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Motivation and Objectives

Cancer is a very complex disease and under-
standing its dynamics and evolution is one of
the challenges of modern biosciences. As most
available data on cancer is stafic, extracting
dynamic information about its progression from
"static” biological data would have a major sig-
nificance.

We are approaching the Temporal Ordering
Reconstruction (TOR) problem, that is the sorting
of a collection of multi-dimensional biological
datato reflect an accurate temporal progression
of the target disease.

The most general form of the TOR problem has
been studied from many points of view. Firstly, the
TOR problem, as defined above has been tack-
led mostly in two works, which use gene expres-
sion data as the “raw™ data in the samples (Gupta
and Bar-Joseph, 2008; Magwene et al,, 2003).
Secondly, another series of works start by analyz-
ing comparative genomic hybridization data fo
build a plausible free of possible gene mutation
events and confinue fowards a use of Bayesian
models to assess pathways variations in a disease
(Desper et al., 1999; Pathare et al., 2009; Gerstung
et al.,, 2011; Beerenwinkel et al., 20095).

Our work is more focused on a specific ap-
proach to the TOR problem, previously proposed
by Gupta and Bar-Joseph (Gupta and Bar-
Joseph, 2008), which has been shown to work for
gene expression data and we develop a meth-
odology which enables us to apply this tech-
niqgue on a Copy Number Alterations (CNAs)
dafa set. We also aim to provide a building
block in an analysis pipeline that can be used
to look at temporal reconstruction problems that
assume an already (partially) ordered dataset
(Ramakrishnan, 2010; Antoniotti, 2010).

Methods

The technigue presented by Gupta and Bar-
Joseph (Gupta and Bar-Joseph, 2008) is based

on the reduction of the sorting problem to the
Travelling Salesman Problem (TSP), under two
biologically realistic assumptions over the gene
expression data set. As we can assume that the
CNAs data also fulfils these two assumptions, we
develop a methodology which enables us to
apply the technique on a CNAs data set.

In order to capture distinct aspects of the
complex CNAs phenomenon, we define sev-
eral chromosome-related measures and certain
filters targeting significant portions of chromo-
somes. We also aim fo identify which of these
measures performs best regarding tumour pro-
gression or whether chromosomal gains (ampli-
fications) or losses (deletions), considered sepa-
rately, could influence the outcome.

As chromosome measures, we infroduce the
following notions: value, intensity, number and
the averaged analogous: average of the values
and average of the intensities, all these refer-
ring tfo alterations, deletions and amplifications.
Furthermore, we propose two filtering methods to
be applied on the initial data set, which could
lead us towards obtaining more accurate order-
ings:

* recurrent CNAs - we consider those CNAs
that belong to regions of the chromosomes that
have suffered alterations in a higher number of
different samples;

 recurrent CNAs, as well as CNAs belonging
o regions that include af least one of the genes
known 1o be involved in fumor progression (can-
cer driver genes).

In order to build the TSP instance, we consider
the cities 1o be represented by the 22-dimen-
sional samples (each dimension corresponding
to one chromosome, not considering the gen-
der-linked chromosome) and a distance matrix
is used to define distances between any two
samples. Two types of metrics are used: the L,
distance and the Euclidean distance.

Figure 1 briefly illustrates our methodology,
highlighting the most important steps that were
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Figure 1: Representation of the proposed methodology. Starting from the input data set, different subsets are defined, us-
ing abstraction mechanisms. A TSP instance is built for each new data set and finally, the solution to the TSP represents the

temporal ordering of the given samples.

used to determine a temporal ordering for a set
of biological samples.

We tested the algorithm on a CNAs data set
(Reid et al., 2009), consisting of 44 samples, in
different stages of colorectal cancer (CRC).
Three types of tests were made, one for the ini-
fial input data set and two for the subsets ob-
tained by applying the above mentioned filters,
therefore obtaining several different orderings. As
a validation criterion, we used the survival time
of each patient, after being diagnosed. We de-
fined the “ideal ordering™ as the one in which the
first sample has the maximum, while the last one
has the minimum overall survival time. Using the
Squared Deviation Distance (SDD), the distance
from each obtained solution to the ideal one
was computed. Therefore, the orderings having
smaller SDDs (with regard to the ideal ordering)
were considered to be more accurate,

Results and Discussion

Results show that the test in which recurrent CNAs
are used in conjunction with CNAs belonging to
cancer driver genes produces the highest simi-
larities with respect to the ideal ordering, i.e., the
lowest values of the SDD, in ferms of minimum
value. Therefore, the more filters we apply on the
input data set, the closer the minimum obtained
orderings are, with respect to the ideal one. This
clearly outlines the importance of combining
biological knowledge with mathematical tech-
niques to achieve significant results.

The best result was obtained for the test that
fakes info account the CRC driver genes and
recurrent CNAs, with the chromosome measure
average of values of alferations and for the L, dis-
tfance. The samples in the first half of this ordering
belong to patients who have (on average) signifi-
cantly higher survival times than those in the last
half. Although in our data set the CRC histologi-



cal stages are not always directly correlated to
the survival time, we observe that the best order-
ing is also compatible with the CRC stages, to a
certain degree.

Concerning the other chromosome meas-
ures, we have noficed that, on average, in the
case of values and intensities, amplifications
and deletions, considered separately, induce a
better ordering than all alterations; in the case
of the number, deletions seemed to be more
relevant, when considering the L, distance, while
for the Euclidean distance, all alterations inferred
orders with lower SDDs. For the averaged values
and intensities, all alterations have proven to
be more important than either gains or losses,
when considering the L, distance. On average,
the orderings obtained using the L, distance are
more accurate, compared to those using the
Euclidean distance.

We have presented a particular solution for
the temporal ordering reconstruction problem.
We have built our approach on a previously pro-
posed solution (Gupta and Bar-Joseph, 2008),
by adapting it to chromosomal CNA data and
we tested it on a CRC data set. To the best of
our knowledge, our work is the first fo adapt the
TSP approach to the TOR problem, in conjunction
with CNA data.
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