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Summary
Objectives. A promising application of DNA microarrays relies on detection of changes in copy number following genomic DNA hybridization (array CGH). An open issue in array CGH experiments is to assess the extent of signal variation related to changes in copy number and that is due to differences in the sequence of the experimental sample. This is particularly true of samples whose genomic sequence is not necessarily identical to that used to design the probes printed on the
array. A second, related issue regards the consequences of such phenomenon on the inference on relative intensity levels.
Material and methods. A microarray experiment was specifically designed on two genetically different strains of yeast
(Saccharomyces cerevisiae) varying the hybridization temperatures (50°, 55° and 60°C). Data were analyzed with a hierarchical Bayesian model that jointly takes into account all the slides. The model allowed us to normalize the data and adjust for temperature-related differential hybridization and cross-hybridization.
Results. Bayesian analysis on all the arrays identified 29 spots as significantly less represented in one strain vs the other.
Bayesian curve clustering showed two distinct temperature dependent patterns.
Conclusions. The method that we propose is potentially relevant for studies using array CGH in medicine and in population genetics.
KEY WORDS: CGH microarray, yeast, Hierarchical Bayesian model.

Introduction

Population genetic studies using array CGH seek to
distinguish signal variation due to changes in gene
dosage from that due to sequence differences among
individuals (genetic polymorphism). Yeasts have
provided the first test bed for array CGH studies. cDNA microarrays have been used to detect changes in
gene copy number and expression (1). Allelic variation among different strains can be studied using
Affymetrix™ (2-4). cDNA arrays were used to assess relatedness of strains from different species of
the Saccharomyces sensu stricto complex (5). The
authors discussed extensively the problems in inter-

preting hybridization results using DNA from strains
of different yeast species. Finally, open reading
frame (ORF) arrays in CGH experiments were proposed to assess the differences in industrial wine
strains versus the lab strain (6). Interpretation of data from genomic DNA hybridization on microarrays
containing the full set of ORFs (C-DNA arrays) is
more complex than interpretation of results from the
analysis of RNA expression data or from allelic variation scanning on oligonucleotide arrays.
Our aim was to develop a model to quantify genetic
variation using cDNA arrays.
DNA from two different yeast strains, S288c (hereinafter referred to as L) and M28, a wine strain iso-
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lated from Montalcino grapes (hereinafter, M), was
allowed to hybridize to a microarray representing all
the yeast coding regions (7). L is the laboratory strain
of yeast whose sequence has been determined according to the Saccharomyces cerevisiae genome sequencing project (8). Three different hybridization
temperatures (50°, 55°, 60°C) were used. The extent
of signal variation between two strains can depend
on hybridization temperature, reflecting three distinct issues: differences in gene dosage, differences
in the sequence of the experimental sample with respect to that present on the array, and cross-hybridization among highly homologous sequences.
Families of duplicated paralogous genes can share
homology up to 98%; changes in the copy number of
a given gene can be hidden by cross-hybridization of
a paralogous gene proportionally to their sequence
similarity. Lowering the hybridization temperature
increases the effect of cross-hybridization, and we
expect this effect to be multiplicative with the sequence divergence effect.
In the present paper we propose a hierarchical
Bayesian model which incorporates data normalization and adjusts for temperature-related differential
hybridization. Twenty-nine genes were identified as
significantly less represented in the natural M strain
versus the L strain. Bayesian hierarchical clustering
of curves (9) identified two distinct patterns by temperature.

Biological Rationale
ORF array construction

Experimental design

A set of clones containing 6129 verified ORFs of the
yeast genome were obtained from Research Genetics
(Huntsville, AL) and amplified to the levels required
for the preparation of DNA microarrays using PCR
(10). Several longer ORFs were amplified using the
Gibco BRL Amplification Kit, (Life Technologies,
Rockville, MD). Each amplified product was confirmed by agarose gel electrophoresis. Ninety-eight
per cent of the ORFs yielded bands of appropriate
length. The amplified DNA was precipitated with
isopropanol, washed in 70% ethanol, and resuspended in 3x SSC. DNA from two different strains,
48

BY4743, a S288c derivative (L, the laboratory strain
whose sequence has been determined according to
the Saccharomyces cerevisiae genome sequencing
project) and a wine strain isolated from Montalcino
grapes (M), was extracted in accordance with the
protocol of Winzeler et al. (2). The DNA was fragmented in accordance with the protocol of Dunn et
al. (6) and allowed to hybridize to a microarray representing all the yeast coding regions, in accordance
with the protocol described by Giuntini et al. (11).
The overnight incubation was performed at three different temperatures (50°, 55°, 60°C). We chose
BY4743 as a reference because its sequence is identical to that of L, and its genome contains a number
of well-characterized genetic markers that can be
useful in interpreting hybridization results (12).
BY4743 contains the alleles ura3delta, leu2delta,
his3delta (i.e., an extensive deletion of the URA3
gene, a complete deletion of the LEU2 gene, and a
partial deletion of the HIS3 gene that eliminates
25% of the sequence, 187 bp out of 662, respectively). BY4743 is also heterozygous for lys2delta and
met15delta. The signal for the URA3 gene or for the
LEU2 gene can serve as an indication of absence of
a gene from the array: in theory an absent gene
should result in no signal in one channel, with an infinite asymptotic log-fold change value. In practice,
cross-hybridization reduces this difference, and since
the reference strain is diploid, a signal exceeding the
2-fold threshold for unique genes is, in theory, sufficient to indicate a gene deletion, on ORF arrays.

Replicates are produced for each cell of the 2 × 3
(two strains, L and M, and three temperatures, 50°,
55°, 60°) factorial design (13). We first used fluorescent red dye (Cy5) for the M strain and green dye
(Cy3) for L strain, and subsequently reversed the
colours (dye swap).
The experiment considered 6129 genes, six arrays
each printed with 16 different pins (96 different pins
per experiment). The extent of signal variation between L and M at different temperatures can reflect
three distinct phenomena: changes in copy number
(gene dosage), differences between the sequence of
the experimental sample and that present on the ar-
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ray, and cross-hybridization among highly homologous sequences.
We expect that the third effect is modulated by hybridization temperature. This information is extremely important in the use of microarrays in medicine and in population genetics.
Indeed, since we considered two strains that show
differences in the genomic sequences, differential
hybridization was deemed likely. Differential hybridization can result from non-completely specific
binding of the wine strain DNA (M) to the array containing probes designed on the S288c DNA (L) sequence. It reflects the amount of sequence variation
in a given probe.
Variation of hybridization temperature could modulate such partially specific binding reaction to an extent to be quantified, but might also modulate aspecific binding to other probes on the array.
Fluorescent cDNA bound to the microarray was detected with a GENEPIX 4000B microarray scanner
(Axon Instruments, Foster City, CA), using the
GENEPIX 4000 software package to quantitate fluorescence of the microarray. Fluorescence intensity
values were adjusted by subtracting surrounding
background from spots. We optimized the array production and scanning to keep this signal as low as
possible, usually between 40 and 100 PMTs. To
eliminate signals that are most prone to estimation
error, a spot was excluded from analysis if both the
Cy3 and Cy5 mean fluorescence signals were within
two standard deviations of the mean background signals for that spot (14).
Hierarchical Bayesian model

We specified a hierarchical Bayesian model to decompose the different sources of variability and to
adjust for temperature-related differential hybridization and cross-hybridization.
The background-adjusted intensities for each gene of
the two strains were assumed to be gamma distributed (with common coefficient of variation 1/√ a; see
15). We indicated with Lijkp and Mijkp the intensity for
the i-th gene (i = 1,...,6129), the j-th hybridization
temperature (j = 1,2,3 corresponding respectively to
50°, 55° and 60°C), the k-th dye (k = 1,2), and the pth pin (p = 1,...,96), for L and M respectively. Each

array is uniquely identified by the combination of
temperature and dye indexes.
The model was
Lijkp ~ Gamma (θ Lijkp, a)

and
with means

Mijkp ~ Gamma (θ Mijkp, a)

E(Lijkp) = θ Lijkp and E(Mijkp) = θ Mijkp

and variances

Var(Lijkp) = (θ Lijkp)2 / a and Var(Mijkp) = (θ Mijkp)2 / a.

We defined a log-linear model on the expected intensity values
and

log2 (θ Lijkp) = µ igene + µ jtemp + µ kdye + µ pin
(jk)p

log2 (θ Mijkp) = µ igene + µ jtemp + µ kdye + µ pin
(jk)p + βi

[1]

The parameter µigene represents the “normalized”
mean intensity level for the i-th gene, i.e. the expected value corresponding to the reference (first) category of temperature, dye and pin. The terms µjtemp,
µkdye and µ pin
(jk)p represent the effects of temperature,
dye and print tip (the notation µ pin
(jk)p denotes that pin
effects are nested within jk-th array). The parameter
βi can then be interpreted as “fold-change”:

Non-informative prior distributions were specified
for the parameters of the model: flat normals for the
µ terms; a Gamma distribution for a. For the gene
strain effects, βi, we assumed a mixture of normal
distributions, with components representing over,
under or non-differential expression. Formally, indicating with µβi the expected value of βi, we assumed
that
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where (π–, π+, 1–π+ π–) ~ Dirichlet (ν1, v2, v3),
TN indicates the truncated Normal distribution and
τ–1β ~ Gamma (0.001,0.001).
We then extended model [1] adding a new set of parameters to describe strain-specific temperature effects:
pin
log2 (θ Mijkp) = µ igene + µ jtemp + µ kdye + µ(jk)p
+ βi + βjtemp [2]

Flat normal distributions were specified for β .
Strain gene-specific temperature effects were investigated defining a third model
temp
j

pin
+ βjtemp + βijgene.temp [3]
log2 (θ Mijkp) = µ igene + µ jtemp +µ kdye + µ(jk)p

A mixture prior distribution was used for the expected value µβij of the strain gene-specific temperature
parameters:

considering µrij = αr + γijtemp. For µ1ij and µ2ij a non-informative truncated normal distribution was specified. γijtemp ~ Normal (0,τβ), where τ–1β ~ Gamma
(0.001,0.001).
Inference was based on the full posterior distributions approximated by Monte Carlo Markov Chain
(MCMC) simulations (using the WinBUGS 1.4
package, 16). The convergence of the algorithm was
evaluated using the Gelman-Rubin test (17) for multiple chains for a subset of the monitored parameters.
Convergence was achieved after 10000 simulations
and a further 10000 iterations were used for estimation.
With model [3], we identified over- and under-expressed genes and, moreover, estimated temperature
expression profiles specific for each gene.
In order to identify genes with similar temperature
patterns we further analyzed the estimated profiles
using the model-based Bayesian hierarchical clustering algorithm proposed by Heard et al. (9). This
50

method, originally developed to identify co-regulated genes in time-course experiments, is based on
non-linear regression splines that describe the signal
variation in each cluster. The number of clusters is
not fixed a priori, but is assumed as part of the estimation procedure.
Convergence to the posterior distribution was assessed using the Gelman and Rubin test.

Results

A large majority of genes (more than 95%) did not
vary between the L and M strains. Variable genes
tended to show an intensity increase factor of between
2 and 15.
Bayesian analyses identified 30 spots, 29 diverged or
deleted in the M strain and one deleted from the
By4743 strain. The latter, as expected, was YEL021W,
URA3. Surprisingly, the model did not detect LEU2,
YCL018W, also deleted in By4743. This might be explained by the fact that LEU2 overlaps almost completely with a TY2 element as well as with a tRNAleu
(transfer RNA for Leucine). The probe for LEU2
printed on the array likely cross-hybridized with the
other copies of TY2 of the By4743 genome, which
share a sequence identity of approximately 95% (18).
The model behaved conservatively. Indeed it failed to
detect the partial deletion of the HIS3 gene that is still
present at 75%, and the heterozygosity in LYS2 and
MET15.
Among these affected genes, it is worth noting the
deletion of a region of Chr XII (confirmed by PCR),
the reduction of the number of transposable elements, and of the regions proximal to these repetitive
elements (Table 1).
Hybridization temperature modifies signal intensities. The temperature effect was more evident for the
Montalcino strain (in grey) than for the laboratory
strain (in black) (Figure 1). Figure 2 shows log2 ratio
(M/L) at 60° vs log2 ratio (M/L) at 50°; red-labelled
Montalcino strain (+); green-labeled Montalcino
strain (°).
Figure 3 shows posterior distributions of strain-specific temperature effect for j = 60 by model [2]. The
log2 ratios appeared weakly affected, as shown by the
posterior density of βjtemp (Figure 4, for j = 60).
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Table 1. List of affected genes.
Gene

+

+
+
*
*
*
*
*
*
*

+
+
+

+

+
+

+
+
+
+
+

YOL163W
YOL162W
YMR051C
YMR046C
YML045W
YML040W
YLR161W
YLR160C
YLR159W
YLR158C
YLR157C
YLR156W
YLR155C
YJR153W
YJR029W
YJR028W
YJR026W
YJL218W
YJL217W
YJL114W
YIR042C
YIL082W
YIL080W
YIL015C-A
YHR054C
YGL053W
YBR012W-A
YAR031W
YAR010C
YEL021W

log FC50

-2.4628
-2.4631
-2.4643
-2.4631
-2.4643
-2.4630
-2.4631
-2.4648
-2.4628
-2.4646
-2.4647
-2.4639
-2.4652
-2.4650
-2.4606
-2.4637
-2.4633
-2.4649
-2.4622
-2.4647
-2.4636
-2.4625
-2.4594
-2.4608
-2.4604
-2.4590
-2.4613
-2.4591
-2.4628
-2.5028

log FC55
-2.9631
-2.6373
-3.1378
-2.4509
-3.2911
-2.7041
-2.9328
-3.9512
-2.7530
-3.9544
-3.9632
-3.6203
-4.6292
-3.9596
-2.1289
-3.1226
-2.7952
-4.0343
-2.5780
-3.8520
-2.9806
-2.4654
-1.9416
-1.9993
-1.9813
-1.7825
-2.1502
-1.9468
-2.3400
-2.6452

log FC60
-2.5318
-2.5449
-3.4305
-2.2924
-3.5378
-2.5969
-3.0168
-3.7200
-2.7929
-3.5457
-3.7753
-2.5883
-4.3848
-4.0596
-2.6585
-2.8960
-2.9568
-3.7919
-2.4434
-3.6607
-2.8582
-2.2299
-1.8865
-2.5472
-1.9195
-1.9639
-2.0769
-2.2244
-2.4173
-2.7413

Eff55

-0.4999
-0.1745
-0.6748
-0.0120
-0.8279
-0.2409
-0.4698
-1.4880
-0.2898
-1.4913
-1.4998
-1.1570
-2.1659
-1.4964
-0.3342
-0.6595
-0.3323
-1.5711
-0.1151
-1.3888
-0.5177
-0.0025
-0.5215
-0.4636
-0.4815
-0.6802
-0.3126
-0.5161
-0.1228
-0.1424

Symbols: * = deletion Chr XII (Oligo-PCR); + = transposomes and neighbouring regions.

Eff60

-0.0690
-0.0820
-0.9672
-0.1708
-1.0745
-0.1340
-0.5535
-1.2567
-0.3300
-1.0825
-1.3122
-0.1252
-1.9216
-1.5966
-0.1955
-0.4328
-0.4937
-1.3289
-0.0197
-1.1976
-0.3951
-0.2330
-0.5762
-0.0840
-0.5435
-0.4989
-0.3857
-0.2385
-0.0456
-0.2384

Cluster
3
3
3
3
3
3
3
2
3
2
2
3
2
2
3
3
3
2
3
2
3
3
3
3
3
3
3
3
3
1

Figure 1. Intensity at 50° vs 60°C; M strain (in grey) L strain (in black); Red dye (left), Green dye (right).
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Figure 2. Y-axis: log2 ratio (M/L) at 60° vs X-axis: log2 ratio (M/L) at 50°.

Figure 3. Posterior distribution of strain-specific temperature effect for j = 60.

Figure 4. Posterior distribution of β60temp.

Figure 5. The interaction effect varies among affected genes:
posterior densities of temperature effects for gene YLR155C
(more affected by temperature changes) and gene YJL217W
(less affected).

Strain gene-specific temperature effects estimated by
model [3] suggested the presence of interactions for
some of the affected genes. For example, in Figure 5,
we report the posterior densities of temperature effects for gene YLR155C (more affected by temperature changes) and gene YJL217W (less affected).
Figure 6 shows strain gene effect profiles by temper52

atures for the 29 diverged or deleted genes of the M
strain.
Clustering of the gene effect profiles by temperature
clearly identified two patterns (Table 1 and Figure 7).
Seven genes showed a strong fold-change increment
with increasing temperature. Four of these were the
ASP3 cluster of genes on the Crick strand of chro-
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Figure 6. Strain gene effect profiles by temperature.

Figure 7. Temperature expression profiles for the under-expressed genes. Continuous and dashed lines indicated different profiles.

mosome XII. The other three elements were a transposable element, TyGAG, a subtelomeric Y element,
and PGU1, a polygalacturonase in the ChrX subtelomeric region.

Discussion and conclusions

We proposed a full Bayesian approach to model the
effect of temperature on the specificity of the hy-

bridization reaction. Our approach used all the information collected to make inferences about the set of
affected genes, borrowing strength from other genes.
Several sources of variability were considered,
avoiding arbitrary pre-processing of data and including the normalization phase in the modelling phase.
Multiple testing was performed adding a third layer
to the Bayesian model.
However, this model is computationally heavy and
requires careful tuning.
Efforts to improve the model will seek to relax the
exchangeability assumptions and the assumptions of
homogeneity of variance of gene effects. Generally
speaking (although less relevant to our data-set), incorporating background intensities or non-linear effects could improve the flexibility of the analysis.
The choice of the priors for the gene strain effects is
crucial. We suggested a finite mixture model (19).
This made it possible to estimate the posterior probability of being differentially represented; weakly informative priors could produce a strong shrinking effect.
A large majority of genes were unaffected (> 95%).
Affected genes tended to show a two-fold intensity
increase, or multiple increase (due to polyploidy).
The signal in M28 with respect to By4743 can yield
a log ratio of between 2.502 and 2.741 for
YEL021W, the URA3 gene (Table 1); this result suggests that the total gene deletion in the absence of a
similar gene does not show any cross-reaction, and
this log ratio value thus has to be considered a clean
indicator of gene deletion. To further test our assumptions, we compared our results with those reported by Winzeler et al. (3) on the comparison between M and L using affy arrays. Compared to the
S288c Affymetrix array, 33 of the 35 ORFs that we
described as altered had at least two polymorphic
sites.
These findings helped us to tune appropriately the
choice of hyperparameter values. Hybridization temperature had an effect on the level of absolute intensities of the two strains and on log ratios. Strain
gene-specific temperature effects are likely for differentially represented genes.
Prior distributions for precision parameters are obtained from predictive distributions from a calibration experiment (20).
In problems of this kind, sensitivity analysis of prior
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assumptions is difficult. Indeed, prior distributions are
usually tuned by preliminary data analysis and a careful choice of initial values is also important to speed
up MCMC algorithm convergence (19, page 12).
Our observation of a clear temperature effect for the
Montalcino strain suggests that the absolute intensity decrease in M, but not in L, is linked to a non-perfect match between the probes and the M DNA. This
finding demonstrates that microarray technology and
our Bayesian approach can also be used to assess sequence divergence in individuals of the same species
or of closely related species. In agreement with this
explanation, increasing the temperature increases the
contrast between the values. The clear division in
two patterns resulting from the clustering of genetemperature profiles indicates that our model allows
a precise evaluation of the effects dependent on the
presence of multiple copies with high similarity for
one element of the genome. The ASP3 results clearly demonstrate what is going on. Our results demonstrate that the M strain is missing 4 ASP3 (YLR155,
YLR157, YLR158, YLR160) ORFs on the Crick
strand, and a further three small ORFs on the Watson
strand (YLR156, YLR159, YLR161). All these
ORFs are included in a large deletion of 21636 bp on
ChrXII: from coordinates 468959 to 490595 in the M
strain with respect to By4743. The ASP3 gene has
90% homology with the ASP1 gene, therefore on decreasing the hybridization temperature, ASP1 from
M cross hybridizes with the ASP3 probe, indicating
a temperature effect. The three sequences on the
Watson strand are unique (YLR156, YLR159,
YLR161), and therefore their ratio does not change
at lower temperatures. The same is true for the transposable elements of the Ty class and some of the subtelomeric ORFs, which are known to have multiple
copies in the genome (3). It is worth noting that our
model failed to detect minor changes in copy number
as well as heterozygosity. This is due to the decision
to set conservative priors, since our main objective
was to assess presence-absence of genes. Moreover,
our model estimated that the ratios at 50 degrees for
the differentially abundant genes are in the order of
2.4. This value is consistent with the a priori theoretical value of 2, as discussed in the introduction. (Setting less conservative priors might allow more subtle
effects to be captured, but might also result in an unacceptable rate of false positives).
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