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ABSTRACT

Motivation: Microarray designs containing millions to hun-
dreds of millions of probes that tile entire genomes are
currently being released. Within the next 2 months, our
group will release a microarray data set containing over
12000000 microarray measurements taken from 37 mouse
tissues. A problem that will become increasingly significant
in the upcoming era of genome-wide exon-tiling microarray
experiments is the removal of cross-hybridization noise. We
present a probabilistic generative model for cross-hybridization
in microarray data and a corresponding variational learning
method for cross-hybridization compensation, GenXHC, that
reduces cross-hybridization noise by taking into account mul-
tiple sources for each mMRNA expression level measurement,
as well as prior knowledge of hybridization similarities between
the nucleotide sequences of microarray probes and their target
cDNAs.

Results: The algorithm is applied to a subset of an
exon-resolution genome-wide Agilent microarray data set for
chromosome 16 of Mus musculus and is found to produce stat-
istically significant reductions in cross-hybridization noise. The
denoised data is found to produce enrichment in multiple gene
ontology-biological process (GO-BP) functional groups. The
algorithm is found to outperform robust multi-array analysis,
another method for cross-hybridization compensation.
Contact: jim@psi.toronto.edu

INTRODUCTION

Oligonucleotide microarrays (Lockhart et al., 1996; Hughes
et al., 2001) are quickly becoming the de facto standard for
measuring transcript abundance. These microarrays generate
measurements that are reproducible across different plat-
forms between separate labs using independently generated
tissuessamples(Leeet al., 2003). Oligonucl eotidearrayshave

*To whom correspondence should be addressed.

been applied to the detection of in silico-predicted mRNAs
(Zhang et al., 2004; Sun et al., 2004), and to quantification of
therelative levels of different splice isoforms (Johnson et al.,
2003; Le et al., 2004). An exciting new application of oligo-
nucleotide arrays containing 10°—107 probes is genome-wide
high-resolution tiling assays (Bertoneet al., 2004; Shoemaker
et al., 2001 Frey et al., submitted for publication, 2005),
allowing the profiling of individual known and predicted tran-
scripts to identify new non-coding RNAS, new gene models
or to refine existing ones.

An important component in designing an oligonucleotide
array is ensuring that each probe binds to its target with high
specificity. The affinity of a probe for various transcripts can
be estimated via the binding free energy, AG, between the
probe and a corresponding subsequence of the transcripts.
When a probe has high affinity to a non-target transcript, as
in Figure 1, the abundance levels of the target transcript may
be obscured by cross-hybridization. Algorithms have been
developed (Li and Stormo, 2001) to design probe sets for
setsof transcriptsthat minimize cross-hybridization with their
non-target sequence.

However, in the case of high-density oligonuclectide
microarrays, appropriate highly specific probes are not easily
designed and cross-hybridization is unavoidable. This situ-
ation occurs most frequently when there are only a small
number of feasible candidate oligos for some target tran-
scripts. When highly specific probes cannot be designed, the
effect of cross-hybridization on the probe intensity should
nonethel ess be predictable, especialy if we are aso measur-
ing the abundance of the non-target transcript using adifferent
probe. This abundance measurement, along with the bind-
ing affinity of the probe for the non-target sequence, can be
used to determine how much of the probe intensity is due
to cross-hybridization. Figure 2 shows an example of cross-
hybridization compensation in microarray data, in which each
praobe can hybridize to multiple transcriptsto various degrees.
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Fig. 1. Example of cross-hybridization on an oligonucleotide probe
with two similar short nucleotide sequences: transcripts matching
regionsof the probe sequence are capabl e of hybridizing to the probe.

In this paper, we describe GenXHC, a probabilistic
model for cross-hybridization compensation which estimates
transcript abundances from probe intensities by accounting
for potential cross-hybridization in high-density genome-
wide microarray data. We use a BLAST (Altschul et al.,
1990) search against a database of transcripts to identify
likely cross-hybridizing transcriptsfor each microarray probe.
We use this information to fit a parameterized generative
model of the observed probe intensities in terms of unob-
served transcript abundances. Probabilistic inference in our
generativemodel allowsusto simultaneously estimate abund-
ances of al targeted transcripts while removing the effects of
cross-hybridization.

THE PROBLEM OF CROSS-HYBRIDIZATION
IN MICROARRAY DATA

Although it is known that cross-hybridization can be a signi-
ficant problemin microarray dataanalysis(Wren et al., 2002),
we demonstrate herethe effect of cross-hybridizationinanew
genome-wide tiling dataset based on over 1 million probes
(Frey etal., submitted for publication). Figure 3 showstherel-
ative frequencies of pairwise Pearson correlation coefficients
(excluding self correlation) computed between reciprocal-
best-match pairs and randomly matched pairs of normalized
expression profile measurementsin a subset of Mus musculus
chromosome 16 gene expression data. Figure 3 shows that
33% of measured expression profiles that exhibit sequence
similarity tend to exhibit large Pearson correlation values
(r > 0.95) due to the effect of cross-hybridization, whereas

only 2% of randomly matched expression profiles exhibit
such large pairwise correlation values. Thisindicates that the
amount of cross-hybridization noiseissignificant, astheeffect
of cross-hybridization noiseincreasesthe correl ation between
measured gene expression profiles.

For a given set of cross-hybridizing transcripts, there can
be variation in each transcript’s ability to hybridize to agiven
probe sequence. One important factor that determines the
potential for hybridization between a transcript and a probe
is the magnitude of their pairwise stacking hybridization free
energy, AG (SantaL ucia et al., 1998). This quantity is com-
puted by summing (i.e. stacking) the free energies associated
with each base pair. Different transcript-probe pairswill have
freeenergy quantitiesthat vary asfunctionsof sequencelength
and base composition. Note that although the number of base
pairs between two sequences determines their potential for
hybridization, the proportion of the probe's intensity due to
cross-hybridization depends on the relative abundance of the
target and non-target transcripts at the time of hybridization.
These quantitiesare often unknown and must be estimated. To
accommodate for this missing information, werequirethe use
of probabilistic models for cross-hybridization that account
for uncertainties in the measurements.

PREVIOUS WORK IN CROSS-HYBRIDIZATION
COMPENSATION

Previous work in cross-hybridization compensation using
probabilistic modelsinclude Affymetrix’ MAS5.0 algorithm,
robust multi-array analysis (RMA) and GeneChip RMA
(GC-RMA), dl of which have been applied to Affymetrix’
GeneChip microarray technology (lrizarry et al., 2003; Wu
and lrizarry, 2004; Wu et al., 2004). In GeneChips, a pair
of probes for each target transcript is provided in the form of
the perfect match (PM) probe and its corresponding mismatch
(MM) probe, which providesameasure of cross-hybridization
noise for the PM probe viaimperfect complementarity to the
PM target. The measurements from the MM probes provide
calibration information that can be taken advantage of to per-
form compensation by subtracting them fromtheir PM probe's
measurement. MAS 5.0 performs cross-hybridization com-
pensation by subtracting the MM measurements from their
corresponding PM values and computing a robust average
of the PM-MM values as an expression measure. However,
adjusting for cross-hybridization using a PM-MM measure
hasbeen showntoyield estimateswith largevariance (Irizarry
et al., 2003; Wu and Irizarry, 2004; Wu et al., 2004). The
RMA method addresses the issue by using a global adjust-
ment procedure based on a probabilistic linear model of the
datathat ignores the measurements from the MM probes: this
has been shown to reduce variancein compensation estimates,
but at the cost of increased bias at low expression levels. The
GC-RMA algorithm expands on RMA by combining a prob-
abilistic model with aphysical model that uses the additional
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Fig. 2. A flow diagram of the generative process for cross-hybridization using sample measured expression profiles in chromosome 16
M.musculus gene expression data. Expression profiles are arranged by column, with measurements across the 12 tissue pools arranged along
rows. White indicates high expression. Each probe can hybridize to multiple transcripts and thus measures components of expression from
transcripts other than its target. The measured expression levels can be used in tandem with knowledge of probe-transcript hybridization

constraints to infer expression levels for the transcripts.

MM measurements to perform cross-hybridization compens-
ation. GC-RMA has been shown to reduce this bias, without
much of an increase in variance with respect to RMA.

One concern with the GC-RMA model is that the MM
probes are modeled as measuring only noise, though they
have been shown to measure some amount of signal from
their corresponding PM probe’s target (Wu et al., 2004). It
should be possible to estimate each probe’s target transcript
abundance by modeling probe measurements as containing
both signal and noise. Thiswould allow for double the number
of signal-measuring probes on a microarray, which can be a

significant savingsin practiceasmicroarray technology scales
to higher and higher probe densities. Thisisthe motivationfor
the GenXHC model, which uses latent variables and know-
ledge of thetranscript popul ation to estimate transcript abund-
ances directly from measured expression data, without the
need for additional calibration information. The problem of
cross-hybridization compensation then becomes one of infer-
ence in which the maximum-likelihood settings for the latent
variables correspond to the desired gene expression profiles,
subject to an explicit sparsity constraint on probe-transcript
interactions.
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Fig. 3. Distribution of pairwise Pearson correlation coefficients for sample normalized M.musculus chromosome 16 gene expression data:
cross-hybridization tends to occur between microarray probes with similar sequence.

A PROBABILISTIC GENERATIVE MODEL
FOR CROSS-HYBRIDIZATION

We propose a generative model for cross-hybridization that
can be viewed as a large-scale factor analysis model which
includes constraints on probe-transcript hybridization interac-
tionsinferred by probe sequence-similarity. The model, while
incorporating such prior constraints, makes very few addi-
tional assumptions based on prior knowledge about depend-
encies between model variables in order to avoid biasing
the inferred data. Standard techniques for inference in factor
analysis models cannot be applied to the problem of cross-
hybridization compensation due to the size of our model. In
the next section, we formulate a sparsity-constrained factor
analysis model for cross-hybridization. We then describe an
efficient algorithm for inference that iteratively estimates the
latent variables and model parameters from the observed
expression data.

Factor analysis

A probabilistic factor analysis model represents an
N-dimensional observed data point, X, as an affine mapping
of another point, z, that liesin an M-dimensional subspace,
where M < N. More precisely, the factor analysis model
represents the observed data x as a linear combination of
lower-dimensional latent factors z, with weights given by the
elementsof thefactor loading matrix A plusadditive Gaussian

noise, v, such that
X=AZ+V. (@D}

Thismodel can be also formulated probabilistically as:
p(X,2) = p(X|2)p(2) = N(AZ, W)N (O, ), 2

where the conditional mean is E[x|z]=Az, A is the
N x M factor loading matrix with elements Aj; and ¥ =
diag(y2,¥2,...,¥2) is the covariance matrix of the noise
on the observed N-dimensional data, x.

Cross-hybridization as a factor analysis model
with sparsity constraints

Thecross-hybridization problem can beformulated in termsof
afactor analysismodel with asparsity structureontheweights
Ajj as follows: let X =[xy, Xp,...,Xr] denote a matrix in
which the /" column denotes the noisy measurements across
al N probes in the microarray for conditionsr=1,...,T,
with xj; denoting the amount of mRNA transcript measured by
probei inconditionz. LetZ =[z1, 2, . . ., zr] denotethe mat-
rix of |atent transcript levelsto beinferred; the+™ columnof Z,
therefore, denotes the latent MRNA expression levels across
all M probed transcripts for condition ¢, with zj; denoting the
amount of mMRNA transcript j and condition ¢. Let A denote
the hybridization matrix that maps the set of latent transcript
levels Z to the set of measured profiles X, with A;; denot-
ing the hybridization coefficient associated with probe i and
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Fig. 4. Probabilistic graphical model representation for cross-
hybridization: each observed expression profilex, isaweighted sum
of latent expression profiles zy, . . ., zy; plus Gaussian hoise v,,.

transcript j. Thus, each measured expression profile can be
expressed as alinear combination of asmall number of latent
expression profiles with additive Gaussian noise, as depicted
in Figure 4. The problem of cross-hybridization compensa
tion is, to infer the optimal settings for the latent expression
profiles Z, the hybridization matrix A and the noise variance
model parameter ¥, using noisy expression measurements X.

Specifying a sparsity structure for the
hybridization matrix

In the above model for cross-hybridization, the matrix A is
treated as a model parameter and is, not given a probability
distribution which accounts for uncertainty in the values for
the hybridization coefficients ;. We wish to introduce strong
prior information about both the sparsity structure of the set of
hybridization interactions between the microarray probesand
theset of target transcripts, but also allow for uncertainty inthe
values of the hybridization coefficients, Ajj. This necessitates
a Bayesian factor model in which the factor loading matrix,
A, isgiven aprior distribution p(A) which encodes our prior
knowledge of the problem. We model the elements of the
factor loading matrix A as being statistically independent,
allowing the prior p(A) to be factorized into a product of
local distributions, p(ijj):

pA) =[] rGip. ©)
(.))

Not all of the probed transcripts can hybridize to any given
microarray probe (i.e. many of the Ajj coefficients are 0). By
using local sequence-alignment methods such as BLAST, we
can establish constraints on the possible hybridization interac-
tionswithin agiven set of probesand their target transcriptsby

thresholding matching sequences by their BLAST E-values.
This is approximately equivalent to thresholding matching
sequences by their stacking hybridization free energy AG,
as a strongly-bound pair of nucleotide sequences will have
alarger number of nucleotide base pairs and hence, a lower
BLAST E-value: only probe-transcript pairs with E-values
below the threshold are allowed to have non-zero hybridiz-
ation coefficients. Similarly, paired sequences with a small
number of base pairswill be weakly paired and hence will be
unlikely to make a contribution to cross-hybridization noise
(Hughes et al., 2001).

Note that the sparsity structure of the hybridization matrix,
A, could bepartially constrained according to probe-transcript
free energy parameters AG; a simple approach would be to
set the non-zero elements of A to some parametric form of
the free energy, and then solve for the latent transcript levels
Z that explain the measurements for the given A. However,
we have found empirically that the free energy aone does
not determine the hybridization strength between a probe and
a transcript. The probabilistic model above can account for
thisambiguity of the hybridization coefficients due to incom-
pleteinformation; instead of setting the non-zero coefficients
deterministically, the generative model represents uncertainty
in the values of these non-zero coefficients so as to maximize
the probability of observing the given data.

Let S denote the set of non-zero elements in the matrix
A. Weset p(rjj) =1 V(,j) ¢ S: thedistribution p(A),
factors as

p) = [T pGap. @
@,j)es
We impose standard normal priors p(z;) and p(ij) on the
|atent expression level sand the hybridization coefficients. The
probabilistic model for cross-hybridizationisthusrepresented
asajoint distribution over the observed and latent expression
profiles, X and Z, and the hybridization matrix A, such that

p(Xiz,A) = N(Az, W) =[N ( S iz, 1/,iz) ’

i jiG.j)es

p@=[]rep=[]N0OD,
J J

rd) = [ reip= [] NOD,

(i,))es (i, )eS
p(X,Z,A) = p(A) [ | pxe1z:, M) p(22),
t

®)

where X = [X1,X2,...,Xr]l and Z = [z1,2p,...,27] are
the measured and latent expression measurements which are
indexed by tissue. The above model treatsexpression levelsas
being statistically independent across the T' conditions: each
condition corresponds to a sample drawn independently from
the probability model. We, therefore, make no assumption
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in our model about patterns of covariance between particular
microarray conditions so as not to bias the inferred data.

We now turn to the problem of inferring the optimal set-
tingsof thelatent expression profiles, Z, and the hybridization
matrix, A. This requires us to compute the posterior distri-
bution p(z;, A|x;),Vt=1,...,T. For the model in (5), this
distribution is intractable to compute analytically. In order to
perform inference, we must resort to approximate methods
that make use of a surrogate distribution ¢g(z,, A) over the
latent variables that approximates p(z;, A|x;). Two popular
methods for approximate inference are Markov-chain Monte
Carlo (MCMC) methods and variational methods. The vari-
ational method for approximate inference has been chosen
in this case due to concerns with the convergence and mix-
ing properties of MCM C methods and the more deterministic
flavor of the variational method, wherethereisaguarantee on
convergence to an optimal solution.

VARIATIONAL LEARNING FOR
CROSS-HYBRIDIZATION COMPENSATION

In variational learning (Neal and Hinton, 1998; Jaakkola and
Jordan, 2000) with latent variables H and observed variables
V, the exact posterior p(H|V) is approximated by a distribu-
tiong(H; ¢) parameterized by a set of variational parameters
¢. Thus, inference consists of iteratively improving the fit of
q(H; ¢) to p(H|V) with respect to these parameters. Thisis
measured by the relative entropy, D(q||p), between g(H; ¢)
and the model p(H, V) of the latent and observed variables;
this can be written as

qg(H; )
p(H,V)

q(Z,A)
//q(z A)log———— SX.Z.A) dZ dA, (6)

where X, Z and A have been substituted as the observed and
|atent variables, V and H, for the model in (5).

Theapproximating distribution can befurther smplifiedvia
amean-field decomposition of all latent variables, where the
complex joint distribution g (z;, A) can be decomposed as the
product of simpler local distributionsover eachlatent variable,
such that

H

D(qnp):f g(H; ¢)log 2

9z, A) =

1_[ ‘I()Lu) HCI(ZJI) (7)

(i,j)es

Now, let the marginal distributions ¢(zjt) and g(xj;) be
Gaussian:

q(j0) = N(ujt, 07, ®
q(hij)) = N(lij, ¢5), 9

where [jj, ¢>€ wjt and sz are variational parameters that are
used to perform approximate inference.

Learning and inference in the model specified in (5) is
accomplished via the variational EM agorithm. Denoting
the sets of variational and model parameters by ¢ and 6,
the algorithm alternates between minimizing D(g||p) with
respect totheset of variational parameters¢ (thevariational E-
step), and then minimizing D(g|| p) with respect to the model
parameters 6 (the variational M-step). The variationa EM
algorithm continues to alternate between the E-Step and the
M-Step until convergence, at which point the inferred val-
ues for uj; correspond to the latent expression profiles of
interest. For the model of (5) and the mean-field variational
approximation, D(g||p) can be simplified to

1
D(qllp) =~ (Z(Iogo — o2 — uf)

It

+ > (loggf — ¢f — %)

(i,j)es

(xjt — Z i l",u-t)z
N Z ('09 vE+ ' J fp,é)es ij 1 )
it ;

of + $f(uh + 0?)

j(lj)GS || j ij \Hit

Y - K,
1

(10)

where K does not depend on the variational and model
parameters.

Minimizing D(q||p) with respect to the variational and
model parameters by taking derivatives and setting to zero
to find stationary points yields the variational updates for
GenXHC:

Variationa E-step:

Z,‘;(,',j)es(lij/l//iz) (xit - Zk;ﬁj likMkt)
T4+ Y pes Ui /WD UE + ¢9)
1

Mijt <

o2 « 5
! 14> v pesij /¥ )(l ¢> )’
D1 Mt (xit = Dkt likMkt)
U+ X (o)
e
Wiz + Zt (szt + 0]2) ,
Variational M-step:

2
Y? %Z (Xit - Z lijﬂjt)

(11)
lij <

2
¢ij <~

ROYIEN

Ji.j)es Ji@.j)es

+ Y (1§+¢§) o2+ > uﬁ¢>ﬁ)

(12)
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RESULTS
GenXHC for M.musculus microarray data

Our agorithm was applied to a subset of a genome-wide
M.musculus microarray data set (Frey et al., submitted for
publication). The subset consisted of 26 486 probesthat were
designed for putative exons in chromosome 16. These putat-
iveexonswere predicted from the Repeat-masked mouse draft
genome (Build 28) using five different exon-prediction pro-
grams. One 60-mer oligonucleotide probe was selected for
each putative exon, such that its cross-hybridization potential
tothefull set of microarray probeswasminimal. Array designs
were submitted to Agilent Technologies (Palo Alto, CA) for
array production. The resulting scanned microarray images
were then quantitated using GenePix (Axon Instruments);
complex noise structures in the microarray images were then
removed viaaspatial detrending algorithm (Shai et al., 2003),
and each set of images representing measurementsover 12 tis-
suepoolswascalibrated withtheVV SN algorithm (Huber et al .,
2002) using aset of 100 reference genesthat were represented
on each microarray.

The sparsity structure on the hybridization matrix, A, was
determined by running a probe-to-RefSeq cDNA pairwise
sequence alignment using BLAST with an E-value cutoff of
1 x 10~2. We set the E-value cutoff to be permissive enough
to identify all transcript-probe pairings which could possibly
contribute to cross-hybridization noise with a sufficient num-
ber of base-pairings (Hughes et al., 2001). A list of potential
cross-hybridizing cDNAs was built in this fashion for each
microarray probe. The resulting dataset was further reduced
by removing transcriptsthat only had asingle matching probe
sequence (asthey would not contributeto cross-hybridization)
and their corresponding probes. The dataset obtained in this
fashion had N = 9904 probe measurements and M =
2965 latent transcripts confirmed by the RefSeq cDNA
database.

Before running the variationa EM agorithm on the
microarray dataset, the observed expression levels were nor-
malized to the range [0, 1] by subtracting the minimum and
dividing by the maximum expression value for each probe.
The algorithm was then run for 30 iterations.

We note that the model proposed in (5) alows both the
hybridization coefficients and the latent expression levels to
benegative. Such negativevalues, however, do not correspond
to meaningful mMRNA transcript quantities. In order to avoid
negative values, the algorithm implements a simple heuristic
whereby negative values are set to zero at the end of each
iteration of the variational EM algorithm.

Reconstruction error using denoised profiles

To evaluatetheinferred expression profiles, apermutation test
was applied to the measured data as follows: the variational
learning method is trained on 2 expression datasets, one of
which is the original dataset, and the other which is a dataset

Distribution of SNRs using original and permuted expression data
0.05

T T T T
J — Original expression data

0.045 === Permuted expression data
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=2
15

Relative frequency of SNRs

SNR (dB)

Fig. 5. Decrease in reconstruction error, measured as SNR, using
original and randomly permuted data for learning: taking into
account hybridization constraints allows us to better explain noisy
measurements.

with the probe order randomly permuted. This permutation
alterstheset of possiblehybridizationinteractionsbetweenthe
microarray probesand the set of cross-hybridizing transcripts.
We then define the signal-to-noise ratio (SNR), as a measure
of reconstruction error:

> 1% 12
SNR = 10log <—’ - : (13)
O 1% — %12
where || - || isthe Euclidean norm of avector, X; = Az isthe

estimate of the observed expression profile, x,, according to
the probabilistic model outlined in (5). Thus, one expects the
SNRfiguretobelarger for datainferred fromtheoriginal data-
set due to the fact that the original dataset has incorporated
explicit hybridization constraints between probes and tran-
scripts, whereas the sparsity constraint for the permuted data
has no biological meaning.

Figure 5 shows a histogram of the SNR figures computed
for each of the 9904 probes; as can be seen, the SNR is on
average much higher on the original dataset than on the per-
muted set. By taking into account the set of hybridization
constraints between microarray probes and gene transcripts,
we have achieved alower reconstruction error with respect to
the case where the sparsity structure of the hybridization mat-
rix israndomized. Thisresult demonstrates that the GenXHC
agorithm has not simply overfit the observed data using the
available hidden variables and parameters of the probabilistic
model.

Gene Ontology-biological process (GO-BP)
enrichment using denoised expression data

We then sought to verify whether removing cross
hybridization noise from a set of gene expression profiles
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Fig. 6. Comparison of functional group enrichment for noisy data
and data denoised using GenXHC: taking into account cross-
hybridization noise produces enrichment for most of the functional
groups.

would produce enrichment for agiven set of functional groups
associated to aset of GO-BP functional annotations. Because
co-expression of genes predicts co-functionality (Tavazoie
et al., 1999), with all else being equal, a higher enrichment
indicates improved measurements of transcript levels.

Weused GO annotationsfrom the M ouse Genome Database
(http://lwww.informatics.jax.org; MGD, 2005) to associate
each geneto aset of biological functions. Of these GO-BP cat-
egories, we selected GO-BP categories that were represented
by at least five cDNAS, for atotal of 328 GO-BP categories.
We constructed two datasets for comparison: the first con-
sisted of the averaged probe measurements for each transcript
and the other consisted of the inferred expression data. We
performed agglomerative hierarchical clustering (using the
pairwise Pearson correlation between two profiles as a simil-
arity metric) on both datasets. Each dataset wasthen clustered
into 120 functional groups, and ahypergeometric p-valuewas
then computed for each functional group in both datasets.

Figure 6 shows a comparison of enrichment for each of the
120 functional groups: the increased enrichment with respect
to noisy pre-XHC data across multiple functional groups sug-
gests that the amount of noise present in the expression data
has been reduced by GenXHC.

Comparison of GenXHC toRMA

We then sought to compare the performance of GenXHC
to RMA on our dataset via the functiona enrichments they
produce, using the same GO-BP enrichment test above. We
implemented RMA background subtraction using maximum-
likelihood estimates of the model parameters for the RMA
linear model (Irizarry et al., 2003). Figure 7 comparesthe per-
formance of GenXHC and RMA, as well as the performance

of RMA on un-normalized noisy expression data. Though
RMA improves functional enrichment with respect to noisy
data, GenXHC produces equal or greater enrichment with
respect to RMA across the magjority of the functional groups.
This is probably due to the fact that unlike RMA, which
only models the statistical properties of cross-hybridization
noise, GenXHC models the explicit sparse structure of
the set of probe-transcript interactions and is able to take
into account specific probe-transcript cross-hybridization
effects.

DISCUSSION

In the example of cross-hybridization compensation shown
in Figure 2, GenXHC has managed to remove noisy expres-
sion levelsin the measured gene expression data that are due
to cross-hybridizing transcripts. However, for many probes,
the target transcript for which they were designed has been
assigned ahybridization coefficient of 0. Thiscanbeexplained
by considering that certain probes are particularly noisy and,
therefore, incur high reconstruction error for using theoptimal
inferred variable settings. The algorithm, therefore, sets the
optimal values of the hybridization coefficients for these
probes to 0, as setting them to greater values would increase
the error. Also, GenXHC produces statisticaly significant
improvements on average, but with a broad variance in SNR
improvements (as evidenced in Fig. 5). This may correspond
to the presence of many outlier expression profilesinthetrain-
ing set that are poorly explained by the model parameters,
and hence contribute to the algorithm finding poor solutions.
One possible remedy to thisisto include an outlier model that
accountsfor microarray probeswhich measurelow expression
levels, under the assumption that these may in fact correspond
to measurement noise and experimental error.

It is aso worth noting that our probabilistic model only
uses information on binding energy to identify likely cross-
hybridization targets for each probe. It does not take into
account other physical effects, opting instead to capture such
effects using the uncertainty in the model variables. The
binding energy value between a probe and a transcript, as
well as the probe effect (Li and Wong, 2001) are, neverthe-
less, important determinants of probe intensity, and we are
therefore currently investigating the use of such information
to set the priors on hybridization coefficients to account for
such physical effects.

CONCLUSION

The problem of removing cross-hybridization noise will
become increasingly significant in the upcoming era of
genome-wide exon-tiling microarray experiments. We have
developed GenXHC, a probabilistic model for cross-
hybridization compensation in high-density, genome-wide
microarray data. The model is ableto take into account expli-
cit hybridization constraints between microarray probes and
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Fig. 7. Comparison of functional group enrichment using GenXHC and RMA: taking into account the explicit sparsity inherent to the set of

probe-transcript hybridization interactions produces enrichment.

genetranscripts, outperforming the popular RMA method for
cross-hybridization compensation. Thealgorithmwasapplied
to asubset of agenome-wide M. musculusexon-tiling microar-
ray dataset and was shown to produce a significant reduction
in cross-hybridization noise, albeit with large variance on
the range of improvements in terms of SNR. The inferred
gene expression data was aso shown to produce enrichment
in many GO-BP functional groups. We are investigating
the addition of an outlier model that can account for noisy
data such that this variance in reconstruction errors can be
reduced. As microarrays scale to higher densities, we believe
that agorithms which can accurately compensate for cross-
hybridization will play an important role in future large-scale

microarray assays.
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