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Abstract

We have developed a statistical method for the analysis of array-based
CGH data to detect genomic DNA copy number changes. Our method
allows us to answer the biologically relevant questions (what is the proba-
bility that a given gene or region has increased or decreased copy number
changes) in a clear and simple way, within a rigorous statistical frame-
work. We use a non-homogeneous Hidden Markov Model that incorpo-
rates distance between genes, a crucial requirement to analyze data from
platforms where distances between probes is highly variable. As the true
number of hidden states (states of copy number changes) is not known in
advance in biological samples, we do not fix the number of hidden states
of the model, but use Reversible Jump Markov Chain Monte Carlo for
inference. We can therefore investigate the likely number of hidden states
in the data and, more importantly, provide posterior probabilities that
a gene or a set of genes is in a given state. To summarize results, we
employ Bayesian Model Averaging, averaging over models with different
states, and thus incorporating model uncertainty. Our method can be
used to analyze data from each chromosome independently or all chro-
mosomes together, offering both flexibility in the biological phenomena
studied and increased statistical precision. Thus, our method provides
a rigorous statistical foundation for locating genes and chromosomal re-
gions with altered copy number and potentially related to cancer and
other complex diseases.

1 Introduction

Alterations in the number of copies (gains, losses) of genomic DNA have been
associated with several hereditary anomalies and are involved in human can-
cers (reviews and examples in [PA05, LCCL06, UKST06, MPNT05a, ABBT04,
SLT*04,FMM™00]). For example, amplification of some genes, especially onco-
genes, is one well known mechanism for tumor activation [HBC*00, HKS*04]
and it is involved in the deregulation of cellular control [VFPT03,VK04]. Copy
number alterations has been associated with tumoral grade, metastasis devel-
opment, and patient survival [PA05, LCCL06, UKS*06, MPNT05a, ABBT04,
SLT*04, FMM™00], and studies about copy number changes have been instru-
mental for identifying relevant genes for cancer development [PA05, LCCLOG,
PSPT02].

A widely used technique to identify copy number changes in genomic DNA
is array-based Comparative Genomic Hybridization (aCGH). Two DNA sam-
ples (e.g., problem and control) are differentially labeled (often with fluorescent
dyes) and competitively hybridized to chromosomal DNA targets. After hy-
bridization, emission from each of the two fluorescent dyes is measured, and the
signal intensity ratios are indicative of the relative copy number of the two sam-
ples (see reviews in [PA05,LCCLO06]). Therefore, a key step in any study of the
realtionship between altered copy numbers and disease is using the fluorescence
ratio data to identify genes and contiguous chromosomal regions with altered
copy numbers.



The analysis of aCGH data should use a rigorous statistical method that
is an appropriate model for the underlying biological phenomenon and allows
the biologist to answer important questions in a clear and simple way. First,
this method should incorporate the distance between probes [MTT06, FSPA04,
LJKPO05, BR06, HWLZ05): widely used aCGH platforms like those based on
cDNA microarrays and ROMA lead to variable coverage across chromosomes
[LCCLO06], with very unequal distances between probes (i.e., some regions have
probes that are very close to each other, whereas in other regions probes are very
far apart). As copy number changes involve chromosome segments, contiguous
loci will have the same copy number, unless there is an abrupt change to another
copy number [PA05, DROV04]; the further apart two loci are, the more likely
it is that a copy number event will have taken place in between them. Thus,
in densely covered regions the copy number of a probe is a good predictor
of the copy number of the neighboring probe. In contrast, in poorly covered
regions, contiguous probes or loci might be many thousands of kilobases apart,
making it more likely that at least one copy number change has taken place,
and consequently a probe provides less information about the likely state of its
neighboring probes. Therefore, unless we use a platform where all probes are
equally spaced, we need to use the distance between probes (and not just the
order), so that the information that consecutive probes provide is adequately
accounted for.

Second, a flexible method, applicable over different diseases and platforms,
must not require the researcher to specify in advance the likely number of copy
number levels for two main reasons (see [DROT04, PRL'05, PA05, LCCL06]).
How many levels a statistical method can detect can be strongly limited (or
enhanced) by the aCGH technology and the number of copy number levels can
be a characteristic of the disease under study. Whereas for some combinations
of disease/platform a few copy number levels might suffice (e.g., loss, no-change,
gain), for other cases a finer gradation might be required for appropriate char-
acterization of the syndrome. Consequently, in the absence of overwhelming
previous information about the true number of copy number alterations, we
will want a method that does not impose in advance a fixed number of states.

Third, we will want to be able to analyze the data either chromosome by
chromosome, or genome-wide [SXDT06, BR0O6, EMLB06]. Analysis at the chro-
mosome level are ideal to detect alterations in copy number of loci relative to
the rest of the loci in that same chromosome, regardless of that chromosome’s
ploidy (a trivial example would be detection of copy number changes in loci
of the human Y chromosome in an otherwise diploid genome). On the other
hand, detection of copy number changes that affect most of a chromosome of-
ten require genome-wide analysis (in chromosome-wide analysis, as the mean
or median chromosome level is used as the reference, detection of such changes
is virtually impossible). Moreover, the use of genome-wide analysis can offer
statistical advantages (e.g., reduced variance of estimation), if we are willing to
assume that certain features are similar over chromosomes (e.g., the mean log
ratio corresponding to one deletion). Often, both types of analysis can offer
complementary information, as they focus on different biological phenomena



(e.g., chromosomal gains/losses vs. gains of loci within chromosome) and, thus,
we would like to use a method that offers these two approaches.

Finally, we will want a method that returns results that can be used in con-
texts that cover from basic research to clinical applications [PA05, LCCLO06].
Probabilities of alteration, both of individual positions and contiguous sets of
genes (segments) [EMLB06,BR06, GLN06] (without underestimating the uncer-
tainty in model building [SXD'06]) can be immediately adapted to the context
of the study, so that a researcher can choose to consider genes/regions with
just moderate probability of alteration (e.g., > 0.5) for further study, whereas
a clinician might want to require high certainty of alteration of a specific gene
before more invasive procedures.

We have developed a method to fulfill the above requirements. We use a
non-homogeneous HMM which provides a natural model for these type of data
and allows us to incorporate the distance between clones/genes. As we will not
fix the number of hidden states in advance, we can consider a family of models
with varying number of states and let the data indicate the likely number of
hidden states. To obtain our final estimates, we incorporate the uncertainty
in model selection by using Bayesian Model Averaging. Our method allows
fitting either individual chromosomes or all chromosomes jointly. Finally, we
can obtain posterior estimates of the probability that each clone/gene has an
altered copy number and we can also return the posterior probability of the
most likely state of complete segments.

1.1 Statistical model: overview

For a given chromosome or genome, the copy numbers of genomic DNA (e.g.,
0, 1, 2 copies, ...) of different genes or segments are an unknown finite number.
Thus, genes or segments could be classified into several groups with respect
to their (unknown) copy number. We expect that the copy number of a gene
will be similar to the copy number of its closest neighbors, with that expected
similarity decreasing when genes are further apart (see above).

We cannot observe directly the true copy number but, rather, with aCGH,
we measure the fluorescence ratios between two samples. For a given alteration
of copy number, the fluorescence ratios should be centered around a log, value,
with some random noise, and we want to use the observed log-ratios to estimate
the underlying copy numbers and/or identify regions with altered copy number.
The above features (a finite number of unknown or hidden states that are in-
directly measured, with states of close elements likely to be similar) are often
modelled with a Hidden Markov Model (HMM) [Rab90, CMRO5]. As distances
between genes are not constant, and we want to incorporate distance between
genes in our model, we use a non-homogeneous HMM [CMRO05].

We will fit the above model in a Bayesian framework, so that we can answer
the biological question of what is the probability that a given gene or region
has increased or decreased copy number changes. For computation, we will use
Markov Chain Monte Carlo (MCMC) [GCSRO03]. Since we do not know the true
number of hidden states, we will fit models with varying number of hidden states



and, to allow for transdimensional moves between models with different numbers
of states, we will use Reversible Jump [Gre95]. After running a large number
of MCMC iterations, we can summarize the posterior probabilities. First, we
will obtain posterior probabilities for the number of states. Conditional on a
given number of states, each model will provide posterior distributions of the
parameters of interest (e.g., means, variances, transition matrices). From these,
we can obtain posterior probabilities that a gene is gained or lost. Finally, we
will use Bayesian Model Averaging [HMRV99] to obtain estimates, weighted by
posterior probability of each number of estates, for the probabilities of genes
being gained or lost.

2 Example

We have analyzed the well known nine cell lines from Snijders et al. [SNST01]
available from
http://www.nature.com/ng/journal/v29/n3/suppinfo/ng754_S1.html and we have
compared the results from our method with the known ploidy, as provided by
Snijders et al. We ran four parallel chains, each with 20, 000 iterations of which
the first 10,000 were discarded as burn-in. The parameters of the distributions
of the candidates were selected automatically by a heuristic approach that,
within model, leads to an acceptance probability near 0.23 [GCSR03]. The pa-
rameters of the jumps between models were taken as the mean of the within
model parameters.

Figure 1 shows the results of the analysis for the complete genome of the
cell line gm03563. Panel a) indicates a large posterior probability of a model
with four hidden states; two of the states of the four-state model, however, are
extremely close to each other (panel b) and, because of their posterior means
(panel b) and variances (panel ¢) we consider them to represent the same biolog-
ical state of no change in copy number. The other two states are well separated,
with posterior means clearly negative or positive, so we regard them as biological
states of loss and gain of copy number. Note that the component that repre-
sents the hidden state of loss is assigned to only two genes (panel e, green dots),
exactly the same two genes whose true state is loss (see also table 1) [SNST01].
Panel d) shows that the probability of remaining on the same state decreases
as distance increases, eventually becoming 0.25(= Number hild Tem states)' Fi-

nally, panel e) shows the results from the Bayesian Model Averaging. This is
a particularly clear-cut model, as the posterior probabilities that each gene be-
longs to the state with highest posterior is very high (the lower blue line is > 0.9
for almost all genes). Table 1 shows the comparison of the predictions from our
method with the true ploidy provided by Snijders et al. The classification error
is very low (0.009), lower than that obtained with the Circular Binary Segmen-
tation procedure [OVLWO04], considered one of the currently best performing
methods [WF05, LIKP05].



3 Discussion

We have developed a method to analyze aCGH for copy number changes that
incorporates distance between genes, does not fix in advance the number of
hidden states, accounts for model selection uncertainty, and allows to analyze
one or more chromosomes simultaneously. Our method provides clear answers
to biological questions, returning posterior probabilities that a gene or chro-
mosomal region presents gains or losses of genomic DNA. Many of the cur-
rently available methods have some of these features, but none of the exist-
ing methods combines all these features. Many smoothing techniques (e.g.,
[HST*04, OVLW04, PRM ™05, HSG105, LBL 05, HWLZ05, PRLT05]), do not
allow the incorporation of gene distance nor provide posterior estimates of
the likely state of each gene/clone thus making interpretation harder. More-
over, data from each chromosome are analyzed independently of each other
(except [LBL105, PRM™05] can be modified to use information from the com-
plete genome). In addition, most smoothing techniques treat segmentation and
classification into underlying states (loss, no-change, etc) as separate steps, in-
troducing the need for ad-hoc procedures, and not allowing to use the class
labels in the segmentation itself [EMLB06,SXDT06, WF05] (see also below).

HMMs and related techniques offer potentially easier biological interpre-
tation of results. However, some implementations [FSPA04,SXD*06, GLN06,
BRO6], do not allow to incorporate distance between genes. The approach of
Marioni et al. [MTTO06] does use, like ours, a non-homogeneous HMM to in-
corporate distance between genes, but Marioni et al. [MTTO06], as Fridlyand et
al. [FSPA04], analyze the data chromosome by chromosome. More importantly,
both Marioni et al. and Fridlyand et al. include a post-HMM step where a
model (number of states) is selected using AIC or BIC criteria and clustering is
used for further merging of neighboring states. The use of AIC and BIC with
HMMs has not been theoretically justified [CMRO05], does not provide a proba-
bility of the likely number of states, and selecting a single model underestimates
the true variability in the data (in contrast to the Bayesian Model Averaging
we use); moreover, the final clustering step introduces several ad-hoc decisions
and render a model that is not a natural extension of the original HMM.

Together with Engler et al., [EMLBO06], Shah et al. [SXD106], Bret and
Richardson [BR06], and Guha et al. [GLNO06], our method is one of the few
to provide quantitative measures of the likely state of each clone and segment,
which we return via posterior probabilities. However, these approaches differ
from ours in that they fix in advance the number of hidden states: four states in
[SXD*06] and [GLN06], three states in [BR06] and [EMLBO06]. Prespecification
of the number of states, often with the consequence of lumping together all
changes involving multiple gains into a single state with a common mean, seems
biologically questionable [DRO%04]. Instead, our approach provides posterior
estimates of the probability of models with different number of states; using
such a model over different experiments will tell whether four- or three-state
models are a reasonable simplification.

Daruwala et al. [DRO04] have developed a Bayesian approach that returns



the maximum a posteriori segmentation solution for a given data. Like our
approach, and in contrast to [EMLB06,SXD™06, BR06, GLN06], Daruwala et
al. do not assume that all gains can be modeled by a single Gaussian. In terms
of assigning genes and regions to the gained/lost/no-change categories, both
Daruwala et al.’s and our approach can be used; from the perspective of the
practitioner, the main difference are the parameters that need to be set: p,,pp
in Daruwala et al. vs. the priors in eq. 5 and 7. Their approach, however, is
not suitable for answering questions regarding the number of hidden states, or
for breaking the data into more categories than gained/lost/no-change.

Recent advances in aCGH methodology [RSHT06, DEGT06] are focusing on
the identification of regions that show consistent alterations across samples.
The framework we have developed offers a direct approach to this problem: we
provide posterior probabilities of gain/loss/no-change for individual genes and,
more importantly, for contiguous genes (segments) from the Viterbi algorithm
(to obtain the probability that a given sequence is altered we cannot simply mul-
tiply the marginal probabilities, since genes states are not independent). These
posterior probabilities allow us to identify regions with consistent alterations
across samples in a statistically rigorous way, including control of False Discov-
ery Rate (FDR) and detection of subgroups of samples according to recurrence
patterns [MPNT05b].

In conclusion, our method is based both on plausible biological assumptions
and on a sound statistical model. It allows the biologist to answer in an objective
way questions about the probability of a gene or region having an altered copy
number.

4 Material and methods
4.1 Model

We use a non-homogeneous Hidden Markov Model with Gaussian emissions.
We can either fit one model to all the chromosomes of an array or we can fit a
different model for each chromosome of an array. Let n be the number of genes,
and K the number of different copy numbers in the collection of genes. Let .S;
be the true state (copy number) of the gene i: S; = {1,... K};=1,. n. Let ¥;
be the relative copy number of the gene i, that is the log ratio of fluorescence
intensities between tumor and control samples. Let X; be the distance in bases
between gene i and gene i + 1 (we normalize these distances between 0 and
1 to increase numerical stability). How distance is measured depends on the
platform: distance can be the distance from the end of the spot to the start
of the next, if the length of the spots is proportional to the length of the gene
(so we have the same information for every gene), or the distance between the
midpoint of the spots, if the length of the spots is not proportional to the length
of the gene.

We assume that {S;} follows a non-homogeneous 1st order Markov process,
as: P(S; = s;|Si—1 = si—1,Xi—1 = xi—1) = Qs;.5,_1,3:,- DBiologically, we



expect that Q(S; = r,S;,-1 = r,X;_1), the probability of staying in the same
hidden state, is a decreasing function of X;_1, so the dependence of the state of
a gene onto the next one is lower the further the genes are. We also expect that
when the distance between two genes is maximal, the state of a gene should be
independent from the state of its predecessor. Thus, we model the transition
probabilities functions as:

exp{—PBi; + Bijr}

Qi, jx — (1)
’ 2221 exp{—PBp + Bpx}
Where g has the form:
0 B1 e Brr
Bk 0 ce Bak—
5= . S @)
Br-1)(k—1)—k-1) Bk-1)(k-1)-k --- 0

With all 5; >0 Vi.

Finally, conditioned on {S;}, {V;} follows a Gaussian process: (Y;|S; = s;) ~
N(ps; s O’i )-

This model can be fitted by maximum likelihood using a modified version
of the EM algorithm [HGC99] or directly by numerical methods [MTTO06]. For
computational reasons and modeling flexibility, we opted for Bayesian meth-
ods using Markov Chain Monte Carlo. To fit models with varying number of
hidden states we will use Reversible Jump. Suppose that we have a collec-
tion of KX HMM models, and each of them has a number of & hidden states,
from k = {1,...,K}. Let 6(k) be the HMM associated to k, that is 6(k) =
{u(k),0?(k),B(k)}. The prior distributions for the model are the usual ones
in mixture problems [RG97, MPO00]: p(k) is the prior for the number of hidden
states with p(k) ~ U(1,k), p(6(k)/k) is the prior of the HMM conditioned to
k, the number of hidden states with u(k) ~ N(a, 0?), where a and g are the
median and range of Y;; 0%(k) ~ IG(ka,g), where ka is 2 and g is 0?(Y;)/50;
B(k) ~T(1,1).

The likelihood of the model, L(y; k,0(k)) can be computed by Forward Fil-
tering [Rab90], so the joint distribution is p(k)p(0(k)/k)L(y; k,0(k)).

4.2 Estimation and fitting

We can draw samples from the posterior distribution through a Reversible Jump
Markov Chain Monte Carlo (RIMCMC) algorithm [Gre95]. In typical Markov
Chain Monte Carlo, we explore the posterior distribution of a model drawing
samples from a Markov Chain whose stationary distribution is that posterior
[GCSRO3].

In RIMCMC, we explore the posterior distribution of possible models, jump-
ing not only within a model but also between models with a different number of
parameters. To match the difference between degrees of freedom, some random



numbers u with density P(u) are generated, so if we are in state z, the new
one is proposed in a deterministic way 2’(z,u). The reverse move is the inverse
of that function: z(a’,u'). This way, the usual Metropolis-Hastings acceptance
probability can be computed (notation from [RG97]):

L / !/ /

i {1, LU0/, ) "
L(y/x)p(x)p(u/z)

where L(y/x) is the likelihood, p(z) are the priors, p(u/z) are the densities of

the candidates, and J = %, the Jacobian of the change of variable.

We combine several Metropolis steps in a sweep, as in [CMR05, RRT00]:

1. Update HMM of a model using a series of Metropolis-Hastings moves. (We
do not use Gibbs Sampler to avoid the hidden state sequence from becom-
ing part of the state space of the sampler, so dimensionality is reduced
and reaching convergence is easier).

2. Update model (birth/death). When we have r states, a birth/death move
is chosen with probabilities pyir¢n(r) and pgeqtn () (these are 1/2 except
in the cases when no movement of that type can be made, e.g. a death
move when there is only one state). If a birth move is selected a new one
is created from the prior distributions and accepted with probability

k= 1)L(y; 1,60 1 ea 1
min{l,p( T+ ) (y,7’+ ) (T+ ))pd th(T+ )} (4)
p(k = 1)L(y; 7, 0(r))ppiren (7)
If a death move is chosen, a random state is deleted with a probability
inverse to eq.[4].

3. Update model (split/combine). A split/combine move is attempted with
probabilities pspiit (1) and peompine () (again, 1/2 except when a move can
not be made). If a split move is selected, an existing state ig is split into
tWO, il, ig:

Hiy = Mig — €py iy = Hig + €ps €y N(07 TM) (5)

01'21 = 01'20607 01'22 = 01'20(1 - 60)5 €o 6(25 2) (6)

Split column
G0t Bii = Biio€ss  Biia = Biio/ €5
€g ~ LN(0,73) for i+ (7)

Split row
01 Bing = BioiUjs  Bizg = Bio,j(1 — Uj),
where U; ~ ((2,2) for j#ig

6i11i2 ~ F(lv 1) (8)



This move is accepted with probability

min{l,p} where
1
P = 2P(e)Ple) [ Pen) TTP0,)
" Pk=r+1)P@O(r+1)L(y;r+1,0(r+1))(r+1)
P(k=r)P(0(r))L(y;r,6(r))

Bi
and  Joir = 2"0;, H Bio.j H 6“0
j#io i#ip P

(9)

The split move must follow the adjacency condition in [RG97] (the result-
ing states must be closer between them than to any other of the existing
ones). If a combine step is selected, the symmetric move is performed and
the inverse probability of acceptance is computed.

The combination of birth and split moves makes it possible not only to visit
models with different number of parameters, but also to explore more thoroughly
the posterior probability in the case of a parameter with a multi-modal density.

These moves are similar to [CMR05, RRT00], but we have change several
aspects of their design to improve the probability of acceptance, which is the
most difficult step in Reversible Jump [CMRO05, Gre95, RRT00]. We constraint
the variance of every state so that it can not be greater than the variance of the
whole data and we have added the adjacency condition mentioned before, and
used centring proposals [BGRO3].

An important problem in mixture models is label-switching of states [Ste00],
which arises because the likelihood is invariant under permutations of the states.
We have tried the methods in [Ste00], but found that in our case, as there is a
natural ordering in the means of the states, the results are similar and much more
time consuming than simple alternatives such as ordering the states according
to means after every iteration of the sweep, as in [RG97].

4.3 Inference

We run the former algorithm a large number of times (e.g., 20000) and, after
discarding the first iterations as burn-in, we keep the samples as observations
from the joint distribution, so we can make inferences from it. For every model
that has been visited we obtain the posterior probabilities of the mean copy
number of every state, the variance of the copy number of every state, and
the function of transitions between hidden states. By counting the number of
times that each model has been visited we obtain an estimate of the posterior
probability of each model (i.e., we avoid using BIC or AIC). Then, applying the
Viterbi algorithm [CMRO05] to every sample obtained from the MCMC, and as
this sample is a function of the HMM, we can obtain its posterior probability,
something that usual Viterbi can not. From the Viterbi paths for all the samples,
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we can then compute the posterior probability that a gene belongs to every state
or the probability that a sequence of genes is in a given state.

When obtaining posterior probabilities of copy number change, we use Bayesian
Model Averaging [HMRV99] over all models visited. Let S; be the lost, gained,
no-change status of gene i, K the set of the models considered (in our case, that
would be HMMs with 1,..., K number of states), M}, the model with & number
of states and S;/Mj, the state of gene i according to model k. We compute the
unconditional probability for the gene i as:

p(Si = si) = Y p(Mrly)p(Si = s:| My, y) (10)
keK

When analyzing multiple arrays, it is straightforward to use our approach
to identify genes that show consistent copy number alterations across samples
as p(Si = 1) = Y001 Soper P(Mrly;)p(Si = si| My, y;)p(y;) where y; are the
data from array j and we have N arrays. If we have information about the
reliability /representativeness of an array, that can be incorporated via p(y;);
otherwise we set p(y;) = 1/N.

4.4 Checking convergence and influence of priors

Asin any MCMC approach, it is crucial to assess convergence of the sampler. We
have followed the usual [BG98] approach using several chains run in parallel.
The convergence of the sampler depends strongly on the distribution of the
candidates in Metropolis-Hastings. That is, every iteration a new value for the
parameters is proposed from a distribution centered in their current values. The
standard deviation of that distribution must be chosen in a way that samples
explore all the space parameters. These standard deviations are not parameters
of the model in the sense that different values give different fits, but values that
can speed up convergence of the algorithm. Sometimes it must be necessary
some trial and error initial fits to choose parameters that achieve convergence.
The convergence of the posterior probability of the number of hidden states
is reached when a large enough number of transdimensional moves is made.
This number need not to be great if the likelihood is substantially higher in a
particular model and data size is big enough. The birth and death moves only
depend on the priors, but the split and combine moves depend also on their own
design and the values of 7, and 73 (see eq. [5] and eq. [7]).

The priors chosen have been extensibly tested in mixture models [RG97].

In addition, the priors and rest of the parameters have very little effects:
even small CGH arrays contain thousands of points so that the likelihood from
the data dominates any prior.

4.5 Implementation

We have implemented this model using C (for the sweep algorithm) and R [R
D06]. The code is available from CRAN
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(http://cran.r-project.org/src/contrib/Descriptions/RJaCGH.html) and from the
Asterias site (http://www.asterias.info).
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Table 1: True vs. estimated ploidy. True ploidy obtained from [SNST01];
estimated ploidy from Bayesian Model Averaging, assigning every gene to the
“loss”, “normal”, “gain” state with largest posterior probability. In parenthesis,
under the line name, the correct classification rate.

Cell line  True ploidy Loss Normal Gain

Monosomy 0 0 0
gm01524 Normal 0 2244 2
(0.998) Trisomy 0 2 23
Monosomy 0 0 0
gm01750 Normal 0 2233 2
(0.999) Trisomy 0 1 35
Monosomy 0 1 0
gm01535 Normal 0 2200 52
(0.972) Trisomy 0 11 7
Monosomy 13 3 0
gm03134 Normal 4 2251 0
(0.997) Trisomy 0 0 0
Monosomy 15 0 0
gm05296 Normal 7 2151 53
(0.971) Trisomy 0 6 39
Monosomy 2 0 0
gm03563 Normal 0 2208 11
(0.993) Trisomy 0 5 45
Monosomy 0 0 0
gm07081 Normal 0 2185 9
(0.992) Trisomy 0 10 67
Monosomy 9 0 0
gm13031 Normal 2 2260 0
(0.999) Trisomy 0 0 0
Monosomy 17 2 0
gm13330 Normal 0 2198 3
(0.997) Trisomy 0 1 50
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Figure 1: Results of the RJaCGH analysis of gm03563 cell line from Snijders.
Results shown are from four parallel chains (10000 burn-in iterations, 10000
draws from the posterior); see text for details about other parameters. The lower
panel shows the results from the Bayesian Model Averaging step (see text, eq.
[10]); black dots correspond to genes classified as 'normal’ or non-changed, red
dots to genes classified as 'gained’ and green dots to genes classified as ’losses’;
the lower blue line shows the posterior probability for every gene of belonging
to the predicted state. The vertical alternating white and grey bars denote the
different chromosomes with the chromosome number shown at bottom.
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