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Analysis of Genomic Alterations in
Cancer
Benjamin J. Raphael, Stas Volik, and Colin C. Collins

11.1 Introduction
Cancer is driven by a selection for mutations that include single nucleotide substitutions, short indels, and large-scale rearrangements of the genome [e.g.,
chromosomal inversions, translocations, segmental deletions, segmental duplications, and changes in chromosome copy number (aneuploidy and
polyploidy)]. The frequency of these events varies greatly among tumors. For
example, some tumors exhibit a large number of single nucleotide mutations but
relatively normal chromosomal organization, while other tumors exhibit extensive chromosomal aberrations and rearrangement. In some types of cancer, these
large-scale rearrangements produce changes in gene structure and regulation
that are directly implicated in cancer progression and are targets for cancer therapeutics. A classic example is the Philadelphia chromosome [1], a 9;22
translocation observed in chronic myeloid leukemia. This translocation results
in the ABL-BCR fusion protein [2] that is targeted by the drug Gleevec [3].
Another example is the chromosome in Burkitt’s 8;14 translocation lymphoma.
This translocation activates the c-myc gene by placing it under the control of a
strong promoter of an immunoglobulin gene [4]. In contrast to these and other
well-characterized translocations in leukemias and lymphomas, solid tumors frequently exhibit many chromosomal aberrations [5]. However, very few aberrations have been found to be recurrent across multiple patients, and thus it was
believed that fusion genes like ABL-BCR were nonexistent in solid tumors.
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However, more recent analysis has challenged this view [6] and two gene fusions
were recently reported whose combined frequency exceeds 50% of tested
prostate cancer patients [7]. These results suggest that additional fusion genes
remain to be discovered or delinated.
During the past few decades, the vast majority of information about
large-scale alterations in tumor genomes (e.g., as gain and loss of whole chromosomes, translocations, inversions, or large regions of duplication) has resulted
from the application of cytogenetic and molecular cytogenetic techniques.
These techniques are based on direct visualization of chromosomes and include
chromosome banding, multiplex fluorescent in situ hybridization (mFISH) [8],
and spectral karyotyping (SKY) [9]. Collectively these techniques have revealed
numerous chromosomal aberrations, over 50,000 of which are recorded in the
Mitelman database [10]. Despite this data, little is known about the detailed
organization of tumor genomes or about the role of genome rearrangements in
cancer progression. For example, the relative importance or prevalence of duplications in comparison to translocations and inversions in tumors is not known
and the extent of variation in frequency of different events across different
tumor types is unclear. The reason for this knowledge gap is that molecular
cytogenetic techniques for identifying genome rearrangements have limited resolution (on the order of megabases) because they rely on isolation and analysis
of metaphase chromosomes. This means that changes on a smaller scale will not
be observed. Moreover, cytogenic techniques are relatively low-throughput,
meaning that detailed studies of many samples are difficult. Also, most of these
techniques require the isolation of metaphase chromosomes, which is
challenging for some tissues.
In the era of genome sequencing, it is apparent that resequencing tumor
genomes would provide the ultimate dataset for cancer mutation and rearrangement studies. However, it is presently unrealistic to sequence more than a few
tumor genomes in view of the high cost of mammalian genome sequencing.
Moreover, in contrast to the sequencing of the human genome, tumor genomes
present unique computational and experimental challenges. First, assembly of a
tumor genome by whole-genome shotgun sequencing is challenging because
extensive segmental duplications present in many tumors presents a formidable
fragment assembly problem. Second, solid tumors are a heterogeneous collection of cells with varying number and type of mutations. Thus, if one shotgun
sequences DNA extracted from a tumor sample, one is not sequencing a single
genome, but a population of different (albeit related) genomes. Despite these
obstacles, the availability of a high-quality reference human genome sequence
coupled with rapid advances in sequencing technology affords the opportunity
for high-resolution sequence-based analysis of tumor genomes. One approach
that mitigates the assembly problem is to restrict attention to protein coding
regions and sequence only these regions to discover somatic point mutations
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important in cancer. Notable efforts in this direction include [11–14] and the
recently initiated Cancer Genome Atlas [15].
Here we focus on larger-scale rearrangements, duplications, and deletions.
There are currently two sequence-based techniques used to examine these
genomic alterations in tumors: comparative genomic hybridization to arrayed
representations of the human genome and paired-end sequencing. CGH is
restricted to the detection of changes in copy number in the tumor paired-end
sequencing detects rearrangements while changes in copy number and point
mutations. We note that both of these techniques have also been applied to assess
inherited structural polymorphisms in the human genome [16, 17].
11.1.1 Measurement of Copy Number Changes by Array Hybridization

Array comparative genome hybridization (aCGH) [18] has become a dominant
tool for the analysis of copy number changes in cancer. This technique involves
the hybridization of differentially fluorescently labeled normal human and tumor
DNA fragments to a set of genomic probes derived from normal human DNA.
Measurements of tumor to normal fluorescence ratios at each probe identify locations in the human tumor genome (Figure 11.1) that are present in higher or
lower copy than in the tumor genome. Comparative genomic hybridization was
first developed as a cytogenetic technique for hybridizations to metaphase chromosomes [19], but the use of arrays has steadily improved the resolution of
aCGH: earlier spotted clone arrays [20] have resolution at most 0.5–1 MB, but
more recent arrays based on overlapping clones [21], PCR products [22], or
oligonucleotides [23, 24] offer resolutions approaching 50 kb or less.
A major challenge in the interpretation of aCGH data is noise in the
hybridization, and a variety of statistical techniques have been developed for this
analysis. These techniques rely on the principle that if a duplicated or deleted
region is large relative to the genomic spacing between probes on the array, then
multiple adjacent probes will record the duplication or deletion. Thus measurements at probes from adjacent locations on the human genome typically will be
correlated. Statistical methods exploit these correlations to transform the set of
noisy probe measurements into contiguous segments of the genome that have
normal or altered copy number in the tumor. Methods include change-point
models [25], hidden Markov models [26], clustering [27], and a variety of other
techniques, several of which are compared in [28].
Array-CGH has become a widespread tool in genomic analysis of cancer
and has been used to: (1) identify candidates oncogenes and tumor-suppressor
genes; (2) assay tumors for specific well-characterized aberrations such as amplification of ERBB2; and (3) correlate copy number profiles with prognosis, recurrence, or response to treatment. Pinkel and Albertson [29] review these
applications of aCGH in cancer.
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Figure 11.1 In array-CGH (aCGH), normal and tumor DNA (ideally from the same patient) are
differentially labeled and hybridized to an array of genomic probes spaced
across the reference human genome. The relative intensity measured at a
probe indicates the copy number of the region in the tumor genome. Statistical
methods are employed to filter the resulting copy number profile into duplicated
segments, deleted segments, or segments with no change in copy number.

Array-CGH has some limitations as a tool for tumor genome analysis.
First, aCGH does not detect rearrangements that have no effect on copy number including inversions and reciprocal (balanced) translocations. Second,
although aCGH will reveal regions of the genome that are duplicated in a
tumor, aCGH gives little information about the organization and locations of
duplicated material within the tumor genome. For example, an aCGH experiment will not reveal whether two duplicated regions are located close together
(or even on the same chromosome) in the tumor genome. In some tumor
genomes, duplicated material from several disparate regions of the human
genome is colocalized [30–32], and this knowledge is potentially useful for
understanding altered regulation of genes in tumors. Finally, aCGH is impeded
by genomic heterogeneity in the sample, arising either from contamination of
tumor samples with normal (unmutated) cells or from heterogeneity in the
alterations found within different cells of the tumor.
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11.1.2 Measurement of Genome Rearrangements by End Sequence Profiling

Sequencing of tumor genomes overcomes some of the limitations of CGH, but
as mentioned earlier, high-coverage shotgun sequencing of a large number of
tumors is not yet practical. An approach called end-sequence profiling (ESP)
[31] has proven to be effective for genome-wide analysis of rearrangements in
tumor cells. ESP provides a balance between imprecise, but inexpensive
cytogenetic technologies and very precise, but expensive, full-genome sequencing. ESP involves the sequencing of paired ends of tumor genome fragments and
the mapping of these ends to the reference human genome sequence [Figure
11.2(a)]. ESP is able to reveal all types of rearrangements present in a tumor
including inversions, translocations, transpositions, duplications, and deletions.
ESP gives at least an order of magnitude more accurate representation of the
tumor genome than cytogenetic techniques like SKY, and in addition yields
detailed information about the organization of the tumor genome that is lacking
in CGH. Moreover, ESP is less impeded by heterogeneity in the sample than
CGH, since an end-sequenced fragment arises from a distinct piece of DNA
from an individual tumor cell. Therefore, it is possible to overcome problems
with heterogeneous samples or contamination by normal cell admixture by
sequencing additional clones. Ultimately, the resolution of ESP is limited only
by the number of clones sequenced and the size of each clone.
Tumor DNA
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Figure 11.2 (a) In the end sequence profiling (ESP) technique, short tag sequences from the
ends of fragments of the tumor genome are mapped to the human genome. Each
mapped fragment is associated with a pair (x, y) of locations in the human
genome. (b) The data from an ESP experiment consists of a set of ES pairs (x1, y1),
..., (xn, yn) represented as points in a two-dimensional plot. Typically, the distance
between elements of an ES pair will approximately equal the length of a fragment
(points near diagonal). However, since the tumor genome is a rearranged version
of the human genome, there will also be a number of invalid ES pairs whose ends
map far apart (points off diagonal). The goal is to reconstruct the organization of
the tumor genome from the ES pairs and to find a plausible sequence of rearrangements that transform the human genome into the tumor genome.
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ESP was first applied to a comprehensive study of the MCF7 breast cancer
cell line [31, 32] and later to additional cell lines and primary turmors [33]. The
following methodology was used. First, a bacterial artificial chromosome (BAC)
library was constructed from the MCF7 cell line. That is, DNA from the MCF7
cell line was split into small fragments varying in size from 80–250 kb, and these
pieces of DNA were cloned into BACs.1 Second, the ends (≈500 bp) of each
BAC were sequenced. Third, the resulting end sequences were mapped to the
reference human genome. Only BACs with both end sequences mapping
uniquely to the human genome were retained for further analysis. Each such
BAC corresponds to a pair (x, y) of locations in the human genome where the
end sequences map. In addition, since the end sequence may map to either
DNA strand, each mapped end has a sign (+ or –) to indicate the strand. We call
such a signed pair an end sequence pair (ES pair). Thus, the data from an ESP
experiment consists of a set of ES pairs (x1, y1), ..., (xN, yN) [Figure 11.2(b)].
Typically, the distance between elements of a ES pair will equal the length
L of a BAC clone (e.g., 80–250 kb), and the ends will have opposite, convergent
orientations [i.e., an ES pair of the form (+x, −(x+L))]. We call such ES pairs
valid pairs. However, since the tumor genome is a rearranged version of the
human genome, there will also be a number of invalid pairs whose ends map far
apart, or have the wrong orientation, or both. The valid and invalid pairs reveal
information about the organization of the tumor genome. In particular, invalid
pairs indicate distant regions of the human genome that are fused in the tumor,
possibly revealing novel fusion genes [32]. However, in highly rearranged tumor
genomes like MCF7, the complicated patterns of invalid pairs defy simple explanation and require the development of computational methods for analysis.

11.2 Analysis of ESP Data
The first step in the analysis of ESP data is to map the end sequences to the reference human genome sequence For end sequences of 500 bp, this step is easily
accomplished using tools like MegaBlast [34] or BLAT [35]. The main challenge results from repeats and duplications in the human genome, which lead to
nonunique mappings for end sequences. Clones with nonunique mappings can
be removed from consideration, as the genomic region that they contain will
likely be covered by other clones, assuming that the clone library is sufficiently
large. Completion of end sequence mapping gives a set of ES pairs. The second
1. Note that the ESP methodology is flexible in terms of the cloning vector that is used.
Fosmids, with insert size of ≈40 kb or plasmids with insert sizes of ≈2 kb can give increased
resolution of the tumor genome, at the cost of a larger number of clones that is required with
BACS.
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step is to cluster the ES pairs to overcome experimental errors and identify
clones spanning the same rearrangement. The primary source of experimental
errors is chimeric BACs in the library. Chimeric BACs are produced by joining
of two noncontiguous regions of DNA, and thus chimeric BACs will also correspond to invalid ES pairs. However, chimeric BACs are artifacts, rather than
signs of real rearrangements. When an ESP project includes a sufficiently large
number of BAC clones, chimeric BACs are easily distinguished from real rearrangements because the breakpoints of a rearrangement will likely be covered by
two or more BACs. In contrast, because chimeric BACs typically combine two
“random” segments of DNA, different chimeric BACs rarely will have ends
mapped in close proximity. Thus, we define an ES cluster as a set of ES pairs
whose entries are close enough that all ES pairs in a set could be explained by a
single rearrangement event. That is, we say that ES pairs (x1, y1), ..., (xn, yn) form
an ES cluster if there exist locations a and b such that:
l ≤ sign ( x i )(a − x i ) + sign ( y i )(b − y i ) ≤ L for i = 1, …, n
where l and L are the minimum and maximum clone sizes, respectively.
Then ES pairs arising from chimeric BACs are extremely unlikely to be
members of ES clusters.
Having obtained a set of ES clusters, we can identify putative rearrangements in the tumor including inversions, translocations, and duplications (Figure
11.3). However, some ES clusters do not result from a single rearrangement of
the human genome, but from multiple overlapping rearrangements [Figure
11.3(d)]. To analyze these overlapping rearrangements, we apply methods from
comparative genomics to derive a putative tumor genome sequence and analyze
genome rearrangements that transform the normal human genome into the
tumor genome. In [36], in an early attempt to reconstruct tumor genomes from
ESP data, we developed a computational approach with a few simplifying
assumptions: (1) a sequence of inversions, translocations, chromosomal fissions,
and chromosome fusions generates the tumor genome from the normal human
genome; (2) no duplications occurred in the tumor genome; and (3) each BAC
clone contains at most one rearrangement breakpoint. These assumptions
allowed us to use a theoretical framework originally developed to study genome
rearrangements that occur during species evolution. In this framework, both the
human and tumor genomes are represented by integer permutations and the
problem is to find a minimal sequence of rearrangement operations that transform one permutation into another. Under the assumption that only inversions,
translocations, fission, and fusions occur, such a minimal sequence can be computed efficiently, specifically in time that is polynomial in the length of the permutation [37]. We applied this computational approach to ESP data from the
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Figure 11.3 Locations and orientation of end sequence (ES) pairs suggest rearrangement
events in the tumor genome including: (a) inversions on a single chromosome,
(b) translocations between two chromosomes, (c) duplications or transpositions, or (d) compound events suggesting multiple rearrangements. Here,
arrows indicate the locations and orientation of mapped end sequences, and
arcs join end sequences (ES) that form an ES pair. Each of these events transforms the indicated invalid ES pair by rearranging the labeled segments of the
genome.

MCF7 breast cancer cell line, and derived a putative reconstruction of the MCF7
genome (Figure 6 in [36]). This study produced the first high-resolution reconstruction of a tumor genome and directed further BAC sequencing experiments.
Of course, duplication and deletions are quite common in tumor genomes
as shown by numerous CGH studies. The availability of ESP data allows us to
study the organization of duplicated regions in tumors. In the MCF7 ESP data,
we observed a complex pattern of ES pairs that suggested a process of overlapping rearrangements and duplications (see Figure 3b in [38]). We developed a
computational technique to analyze duplications in this data using a model
based on the biological process of duplication by amplisome2 [38]. Amplisomes
are essentially minimal units of duplication that replicate extrachomosomally
and can reintegrate into chromosomes [39]. Our method reconstructs an
amplisome sequence that explains the ESP data by finding the shortest path in a
graph derived from the ES pairs. Using our method, we reconstructed a putative
amplisome for the MCF7 genome (see Figure 5 in [38]).
2. Also referred to as episomes or double minutes, depending on their size.
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While amplisomes have been observed in vitro and in vivo, they are only
one mechanism by which tumor genomes evolve their new organization. A process called the breakage/fusion/bridge cycle also yields duplications at the ends
of damaged chromosomes [40], and there is evidence that this process may
active in human solid tumors [32, 33, 41]. The precise mechanisms that produce duplications in human tumors are not completely understood, and it is not
known whether a tumor preferentially uses one mechanism of duplication or
combines multiple mechanisms. ESP analysis of tumor genomes can help
resolve these mysteries particularly in concert with the development of computational models of additional rearrangement and duplication mechanisms.

11.3 Combination of Techniques
It is likely that no single sequenced-based technique is optimal for analyzing all
types of alterations in every tumor genome. However, different methods of analyzing tumor genomes should ideally produce concordant results. We recently
compared ESP and array aCGH data for MCF7 and discovered that there was
significant overlap between the genomic locations where aCGH identifies a
change in copy number, and locations where ESP identifies rearrangements [33].
Of course, agreement between the two techniques is not expected to be perfect,
both because of experimental noise and because aCGH cannot measure certain types of rearrangements. We note that even in the case of structural
polymorphisms, there are discrepancies between different techniques [42].
Robust statistical methods to integrate measurements from different experimental techniques are needed.

11.4 Future Directions
An important consideration in the analysis of tumor genomes is the genomic
heterogeneity found in a tumor. In principle, sequencing approaches like ESP
have an advantage over aCGH in this regard. In the creation of a BAC (or other
clone) library, DNA from multiple cells is pooled, but an individual clone does
measure a rearrangement in a single cell, in contrast to aCGH, which averages
over the cell population. ES pairs from rearrangement variants in different cells
will be mixed together in the ESP data, but rearrangements that are common to
all or most cells in a tumor population are more likely to be cloned and
sequenced than sporadic rearrangements. Thus ESP is biased towards finding
these common and potentially early rearrangement events in the development of
the tumor. At the same time, deep sequencing via ESP can reveal rare events
present in a subpopulation of tumor cells. A key question is to determine the
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number of clones necessary to analyze populations of tumor cells with different
amounts of heterogeneity; mathematical analyses, simulation studies, and pilot
sequencing projects are needed to address this question. There is a parallel
between sequencing a tumor and “community sequencing” or metagenomics
approaches that simultaneously sequence an environmental sample containing a
mixture of organisms [43, 44]. Community sequencing identifies rare organisms in a hetrogeneous mixture with deep sequencing just as ESP identified rare
rearrangements in tumors with more sequenced clones. There is room for
cross-fertilization of ideas between these two approches.
DNA sequencing technology continues to reduce in cost and improve in
efficiency. Steady improvements in current technologies will make large-scale
ESP studies more common. Moreover, other ESP-like strategies have been proposed including a paired-end sequencing technique that improve efficiency by
concatenating multiple short paired-end tags into a single read in SAGE-like
approach, yielding an order of magnitude more paired ends for the same number of sequenced reads [45]. Presently, the 18-bp end sequences produced by
this technique are too short for tumor-genome rearrangement studies because
too few of these short tags can be uniquely identified in the human genome.
However, with slightly longer end sequences (e.g., 22–25 bp), enough will map
uniquely to the human reference sequence to undertake effective ESP studies.
The greatest promise in the near term lies in the application of the new generation of short-read sequencers that will be able to produce a significantly larger
number of short-end sequence pairs in a cost-effective manner [46].
Such large-scale sequencing efforts and the future development of singlecell sequencing techniques will give an unprecedented catalog of tumor mutations, including both point mutations and large-scale alterations. Eventually,
complete mutational analysis of tumors will become feasible. There will be a
great demand for bioinformatic techniques to uncover sets of recurrent mutations and define similarity between highly mutated tumor samples. Similarity
might mean more than possessing specific mutations or mutated genes in common; for example, different tumors might share similar mutated pathways. Ultimately, the knowledge gained from tumor genome studies will be used not only
to discover gene targets for diagnostics and therapeutics, but also to better
understand the temporal and population dynamics of the mutational process of
tumor development.
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