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ABSTRACT (1) by using the PM- MM difference, one assumes that the MM
probes only measure background noise; and (2) by averaging dif-

The most common objective of microarray studies is to look for ; . : ;
. . - . ferences, one assumes that the probes involved have identical bind-
changes in the expression levels of genes, typically comparing data

. - o - ing characteristics. Assumption (1) has been thoroughly discussed
from two biologically distinct sources such as healthy vs. diseased . - : . .
. . . . : elsewhere[3], and we will avoid the details by simply not using
tissue samples. Since microarray experiments are expensive, rex X " .
) MM probe intensities. Assumption (2) has also been addressed

sults from these studies commonly suffer from low numbers of . :

; X - by several authors, and several estimators of transcript abundance
replicates, rendering low statistical power. Here, we propose an

alternative analysis based on a paired test of oligonucleotide probehave recently been proposed, including the Model-based Expres-

intensities. Using one separate array for characterizing hybridiza- S‘:ron Index (MBEI)[2] and the Robust Multi-array Analysis (RMA)
tion noise, we develop a Bayesian statistical test for differential [4]. . . . . .
expression. We demonstrate that our approach provides low er-, There IS a_Iso C(_)ns_l(_jerable pro_blems gssouated .W'th determin-
ror rates while requiring only a single array hybridization for each ing the statistical significance of differential expression. The very
biological sample, making gene expression experiments more af_amount of_hypot_he_ses tested (“$“a"y on the order of 20,000) means
fordable. We also show that our statistical test predicts error ratesthat classic statistical tests designed for a few hypotheses cannot

with good precision, allowing the researcher to select gene sets inggt.;paﬁléegfd';g%n ’\?r?(;z%\;e‘; ?Iilesﬁgzgcijertr?::lstsregngnt S.gnr]]gt
a more rational way. I variatl ise) I u , it i

clear how to obtain reliable noise estimates given the complexity
of probe hybridization.
BACKGROUND In the present study, we propose the following analysis method
to tackle the problems outlined above. We avoid estimating abun-
Genome-wide expression analysis has become an increasingly imdances altogether by using a paired statistic for probe-level data.
portant tool for identifying gene function, disease-related genes FOF this statistic, we estimate the hybrldlzatlpn_ noise using a sepa-
and transcriptional patterns related to drug treatments. The mostate replicate array. Then, we develop a statistical test that includes
common measure in expression analysis is the estimate of differen-this noise estimate as "prior knowledge”, and produces a direct es-
tial expression between two distinct samples, such as experimentdimate of the false positives rates for a given set of_ selected genes.
vs.controls or diseaseds. healthy tissue samples. Although there We demonstrate that our approach provides a reliable measure of
are typically many sources of variation in this measure unrelated dlﬁerentlgl expression using a single Ggr!ecmp per condition, and
to the biological question at hand, the concept remains central. @IS0 predicts error rates with good precision.
The Affymetrix GeneChip technology [1], introduced in the
mid-90’s, has become the most widely used platform for whole-
genome expression analysis. With this technology, each gene isMETHODS
represented by 10-20 "perfect match” (PM) 25-mer oligo probes,
complementa_ry to differenF coding sequence regions. There is _alSOPI’Obe hybridization model
a corresponding set of "mismatch” (MM) probes, where the mid-
dle base has been substituted for its complement. These were origFor a given geng, we model the normalized log-intensity of probe
inally intended to be estimators of non-specific hybridization [1], < in the corresponding probe set as a stochastic varigble
although later on it became evident that they too bind specifically
[2]. Xgi =pgi+ag+e 1)
The typical goal of GeneChip data analysis is to combine all
probe signals into an estimatetodnscript abundancea measure  wherep,; is referred to as therobe effecta, is the log abun-
of the amount of transcripts present. The method first proposed bydance of the transcript of for gerge ande is the noise contribu-
Affymetrix was to form the average differen¢eM — MM) across tion, which is assumed to have mean 0. This is the same model
all probes within a probe set. This method is based on two as-used previously by among others Irizarry et al.[4]. Now, consider
sumptions, both of which has subsequently been shown to be falsea microarray experiment assessing differential expression between



two distinct samples. For two arrays, containing different RNA 5
populations, we will obtain two relationships,
Xgi:pgi+ag+€ 4
X;i :pgi+a/g+€
Previous techniques would at this point attempt to estimatnd
ay, and then calculate the log fold change of the gene, which we
denote by, = aj, — a,. This procedure requires estimation of 2
all probe effectg,;. However, if we are only interested in the

log fold changed, (which is often the case) we can avoid this
step and simply remove the problematic probe bias by forming the j{

c=0.083

log

difference fold change

Dgi = Xgln — Xgi = 5g —|— 26

We now assume thatis identical for all probes. Then, the
stochastic variablé; is also identical, and we may estimaig
by the meanD, = Zl Dgy; /n. For hypothesis testing, we must
also estimate the standard deviatioof the statisticD,. This can
be obtained with good precision using a single replicate chip, since
for replicatesg, = 0 for all genes, so = > Dj/(n—1). We
will refer to o astechnical variation Note that none of these es-
timates require independence between the probes in a given prob@ata set
set.
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Fig. 1. Plot of the marginain(d) (solid line) as estimated by the
EM algorithm, together with the corresponding data histogram, for
configuration 1.

The data used in this paper is publicly available from Affymetrix
Empirical-Bayes analysis [7]. It contains 42 transcripts added at known concentrations, re-
ferred to asspike-ingenes. The concentrations are exponentially
The question of significance of each selected gene requires a carespaced aél/8,1/2,...,256,512) pM. In all experiments, an iden-
ful treatment due to the amount of hypotheses tested. We chosdical background from human cells is present in addition to the
an empirical-Bayes approach [5] to this problem because it makesspike-ins. We refer to this data set as the Latin Square data set.
assumptions (priors) explicit and testable.
Denote bya, the fraction of genes that do not differ in abun-
dance, that is, genes for which the null hypothdis: § = 0 is RESULTS
true. Letmr(6) be the distribution of for the remaining fraction

1 — ao of genes. A reasonable choice for a pridp) is then By comparing spike-in genes from the Latin Square data set against
—0 each other in various pairwise arrangements, different fold changes
m(0) = { af’ P ; 2) can be obtained. We arranged the data in two configurations, ob-
(1 — ao)m1(), #0 taining two "virtual” experiments with (1) 1638 spike-in genes,
For all genes, we now assume that the m%ms ~ N(5g’ 0') with fold changes exponentially Spaced AL, 8...,4096, and
(the central limit theorem provides some justification for this). The (2) 1512 spike-in genes, all with fold change 2. In addition to the
marginal distribution is then (dropping the subscgjfor clarity) spike-ins we added the background from a random pair of repli-
cates chips. We refer to these constructed data sets as configura-
m(d) = aoN(d|0,0) + (1 — ao)ma(d) ®) tion 1 and 2, respectively. For both configurations, data was nor-
wherem; is the marginal density ab with respect tary, malized at the probe level by the quantile-normalization method
[8] and log-transformed (base 2). No background correction was
mi(d) = /N(d\@ o)m(8) dé used in our analysis; we tried the procedure proposed by Irizarry
et al.[10], but found that it did not improve our results. We then
In other words, the marginal distribution, which is what one would computed the statisti¢ for each gene. Figure 2 shows plotsdof
observe in a histogram af (figure 1), is a mixture ofV(d|0, o) versus average signal for the two configurations, demonstrating a
from the genes that have not changed, and another distributionlow amount of false positives (thin black region). Note the under-
m1(d) from those that have. estimation of fold changes in fig. 2A, where the lardegt, nom-
We then obtain the posterior probability &f, from Bayes inal fold change is 12, and also the inconsistency of fold change
theorem: estimates in fig. 2B, especially for low intensity transcripts.
(6 = 0|d) = aoN(d|0, o) We estimated the technical variatierto 0.083 and 0.078 for
m(d) configuration 1 and 2, respectively (differences reflect chip repro-

To compute this probability, we must determine the shape;of  ducibility). We then estimated,, ;+ andr using the EM algorithm

and the value ofio. Assumingri ~ N (u, 7), the marginal (3) be- (Table 1). The algorithm has a slight tendency to overestimate the
comes a gaussian mixture, and we can easily estimate the paramfraction of Hy close toé = 0, which is understandable. These
eters using a standard expectation-maximization (EM) algorithm small discrepancies do not seem to have any discernible impact on
[6]. Itis certainly not clear that; should be normal; however, it  the subsequent analysis. The fit of the estimated marginal distri-
can be shown that the exact functional form has little bearing on bution (3) is shown for configuration 1 in figure 1; th& fraction

the resulting posterior probability, as long as we have a reasonablds too small to be visible here.

estimate of the variance af; [5](pp.151). Using the above estimates we calculated the posterior proba-






