multiple
comparisons then makes it possible to detect which genes in an experiment display
changes in expression level between treatment conditions.

This paper extends the work of Kerr et al.'? and Kerr and Churchill'® by tak-

ing a Bayesian approach to the analysis of gene expression data. In this work



Markov chain Monte Carlo (MCMC) techniques were utilized to obtain the joint
posterior distribution of the linear model parameters , and based on these results,
a Bayesian stepwise selection method is proposed for detecting a maximal number
of genes which have undergone differential expression, while maintaining a suitably
low posterior probability of error.

Methods

Analysis of variance
The major strength of the ANOVA approach is its ability to take all experimental
effects into account, whether or not they are of interest to the investigator. This
allows the systematic variation due to these factors to be separated from the true
random error that is present in the experimental process.

Let X ;iqr represent the channel j background subtracted intensity for replicate
r of gene ¢ under treatment k on array i. Kerr et al.'?, proposed the following fixed

effects ANOVA model,
Yijkgr = b+ Ai + Dj + Vi + Gy + VGig + €ijkgr (1)

where Yijrgr = log(Xijkgr), 1 represents the overall mean expression intensity, A is
an effect due to array, D is an effect due to the fluorescent tag (dye) used in the
labeling process, V is a variety (treatment) effect, G is a gene effect, and VG is the
effect of an interaction between variety and gene. In other works this basic model

has been extended to include various interactions between the main effects® 15,

as
well as the treatment of A as a random effect'® 7. Regardless of the form of the
model, however, the basic idea of the ANOVA approach to the analysis of gene
expression data is to isolate the intensity changes which are due only to differences
in the response of individual genes to the treatment conditions.

In assessing the presence of differential expression, the variables of interest are
the treatment by gene interaction terms. By formulating contrasts between these
variables for each gene, it can be determined whether the expression levels of each
gene are changing between treatment conditions. Such comparisons can be dealt
with via hypothesis testing, where the following hypothesis is tested for each gene

across the range of treatment conditions
Hy: VGirg = VGig versus Hy : VGig # VGiyg (2)

For an experiment involving arrays of n genes and ¢ treatment conditions, this re-
sults in nt(t — 1)/2 hypothesis tests, making multiple comparisons a major issue
even in modest experiments. For example, a reasonably small scale study involv-
ing 1000 genes and 5 treatments requires 10,000 hypothesis tests. In order to deal
with this issue, various multiple comparison procedures (e.g., adjusted p-values!®,
or control of the false discovery rate!?) have been proposed, although in at least
one case the techniques employed were criticized for their conservatism?2’.

An alternative to the frequentist multiple comparison approach is to use Bayesian
methodology to investigate the joint posterior distribution of the treatment by gene
interaction terms. By manipulating this distribution, inferences can be made about
the joint probability of non-zero differences occurring between treatment conditions
across each gene in the experiment. This allows a probability statement to be made



about the joint distribution of the treatment by gene contrasts, while at the same
time taking into account the correlation structure of the model parameters.

Bayesian analysis

The Bayesian approach to linear models is well established?':22 and has become a
popular alternative to traditional analysis methods with the advent of user-friendly
Markov chain Monte Carlo techniques?? 24 and software packages®®. The fact that
the absence of informative prior information generally provides results very simi-
lar to those of a standard ANOVA analysis means that the main advantage of the
Bayesian approach is the ability to make probabilistic statements about the model
parameters, and thus the probability of differential expression.

The form of the Bayesian linear model used here is identical to the fixed effects
model shown in (1), however the inclusion of additional parameters (either as fixed
or random effects) is easily accomplished. Diffuse independent non-informative pri-
ors were used for each of the the fixed effects parameters, while a normal distribution
centered at zero with an unknown variance component was used for the error dis-
tribution. For the variance component a diffuse non-informative prior was again
used.

Multiple comparisons

In the standard least squares solution to the fixed effects ANOVA model (or, equiva-
lently, the REML solution to the mixed model), a single “best” estimate is produced
for each model parameter. In order to detect differential expression, one must de-
termine which differences between VG terms are statistically significant, with a
gene considered to have undergone differential expression if at least one pairwise
treatment contrast for that gene is significant. Using this definition, the size of
the linear model used here requires the comparison of many linear combinations of
model parameters, creating multiplicity issues on a grand scale, and necessitating
the use of multiple comparisons procedures.

If one is not concerned with multiplicity issues, the obvious way for the Bayesian
to proceed would be to calculate the marginal probability that each contrast is non-
zero, and conclude that any gene with at least one pairwise treatment contrast
having a marginal posterior probability of at least (1 — &) underwent some change
in expression level between treatment conditions. Such an approach is roughly
equivalent to performing many frequentist hypothesis tests in the absence of a mul-
tiple comparisons correction.

The general idea of multiple comparison corrections is to protect against cer-
tain types of error, while taking into account the number of comparisons made. In
the context of gene expression, the goal is to detect genes which exhibit changes
in expression level between treatments, while protecting against the risk of falsely
classifying unchanged genes as being differentially expressed. This is equivalent to
trying to detect as many genes as possible which undergo changes in expression level
between treatments, while still maintaining a joint posterior probability of 1 — «.
Thus, to deal with the multiplicity issue in a Bayesian manner, one could find the
largest set of genes whose joint probability of differential expression is greater than
or equal to 1 — a.



Computational details
In order to obtain the joint posterior distribution for the parameters of the mixed
model proposed in (1), a Markov chain Monte Carlo approach utilizing the Metropolis-
Hastings algorithm?® 27 was used. The large number of observations associated with
gene expression experiments meant that even the relatively simple models used here
contained many parameters, necessitating the use of efficient computational meth-
ods. For this reason custom written Fortran code was created to implement the
Metropolis-Hastings algorithm, rather than relying on pre-existing software.
Although the task of detecting a maximal number of genes whose joint probabil-
ity of differential expression is at least 1—c« is relatively simple in low dimensions, the
size of gene expression experiments makes this a challenging problem. To overcome
the difficultly imposed by the high dimensionality of the posterior distribution, a
procedure similar to that employed in stepwise regression was used. To begin with,
all genes whose marginal posterior probability of differential expression was greater
than 1 — « were considered as candidates for inclusion in the final joint probability
statement. The joint posterior probability that all members of this set underwent
differential expression was then calculated, and, if less then 1 — «, the posterior
probability of the set with a single gene removed was calculated, for each gene in
the set. The gene whose removal increased the joint posterior probability by the
most was then discarded, and the process continued until a set of genes was found
which satisfied the 1 — « constraint. The genes in this set were then declared to
have all undergone differential expression with joint probability 1 — a.

Results

Analysis of human liver/muscle tissue data

In order to compare the Bayesian analysis to the standard frequentist approach,
the data set of Kerr et al.'?> was used. These data comprised 1286 distinct cDNA
sequences (spots) on two slides, with the “treatment” conditions being mRNA ex-
tracted from either muscle or liver tissue. Dye-swapping was used to ensure that
any dye effects were estimable. This resulted in a completely balanced experiment,
with each treatment appearing on each slide, as well as being labelled with each
dye, and each dye appearing on each slide.

Based on the results of their model, Kerr et al. detected 305 differentially
expressed genes, with 201 down-regulated between liver and muscle, and 104 up-
regulated between liver and muscle. In contrast, the Bayesian approach selected a
set of 37 genes which were differentially expressed, with 27 up-regulated, and 10
down-regulated. These genes were a subset of those produced by the Kerr et al.
methods, with the basic ordering in terms of magnitude of VG terms very almost
identical for the two models.

Conclusions

In terms of linear model parameter estimates, the results of the Bayesian methods
gave very close agreement with the results obtained by Kerr et al.'?, with both
analyses also agreeing on the genes which undergo the largest changes in expression
between treatment and control. This is not surprising, since the non-informative
Bayesian analysis is roughly equivalent to a frequentist maximum likelihood ap-



proach. The biggest difference between the two analyses was in the area of deter-
mining which genes were significantly differentially expressed.

The approach of Kerr et al. was to use a per gene bootstrap confidence level of
99% (i.e., a = 0.01) to detect significant differential expression. Using a Bonferroni-
type calculation, this « level should yield a minimum family-wise error rate of
1 —0.99'286 ~ 1, which indicates that a list of significantly differentially expressed
genes produced by such a method will almost certainly contain at least one type
I error. If a Bonferroni correction were used an « level of o = 0.05'28¢ ~ 0.00004
would be required to declare significance. In contrast to this, the Bayesian analysis
produced a set of genes with joint posterior probability of differential expression of
0.95, and a minimum marginal probability of differential expression of 0.996 (i.e.,
a “p-value” of 0.004), making it a less conservative approach than the Bonferroni
correction.

Discussion

The aim of this work was to provide a framework for the analysis of gene expression
data from a Bayesian perspective. The methods presented here accomplish this goal
by taking a linear models approach to the analysis, with MCMC methods used to
obtain observations from the joint posterior distribution of the model parameters.
By forming contrasts of interest from this distribution, a maximal set of genes for
which the joint probability of differential expression is at least 1 — o can be found
using the stepwise selection technique.

The main advantage of this approach is that it allows general statements to
be made about the joint probability of differential expression of groups of genes.
This removes the need for formal multiple comparisons corrections, and presents
results in a manner which are easily interpreted by non-statisticians. The biggest
drawback to the the MCMC approach to fitting Bayesian linear models to gene
expression data is the relatively high computational demands created by the num-
ber of model parameters required to represent the experimental setup. Although
the authors feel that any such disadvantage is more than offset by the increased
interpretability of the results, any methods for improving the speed of the MCMC
algorithms used would certainly be worthwhile.

With this in mind the authors hope to continue to improve the methods pre-
sented here by both increasing the speed of their implementation, and by applying
them to the increasingly complex models which are currently being proposed. It is
hoped that these methods will provide a useful tool for those involved not only in
gene expression analysis, but also for anyone attempting to deal with multiplicity
issues in a Bayesian framework.
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