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Abstract— Over the last several years there has been an
explosion of microarray technology in the biosciences, medical
sciences, biotechnology, and pharmaceutical industry. The
technology has centered on providing a platform for
determining the gene expression profiles of hundreds to tens of
thousands of genes (or transcript levels of RNA species) in
tissue, tumors, cells, or biological fluids in a single experiment.
In recent years, this technology has been extended to include
the use of microarrays to study genomic DNA for gains and
losses of chromosomal regions. This has become possible
through the attachment of large genomic fragments such as
BACs (Bacterial Artificial Chromosomes). In this paper, we
present a methodology to model a CGH (Comparative
Genomic Hybridization) profile as a statistical process and
solve for distribution parameters to determine genomic
changes across the genome, including whole chromosome gains
and losses, and focal point variations that are commonly seen in
solid tumors and genetic disorders.

I. INTRODUCTION

In their most generic form, microarrays are ordered sets of
DNA molecules attached to a solid surface. As can be
appreciated, microarrays have been exploited for gene
expression studies but other applications can be envisioned
and developed. One such application is the use of
microarrays to study genomic DNA for gains and losses of
chromosomal regions. As our understanding of the
sequence, structure and function of the human genome
increases, fluctuations in DNA sequence copy number with
concomitant microscopic or cryptic chromosomal
aberrations are becoming increasingly correlated with
phenotypic abnormalities [1-4]. This is particularly
important in medicine as many diseases, cancers, and
syndromes are caused by deletions, amplifications, and
duplication of DNA segments. Classic examples include the
deletion of 15q11.2 in Prader-Wili Syndrome [5], trisomy 21
in Down’s syndrome [6], and the amplification of erbB2 in
breast cancer [7]. In cancer biology, the development of
most solid tumors follows a defined series of
histopathological stages, involving multiple genetic changes
such as translocations, deletions, duplications and alterations
in ploidy (chromosomal copy number changes).
Constitutional changes in DNA sequence copy number have
now been well documented for a number of genetic
syndromes, while acquired changes are receiving
tremendous attention by virtue of their association with
neoplastic transformations. Recently, with the advent of
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BAC array technology and the ability to screen the entire
genome, has re-drawn the attention to the applicability of
CGH, albeit array CGH, in the routine cytogenetics
laboratory. So-called array or matrix Comparative Genomic
Hybridization (CGH) utilizes mapped DNA sequences in a
microarray format as an alternative platform for the CGH
analyses. In recent years, several reports have described
adaptation of microarray technology to the study of genomic
alterations [4,8].

The purpose of array-based CGH is to detect and map
chromosomal aberrations, on a genomic scale, in a single
experiment. Since chromosomal copy numbers cannot be
measured directly, two samples of genomic DNA (referred
to as the reference and test DNAs) are differentially labelled
with fluorescent dyes and competitively hybridized to
known mapped sequences (referred to as BACs) that are
immobilized on a slide. Subsequently, the ratio of the
intensities of the two fluorochromes is computed and a CGH
profile is constituted for each chromosome when the log, of
fluorescence ratios are ranked and plotted according to the
physical position of their corresponding BACs on the
genome [9]. This process is depicted in figure 1. Different
methods have been proposed for the visualization of array
CGH data [10,11].
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Figure 1. Schematic of array CGH methodology.

Each profile can be viewed as a succession of clusters that
represent homogeneous regions in the genome whose BACs
share the same relative copy number on average. Array
CGH data are normalized with a median set to log,(ratio) =
0 for regions of no change, segments with positive means
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represent gained regions in the test sample genome, and
segments with negative means represent deleted regions.
Even if the underlying biological process is discrete
(counting of relative copy numbers of DNA sequences), the
signal under study is viewed as being continuous, because
the quantification is based on fluorescence measurements,
and because the possible values for chromosomal copy
numbers in the test sample may vary considerably,
especially in the case of clinical tumor samples that present
mixtures of tissues of different natures.

In the existing approaches, two main statistical
frameworks have been suggested for the analysis of array
CGH data. The first is proposed as a segmentation problem
where the task is to identify contiguous segments of
biological interest across the ordered sets of clones [10,12-
14]. The other approach is based on Hidden Markov
Models [15] where the purpose is to cluster individual data
points into a finite number of hidden groups. Segmentation
methods have provided a framework to handle the spatial
coherence of the data on the genome that is specific to array
CGH. In this context the signal provided by array CGH data
is supposed to be a realization of a Gaussian process whose
parameters are affected by an unknown number of abrupt
changes at unknown locations on the genome. One of the
major limitations has been the ability to identify the number
of segments that exist. This problem is theoretically
complex, and has lead to ad hoc procedures [12-14]. Since
the purpose of array CGH experiments is to discover
biological events, the estimation of the number of segments
remains central.

In this paper we present a statistical modeling approach to
automated identification and characterization of copy
number changes in a given sample. In order to build a
system that can succeed in a realistic environment, certain
simplifications and assumptions are made about the problem
domain and the noise models associated with the data. The
underlying basis for this approach is based on the objective
of partitioning the clones on the array into sets with equal
copy numbers. It is assumed that based on the biology of
genomic rearrangements, gains and losses tend to occur over
contiguous regions of the genome, possibly spanning entire
or large areas of chromosomes, or alternatively, at focal
points across the genome. The problem is posed again in the
context of segmentation based on probabilistic clustering.
The proposed framework follows the bottom-up approach
and uses Bayesian statistics to account for uncertainties in
the process. Clone ratios are used to model the class
signature as a representation of the segment. The Bayesian
implementation of the methodology is presented, in which
each class or cluster is characterized by the probability
density function of the clone ratios. Individual ratio values
are used to identify segments and the distribution of the
class region or individual clusters is modeled as a mixture
of Gaussians. Assuming that each cluster or segment can be
modeled by a Gaussian process is too simplistic and fails to
accurately capture the noise process across various disparate

sources in a microarray experiment. An adaptive
Expectation-Maximization (EM) algorithm is used to find
the parameters of the mixture distribution.

This paper is organized as follows: Section 2 describes
the statistical framework and the modeling of the array CGH
data. Section 3 describes experiments and data obtained for
validation of the proposed procedure. Results of the
developed methodology are presented in section 4. Finally,
conclusions and a summary of this study are presented in
section 5.

II. THE STATISTICAL FRAMEWORK

To  achieve optimum  performance from  any
classification/clustering system, it is essential that its design
exploits the specific characteristics of the data. In the case of
array CGH, we exploit the properties of the data after
normalization. Further, we also account for the ordering of
the clones from the pter to the gter of each chromosome and
as such incorporate the spatial location of the clones in the
model. Given that, the simplest model would be a two-class
discrimination where the class region is easily separable
from rest of the classes. In realistic situations, due to the
complexity of the sample, simple models would not suffice
in classifying the region of interest and identifying all the
segments across each chromosome. Further, due to varying
fluorescence ratios and the presence of noise, the data
characteristics may change drastically.

We propose to model the class signatures by using a
combination of spatial and logy(ratio) of each clone. This
would aid in developing a practical and realistic technique in
a widely varying noise environment. Due to the complex
and non-Gaussian distribution of the ratios, we model the
data using a mixture of Gaussians. Modeling of data is an
important consideration in designing statistical clustering
techniques. The simplest way to model non-Gaussian data is
to use the histograms of the data. However, clustering based
on this method does not generalize well over a range of
noise processes. The Parzen density estimate [16] is a well
established method to establish density estimates for
multivariate models. However, the Parzen windows
approach is computationally expensive and has problems
when the data is large and sparsely distributed. Maximum
likelihood estimators [17] compute piecewise estimates of
one-dimensional density functions. This approach can be
regularized by introducing a penalty term. Such methods are
attractive, but rely on a predefined model of the density
function. They also do not generalize well in the case of
mixture models unless coupled with other optimization
techniques.

We use the Expectation-Maximization (EM) algorithm
[18] to determine the parameters for the mixture of
Gaussians model to estimate the density function.
Considering Y to be the data, that is the log,(ratio), we pose
the parameter estimation for various segments/clusters as a
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maximum likelihood problem. The general form of the
density function for the measured feature can be given as:

P(Y[1)=P(Y|0)=3 p(Y|1.0)a,
i=1
where, ¢ is the conditioning variable (class signature), ¢
represents the number of component density functions
p(Y |t,0,) that make up the mixture, ¢, represents the
weight associated with each of the density functions (also

called mixing parameter), and &, represents the parameter

vectors for each component density function. €, o, and
¢ are unknown, and have to be estimated from the data. We
assume the component densities to be normal distributed.

That is p(Y |t,0,)= N(u,,0,), and 6, =(u,,0,),
where f,and O, represent the mean and variance of the
normal distribution. To model each cluster, the values of
M;,0,;, and &, have to be estimated. At the start of the
process, the number of components densities (c), the density
means (4;), standard deviation (0,), and the mixing

weights (¢, ) need to be computed. In doing so, we use the

K-Means algorithm iteratively with the EM algorithm to
determine all the parameters. A stage stagewise K-Means
procedure is used, where the initial guess for the cluster
centroids is obtained by splitting the centroids resulting from
the previous stage. The iterative process is initialized
assuming a single segment across the entire dataset. That is,
given a set of features Y, = [V, Ym2 ..., Y4l for
m=1,...,c, the number of kernels or components is set to one.
The centroid of all data points is computed and a measure of
the mean and in-class deviation is computed as:

u=;4§m)

111

2 2 2
Gz—EY u)—

M = W)= u

Now for each cluster, a normalized index is computed as:

=Y (- m)lo

u=l1
The normalized index gives a point measure of deviation
from the cluster center. The component weights «;is
computed as a ratio of the number of data points in the
corresponding component and the total points. Denoting Yy
as the k™ sample belonging to a cluster 7 and using the EM
approach, the following equations are obtained for the

estimates of (,,0,,and &, :

o =~ P(]Y,.0)

n =1

2 P@]Y,.0)7,
k=1

M=
> P(t]Y,.6,)
k=1
ZP(t|Y,k,9,)(Ylk —,ul_)z
0’? _ k=1 _
ZP(Z“YHMHI-)
k=1
where,
P(Y, e,
P, 0) = dul b0

> P, |t,6)a,
q=l1

If the normalized index is greater than a set threshold, a new
mean is initialized and the nearest neighbor partition is
computed. This results in the formation of a new cluster
representing a new segment in the array CGH data. A new
estimate of the means, variances, and the distortion are
computed. These equations are iteratively solved until
convergence of the parameter values is achieved. The
convergence leads to the identification of optimal number of
segments in the data as well as the appropriate groupings.

III. DATA AND EXPERIMENTS

We demonstrate our approach on commercial cell lines from
Vysis, Inc., as well as publicly available Coriel cell lines. In
addition, we also compare our approach to the results of
known karyotypes and classical CGH. In the various
comparisons, we were able to analyze data having
chromosomes with partial changes as well as chromosomal
monosomies and trisomies.

All experiments were conducted using BAC arrays with
approximately 1Mb coverage across the genome. Cyanine
dyes (Cy3 and Cy5) were used to label the sample and
reference genomic DNA using random priming. Protocols
published by Spectral Genomics, Inc. were followed for
labeling and hybridization. After hybridizing at 60°C for 12
hours, imaging was performed using the GenePix 4000A laser
scanner from Axon, Inc., and the images were analyzed using
the SpectralWare system (Spectral Genomics, Inc.). In the
microarrays used, each BAC is spotted in duplicate. Data
obtained after image analysis was globally normalized such
that the summed Cy3 signal equals the summed Cy5 signal.

IV. RESULTS
The tumor cell line MPE-600 (Vysis, Inc.), with verified
cytogenetically- and  CGH-detected  chromosomal

aberrations, was used to validate our approach. In MPE-
600, at least five major chromosomal aberrations have been
found by CGH, and include a deletion of 1pter, gain of 1q,
loss of 9p, gain of 14p, and loss of 16q. Figure 2 shows the
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pseudo-color image of the BAC array, with MPE-600
labeled with Cy3 and normal genomic DNA labeled with
Cy5. The green spots represent gains, the red spots
represent deletions, and yellow represents no change.
Figure 3a (BAC array) show the result of our procedure
while figure 3b show analysis of chromosome 1 by classical
CGH. The y-axis represents the fluorescent ratio compared
to the control, while the x-axis shows the chromosomal
position. This analysis of array CGH exquisitely reproduces
and corresponds with the classical CGH data. Interestingly,
the classical CGH data suggests that there might be an
amplification event close to the centromere on 1q; the BAC
array data clearly demonstrates this amplification event.
Figure 4 shows the results obtained across all the
chromosomes. We also performed analysis of the H526 cell
line (lung carcinoma) and were successful in identifying all
the known segments across the genome. The results were
confirmed by comparison to classical CGH profiles.

U0 R

Figure 3. Left profile (3a) shows the results of identified segments from
array CGH data and right profile (3b) shows the results obtained from
classical CGH.

V. SUMMARY AND CONCLUSION

The main issue of array CGH data analysis lies in the
robust estimation of the number of segments across the
genome. In this paper we have presented a statistical
methodology for analysis of array CGH data for automatic
identification of gains and losses across the genome. This
method identifies segments based on clusters, each based on
a varying noise model estimated by a mixture of Gaussians.
Computing the number of clusters in any model is
theoretically complex and our approach converges to the
final number in an iterative algorithm. Results obtained on
both commercial and public cell lines is compared to
classical CGH profiles and the effectiveness of our method

demonstrated.
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