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Chapter 1
Abstract
My study focused on the use of new clustering methods to analyze large sets of gene
expression data, obtained from experimental cell line in culture and from breast cancer
clinical samples.
In my first study I used the temperature sensitive p53, expressed in the lung cancer cell line
H1299, to analyze p53-regulated genes, utilizing oligonucleotide microarrays containing 7070
probes. Cycloheximide (CHX) was employed to inhibit protein synthesis in an effort to limit
the p53-regulated genes to primary targets, by exclusion of possible secondary effects induced
by newly synthesized proteins. By measuring gene expression at four or five time points I
clearly showed that a group of genes exhibit consistent p53-dependent regulation, in either
presence or absence of CHX. This group consists of less than 20% of the genes regulated by
p53 in the absence of CHX, and was defined as primary targets for p53. The criteria used to
group these genes (2.5 fold change in at least 3 time points) was somewhat arbitrary, and may
have discriminated against genes which showed consistent changes but did not reach the 2.5
fold change at all the time points analyzed. I therefore used a clustering method, which
allows the grouping of genes based on the kinetics of their expression, and showed that most
of the primary genes group together in one or two clusters. These clusters indeed contained
additional genes, with similar kinetic behaviors in their change of expression even though
their levels of expression, did not reach the stringent criteria mentioned above. This group
contains some of the established targets of p53 (e.g. Gadd45 and PCNA) and demonstrates the
usefulness of this clustering method, since it overcame small experimental variations in
measurement of hybridization intensity and relies on the pattern of expression in the presence
or absence of CHX.
In the second part, I re-analyze the data that first appeared in the paper “Molecular portraits of
human breast cancer” (Perou et al) [42]. The main goal of this paper was to develop a system
for classifying tumors on the basis of their gene expression patterns. This paper characterizes
gene expression profiles of 65 tumors and 19 cell lines, using cDNA microarrays,
representing 8,102 human genes. Perou et al selected the subset of genes whose expression
varied by at least 4-fold from the median over the samples, in at least three of the samples
tested. This filtering process left 1753 genes, each of which is represented by 84 expression
values. Since it was not possible to obtain meaningful partitions of the samples on the basis of
3

all these genes, Perou et al used their biological insight to generate a list of 496 “intrinsic
genes” that were used to classify the tumors. This list contains those genes from the 1753 list
that showed significantly greater variation in expression between different tumors than
between paired samples from the same tumor. In my work I used the SPC method [12-13] and
the CTWC algorithm [14] to analyze the data of Perou et al, aiming to compare our method of
data analysis with that of Perou et al in order to see whether more insights can be obtained
from the data collected by DNA microarrays. This is relevant to the work tested here (Perou
et al) and the entire collection of expression data present in the literature.
I posed the following questions:
1. Do our methods of analysis reproduce the results obtained by Perou et al?
2 .Can I make observations that seem to be of interest and were not reported by Perou et al
due to different clustering approaches?
The comparison revealed two major points; first, that the main findings of Perou et al shown
in Fig. 5.3 can be found directly (and improved upon), starting from the entire set of 1753
genes and using the CTWC, without filtering the genes further (to the “intrinsic set” of 496
genes). Second, I find new tumor classifications that were not mentioned by Perou et al and
group tumor samples according to new subsets of expression genes..
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Chapter 2
DNA Chips: Methods for large scale
monitoring of gene expression
Monitoring gene expression is important in many fields of biological research, since changes
in the physiology of an organism or a cell will be accompanied by changes in the pattern of
gene expression. The collection of genes that are expressed or transcribed from genomic
DNA, sometimes referred to as the expression profile or the ‘transcriptome’, is a major
determinant of cellular phenotype and function. The transcription of genomic DNA to
produce mRNA is the first step in the process of protein synthesis, and differences in gene
expression are responsible for both morphological and phenotypic differences as well as
indicative of cellular responses to environmental stimuli and perturbations. Unlike the
genome, the transcriptome is highly dynamic and changes rapidly and dramatically in
response to perturbations or during normal cellular events such as DNA replication and cell
division [1-2]. Knowing the extent and cause of a gene’s expression is central to
understanding the activity and biological roles of its encoded protein. In addition, changes in
the multi-gene patterns of expression can provide clues about regulatory mechanisms and
broader cellular functions and biochemical pathways. In the context of human health and
treatment, the knowledge gained from these types of measurements can help determine the
causes and consequences of diseases, how drugs and drug candidates work in cells and
organisms, and what gene products might have therapeutic uses themselves or may be
appropriate targets for therapeutic intervention. Several techniques for the analysis of gene
expression at the mRNA-level are available. Methods such as Northern blots have the
disadvantage of being inherently serial, involving measuring a single mRNA at a time, and of
being difficult to automate. Differential Display [3] of amplified subsets of RNAs on a
sequencing gel allows a broad search for expression difference, but the results generally are
not quantitative, false positive are common, and characterization of positives requires
additional cloning and sequencing. Sequencing of cDNA libraries is a more direct approach,
but requires a great deal of sequencing and is not sensitive to the presence of less abundant
mRNAs. The Serial Analysis of Gene Expression (SAGE) [4] is a clever and efficient
variation of the cDNA sequencing approach. The method involves fairly complicated sample
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preparation procedures, still requires a large amount of sequencing, and tends to be laborious
and not particularly sensitive. Every one of these methods has some disadvantage, which
renders them unsuitable if large numbers of expression products have to be analysed
simultaneously.
The use of microarrays to monitor gene expression on large scale has recently received a great
deal of attention [5-10]. Tens of thousands of transcript species can be detected and quantified
simultaneously. This technology is based on hybridization of labeled RNA or DNA in
solution (“target”) to DNA molecules attached at specific locations on a high-density array
(the “probes”) [11]. The hybridization of a sample to an array is, in effect, a highly parallel
search by each molecule for a matching or complementary partner on an ‘affinity matrix’. In a
simplified picture, the mRNAs (transcripts) are extracted from the cell, fluorescence labeled
and hybridized to the array, where each transcript will quantitatively hybridize to its
complementary target sequence. The fluorescence at each spot on the array is a quantitative
measure corresponding to the expression level of the particular gene. Therefore, the major
advance of DNA microarray technology, as compared to conventional techniques, is the
capability of parallel screening of thousands of genes simultaneously. During recent years,
DNA microarray technology has been advancing rapidly. The development of more powerful
robots for arraying, new surface technology for glass slides, and new labeling protocols and
dyes, together with increasing genome-sequence information for different organisms,
including human, will enable us to extend the quality and complexity of microarray
experiments [9]. Although many different microarray systems have been developed by
academic groups and commercial suppliers, the most commonly used systems today can be
divided into two groups, according to the array material: complementary DNA (cDNA) and
oligonucleotide microarrays (Fig. 2.1).

2.1

cDNA microarrays

Array preparation. Probes for cDNA arrays (double strand DNA at average size of 1000
mer) are usually products of a polymerase chain reaction (PCR). Each probe represents a
gene, and can be generated from the gene’s cDNA clone. In simple terms, cDNA clones are
made by extracting the mRNAs of interest from cells and then making a complementary DNA
(cDNA) copy of each mRNA molecule present. This reaction is catalyzed by the reverse
transcriptase enzyme of retroviruses, which synthesizes a DNA chain on an RNA template.
The DNA polymerase enzyme converts the single-strand DNA into double-strand DNA
molecules, and these are inserted into a plasmid or virus vector and cloned. Each clone
6

obtained in this way is called a cDNA clone, and the entire collection of clones derived from
one mRNA preparation constitutes a cDNA library. The identification and extraction of a
gene of interest from the cDNA library is done by a gene specific primer; radioactive or
chemically labeled DNA probe, containing part of the sequence of the gene. Finally, the
number of the gene’s copies is amplified by PCR to generate the source of the cDNA sample
that will be deposited on the chip. A micro sample (approximately one nanogram of cDNA
material, or ~109 copies of 1kb cDNAs) of each cDNA is deposited and bonded on a glass
surface at intervals of 100-300 µm, with each gene occupying a unique location (Fig. 1).
Using this technique, arrays consisting of more than 30,000 cDNAs can be fitted onto the
surface of a conventional microscope slide. Spotted cDNA arrays, allow a greater degree of
flexibility in the choice of arrayed elements, particularly for the preparation of smaller,
customized arrays for specific investigations. As a result, cDNA arrays have so far been the
technique most frequently used in academic labs.

7

Figure 2.1. Schematic overview of probe array and target preparation for spotted cDNA
microarrays and high-density oligonucleotide microarrays.

Target preparation. Messenger RNA (mRNA) molecules are extracted from normal or
unaffected sample or “control” (e.g. Chromosome 6 suppressed cells in Fig. 2.2) and are
reverse transcribed, by reverse transcription enzyme, to generate cDNA probes. During the
reverse transcription, fluorescent-labeled nucleotides are incorporated into the synthesis of the
cDNA, generating labeled cDNAs. Different mRNAs are extracted from another sample - the
“experiment” (e.g. the Tumorigenic cells in Fig. 2.2), typically, these are the affected cells:
exposed to a drug or toxic substance, taken from a tumor, or removed at a different time. The
fluorescent labeling step is repeated to generate a second cDNA probe using a fluorescent
molecule of different color (Fig. 2.2). Generally, green label is used for the control and red
for the experiment.

8

Figure 2.2. Two-color fluorescent hybridization for the analysis of gene expression.
Messenger RNA (mRNA) molecules are extracted from normal or unaffected sample or
“control” (e.g. Chromosome 6 suppressed cells in Fig. 2.2) and are reverse transcribed,
by reverse transcription enzyme, to generate labeled cDNA probes. Generally, green
label is used for the control and red for the experiment.
Hybridization. In the hybridization step the two fluorescent target samples are applied
simultaneously to a single microarray, where they react competitively with the arrayed cDNA
molecules. Following incubation (typically overnight), the microarray is washed off those
probe molecules that did not find their cDNA counterpart. Genes that are highly expressed in
the experiment’s cells will have higher concentration of their RNA copies than those of the
control; therefore, the hybridization level of these probes cDNA, labeled with Cye5, will be
higher compared to the control. This results in domination of the red color on the
corresponding spot (Fig. 2.2, 2.3). Genes with low expression level in the experiment will
have low amounts of RNA compared to the control, resulting in domination of the
corresponding spot by green color.
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Figure 2.3. cDNA chip. The red color (Cye3) represents the control, the green color
represents the experiment and the dark color represents no detection. The chip is
scanned and the fluorescent intensity is determined at each spot.
After hybridization each element of the chip is scanned for both fluorescent colors. Because
the sequence of the cDNA at each physical location is generally known or can be determined,
and because the recognition rules that govern hybridization are well understood, the signal
intensity at each position gives not only a measure of the number of bound molecules, which
reflect the expression level of the gene, but also the likely identity of the molecules. The
scanning operation is repeated for the second fluorescent label. The ratio of the two
fluorescent intensities provides a highly accurate and quantitative measurement of the relative
gene expression level in the two cell samples. When a microarray element shows no color, it
indicates that the gene in that element was not expressed in either cell sample, and if a single
color (green or red) appears, it indicates that the gene was expressed only in the
corresponding sample, green for the control sample or red for the experiment. The appearance
of both colors indicates that the gene was expressed in both cell samples.
Calculating gene expression. Each gene is represented by one element (spot) bounded to the
array. After the scanning operation the average intensity and the background of each element,
denoted by CH1I (CH2I), CH1B (CH2B), respectively, are measured (Table 2.1, Fig. 2.4).
This is done, separately, for the two colors (Cye3 and Cye5). The final intensity of each
element, corresponding to the two colors, is calculated as the follow:
Cye3 : CH 1D = CH 1I − CH 1B

,

Cye5 : CH 2 D = CH 2 I − CH 2 B
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Figure 2.4. At each spot, the difference of the intensity averages between the cDNA site
and its background is calculated.
The “final number”, i.e. the value that we use through our analysis is calculated as the follow:
RAT 2 = CH 2 D / CH 1D

This value (RAT2, highlighted in red in Table 2.1) directly indicates the relative expression
level of the gene. For example, an experiment that contains measurements done on 10 chips
generates a data matrix (table) with 10 columns, corresponding to the 10 RAT2 columns, one
from each chip, while the number of rows equals the number of the transcripts (genes) that
were spotted on the chip.
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Table 2.1. The lower table represents an example of a standard output file of cDNA
micro array. The RAT2 column (marked by red circle) contains the numbers that we
are using in our analysis. The top table describes each column of the output file; the
important value is marked is the RAT2 value (marked in red).

2.2 Oligonucleotide - Arrays
Array preparation. For this technique the array is made by synthesis in situ, of short
oligonucleotide (single strand, generally 18-25 mer), deposited either by photolithography
onto

silicon

wafers

(high-density-oligonucleotide

array

from

Affymetrix,

http://www.affymetrix.com) or by ink-jet technology (developed by Rosetta Inpharmatics,
http://www.rii.com). The advantage of this method is that because sequence information alone
is sufficient to generate the DNA to be arrayed, no time-consuming handling of cDNA
resources is required. Also, probes can be designed to represent the most unique and specific
parts of a given transcript, making the simultaneous detection of closely related genes or
splice variants possible.
The oligonucleotide (oligo) array contains collections of approximately 20 pairs of probes for
each of the RNAs being monitored. Each probe pair consists of two patches. One contains
copies of a selected oligonucleotide (usually 20 to 25 nucleotides in length) that is perfectly
complementary (refered to as a Perfect Match, PM) to a subsequence of a particular RNA.
The second, companion patch contains identical oligonucleotides, except for a single base
difference in a central position (referred to as a Mis Match on Fig. 2.5). The mismatch (MM)
probe of each pair serves as an internal control for hybridization specificity. The analysis of
PM/MM pairs allows low-intensity hybridization patterns from rare RNAs to be sensitively
and accurately recognized in the presence of cross-hybridization signals. Hence, each gene is
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represented by, usually 20 pairs of PM and MM of specific oligos, an opposed to the cDNA
array, in while each gene is represented by copies of a single cDNA, deposited in one spot.

Figure 2.5. Oligonucleotide probes are chosen from the mRNA reference sequence,
based on uniqueness criteria. For eukaryotic organisms, probes are chosen typically
from the 3’ end of the gene or transcript (nearer to the poly(A) tail) to reduce problems
that may arise from the use of partially degraded mRNA. Each gene is represented by
20 PM and MM probe pairs. The use of PM minus MM differences, averaged across a
set of probes, greatly reduces the contribution of background and cross-hybridization
and increases the quantitative accuracy and reproducibility of the measurements.

Target preparation. Total mRNAs are extracted from different tissues or cell populations
and pass hybridization reaction with dT primers (oligo of Thimidines) that contain a
recognition site for T7 RNA polymerase (highlighted by a red circle on Fig. 2.6). The
interesting mRNAs (transcripts) are the ones that are present in the cytoplasm; these
transcripts are elongated with an Adenine chain (polyA), during the maturation process, to
aids its exportation from the nucleus (the poly-A tail appears to have more functions as
stabilization, and serving a recognition signal for the ribosome). For most genes, changes in
polyA mRNA abundance are related to changes in protein abundance [11]. Extracting of the
total RNA from the cells includes also the RNAs that are inside the nucleus. In order to “fish”
only the polyA ones, dT primers are being in used. The dT primers contain a recognition site
for T7 RNA polymerase are hybridized with the polyA mRNAs. After the primers
hybridization process, a reverse transcription’s reaction, carries out by a reverse transcriptase
enzyme, leads the synthesis of the cDNA strand (Fig. 2.6). In the final step, a transcription
reaction, carries out by the T7 RNA polymerase enzyme, take place, while biotin-labeled
13

nucleotides are incorporated into the synthesis cRNA molecules. This stage results in
amplification of the RNAs molecules, approximately in 50 fold (up to 50 µg of labeled cRNA
can be produced from 1 µg of mRNA) [9].

Figure 2.6. Target preparation for oligonucleotide arrays. A poly-A tail is added to the
mature mRNA to aids its exportation from the nucleus. In order to “fish” only the polyA ones, dT primers are being in used. The dT primers contain a recognition site for T7
RNA polymerase (highlighted in red) are hybridized with the polyA mRNAs. After the
primers hybridization process, a reverse transcription’s reaction, carries out by a
reverse transcriptase enzyme, leads the synthesis of the cDNA strand. In the final step, a
transcription reaction, carries out by the T7 RNA polymerase enzyme, take place, while
biotin-labeled nucleotides are incorporated into the synthesis cRNA molecules.
The cRNA molecules, contain biotin-labeled nucleotides, are hybridized to the array; identify
each kind of target sample is hybridized to a separate probe array. The fluorescent label
procedure takes place through fluorescent label Avidin hybridization technique; the
fluorescent Avidin molecules are bound to the Biotin’s molecules, which are bound to some
of the cRNA’s nucleotides. In this step one Avidin binds to one Biotin molecule. In order to
amplify the fluorescent signal another step of fluorescent labeling hybridization should be
carry out; fluorescent labeled antibodies, where each antibody contains large number of
fluorescent molecules, are added and hybridized with the Avidin molecules, results the
amplification of the fluorescent signal.
A specially designed scanning microscope performs fluorescent imaging of the arrays. The
entire array is read in less than 15 min, yielding a rapid and quantitative measure of each of
the individual hybridization reaction.
The GeneChip software (Affymetrix, Santa Clara, USA) is the most commonly used tool to
analyze the data generated from expression analysis probe arrays. Genechip algorithms are a
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set of rules and calculations used to derive biologically meaningful results from hybridization
intensities (see the GeneChip 3.1 Expression Analysis Algorithm Tutorial).

Calculating gene expression. 20 PM-MM pairs of specific oligos represent each gene. The
Average intensity and the background, denoted by A and B, respectively, are measured for
each of the 20 PM and the 20 MM cells (total of 40 cells). We denote by Pi (Mi) the difference
between Ai and Bi of the corresponding PM (MM) cell:
Pi = Ai(PM) - Bi(PM)

,

Mi = Ai(MM) - Bi(MM)

.

Calculating the Average Difference (AvgDiff) yields the “final number”, i.e. the value that we
use through our analysis. This value (highlighted in red in Table 2.2) directly indicates the
expression level of the gene.

AvgDiff =

1 20
∑ ( Pi − M i )
20 i=1

Each experiment results in an Afymetrix output file (i.e. Table 2.2), where each gene is
represented by several values. As I mentioned above, the value that we use through our analysis,
denoted by AvgDiff , is the most important one.
I will present two studies, one of these analyzed data obtained from oligonucleotide arrays,
and the other based on cDNA arrays.

15

Table 2.2. An example of output file created by the GeneChip software. The data used in
our analysis is located in the column named AvgDiff. This column represents the
expression level of each transcript.
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Chapter 3
Clustering methods
In this chapter the main data analysis tool used in this work, namely data-clustering, will be
introduced. A clustering method, Super-Paramagnetic Clustering (SPC) [12-13], which was
extensively used in this work, will be described in details. The data-mining method, Coupled
Two-Way Clustering (CTWC) [14], used for analysis of breast cancer data in chapter 5, is
also reviewed.

3.1

The Clustering Problem

The clustering problem can be formally defined as follows. Partition N given points into k
groups (clusters) so that two points that belong to the same group are, in some sense, more
similar than two that belong to different ones. In fact, the problem is inherently ill-posed, i.e.
any given set of points can be clustered in drastically different ways. Difficulties and
ambiguities may arise for a variety of reasons. For example, there may be data points that do
not belong to either cloud; the shapes of the clouds may be complex and their density nonuniform. The most important source of ambiguity is that the manner in which data “should”
be clustered depends on the desired resolution. What appears as a single cloud may turn out,
when examined at higher resolution, to be composed of several sub-clusters.
Consider the example given in Fig. 3.1. At a very low resolution, seen for example by a man
standing a few meters from the page, all eight points just sit together, and no structure can be
observed. A closer look would identify two clusters – 4 points on the right and 4 on the left.
At an extremely high resolution, seen from the point of view of an ant traveling on the paper,
each point resides in its own cluster.
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Figure 3.1. Eight points in two dimensional space.

3.2 The Super-Paramagnetic Clustering
Algorithm (SPC)
The Super-Paramagnetic Clustering algorithm (SPC) [12-13] is a clustering method based on
the physical understanding of disordered granular magnets. In what follows I first introduce a
model for such physical systems, and review some of its physical properties. This is given in
Sub-Section 3.2.1. In Sub-Section 3.2.2 I describe how these properties are used for data
clustering. This is demonstrated in Sub-Section 3.2.3 on the toy problem of Fig. 3.1, where
the physical analog can be solved exactly. In typical cases, however, exact solution cannot be
obtained. Sub-Section 2.2.4 describes an approximate method used in these cases.

3.2.1 The physics behind SPC
SPC is based on a model for a magnetic system, which is known in the physics literature as
the “Potts model”. The model consists of small magnetic elements (spins) which interact with
one another. This interaction can be mimicked by an energy function, which is lower when
two spins are aligned and higher when they are not. Hence, at the minimum energy, all spins
are aligned. The magnetic interaction decreases rapidly with the distance between the spins.
The model assumes that two spins which are not neighbors (in some sense) experience no
interaction between them.
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A simple uniform magnet can be described as a lattice of spins (Fig. 3.2). The interaction
between neighboring spins on this lattice is some constant, J>0, while the interactions
between spins which are not neighbors is just zero. The energy function of such a magnet can
be written as
H = ∑ J (1 − δ ( si , s j ) ) .

(1)

i, j

Here si is the direction of the spin i, and the summation is over pairs of neighbors. It turns out
that two very different temperature regimes exist for this magnet. At the lower temperature
regime the spins in the system follow the energy bias and tend to be aligned. In the higher
temperature regime the energy bias is ignored, and each spin points in any desirable direction.

Figure 3.2. A model of a simple uniform magnet that can be
described as a lattice of spins that tend to be align.

There are two mathematical measures, which enable one to distinguish the two regimes: a
global measure and a local one. The global measure is called magnetization and is defines by
m=

qN max − N
, where q is the number of available directions for each spin, N is the number
(q − 1) N

of spins, and Nmax is the number of spins pointing in the most “popular” direction. In the
ordered low-temperature regime Nmax ≈ N, so m ≈ 1. In the high-temperature regime, Nmax ≈
N/q, so m ≈ 0.
The local measure is the correlation between two spins. The correlation may be defined as the
probability to find the two spins aligned. When properly defined, the correlation should be of
the order of 1 in the ordered regime, where all spins tend to be aligned, and in the order of 1/q
in the disordered regime. Of course, one expects the correlations to decrease smoothly from 1
to 1/q as the temperature is raised, with a sharp drop at the temperature separating the two
regimes. This temperature is referred to as the transition temperature.
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The idea behind SPC is to place a spin at every data point. In reality, the data points are not
positioned on a uniform lattice (as in the simple magnet model) and therefore SPC uses a
more general model for a disordered granular magnet. This material consists of isolated
magnetized areas scattered randomly in a non-magnetic background. Such a magnet typically
has strong interactions between spins, which reside in the same magnetic domain, and weak
interaction between spins in different domains (Fig. 3.3). More precisely, the interaction
between two neighboring spins decreases with the distance between them. Note that two spins
may be considered neighbors even when they do not reside in the same domain. The
interaction parameter J of the energy function (1) is replaced in the summation by Jij , which
is a function of the distance between spin i and spin j.

Figure 3.3. A model of disorder magnet, such a magnet typically has strong
interactions between spins, which reside in the same magnetic domain, and
weak interaction between spins in different domains

A granular magnet has three phases, depicted in Fig. 3.4: Ferromagnetic (low-temperature),
super-paramagnetic (intermediate-temperature) and the paramagnetic (high-temperature)
phases. Fig. 3.4 demonstrates a two dimensional example of a simple granular magnet. The
magnet contains two domains, a and b. Each of these domains consists of 4 spins, denoted by
arrows. At low temperatures (T), the system is in the Ferromagnetic phase: here the
magnetization is 1, and the system shows high correlations between all pairs of spins. At
higher temperatures, the system passes to the Super-Paramagnetic phase. In this phase a
pair of spins inside a domain show high correlations as before, but pairs from different
domains are uncorrelated. At very high temperatures, the system passes to the Paramagnetic
phase, in which all pairs of spins are uncorrelated.
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Figure 3.4. A two-dimensional example of a disordered magnet. At low Ts the system is in
the Ferromagnet phase; the spins, denoted by arrows, inside each domain, a and b, and
between the two domains, are correlated. At intermediate Ts the system passes to the
Superparamagnetic phase; the spins inside each domain are correlated as before, but the two
domains are uncorrelated. At high Ts the system is in the Paramagnetic phase; all the spins
are uncorrelated.

3.2.2

How SPC applies the physics to cluster data

I now turn to describe how SPC applies the physics of disordered granular magnets to cluster
data. SPC positions a spin at every data point. At a given temperature SPC assigns two points
to the same cluster if the correlation between them exceeds ½. To calculate the correlation
between the neighboring pairs, SPC uses a celebrated result from statistical mechanics: At a
certain temperature T, the probability to find the system at a given configuration S is given by

P(S ) =

1
 H (S ) 
exp −
 , where H(S) is the energy of the configuration, and Z is the
Z
T 


normalization factor. It is now straightforward to calculate any average, and in particular the
correlation between spin i and j : Cij = 2

∑ P( S ) − 1 ,

where {S’} is the set of all

S ∈{ S '}

configurations in which spin i and spin j point in the same direction. Ci, j ranges between 0
and 1. This equation is a private case for q=2.
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The temperature T controls the resolution in SPC. As the temperature is raised, domains,
which are further apart, become uncorrelated. When going from the ordered ferromagnetic
phase to the disordered paramagnetic phase, the system may go through several different
super-paramagnetic phases, in each of which some domains may be correlated among
themselves while uncorrelated with others.

3.2.3

Clustering toy data

I will now demonstrate the ideas behind SPC using a simple toy data set depicted in Fig. 3.1.
The data set contains 8 points. Each data point is assigned a binary spin, i.e. a spin, which can
assume one of two possible states (q=2). The interactions between the spins are represented in
Fig. 3.5A by lines: dashed lines stand for weak interactions (J=1), while continuous lines
stand for strong interactions (J=10). Note that the strengths of the interactions decrease with
distance. The configurations Fig. 3.5B and Fig. 3.5C are examples of two (out of 256)
possible configurations. In Fig. 3.5B is a ‘low energy’ (H=2) configuration with pairs (2,5)
and (4,7) not aligned (neighboring spins are in different states). Fig. 3.5C depicts a ‘high
energy’ (H=20) configuration in which pairs (8,6) and (8,7) are not aligned.
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Figure 3.5. (A) One of the states of the system at T=0; all the points (spins) are in the same
state. Inside each domain the points are connected by continuous lines, which stand for
strong interactions (J=10). The two domains, D1 and D2, are connected with dashed lines;
weak interactions (J=1). (B) A ‘low energy’ configuration. (C) A ‘high energy’ configuration.

We now proceed to cluster this data in the spirit of SPC. The differences between this
demonstration and SPC are discussed in the last sub-section. In the toy model there are 256
(28) possible configurations. Each configuration is readily assigned an energy cost and a
probability, as defined above. It is now straightforward to calculate the correlation between
neighboring spins, as a function of temperature. These functions are shown in Fig. 3.8.
Fig. 3.6 represents the behavior of the log10 of P for each of the 256 states, as a function of T.
Note that the energy is degenerate (there is more than one configuration at a given T). At low
temperatures only the ‘low energy’ configurations (pointed by the upper arrow) get very high
probabilities; log (P) = 0 (P=1). The ‘high energy’ configurations (pointed by the lower
arrow) can be found with very low probabilities at these temperatures. As seen in the figure,
as T increases the probabilities of all the configurations tend to be equal. At high temperatures
all the interactions (weak and strong) have equal probability to be broken.

Figure 3.6. This figure represents the behavior of the log of P as a
function of T for all the 256 microstates. At low temperatures, the ‘low
energy microstates (pointed by the upper side arrow) get very high
probability ( ≈ 1), and the ‘high energy’ microstates’ get very low
probability (<<1). At high temperatures are equally likely.
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Figure 3.7 represents the probability (P) as a function of T for the two configurations of
Fig.5B and Fig. 3.5C. The blue line is for the ‘low energy’ configuration (shown in Fig.
3.5B). It reaches a high probability at low temperatures, and its probability decreases with a
very sharp slope. The ‘high energy’ configuration (shown in Fig. 3.5C) is plotted with a red
line has very low probability at low temperatures. As T increases, the difference between the
probabilities of these configurations tends to 0.

Figure 3.7. This figure represents the probability (P) as a function of T for
the configurations that appear in Fig.5B and 5C. Blue - The ‘low energy’
configuration (Fig.5B) . Red - The ‘high energy’ configuration (Fig.5C).

Figure 3.8 concentrates on the correlation value of two pairs, (2,4) a strong interacting pair
and (2,5) a weak interacting pair.
C(2,5) - The weak interacting pair J(2,5)=1. As shown in Fig. 3.8 (red line), indeed C(2,5)
decreases at relatively low temperatures below 0.5; at T1=3 the spins 2 and 5 will not be
assigned to the same cluster.
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C(2,4) - The strong interacting pair J(2,4)=10. This bond is stronger than C(2,5). Looking at
Fig. 3.8 one sees that, indeed, the C(2,4) decreases more slowly (blue line); it decreases below
0.5 at higher temperature T2=12.

Figure 3.8. This figure demonstrates the behavior of C(2,5) and C(2,4)
as a function of T. the correlation of the weaker interaction, C(2,5),
decreases mach faster below 0.5 (red line) than C(2,4) (blue line); the
stronger interaction. The temperatures T1 and T2 are the critical
temperatures in which the pairs 2,5 and 2,4 are disconnected, respectively.

Figure 3.9 represents the range of temperatures of the three phases, ferromagnet, superparamagnet and paramagnet. In my model I defined only two strengths of interactions, J=1
and J=10. When 0 ≤ T ≤ 3 all the pairs with J=1 and J=10 are still connected, therefore the
system is in the ferromagnetic state (yellow); at this range there is one big cluster that
contains 8 points. When 3 < T ≤ 12 the system passes to the super-paramagnetic phase
(red). The correlation, C, between the pairs with weak interaction (J=1) decrease below 0.5,
therefore are disconnected. In this phase, two clusters are revealed; cluster A contains the
points 1,2,3,4 and cluster B contains the points 5,6,7,8. When T>12, the system passes to the
paramagnetic phase (purple). Above T=12 the correlations, C, between all pairs decrease
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below 0.5. In this range of temperatures the system contains 8 clusters; each point is a
separate cluster.

Figure 3.9. This figure represents the range of temperatures of the three
phases: ferromagnetic (0 ≤ T ≤ 3), super-parmagnetic (3 < T ≤ 12) and
paramagnetic (T > 12).
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3.3

The CTWC algorithm

The main idea of CTWC is to identify subsets of the genes and samples, such that when one
of these is used to cluster the other, stable and significant partitions emerge. The CTWC
process starts by clustering the data in two ways. The first is to look for clusters of genes that
act correlatively on the different samples, considering the N = n g genes as the objects to be
clustered, each represented by its expression profile, as measured over all the samples, that
play the role of the features. Hence we cluster N = n g points in a D = ns dimensional space.
The other way is to view the samples as the N = ns objects to be clustered, with the n g
genes’ levels of expression playing the role of the features, representing each sample as a
point in a D = n g dimensional space. Samples with similar or related expression profiles that
may be due to similar cellular processes taking place will be grouped together.
The philosophy behind the next stages of CTWC is to narrow down both the features that are
used and the data points that are clustered. Our assumption is that only a small subset of the
genes participates in any cellular process of interest, which takes place only in a subset of the
samples. By focusing on small subsets we lower the noise induced by the other samples and
genes. We look for pairs of relatively small subsets of features, Fi (either genes or samples),
and of objects Oi , (samples or genes), such that when the objects in Oi are clustered based
on the features in Fi , stable and significant partitions are generated. The CTWC algorithm
produces such ( Oi , F j ) pairs in an iterative clustering process.
The CTWC can be used in conjunction with several clustering methods, but I present here
only results that were obtained using the Super-Paramagnetic Clustering algorithm (SPC),
which is especially suitable for gene microarray data analysis due to its robustness against
noise, and for usage within CTWC because of its “natural” ability to identify stable clusters.
A variety of factors, such as cell type, cell phase, external signals and more, influence gene
expression. Therefore the measured expression levels are the result of all these processes
mixed together. The goal is to separate and identify these processes and to extract as much
information as possible about them. It is most likely that only small subset of the genes
present on the microarray plays a role in a particular process of interest. The large majority of
these genes constitute a noisy background, which may mask the effect of the small relevant
subset. The same may happen with respect to samples. The approach is to find pairs of subsets
( Oi , F i ), which define particular submatrices that lead to “meaningful” clusters. CTWC
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provides an efficient way to generate such pairs of object and feature subsets by an iterative
process, that restricts the possible candidates for such subsets; we consider and test only those
submatrices, whose rows (columns) belong to genes (samples) that were identified (in a
previous iteration) as a stable cluster. The iterative process is initialized with the full matrix,
i.e. the sets of all genes (G1) and of all samples (S1) are used as (both) features and objects, to
perform standard two-way clustering. Denote by GI and SJ, with I,J = 2, 3,…, stable clusters
of genes and samples found in this first step. Every pair (GI, SJ), made of clusters obtained so
far, defines a submatrix of the expression data; for every such submatrix we perform two-way
clustering. The resulting stable gene (or sample) clusters are also denoted by GI’ (or SJ’).
Each cluster is stored in one of two “registers of stable clusters”; gene clusters in register G
and samples in S.
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Chapter 4
Identification of primary and
secondary target genes regulated by
p53, using DNA microarrays
4.1

Introduction

4.1.1 Gene expression and cell identity
Different cell types of a multicellular organism contain the same DNA sequence.
Many processes are common to all cells and therefore they have many proteins in common.
For example, the major structural proteins of the cytoskeleton and of chromosomes as well as
some of the proteins essential to the Endoplasmatic Reticulum and Golgi membranes or
ribosomal proteins are expressed in all cells [15]. These families of genes that are expressed
in all cells with homogeneous levels are known as the ‘housekeeping genes’. Studies of the
number of different mRNA sequences in a cell suggest that a typical higher eucaryotic cell
synthesizes 10,000 to 20,000 different proteins. It is commonly assumed that only a small
number (perhaps several hundreds) of proteins suffice to generate large diversity in cell
morphology and behavior. Cell differentiation mostly depends on changes in gene expression.
Different cellular signals influence the genes expression patterns, and lead to the generation of
different cell families with different properties and functions. Cells are sensitive to external
and intrinsic signals during all theirs life; growth signals promote cell proliferation, stress
signals (external or intrinsic to the cell) can stop proliferation and drive the cell to a growth
arrest phase. Some signals may drive the cells to an irreversible process, known as
“programmed cell death” or “apoptosis”. Hence, normal response of cells to diverse signals
(i.e. growth, growth arrest, apoptosis) is very important to regulate and prevent abnormalities
in cell’s functions. Different defects in cell properties, like loss of sensitivity to stress signals
or over sensitivity to growth signals, can lead to abnormalities and later on, transform cells to
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be malignant. These abnormalities can occur as results of loss of function or gain of function
of two central types of genes; 1) tumor suppressors genes, and 2) oncogenes, that play a
central role in growth processes. Mutations in such genes might transform the cell to be a
cancerous one. In both cases, the cells lose their growth control.
Gene expression is highly regulated; its control can occur at four main levels; (1)
transcriptional level, controlling when and how often a given gene is transcribed (2) RNA
processing level, controlling how the primary transcript is spliced or otherwise processed (3)
translation level, controlling the rate at which mRNAs in the cytoplasm will be translated
into protein (4) degradation level, regulating the stability of the protein. The transcription
level is considered the most important regulation phase.

4.1.2

Activation of gene expression by transcription

factors
Transcription of a gene begins when an RNA polymerase molecule binds to a promoter
sequence. The promoter is a specific DNA sequence located in up-stream region to the open
reading frame (the transcribe region of the gene) that directs RNA polymerase to bind to
DNA, to open the double helix, and to begin synthesizing an RNA molecule. In eucaryotic
cells this process is complex, and requires two groups of regulatory proteins; 1) general
transcription factors, and 2) specific transcription factors. The first group contains a small set
of genes, abundant in all cells, and participates in the transcription process in all genes. These
factors assemble on the promoters in order to recruit the RNA polymerase to begin the
transcription. The second group contains a large set of transcription factors, which show
heterogonous expression levels according to the cell type. These factors bind to the regulatory
region of a gene, to specific target sequences. This is a particular nucleotide sequences, each
typically less than 20 nucleotide pairs in length, functional as a fundamental components of
genetics switches by serving as a recognition sites for the binding of specific gene regulatory
proteins. Some of the transcription factors lead to induction of transcription, some lead to
repression. Some transcription factors may function both as an inducer or a repressor,
depending on additional factors. The location of the regulatory sequences over the promoter
can be diverse; some sites are located near the start point of the transcription; in contrast,
there are some regulatory sites (mainly in supreme eucaryotic species), that are located far
away from the start point; sometimes more than 2000 bases up-stream. Some regulatory sites
can be located inside introns, down-stream to the transcription start point. The transcription
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control is very complex, and the outcome (induction or repression), is a result of complex
combinations between all the factors, that bind to the promoter in a specific event. Although
some transcription factors may work individually, most acts as part of a complex of several
polypeptides, each with a distinct function. This complex often assembles only in the
presence of the appropriate DNA sequence. An individual transcription factor can often
participate in more than one type of regulatory complex. A protein may function in one case
as a part of a complex that activates transcription, and in a different case as a part of a
repression complex. Hence complex combinations between diverse regulatory factors control
which of the thousands of genes in a cell will be transcribed and expressed.

4.1.3

The tumor-suppressor protein - p53

The p53 gene and its protein product have become the center of intensive study since it
became clear that approximately 50% of human cancers contain mutations in this gene. Most
human cancers contain mutation in the p53 gene or a functional defect in the p53 pathway,
highlighting its importance for preventing tumorigenesis. p53 is a tumor-suppressor gene that
has been called the “cellular Gatekeeper” and the “Guardian of the Genome” for its welldocumented activities in causing cell cycle arrest or apoptosis in response to a variety of DNA
damage. Although not required for normal development, p53 is a critical player in the
prevention of tumor development.
Normally, the amount of p53 protein in the cell is kept at a low level because its relatively
short half-life. Variety of conditions, as represented in Fig. 4.1, can lead to rapid induction of
p53 activity. The common denominator of these conditions is their relation to stress. Such
conditions include DNA damage as well as damage to components involved in the proper
handling and segregation of the cellular genetic material. The rapid induction of p53 in
response to genomic damage serves to ensure that cells carrying such damage are effectively
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taken care of.
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Figure 4.1. Various stress signals that lead to the activation of the tumor suppressor p53.

4.1.4

P53 as a transcription factor

The function of p53 as a tumor suppressor is mainly due to its activity as a transcription factor
that activates many genes in response to various types of stress [16]. This may be the basis for
p53 protection of cells against DNA damage and various stress conditions that lead usually to
growth arrest or apoptosis [17]. p53 is a sequence-specific transcription factor; it binds to
specific sequences within the cellular DNA, and activates the transcription of genes that
contain such sequences in their promoters and regulatory sequences. The consensus binding
site for p53 is defined as two copies of the 10-bp motif, 5’,PuPuPuC(A/T)(T/A)GPyPyPy-3’,
separated by 0-13 nucleotides [18]. p53 binding sites may reside upstream or down stream to
the coding region of target gene (ORF) or within one of its introns. p53 can also repress the
transcription of some genes. This mechanism is unclear yet, but it is known that it does
involve direct binding of p53 to the DNA of the repressed genes.
The human p53 contains 393 amino acids and has been divided structurally and functionally
into several domains as shown in Fig. 4.2 [17]. 1. Transcription activation domain. 2. The
sequence-specific DNA-binding domain. 3. The tetramerization domain.
32

100

1

N

200

III

II

I

Transactivation

393

300

IV

C

V

Specific DNA binding

NLS1
Tetramerisation

Proline rich

P r o te in -p r o te in in te r a c tio n s ,
T r a n s c r ip tio n a l r e p r e s s io n
a p o to s is

N e g a tiv e r e g u la tio n
o f D N A b in d in g

Figure 4.2. p53 has been divided structurally and functionally into 3 main
domains; Transactivation domain (red), DNA binding domain (blue) and
the tetramerisation domain (green).
The transcription activation domain of p53 is localized in the N-terminal 42 amino acids. A
region within this domain (amino acids 13-29) also interacts with the human MDM2 protein
[19], which regulates p53 exporting to the cytoplasm and its degradation. The sequencespecific DNA-binding domain is localized between amino acids 94 and 292. This domain
folds into a β-sheet sandwich that forms a scaffold for a loop-sheet-helix motif and a large
loop, which interacts directly with DNA. More than 90% of the missense mutations of p53
found in cancer are found in this region [6]. These mutants are defective in DNA binding, and
consequently, are incapable of transactivation. The tetramerization domain is located in the
C-terminal region, from amino acid 324 to 355 [20]. In order for p53 to be functional it has to
be a tetramer in solution, and mutation in this domain may inactivate p53. The p53 protein
binds to specific sequences and regulates gene expression due to its transcriptional activity.
The transcriptional programs induced by p53 are heterogeneous in various cell lines or
tissues, and it is likely that some of the p53 induced genes may be secondary to its primary
effect as a transcription factor [21].
In

summary,

cells

lacking

functional

p53

suffer

from increasing

of

genomic

instability,increasing accumulation of mutations, gene amplification or deletion phenomena,
andvarious types of chromosomal aberrations. All these DNA defects can with high
probability transform normal cells to malignant ones (Fig. 4.3).
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Figure 4.3. Cells lacking functional p53 suffer from increasing of genomic instability,
increasing accumulation of mutations, gene amplification or deletion phenomena, and
various types of chromosomal aberrations. All these DNA defects can with high
probability transform normal cells to malignant ones

4.2

The experimental system

In order to analyze the transcriptional programs induced by p53, we used the temperature
sensitive p53 (denoted Val135) [22], expressed in the human lung cancer cell line H1299 that
lacks endogenous p53. This p53 mutant, carry a substitution from alanine to valive at position
135, behaves as a mutant at 37°C, similarly to other p53 mutant. Shifting the temperature to
32°C causes p53Val135 to undergo conformational change and to assume wild type
conformation capable to induce target genes like wt p53.
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Figure 4.4. Val135p53 behaves like a p53 mutant at 37°C; no growth arrest at the G1
phase. At 32°C it behaves like wild type p53; regulates growth arrest at the G1 phase.
This conformational change does not require protein synthesis and allows for the analysis of
p53-induced genes in the presence of protein synthesis inhibitor that prevents secondary
effects brought about by the activated genes.
My main goal was to identify the primary targets of p53. In order to achieve this goal, I used
cycloheximide (CHX), a protein synthesis inhibitor, to prevent secondary gene regulation,
which is not transactivated directly by p53. Cycloheximide neutralizes the ribosome function
by blocking the peptidyl transferase enzyme that is responsible for peptide bond formation
during protein synthesis (see Fig. 4.5).
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Figure 4.5. Cycloheximide neutralizes the ribosome function by blocking the peptidyl
transferase enzyme that is responsible for peptide bond formation during protein
synthesis.

4.3 Results and discussion
4.3.1

p53 Target genes Experiment

In this section I analyzed the profile of gene expression regulated by p53 at 32°C in the
presence or absence of cycloheximide (CHX) using DNA microarrays containing ~7000
human genes and ESTs (expression sequence tags) (Genechip HuGene FL Array, Affymetrix,
Santa Clara, USA). The molecular biology part of the experiments was done in collaboration
with the Dept. of Molecular Cell Biology.
P53val135-based vector was incorporated and expressed in the human lung cancer cells
H1299 lacking endogenous p53 and denoted val135. The control cell line used was the
parental H1299 cell without the ts-p53val135, therefore p53 protein are totally absent. The
H1299 cells were maintained at 37°C in RPMI medium containing 10% fetal bovine serum
(FBS). The temperature was shifted to 32°C where the ts-p53 become active and total RNA
was isolated, at 2,6,12,24 hrs from H1299val135 cells and for 2,12 hrs From H1299 controls
cells, which lack completely p53 protein expression. The same procedure was applied to
H1299val135 cells, which were exposed to cyclohexamide (10µg/µl) 30 min prior to
temperature shift. The cells were harvested only up to 12 hrs (after the shifts to 32°C) at
2,4,6,9 and 12 hr time points, and total RNA was isolated.
RNA from various time points (between 2 to 24hr) was used to prepare the cRNA probe and
hybridized to oligonucleotide microarrays (Genechip Hugene FL array, Affymetrix, Santa
Clara, USA) which contain probes for ~7000 human genes.

4.3.2

The effect of cycloheximide on p53 target genes

To identify the primary targets, I analyzed the effect of p53 in the presence and absence of
cycloheximide (CHX) at 32°C in both H1299Val135 and H1299 control cells. The inhibition
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of protein synthesis by CHX presumably prevents most of the secondary gene regulation [2324] that is not transactivated directly by p53.
It was shown that in the presence of CHX, p53 remained stable for at least 12hr and induces
significantly the mRNA of p21waf, a major target for p53, and that protein synthesis was
indeed shut down as no p21waf or hDM2 (human MDM2) proteins were detected, in contrast
to their presence in the experiment without CHX [25]. It was also shown, that at 32°C
p53Val135 is relocalized to the nucleus [26] and that it may therefore be protected from
degradation in the presence of CHX due to lack of nuclear exclusion and the absence of
hDM2 synthesis1 [27-28].

4.3.3

The original data set

The data set is composed from gene expression values of two sets of DNA chips, 4 chips are
related to cells that express p53 Val135 without CHX, and 5 chips are related to cells that
express p53 in the presence of CHX. Two more chips were related to the corresponding
controls.
Each chip contains probes for 7129 human genes. Each gene is represented by its expression
levels taken at 9 different time points (in the two experiments combined).
The expression data can be described as a matrix M. Denote by Mіј the ratio of the expression
of gene i (where i=1,…,7129), measured at experiment (and time) j (with j=1,2,…,9), with
respect to the control. To analyze the genes, we view each row of Mij as a vector in a 9
dimensional metric space.

4.3.4

p53 primary target genes identified in the presence

of cyclohiximide
Those genes that are transcriptionally regulated by p53 under both conditions, i.e. with and
without CHX, are likely to be primary targets for p53-mediated transcription. In order to
eliminate noisy data in the analysis of the hybridization experiments, I applied a very
stringent filter; I selected genes that showed more than 2.5 fold induction or repression (over
their controls) at three or more time points in the presence or absence of CHX. 256
upregulated genes passed this filter for the experiment in the absence of CHX whereas 128

1

The hDM2 is known to drive p53 to degradation.
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genes passed this filter for the experiment with CHX; 38 genes were found to be common to
these two groups (see the Venn diagram in Fig. 4.6). Denote by G(38) the group of 38 genes
that have been identified by my analysis as possible primary upregulated targets of p53.

Figure 4.6. The Venn diagram represents the number of genes that were regulated by
p53 in the presence and absence of CHX. (A) Only genes that showed at least 2.5 fold up
or (B) down-regulation in at least 3 of the time points in each experiment i.e. with or
without CHX, were listed in this analysis. Note that only 38 of the up-regulated and 24 of
the down-regulated genes were unaffected by CHX.

I supposed that the group of genes that change their expression in the experiments with CHX
(128 for up regulated and 218 for down regulated) should contain the p53 primary targets
genes because of the inhibition of secondary effect of CHX. The Venn diagram (Fig. 4.6),
shows, that most of the genes that were induced or repressed in the experiments with CHX
(Fig. 6, 70% and 89% respectively for up and down regulated genes), have no relation to p53
target genes since they did not pass the filter for p53 regulation in the absence of CHX. I
assume that the effect of CHX and temperature are the main explanation for the expression
change of these genes. The genes from the experiments without CHX, that did not pass our
stringent filter criteria, 218 up regulated and 121 down regulated genes, may be indirect or
secondary targets of p53.
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4.3.5

Are the G(38) and G(24) numbers statistical

significant?
It is important to note that N=38, the number of these genes, exceeds significantly the number
Nr, that would have been obtained had we applied the same filtering procedure to random
data. To estimate Nr, assume that for every gene in any single experiment, the expression
level can exceed 2.5 fold with probability p, and that such over-expressions are independent
random events. All together, 9 measurements were taken for 7070 genes; the number of
occurrences of 2.5-fold over-expression was 3364 (out of 9 ⋅ 7070 ). Dividing this number by
all the possibilities, 63630, I estimate p ≈ 0.053 (3364/63630). Denoting N, M as the number
of experiments and successes (expression above 2.5 fold), respectively, the equation to
calculate the probability that a particular gene will be over-expressed at least M times at a
level above 2.5 in N experiments is:

P( M ; N , p ) = ( MN ) p M

(1)

According to (1), the probability that a particular gene will be over-expressed at least 3 times
above 2.5 in the 4 experiments without CHX is 5.7 ⋅ 10 ; the same figure for the 5
−4

experiments with CHX is 1.4·10-3 ; and for passing the filter in both experiments 8·10-7
( 5.7 ⋅ 10 ⋅ 1.4 ⋅ 10 ).
−4

−3

Multiplying these probabilities by the total number of genes tested,

I get estimates for the numbers of genes that would have passed the filter and would have
been assigned to the three groups. Next to these estimates, which represent the expected
numbers of genes for random expression data, i.e. for a randomized expression matrix, I
placed in parentheses the actual numbers, obtain by my analysis for the real data: with CHX:
10 (vs. 128); without CHX: 4 (vs. 256); and the number of genes expected to be in the
overlap; Nr = 5·10-3 (vs. 38). The large disparity between the numbers obtained under the
assumption of a random process and the actual measured numbers proves beyond doubt the
statistical significance of my findings.

4.3.6

Identifying primary p53 target genes by cluster

analysis
A major problem I must now face is that the identities of the genes of G(38), that were
designated above as possible primary upregulated targets of p53, are determined by my
stringent filtering criteria. Had I set my threshold at, say, observing 2-fold increased
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expression (instead of 2.5) at two time points (instead of three), the number of genes that
passed the filter would have been larger. The values of my filtering parameters (2.5-fold
change at 3 or more times, in both experiments) were chosen in an arbitrary fashion; it is
important to assess the extent to which relaxation of my filtering criteria will add primary p53
target genes beyond the 38 candidates that were already found. In order to reduce the
dependence of our results on the precise values of the arbitrarily chosen filtering parameters, I
performed cluster analysis on the data, using more relaxed filtering criteria to select the genes
to be included in the analysis.
The first cluster analysis was done on the 256 genes that passed our filter for the experiment
without CHX. That is, in our filtering we relaxed completely the restriction on the expression
levels measured in the experiment with CHX (but did use the results of these experiments in
the cluster analysis). Each of the 256 genes is represented by its expression levels taken at 9
different time points (in the two experiments combined). The data were normalized as
follows. Denote by Aij the log2 ratio of the expression of gene i (where i=1,2,...,256),
measured at experiment (and time) j (with j=1,2,...,9), with respect to the control. For
j=1,…,4 I divided Aij by

[∑

4

A2
j =1 ij

]

1/ 2

and for j=5,…,9 by

[∑

9

A2
j =5 ij

]

1/ 2

; the resulting 9-

component vector represents gene i. The 256 genes were clustered by SPC [12-13] (see Fig.
4.7). Genes with similar expression profiles (over the time courses of both experiments) are
represented by two nearby vectors and are placed in the same cluster. This cluster analysis
answers directly two questions:
Do all, or a majority of the genes of G(38) cluster together?
What other genes cluster together with these possible primary targets?
If the answer to the first question is positive, I can identify an expression profile which is
characteristic of primaries, and identify additional genes that share this profile and cluster
together with the genes of G(38) as good candidates for being primary target genes (even
though they did not pass the original stringent filtering process). Furthermore, if I find that
some of the members of G(38) have significantly different expression kinetics than this
characteristic profile, these genes should possibly be removed from the list of primaries.
Regarding the first question - the genes of G(38) are special in that their expression increased
at least 2.5 fold at three or more time points of both experiments. Hence their representative
9-component vectors are likely to be close - but some may also be uncorrelated. For example,
a gene whose expression decreases with time will have low correlation with one that
increases. This situation may happen even if both genes passed the filtering criteria.
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The results of my cluster analysis are summarized in the dendrogram of Fig. 4.7A. The
parameter T on the horizontal axis controls the resolution at which the data are viewed. At
T=0 all 256 genes are in a single cluster; as T increases, large groups split into smaller ones.
The boxes indicate clusters that contain more than 4 genes. Each box is colored according to
its “purity” - the percentage of members of G(38) among the genes contained in the
corresponding cluster. When I reorder the genes according to their position in the
dendrogram, i.e. rearrange the rows of the expression data matrix according to the order
imposed by the clustering process, the color-coded-matrix of Fig. 4.7B is obtained.

Figure 4.7. Clustering results using super-paramagnetic clustering (SPC) for the 256
genes that were up regulated at three time points or more upon activation of p53 in the
experiment without CHX. (A) The dendrogram of the genes that include clusters of size
4 and larger. Each cluster is represented by a box colored according to the percent of
primary target genes (38 genes, see Table 1) contained in the cluster. Red crosses at the
right mark the distribution of the 38 primary target genes. (B) The normalized log ratio
of the nine experiments (four without CHX and five with CHX) are plotted. The genes
are ordered according to the dendrogram on the left. The color represents induction
(red) or repression (blue). T, a parameter of the SPC algorithm that controls the
resolution at which the cluster is found. %, Percent of primary target genes in the
cluster. The cluster marked by an arrow (c) contains 87% of the 38 primary genes. The
cluster marked by b contains all the 38 primary genes and the cluster marked by a
contains the 9 genes that show different kinetics (Table 1 and Fig. 4)
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Next, I marked the positions of the members of G(38) by red crosses. All 38 are in the lowlevel cluster denoted by b, which, however, contains also 58 additional genes. This cluster
branches and breaks into sub-clusters, which have higher percentages of genes from G(38). In
order to identify a characteristic primary expression profile I want to work with a cluster,
which has many members of G(38) (for better statistics) and also has a high percentage of
them. These two requirements conflict; as I move up on the dendrogram, the clusters become
purer, but also decrease in size. Hence I decided to start with the cluster c marked by the
arrow as our working point. It contains 33 of the G(38) genes and, in addition, 23 genes that
did not pass the original filter but have expression profiles that are similar to those of G(38).
The average expression kinetics of the genes of this cluster in the two experiments is shown in
Fig. 4.8A. Note the fairly similar kinetics with and without CHX, with the expression level
increasing monotonously with time. All but 9 genes of c share these features of the expression
kinetics. The 9 which differ appear on the dendrogram in the vicinity of the cluster denoted by
a; two of these belong to G(38). The average expression kinetics of these 9 genes is shown in
Fig. 4.8B; it clearly differs from that of Fig. 4.8A, and their kinetics with and without CHX
are different. Hence we decided to discard these 9 genes from our list of designated primaries.
The average expression kinetics of the remaining 47 genes is very similar to Fig. 4.8A, with
reduced scatter (error bars). The group of these 47 genes (33+23-7), denoted G(47),
constitutes our final set of proposed primary p53 targets (Table 4.1).

Figure 4.8. Average expression profiles of genes in clusters c and a of Fig. 4.7A.
The expression profile of each gene in the cluster was normalized as described in
the text.
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This analysis identified a characteristic kinetic profile of primary p53 targets in either the
presence or absence of CHX; the group of genes that share this profile contains 31 out of our
38 original candidates and 16 additional ones, that happened to fail our stringent filtering
criteria. The various genes are listed and the groups to which they belong are properly
identified in Table 4.1.
Some of the known p53 target genes such as gadd45 [32] and PCNA [31], were now included
as primary targets in addition to the original 38 primary target genes, indicating that this is a
sensible way to "fish" for further potential primary targets. Most of these added genes
exhibited ~2 fold induction at several of the time points both in the presence or absence of
CHX experiments and were previously not known to be p53 target genes.
Next, I have put the stability of our identification of primary p53 targets against changing the
procedure and parameters of selection to an extremely demanding test. I performed a similar
cluster analysis on a much larger set of genes, including now all those that were up-regulated
at least 2-fold, at least once in the experiment without CHX. This very relaxed criterion
selected 1090 genes to cluster; that are, induced 4 fold as compared to the previous clustering
analysis of 256 genes; the number of genes was increased 4-fold, including now extremely
noisy expression data. The results obtained when these 1090 genes were clustered are
presented in Fig. 9. To my satisfaction, I found that 3/4 of our 47 proposed primary p53
targets (that were identified above), belong to two very stable gene clusters, denoted by
arrows on Fig. 4.9A. The left of the two contains 24 of the genes of G(47) and 20 new genes,
whereas the right one contains 11 from G(47) and 7 new associated genes. The average
expression kinetics of the two clusters is shown in Fig. 4.10.
It is important to understand that adding all these extra noisy genes to the set of 256 that were
analyzed before could well have resulted in a total loss of the signal that was identified above.
The fact that the two clusters that are rich in previously identified primaries indeed contain 35
out of the 47 is gratifying and indicates the stability of the method used in my analysis.
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Figure 4.9. Clustering results using super paramagnetic clustering (SPC) for 1090 genes
that were upregulated in the experiment without cycloheximide.
In this analysis a relaxed filtering condition was used and all the genes that were
upregulated 2.5 fold at least once (1090) in the experiment without CHX were included.
(A) Dendrogram of the genes including clusters of size 5 and larger. Red crosses at the
right mark the distribution of the 47 primary genes. (B) Normalized log ratio of the nine
experiments are plotted. The color represents induction (red) or repression (blue). Other
details as in Fig. 4.3. Note the primary gene-containing cluster resolves into two distinct
clusters (marked by arrows) by splitting away the non-primary gene containing clusters.
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Figure 4.10. An average expression profiles of genes in clusters c and a of Fig. 4.4A.
A, genes from the left arrow cluster. B, genes from the right arrow cluster (Fig. 4.4A).
The expression profile of each gene was normalized as described in the text.

Finally, I discuss the choice of the clustering algorithm to be used (SPC) [12-13]. The optimal
algorithm for analysis of gene expression data should have the following properties: 1) the
number of clusters should be determined by the algorithm itself and not externally prescribed
(as is done for SOM and K-means) [33-34]; 2) the results should show stability against noise;
The method should generate a hierarchy (dendrogram) and providing a mechanism to identify
in it robust, stable clusters; 4) ability to identify a dense set of points, that form a cloud of an
irregular, non-spherical shape, as a cluster.
SPC, a hierarchical clustering method recently introduced by Blatt et al. (1996), is the
algorithm that fits best these requirements.
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Chapter 5
Breast Cancer
5.1

Introduction

Breast cancer is a major cause of death among women in the age group of 33-55 years.
Despite important advances in therapy, still more than half of the patients suffer from
relapses. Therefore, further molecular characterization is needed to improve diagnostic and
therapeutic strategies.

5.1.1

Anatomy of the breast

The female breast is composed of 15-20 sections, called lobes, with each lobe ending in
many smaller lobules. These lobules further end in dozens of tiny bulbs, which produce milk
during lactation. The lobes are shown in Figure 5.A as clusters of smaller yellow circles,
which represent the smaller lobules. The three components, lobes, lobules, and bulbs, are all
linked together by thin tubes called ducts, which are shown as small brown tubes running
throughout the breast. All the small ducts eventually come together to form larger ducts,
which empty to the outside through the nipple. The bulbs are too small to be seen on this
diagram.

5.1.2

Types of breast cancer

Most breast cancers form initially in the ducts. When the disease is confined to the ducts it is
called intraductal cancer. These types of cancer do not have the potential of spreading and are
curable. When the cancer cells break out of the duct, the cancer becomes invasive, and is
called Invasive Breast Cancer (IBC). At this stage the cancer cells behave abnormally and
grow haphazardly, and are capable to invade into the normal breast tissue in many areas.
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Figure 5.A. The female breast is composed of 15-20 sections, called lobes, with each lobe
ending in many smaller lobules. The smaller yellow circles represent the smaller lobules.
The three components, lobes, lobules, and bulbs, are all linked together by thin tubes
called ducts (shown as small brown tubes). All the small ducts eventually come together
to form larger ducts, which empty to the outside through the nipple (taken from the web
site: http://breastdoctor.com/breast/).

A non-invasive ductal cancer will stay in the duct and not invade the surrounding breast
tissue. Invasive ductal cancer affects the ducts and lobules of the breast and has the potential
to spread widely. This type of cancer is considered to be the less life-threatening because it
tends to stay in the same breast in which it originally occurs, but it is still a very serious breast
cancer. In the case of invasive lobular cancer, single cells are invading into the normal breast
tissues. This type of breast cancer is considered to be the more dangerous and aggressive
because it has a propensity for recurring in the opposite breast. Most clinical studies have
shown that seventy to eighty percent of patients have survived five years after treatment, but
this survival rate is less than what is expected for the vast majority of breast cancers. At the
invasive stage, the cancer cells may gain access to the lymphatic vessels. These tiny vessels
carry a pale fluid that passes into bigger and bigger lymphatic channels, through lymph nodes,
and eventually into the blood stream. All lymphatic channels lead to lymph nodes, small
rounded masses of tissue, which filter the lymphatic fluid to keep foreign objects such as
bacteria and cancer cells from gaining access to the rest of the body. The liquid portion of
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lymph fluid resembles blood plasma (the clear yellow part) and contains white blood cells but
no red blood cells. The presence of cancer cells in lymph nodes is an indication that cancer
has spread. When the cancer cells invade further from the lymph nodes to the blood vessels,
they may spread all over the body (metastasis) and the breast cancer become much more
serious. This stage may recur after the primary (initial) treatment and is the type that causes
the death of patients.

5.1.3

From pre-existing benign lesions to Invasive Breast

Cancer (IBC)
The majority of IBCs are thought to develop over long periods of time from certain preexisting benign (non-cancerous, or non-malignant) lesions. There are many types of benign
lesions in the human breast and only a few appear to have significant premalignant potential.
The best characterized premalignant lesions recognized today are referred to as “atypical
ductal hyperplasia” (increased cell production in normal tissue) (ADH), “atypical lobular
hyperplasia” (ALH), “ductal carcinoma in situ” (DCIS), and “lobular carcinoma in situ”
(LCIS). All these lesions possess some malignant properties such as a relative loss of growth
control, but they lack the ability to invade and metastases and, in this sense, are premalignant
[35]. The structure of the normal epithelium in the Terminal Duct Lobular Units (TDLUs)
varies considerably as a function of hormonal status (e.g. menstruation, pregnancy, etc.). The
TDLUs group into four histological categories (type I through type IV) on a continuum of
differentiation towards lactation. Type I TDLUs, the least differentiated, have relatively high
proliferation rates and are more common in cancerous breasts, suggesting that this stage is
more susceptible to growth alternations with premalignant potential. Most of the premalignant
lesions (e.g. ADH, ALH, DCIS, LCIS, etc.) seem to develop to become malignant from this
stage [35]. The overall growth of premalignant breast lesions can be viewed simplistically as
a balance between cell proliferation and cell death. On average, the cells in all types of
premalignant lesions proliferate faster than normal cells in TDLUs, contributing to their
positive growth imbalance [35]. Much less is known about cell death. One preliminary study
reported significantly lower rates of apoptosis in ADH compared with TDLUs in the same
breast. However, a few studies have reported rates of apoptosis in DCIS that are up to 10-fold
higher than typically seen in normal cells [36-37], suggesting that the relationship between
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cell proliferation and death may not always be accurately portrayed by the static methods used
to measure these dynamic processes.

5.1.4 Hormones, oncogene and tumor suppressor genes
in premalignant breast cancer
Estrogen receptor. Estrogen, mediated by the estrogen receptor (ER), plays a central role in
regulating the growth and the differentiation of normal breast epithelium [35]. It stimulates
cell proliferation and regulates the expression of other genes including the progresterone
receptor.
Prolonged estrogen exposure is an important risk factor for developing IBC, perhaps by
allowing random genetic alternations to accumulate in normal cells stimulated to proliferate,
which may also be true for cells in premalignant lesions. The very high levels of ER observed
in nearly all-premalignant lesion cells might be duo to their high efficiency to respond to any
level of estrogen [35]. A somatic mutated ER showed much higher transcriptional activity and
proliferation than wild type. The mutated ER also showed increased binding to the coactivator TIF-2 (a nuclear steroid receptor coactivator, family member of SCR-1), which may
partially explain its increased functional responsiveness to estrogen [38]. However, there may
be other alternations of ER resulting in increased growth. For example, proliferation in
TDLUs occurs predominantly in ER-negative epithelium, whereas the majority of dividing
cells in premalgnant lesions are ER positive. These data are consistent with the hypothesis
that cells in normal human breast epithelium are hierarchical in organization and support a
model in which proliferation of ER-negative cells is controlled by paracrine factors released
from ER-positive cells under the influence of estradiol. This organization may be disrupted in
some tumors [39].
The tumor suppressor – p53. The tumor suppressor p53 also appears to play an important role
in the evolution of premalignant breast disease. This tumor suppressor gene is mutated in
about 30% of IBCs, which is associated with generally aggressive biological features and
poor clinical outcome [48-49]. Most are missense point mutations resulting in an inactivated
but stabilized protein that accumulates to very high levels in the cell nucleus. Mutations of
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p53 may contribute to the development and progression of premalignant breast disease by
several mechanisms, including interference with DNA repair through loss of an important G1
cell-cycle checkpoint, leading to replication of damaged DNA template and genetic
instability, and also perhaps by clonal expansion through inhibition of programmed cell death
[17].
The ErbB2 oncogene. ErbB2 is a receptor tyrosine kinase from the EGFR receptor family that
is amplified and/or overexpressed in 20-30% of IBCs [42]. These abnormalities are associated
with increased proliferation, poor clinical outcome, and altered responsiveness to various
types of adjuvant therapies. ErbB2 may also promote cell motility, which could contribute to
the ability of tumor cells with overexpressed ErbB2 to invade and metastasize. Just how
alteration of ErbB2 leads to the development and progression of premalignant breast disease
is not entirely clear, although both the increased proliferation and motility of cells associated
with over expression may contribute. Whatever the mechanism, the absence of over
expression in normal TDLUs and ADH, compared with relatively high rate in DCIS [35],
suggests that alterations of ErbB2 are an important event in early malignant transformation.
One of the new drugs against breast cancer is the antibody to ErbB2 (called herceptin) which
block the function of ErbB2 and inhibit to some extent the growth of the tumor.

5.1.5 Hereditary breast cancer
Some 5-10% of cases are thought to be inherited. The hereditary breast cancer includes
genetic alternations of various susceptibility genes, particularly BRCA1 and BRCA2. Breast
tumors of patients with germ-line mutations in the BRCA1 and BRCA2 genes have more
genetic defects than sporadic breast tumors. Accumulation of sporadic genetic changes during
tumor progression follows a specific and more aggressive pathway of chromosome damage in
these individual [40]. The protein product of the BRCA1 gene is implicated in the cellular
response to DNA damage, with postulated roles in homologous recombination and in
transcriptional regulation. BRCA1 and p53 may coordinately regulate gene expression in their
role as tumors suppressors. Two categories of genes are significantly altered in BRCA1
transected cells: cell cycle control genes and DNA damage response genes. Progress in the
past 5 years has offered the possibility of a molecular test for genetic screening for inherited
mutations of cancer predisposing genes.
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5.1.6 Gene expression analysis in human breast cancer
The study of gene expression in primary human beast tumors, as in most solid tumors, is
complicated for two major reasons. First, breast tumors consist of many different cell types,
including not just carcinoma cells, but also additional epithelial cell types, stromal cells,
adipose cells, endothelial cells, and infiltrating lymphocytes. Second, breast carcinoma (BC)
cell themselves are morphologically and genetically diverse [41]. These features have made
the study and classifications of human breast tumors difficult. Recently, novel array
hybridization techniques based on cDNA or oligonucleoties have enabled the parallel
expression profiling of several thousand genes, providing a powerful tool for characterizing
complex cellular transcription activities. At present, one major aim is to use DNA arrays as a
tool to understand and classify tumors into categories based on shared gene expression
patterns. Perou et al. (Stanford University, USA) showed that primary breast tumors can be
classified, based on at least two different gene-expression parameters: expression levels of the
genes in the proliferation-associated cluster and the interferon (IFN) regulated signaling
pathway cluster [41]. They found a subclass of BC tumors that differ in the expression levels
of STAT1 and STAT3, resulting in the induction of a known set of IFN-regulated genes.
Latter studies [42-43] done by the same group characterized variation in gene expression
patterns in breast tumors, using cDNA microarrays containing 8,102 human genes. They
showed that human breast tumors could be classified to several subgroups. In the first study
[42] they identified four subgroups of breast tumors that might be related to different
molecular features of mammary epithelial biology; ER+/luminal-like, basal-like, ErbB2positive and normal breast. A latter study [43] showed that the previously characterized
luminal epithelial/estrogen receptor-positive group (previously denoted by ER+/luminal)
could be divided into at least two subgroups, each with a distinctive expression profile.
Survival analyses done in this study showed that estrogen receptor-negative classes (basallike, ErbB2-like and normal-cell-like tumors) were all associated with poor outcome [43].
Additionally, the two estrogen receptor-positive groups show significant difference in their
outcome.
Ahr A. et al. (Goethe University, Frankfurt, Germany) tested the gene expression profile of 82
specimens using cDNA arrays [44]. The major aim of this study was to identify differential
expressed genes in breast cancer, which can subsequently be employed as markers for a
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molecular characterization of tumor samples. Using a hierarchical clustering method, they
identified four main subgroups of samples, and checked the correlation of these groups with
classical clinicopathological parameters (e.g. histological subtype, grade, etc.). While no
correlation was detectable between cluster data and tumor size, grade or histological subtype,
one subgroup was enriched of node-positive tumors (88%). Interestingly, in this subgroup
they also detected an accumulation of samples from patients who had already developed
distant metastases at the time of diagnosis.
Numerous studies have correlated genetic alterations with clinical outcome, including a strong
correlation between the amplification of the ErbB2 receptor gene (Her-2) and poor clinical
outcome [45-46]. Nevertheless, such correlations are few and often do not adequately define
tumor subtypes. West M. et al. (Duke university, USA) [47] developed a statistical method to
identify gene subsets that have the capacity to discriminate breast tumors on the basis of
estrogen receptor status and also on the categorized lymph node status. These groups of genes
include some that function in the ER pathway, including the ER gene itself as well as a
number of known targets for ER. Several others contribute to the discrimination inversely
with ER+ status; some of these encode proteins known to have inverse relationship with ER
function. A major practical interest and potential clinical value of such statistical analyses lies
in the ability to provide the ER status of the tumor on the basis of gene expression profile.
This may have implication on treatment and prognosis.

5.1.7

Resistance to doxorubicin in breast cancer

Chemoresistance is the main obstacle to successful therapy in cancer patients. The merging
understanding of the key role of apoptosis to the effects of chemotherapy has led to a focus on
defects in the apoptotic machinery as a cause of chemoresistance. P. E. Lonning et al. [48]
and Geisler S. et al. [49] confirm previously studies, that TP53 mutations affecting certain
domains of the p53 protein are associated with primary resistance to doxorubicin therapy in
breast cancer patients. Similarly, expression of c-erbB2, a high histological grade, and lack of
expression of bcl-2 all predicted chemoresistance. TP53 mutations were associated with
expression of c-erbB2, high histological grade and bcl-2 negativity. Additionally, TP53
mutations, a high histological grade, and lack of expression of bcl-2 (but not TP53 LOH) all
predicted high relapse. They show that certain TP53 mutations predict resistance to
doxorubicin in breast cancer patients. Their findings are consistent with the hypothesis that
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other defects may act in concern with loss of p53 function, causing resistance to doxorubicin
in breast cancer [48]. This indicates that doxorubicin causes DNA damage, which activates
p53 that activates proapoptotic genes. In the absence of p53 function doxorubicin looses its
effect.
Tumors are currently diagnosed by histology and immunohistochemistry based on their
morphology and protein expression, respectively. However, poorly differentiated cancers can
be difficult to diagnose by routine histophatology. In addition, the histological appearance of
a tumor cannot reveal the underling genetic aberrations or biological processes that contribute
to the malignant process. Kahan J. et al. [50] developed a method of diagnostic classification
of cancers from their gene-expression signatures using artificial neural networks (ANNs).
They calibrated the ANNs using the small, round blue-cell tumors (SRBCTs) as a model.
These cancers belong to four distinct categories and often present diagnostic dilemmas in
clinical practice. The ANNs correctly classified all samples and identified the genes most
relevant to the classification, and produced a list of genes ranked by their significance to the
classification. When they tested the ANN models calibrated using the top 96 genes on 25
blind samples, they were able to correctly classify all 20 samples of SRBCTs and reject the 5
non-SRBCTs. This supports the potential use of these methods as an adjunct to routine
histological diagnosis.

5.1.8

clustering analysis of gene expression data of

human breast tumors
My aim is to re-analyse the data that first appeared in the paper “Molecular portraits of human
breast cancer” (by Perou et al) [42]. I used the data that was made available on the website
http://genome-www.stanford.edu/breast_cancer/molecularportraits/download.shtml
I posed the following questions:
1.Do our methods of analysis reproduce the results obtained by Perou et al?
2 .Can we make observations that seem to be of interest and were not reported by Perou et al?
There are several differences between our methods of analysis and those of Perou et al. These
can be summarized as follows, ordered according to increasing importance and complexity.
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a. Normalization: We normalize the samples differently. Whereas Perou et al center and
normalize the genes as well as the samples, we do NOT center and normalize the samples.
b. The clustering method: Perou et al use Average Linkage (AVL), the method introduced to
the gene expression literature by Eisen et al. We use the SuperParamagnetic Clustering
algorithm (SPC) [12-13]. Using SPC is essential for our main advance - that of using the
Coupled Two Way Clustering method (CTWC ). The important feature of SPC is its ability to
assign a stability index to each cluster in any dendrogram that we generate. Stable clusters are
more significant statistically and less likely to be due to random fluctuations and noise in the
data .
c. Intrinsic set vs CTWC: Perou et al noticed that if all 1753 genes (that passed their initial
filtering) are used to analyze and classify the samples, important information is wiped out.
The same observation was made in general by us in our PNAS paper [14]; some potentially
important and meaningful partitions can be seen only if one "listens" to small subsets of
genes, one subset at a time. The large majority of the genes usually do not contribute to
differentiating a particular process of interest, and, even worse - they produce random noise
that masks the effect of the "important players".
Perou et al proposed a way to overcome this problem by using criteria that are based on their
biological insight, knowledge and bias, which leads them to prune down the genes to an
"intrinsic set" of 496. When only the expression levels of these genes are used, Perou et al
find that the tumors break into several classes of interest. As opposed to this approach, which
is knowledge based, introduces biases into the analysis and can be used only when matched
samples (e.g. BEFORE and AFTER chemotherapy) are available, CTWC is an automated
method [14], which does not necessitate any biological wisdom to prune the genes

5.2

Summary of the results of Perou et al

The main goal of this paper was to develop a system for classifying tumors on the basis of
their gene expression patterns. This paper characterizes gene expression profiles of 65 tumors
and 19 cell lines, using cDNA microarrays, representing 8,102 human genes. In this work
twenty of the 65 tumors were sampled twice; 18 from patients who were treated with
doxorubicin (chemotherapy) for an average of 16 weeks, with surgical biopsy done before and
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after the treatment, and two more tumors were paired with a lymph node metastasis from the
same patient. The 25 remaining specimens included three normal tissues and 22 tumors. The
original expression table (matrix) included 8,102 rows, each corresponding to a gene, and 84
columns, each corresponding to a sample. In order to focus on the most interesting genes,
Perou et al selected the subset of genes whose expression varied by at least 4-fold from the
median of the samples, in at least three of the samples tested. This filtering process left 1753
genes, each of which is represented by 84 expression values. In the final expression matrix
Perou et al split the data matrix into two submatrices; one of tissues and one of cell lines. The
two submatrices were, separately, median polished (the rows and columns were iteratively
adjusted to have median 0) before being rejoined into a single matrix.

Figure 5.1. Cluster analysis of the set of 1753 genes, based on all 84 samples (Fig.1 of
Perou et al).
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In the first part of this work, Average Linkage (AVL), a hierarchical clustering method was
used to cluster the 1753 genes on the basis of pairwise similarities of their expression profiles
over all the 84 samples. The same clustering method was used to cluster the samples, the 19
cell lines and 65 tissues separately, on the basis of the similarities of their expression profiles
over all the 1753 genes. Fig. 5.1 presents the results of this analysis (reproduced from Perou
et al) [42].
The expression matrix was two-way clustered; clustering the genes was based on the 84
samples, and clustering the 84 samples was based on the 1753 genes. The expression matrix
was reordered according to the two-way clustering, and is shown in Fig. 5.1. Normalizing and
clustering the 19 cell lines and the 65 tumors, separately, using the AVL method, generated
the dendograms presented in Fig. 5.1a. Figs. 5.1c-j presents 8 clusters of genes, which Perou
et al found to be the most interesting. Another cluster, named “proliferation”, is also
mentioned and reported in the supplementary information (http://genomewww.stanford.edu/breast_cancer/molecularportraits/figures.shtml).
Referring to the results shown in Fig. 5.1, Perou et al mentioned three striking features;
The tissues show great variation in their patterns of gene expression. Evidence for this
statement is shown in the sample to sample distance matrix (see Fig. 5.2), with the samples
ordered according to the dendrogram shown on the right hand side of Fig. 5.1a. One sees that
most of the tumors are at large distances from one another (red), except for several small
groups (represented by yellow and blue and identified by arrows), whose relative pairwise
distances are closer to one another than to the other samples.
Different sets of genes show unique patterns of variation over the samples. For example,
consider the set of genes represented in Fig. 5.1j; one sees that this set divides the tissues to
groups that exhibit either low or high expression levels (represented by the green and red
colors, respectively). These patterns highlight various relationships among groups of genes,
among the tumors, and various connections between specific genes and specific tumors.
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Figure 5.2. This matrix represents the distances between the 65 tissues, based on the
expression profiles of the 1753 genes after normalize the samples. This distance matrix
corresponds to the dendrogram on the right hand side of Fig. 5.1a. Red color represents
large distance and blue color represents small distance between the samples. The two
arrows point to two groups of tissues, which are closer to each other than to other
tissues. This distance matrix was generated after clustering the samples and reordering
them accordingly. Looking at the dendrogram in Fig. 5.1a (right hand side) one sees a
clear partition to two clusters of samples. From the features seen from the distance
matrix it can be concluded that this partition is not as significant as implied by the
dendogram.
The findings in Fig. 5.1 demonstrated that the 1753 genes were not an optimal subset to
classify the tumors on the basis of their gene expression patterns. Therefore Perou et al turned
to selecting a subset of 496 “intrinsic” genes that consists of genes with significantly greater
variation in expression between different tumors than between paired samples from the same
tumor. The analysis, done in the second part of the paper, was based on these 496 genes, and
its results are presented in Fig. 5.3 (which corresponds to Fig. 5.3 of Perou et al).
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Figure 5.3. Clustering the samples using the ‘intrinsic’ gene subset, and of the 496 genes,
using all 65 tumors. (Fig.3 of Perou et al)
At this stage of the analysis Perou et al used a data matrix of the expression level of these 496
genes, in each of the 65 tumors.
This matrix was two-way clustered, using the AVL method, like in the first part. Here again,
the tumors were normalized before clustering. The expression matrix, reordered according to
the clustering is presented in Fig. 5.3b.
Looking at Fig. 5.3, one sees that Peoru et al classify the 65 tumors to four groups, identified
in the dendrogram of Fig. 5.3a as ER+/luminal-like (blue), basal-like (yellow), Erb-B2+ (red)
and normal breast-like (green).
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5.3

My two way cluster analysis and

comparison
In my work I analyze the same data set that was used by Perou et al to obtain Fig. 3.1. The 3
main differences between my method and Perou et al are:
Normalization. I used the same normalization method for the genes but I did not normalize
the samples before clustering them.
Clustering method. I used the Super Paramagnetic Clustering algorithm (SPC) [12-13]. Full
details about this method are given in chapter 2.
Selecting sets of genes. The main difference is the way of selecting the subsets of genes to be
used for clustering the tumors. I used the Coupled Two way Clustering algorithm (CTWC)1
[14]. As opposed to selecting the 496 “intrinsic” genes, CTWC selects several subsets of
genes in an unsupervised way, without using any preliminary information that is not
contained in the expression matrix (such as preferring genes that show larger differences
between unpaired samples).
The comparison revealed two major points; first, that the main findings shown in Fig. 5.3 can
be found directly (and improved upon), starting from the entire set of 1753 genes and using
the CTWC, without filtering the genes further (to the “intrinsic set”). Second, I find new
tumor classifications that were not mentioned by the Perou et al.

5.4 Method
5.4.1

Clustering all Genes versus all Samples – G1 (S)

Denote the entire set of 1753 genes by G1, and by S the 84 samples. G1 (S) denotes the
clustering operation of G1, based on S. For G1 (S) the comparison is directly between the
AVL and SPC clustering methods, since we normalize the data in the same way. Denote by
1

Short Explanation is mentioned below in the CTWC section, and more details are reported in chapter 3
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Eij the relative expression of gene i in sample j. The data consist of 1753 points in a 84dimensional space, normalized in the standard way:
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With this normalization, the squared Euclidean distance between genes i and j is a linear
function of their Pearson correlation coefficient.
The comparison between AVL and SPC was based on the gene clusters that are shown in Fig.
5.1 (c to j and the proliferation cluster, reported in the supplementary information of Perou et
al). For each cluster in Fig. 5.1 we identified the homologous cluster given by SPC, as the one
with the highest Purity (P) and Efficiency (E) (see Table 1 in the Results section). Denoting
by X a cluster of Fig.1 and by Y a cluster of SPC,
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X
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.
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Except for one case, all the gene clusters present in Fig. 5.1c-j were identified also by SPC
with relatively high purity and efficiency (more details are presented below in the Results
section).
Therefore we can hypothesize that for this data there are not significant quantitative
differences between the results obtained by the two methods.

5.4.2

Clustering all samples versus all Genes – S(G1)

Clustering the 84 samples (cell lines and tumors, separately) based on the 1753 genes was the
next step of the analysis (Fig. 5.1a). In this step, in addition to using different clustering
methods, we also used different normalizations. Before clustering, Perou et al normalized the
samples in the same way as was done for the genes. We hold the opinion that the samples
should not be normalized this way before clustering2 and try, in the following, to explain why.

5.4.2.1 The normalization dilemma
In order to understand our reasoning, one should focus on Fig. 5.4.

2

Initially each sample was normalized (scaled) once, over all genes.
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The 4 matrices A, B, D and E represent the expression levels of 12 highly correlated genes
(that form a single cluster) ordered along the horizontal axis, measured over 22 tumors (a
subgroup of the 65 tumors), that are ordered vertically; each row corresponds to a sample.
Blue color represents a low expression level and the red - high. The rows of the matrices A
and B were not normalized, whereas those of D and E were normalized. Figures C and F are
the distance matrices of the 22 tumors, where blue color represents a small distance and the
red color represents large distance between two samples. Distances between samples are
calculated in the 12 – dimensional space of the particular gene cluster used. This cluster of
genes is one of several, generated by clustering the 1753 genes, based on all the 84 samples.
The unique feature of this set of genes is the high similarity (high correlation) of their
expression levels over these 22 tumors. Looking at image A one sees that some tumors have
low (blue) and some others high (red) expression levels over nearly all the 12 genes.
Clustering the samples using the expression matrix A and reordering the data accordingly
generates the expression matrix B. Calculating the Euclidean distances between the 22 tumors
(reordered as in B), generates the distance matrix C. Inspecting B, one sees that two
subdivisions can be made; a big subgroup (of 15 tumors) shows low expression levels of the
12 genes, and the small subgroup (7 tumors) exhibits high expression levels. The same
observation can be made observing the distance matrix C; the tumors in the big group are
much closer to one another (blue) than to the other tumors. The tumors in the small group are
far from the 15 tumors, but not that close to one another; the distance between them is
represented mainly by green and yellow colors. The main point in this analysis is the use of a
highly correlated set of genes to cluster a subset of samples. We can see that such a highly
correlated group of genes holds important information, by means of which hidden structures
in the data can be revealed. If the samples are also centered and normalized (as done by Perou
et al), the data matrix A is replaced by D. The important information, that some samples had
uniformly high, and others low expression over all 12 genes, is eliminated. When the samples
are clustered according to D, the structures seen in the correspondingly ordered expression
matrix E and distance matrix F are eliminated. This example demonstrates our assertion that
by normalizing the samples before clustering one loses important information.
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Figure 5.4. Figures A-B and D-E represent the expression levels of a cluster that
contains 12 genes, in 22 tumors. Figures C and F are distances matrices of the 22
tumors. The rows in A-B were not normalized, and the rows in D-E were normalized.
Looking on A-B one sees clear structures; tumors that show high expression level, and
tumors that show low expression level of the genes. Looking on D-E one sees that after
normalization the structure seen clearly in A-B has disappeared.

5.4.2.1 The clustering dilemma
All our clustering results were obtained using the Superparamagnetic Clustering algorithm
(SPC) [12-13]. This is a stochastic algorithm, which maps the clustering problem onto a
ferromagnetic spin model, which is simulated at a sequence of temperatures T. One measures
the correlations between pairs of spins and uses their values to decide whether a pair of data
points is to be assigned to the same cluster or not.
This decision is taken in two independent steps. In the first the values of the correlation Gij, of
the spins associated with data points i and j, are thresholded; if Gij>θ, the two points are
assigned to the same cluster. This stage generates small, tight and highly reproducible clusters
of points. The second stage is one of “growth”: pairs of spins whose correlations did not pass
the threshold are tested. Each data point is joined to the one with which it has the highest
65

correlation. Larger clusters are generated in this second stage, that grow out of the small
clusters that were generated in the first step, which serve as the “cores” of the large ones. The
second stage is based on comparing correlations of pairs which have low values of Gij, and
hence this stage is much more susceptible to statistical fluctuations and is less reproducible
from run to run of the stochastic clustering process.
When we cluster a set of objects O (say a group of genes G1) on the basis of a set of features
F (e.g. the expression level of the genes on a set of samples S1), we face a decision; should
we use SPC with the growth step, or without. The first option will generate larger clusters,
with a relatively small number of objects belonging to very small clusters. The second option
will generate smaller clusters, and relatively many objects will belong to a “background” of
very small clusters, of one or two members; the tradeoff is that the (non-background) clusters
will be highly reproducible and represent “real” correlations, not some statistically unsignificant effect of noise in the data.
The general strategy we adopted in this work was to use SPC without growth when we cluster
genes; when clustering samples, we usually present the results of SPC with growth, unless
otherwise stated. We will denote the operation of clustering O on the basis of the features F
by either O(F) when the clustering operation is without growth, or as O(F) (bold) when SPC
is used with growth.

5.4.3

Selecting a better set of genes

5.4.3.1 The 496 “intrinsic” genes
The goal of Perou et al was to develop a system for classifying tumors on the basis of their
gene expression patterns. The full set of genes shown in Fig. 5.1 was not optimal for this
purpose. Perou et al therefore turned to selecting their 496 intrinsic sets of genes to use as the
basis for a new clustering analysis. The rationale behind this alternative gene subset was that
specific features of a gene expression pattern, that are to be used to classify tumors, should be
more similar for samples taken from the same tumor, and they should vary among different
tumors. The 20 paired samples provided the basis data set on which a systematic search for
such genes was performed. Perou et al initially ranked the selected 1753 genes according to
such a similarity criterion, and decided to work with the top 496, their ‘intrinsic’ gene subset.
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This set was obtained in a supervised way, using information that was not contained in the
expression matrix; 1) that genes, which have the desired property, should be treated
preferentially and 2). The decision to keep the top 496 genes (and not another number) may
have been influenced by the quality of the resulting partition.

5.4.3.2 Analyzing the clusters obtained by CTWC
The main idea of CTWC is to identify subsets of genes and samples, such that when one of
these is used to cluster the other, stable and significant partitions emerge [14] (see chapter 3).
The output of CTWC has two important components. First, it provides a broad list of gene
and sample clusters. Second, for each cluster (of samples, say) I know which subset (of
samples) was clustered to find it, and which features (genes) were used to represent it. My
goal is to look for meaningful classifications of the tumors. I consider and test only clusters
that passed the stability filter; if the resulting partition has stable components, I check weather
it is biologically interesting.
Supervised search - Identifying genes that partition the samples according to a known
classification.
This is a supervised test of clusters that were obtained in an unsupervised way. Denote by C a
known classification of the samples; say into two classes, c1 and c2 . Say I performed the
clustering generation S(G), i.e., clustering samples of S, using their expression over the genes
of G as the features. CTWC provides an easy way to rank the clusters of genes in G by their
ability to separate the samples according to C. I evaluate for each cluster of samples S in S
two scores, purity and efficiency, which reflect the extent to which assignment of the samples
to c1 corresponds to the classification C. These figures of merit are defined in equations (2).
Once a cluster S with high purity and efficiency with respect to c1 , say, has been found, I can
trace back the desired pair of features and objects; the cluster (or clusters) of genes that were
used as the feature set and the cluster of samples that were used as the object set to yield S.
Hence by this method we identify the most natural group of genes that can be used to induce a
desired classification.
Discovering new partitions
Another goal is to look for a new classification of the samples. For this I focus only on the
most reliable clusters. The output of SPC provides a stability parameter by means of which I
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can assess the reliability of each of the generated clusters. The higher the value of the stability
parameters, the more reliable (statistically) is the cluster. Ranking the sample clusters
according to their stability score enables to isolate the most reliable clusters, which have to be
inspected more carefully. Useful hints for the meaning of such a cluster of samples may come
from the identity of the cluster of genes, which was used to find it. More details about CTWC
are reported in chapter 3.
In summary, there are two main differences between using the intrinsic set of 496 genes vs
CTWC:
CTWC generates many highly correlated sets of genes. Some of these sets can be used to
partition the samples in meaningful ways. In contrast, Perou et al used for their analysis only
one (intrinsic) set of genes.
CTWC generates the set of genes to be used in an unsupervised way, in contrast to the way of
selecting the 496 intrinsic genes.
In the results section I first show that the main observations reported by Perou et al were
found also by CTWC. Second, that CTWC reveals new meaningful partitions.
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5.5

RESULTS and DISCUSSION

5.5.1

Reproducing the results of Perou et al.

5.5.1.1 Clustering the genes using all the 84 samples, G1(S)
I clustered all 1753 genes used by Perou et al on the basis of their expression levels measured
for the tumors and cell lines. In this process I used the same feature set (S = samples and cell
lines) to cluster the same objects (G1 = 1753 genes) as Perou et al, and also used the same
normalization. Hence this procedure compares directly the AVL and SPC methods.
I found several stable gene clusters. Seven of these were basically identical to gene clusters
mentioned by Perou et al (they report nine, including their proliferation cluster). My
analogues to their clusters h and i did not pass our criteria for stability, but I do see these two
clusters also. In addition to these seven, we found additional stable gene clusters that were
used in our subsequent CTWC analysis.

5.5.1.2 Clustering the 65 samples, using 1753 genes, S1(G1)
Even though I used different normalization and a different clustering algorithm, I agree with
Perou et al that this operation does not yield interesting stable partitions of the samples.

5.5.1.3 Clustering the intrinsic genes vs G1(S)
By clustering their intrinsic gene set Perou et al identified four gene clusters, c, d, e, f of their
Fig. 5.3. Of these, cluster d is identical to my gene cluster G21, and c has considerable
overlap with G4.

5.5.1.4 Clustering the 65 samples; using the intrinsic set vs
CTWC
The sample clusters (BLUE, GREEN, RED, YELLOW) that were found by Perou et al, using
their intrinsic gene set, are found also by the CTWC procedure.
BLUE: The operation S1(G4) uses 10 genes that belong to my stable gene cluster G4 to
cluster all 65 tumors. G4 is our homologue of cluster j of Perou et al. S1(G4) produces a
sample cluster which is quite similar to the BLUE cluster of Perou et al; its members have
high expression levels of G4.
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GREEN: The operation S1(G46) produces a good homologue of the GREEN cluster of Perou
et al. G46 is a cluster of 33 genes that are part of their proliferation cluster. Members of the
GREEN cluster have low expression levels of G46 genes. Using G9 - a cluster of 13 genes
(that are a subgroup of cluster g of Perou et al) - I can also separate their GREEN cluster from
the other samples. Members of the GREEN cluster have high expression of the G9 genes.
RED: S1(G21) separates the members of the RED cluster from the other samples. G21 is
homologous to gene cluster d of Fig. 5.3 of Perou et al, whose expression is high in the RED
tumors.
YELLOW: This cluster is reproduced as one of the sample clusters obtained by the operation
S1(G4) mentioned above. The expression level of the G4 genes on the YELLOW tumors is
low.
I turn now to a detailed description of the results summarized above.

5.5.1.1 Clustering all Genes, using all Samples – G1(S), G1(S1)
The first step was to compare the structure that was found by Perou et al, shown in Fig. 5.1, to
the corresponding features generated by SPC; by 1) clustering all the genes, G1(S), using data
from all the 84 samples (Fig. 5.1 b-j), and 2) clustering separately the 19 cell lines and the 65
tumors, based on all the 1753 genes. The clustering procedure was done by applying the SPC
cluster algorithm [12-13] with and without the Directed Growth function (DG), as explain in
the “clustering dilemma” section. The clusters that were generated by applying SPC without
DG are very distinct and constitute the cores of the clusters that were generated by applying
SPC with the DG function.
I first compared the gene clusters generated by SPC to those generated by AVL that are
presented in fig. 5.1 of Perou et al (c to j and the proliferation cluster (prl) that is reported in
the supplementary information) (see also Table 5.2). Clustering the full set of genes, using
SPC with DG generated the dendrogram presented in Fig. 5.5. The genes that belong to the
clusters of Fig. 5.1c-j, and the “proliferation” (prl) cluster generated by Perou et al are labeled
and marked on the SPC dendrogram (Fig. 5.5). In this figure one sees that the clusters marked
as interesting by Perou et al were also found by SPC. In order to put this statement on a
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quantitative ground, I scanned all the nodes (clusters) of the SPC dendrogram, searching,
among the SPC clusters for its homologue in Fig. 5.1 (Perou et al). The homologue SPC
cluster is defined as the one with the highest purity (P) and efficiency (E); denoting by X a
cluster of Fig. 5.1 and by Y a cluster of SPC,

E=

X IY
,
X

P=

X IY
.
Y

(3)

The results of this search are reported below, in Table 5.1 and Fig. 5.5, and the blacks arrows
in the dendrogram of Fig.5 points to the optimal homologoues boxes (clusters). The results
obtained by AVL and by SPC using DG are compared in column 1 of Table 5.1. When the
data were clustered by SPC without DG only the cores of the clusters were found, hence,
higher purity but lower efficiency are expected. This is indeed the case; as seen in column 2,
all but one of the Perou et al clusters were found with purity 1 and somewhat lower efficiency
than in column 1. Only cluster h (Fig. 5.1h) was not found by SPC without DG.
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Figure 5.5. G1(S) - The dendrogram generated by applying SPC on the entire set of
1753 genes based on the 84 samples. The genes are ordered according to the
dendrogram. Those that belong to one of the Peoru at al clusters of Fig.1 were identified
and marked as follows: cluster c; red o, cluster d; purple x, cluster e; blue x, cluster f;
green x, cluster g; black x, cluster h; yellow x, cluster i; green o, cluster j; black o. The
blacks arrows mark the optimal homologues among the SPC clusters. As one sees from
the visual comparison above, except for several outlier genes, most of the clusters of
Perou et al were found also by SPC, with high levels of purity and efficiency.

Column 4 of Table 5.1 presents comparison of the Perou et al clusters to those generated by
the first step of CTWC using SPC without DG. CTWC records only clusters that passed a
minimal stability threshold, defined externally, as shown in the dendrogram Fig. 5.6. I
denoted by GX clusters of genes, where X is the number of the cluster assigned by CTWC.
The results of the CTWC algorithm corresponding to the use of G1(S) as the data set to be its
starting point (all the 1753 genes based on the 84 samples),are reported in the web site:
http://www.weizmann.ac.il/home/cskela/perou/perou_all_samples2/ctwc_all_samples2.ht
ml.

Table 5.1. Comparison of Perou’s clusters to the clusters generated by SPC. The
clusters in Fig.5 were scored for homologies with the clusters of Fig. 5.1 (Perou et al) and
the most homologous ones were depicted by arrows in Fig. 5.5 and analyses here for
purity and efficiency. Column 4 shows the clusters found by CTWC (see Fig. 5.6a) as the
corresponding to these in column 1.
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Figure 5.6a. G1(S) : SPC dendrogram with stable clusters. Clustering the set of all
genes using all 84 samples, by SPC without DG, generates the dendrogram
presented above. Only the clusters that were found by CTWC as stable are
marked in the dendrogram.

I clustered the genes also on the basis of their expression levels in the 65 tumors, G1(S1).
This step is the natural starting point for the CTWC procedure. The resulting dendrogram,
Fig. 5.6b, shows the stable gene clusters obtained by this procedure.
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Figure 5.6b. G1(S1): SPC dendrogram showing only stable clusters. Clustering the set
of all genes using the 65 tumors, by SPC without DG, generates the dendrogram
presented above. Only the clusters that were found by CTWC as stable are marked on
the dendrogram.

Since I normalized the genes in the same way as Perou et al, the results presented here (Table
5.1 column 4) indicate that most clusters that were found by Perou et al are also found by
SPC. Two of these (h and I, table 5.1) were not identified by SPC as stable and significant. On
the other hand, SPC did find several additional stable gene clusters. The dendrogram
presented in Fig. 5.6a represents the 23 gene clusters that passed the stability threshold of
CTWC. As can be seen in column 4, 7 out of the 23 CTWC clusters were also identified by
Perou et al as significant clusters. SPC found additional 16 sets of genes as stable clusters.
Another 3 sets of genes (G30, G46, G35, Fig. 5.6b) that divide the samples to significant
subgroups will be discussed later. These clusters were generated after clustering all the 1753
genes (G1), using the 65 tumors (Fig. 5.6b). More details are reported in the site
http://www.weizmann.ac.il/home/cskela/perou/perou_last_analysis/rows/G1_PerouCtwc
_S1.html).
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The sets of genes that are shared between the clusters in Fig. 5.1 and in Fig. 5.6a (column 1
and 4 respectively of Table 5.1) are listed and classified. The number of genes in each cluster
is given in parentheses in column 1. Additional clusters derived from Fig. 5.6a and 6b (that
are not homologous to clusters in Fig. 5.1).

Table 5.2. Clusters of genes that were obtained by Perou et al (Fig. 5.1) as compared
with CTWC (Fig. 5.6a and b). The sets of genes that are shared between the clusters in
Fig. 5.1 and in Fig. 5.6a (column 1 and 4 respectively of Table 5.1) are listed and
classified. The number of genes in each cluster is given in parentheses in column 1.
Additional clusters derived from Fig. 5.6a and 6b (that are not homologous to clusters in
Fig. 5.1) are also included here. The clusters shown in bold letters further analyzed later.
The detailed lists of the genes in each cluster are given in the appendix.
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5.5.1.2 Clustering the 65 samples, using all genes - S1(G1)
Clustering the cell lines and the tumors, separately, based on all the 1753 genes (Perou et al)
generated the dendrograms of Fig. 5.1a. They normalized also the samples (before clustering),
according to equation (1) of the last section. I used SPC without DG, for the clustering of the
65 tissues without this normalization, using all 1753 genes, as shown in the dendrogram of
Fig. 5.7. Similar analysis with DG is given in Fig. 5.8. The main difference between my
analysis and that of Perou et al at this stage is the normalization. As explained in the
“normalization dilemma” in section 5.4.2.1, normalization before clustering can change
dramatically the final results. The example shown in the “normalization dilemma” section
shows clearly why we prefer not to normalize the samples. Figure 5.9 presents the two
distance matrices of the 65 tumors; in 9A the samples are ordered according to the
dendrogram obtained with DG, Fig. 5.8, using SPC without normalization, whereas in 9B the
samples are ordered according to the dendrogram of Fig. 5.1a of Perou et al. No clear
structures can be seen in 9B; this is because the normalization eliminates some of the
important information contained in the expression levels of the 1753 genes. Clearer structures
can be seen in 9A; although the distance matrix 9A highlights interesting partitions, that are
not seen in 9B, I came to the same conclusion as Perou et al: namely, that the entire set of
genes is not suitable to classify the tumors and I should characterize them using different
subsets of genes.
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Figure 5.7. SPC dendrogram; generated after clustering the 65 tumors based on all
1753 genes, by using SPC without DG. Seven clusters passed the stability threshold, and
are marked by circles on the dendogram.
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Figure 5.8. The dendrogram generated by SPC after clustering the 65 tissues based on
the entire set of 1753 genes without normalizing the samples and with Directed Growth.
The tumors in the cluster indicated by the black arrow are separated from the others
due to their high correlation. This cluster is also seen clearly in the distance matrix of
Fig. 5.9A. Boxes represent the clusters; each box is colored according to the percentage
of ER+ tumors (tumors that contain the estrogen receptor protein) as indicated on the
colorbar on the right hand side.
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Figure 5.9. Two distance matrices of the 65 samples. A; using SPC (with DG) to cluster
the samples, without normalizing them, according to Fig. 5.8. B; using AVL to cluster
the (normalized) samples, according to Fig. 5.1. The tumors in both distance matrices
are ordered according to the corresponding dendrogram. In B no significant partitions
are seen, in contrast to A, where a group of tumors (in the middle) show a significant
correlation among themselves, compared to the other samples. This group of samples is
marked in the corresponding dendrogram of Fig. 5.8 by the black arrow.

5.5.1.3 The gene clusters obtained by Perou et al from the
intrinsic set
Perou et al highlight four gene clusters obtained by clustering their intrinsic set of 496 genes.
Of these, cluster d is almost identical to our cluster G21, found by G1(S) (without DG, see
website
http://www.weizmann.ac.il/home/cskela/perou/perou_all_samples2/rows/r1_ctwc_all_sample
s2_c1.html). Their cluster c has many genes, including the estrogen receptor and the gatabinding protein 3, in common with our cluster G4, also found by G1(S). The other two
clusters, e and f, were not found in the G1(S1) and G1(S) procedures as stable clusters.
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5.5.1.4 Clustering the 65 samples by CTWC compared to the
intrinsic genes of Perou et al
In this section I compare the results obtained by Perou et al by using the set of 496 “intrinsic”
genes, to those of the CTWC algorithm. I used the supervised test described in the method
section 5.4.3.2 to look for CTWC clusters of genes that have the ability to separate the
samples according to the classifications presented in Fig. 5.3a.
To represent and evaluate the classifications reported by Perou et al in their Fig. 5.3, I used
the following; “BLUE cluster”; includes the 36 samples colored in blue in Fig. 5.3. Similarly
GREEN, RED, YELLOW clusters refer to the samples colored accordingly in Fig. 5.3. I call
‘ER+’ the 46 tumors whose cells contain the Estrogen Receptor protein according to the
supplementary information of Perou et al1. Eleven tumors do not contain ER protein are
called “ER-“; their cells do not contain the Estrogen Receptor protein.
The definition ER+ or ER- is according to the clinical estrogen receptor status, that can be
determined by several techniques. For example by immunohistochemistry, using antibodies to
ER.
Our full results, obtained by CTWC, using the G1(S1) as the data to be the starting point (all
genes based on the 65 tumors), are presented in the site:
http://www.weizmann.ac.il/home/cskela/perou/perou_last_analysis/PerouCtwc.html.
The BLUE cluster: The tumors contained in this cluster are characterized by a relatively high
expression level of many genes that are known to be expressed by breast luminal2 cells (Fig.
5.1j). 32 of the 36 tumors in the BLUE cluster are ER+; hence if this cluster is to be used as a
classifier for ER+, it has purity=0.88. Of the remaining 4 tumors, 2 tumors are ER(NORWAY 48, BE and AF), and the others were not tested for the ER clinical status.
However the entire collection contain 48 ER tumors. Since the BLUE contain only 32 of the
48 ER+ tumors; it has efficiency = 0.66. The other 16 ER+ tumors fell within the Green, Red
or Yellow clusters. I set out to find, weather using CTWC, I can partition the samples
according to theirs ER+/ER- classification, in an unsupervised way. I found two clusters of
genes, which achieve this partition; the first, G4, has considerable overlap with cluster c of

1

(http://genome-www.stanford.edu/breast_cancer/molecularportraits/SITable3_new.html).

2

Cells, those are located in the lumen surface.
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Fig.3 of Perou et al, and is related to the estrogen receptor pathway. The second set of genes,
G30, is related to cell proliferation.
Now I will cluster the 65 tumors (S1) using these G4 and G30.
Clustering S1 using G4; S1(G4): Clustering all the 65 tumors (S1) using the expression levels
of the 10 genes contained in G4 (see Table 5.3 and apendix) generated the dendrogram
presented in Fig. 5.10A. The variation in the expression of this cluster correlated well with the
direct clinical measurements of the ER protein levels in the tumors (Perou et al,
supplementary information). G4 is practically identical to cluster j of Fig. 5.1 and cluster c in
Fig. 5.3 (Perou et al).

Figure 5.10. S1(G4): clustering the 65 tumors using the expression levels of gene cluster
G4 yields three clusters; a contains most of the tumors of the BLUE cluster. The boxes
that represent subclusters are colored according to their percentage of ER- tumors (see
colorbar on left).
In the dendrogram Fig. 5.10A sample clusters appear as boxes. These boxes were colored
according to purity, i.e. the percentage of ER- samples, ranging from 100% (red) to 0% (i.e.
100% ER+) (blue) as shown on the color bar on the left. In Fig. 5.10B, the samples are
ordered according to the dendrogram Fig. 5.10A. The colors (see bar on the right hand side)
represent the expression levels of the 10 genes, with red denoting high and blue low values.
81

SPC generated 3 main branches (clusters); the upper of which is shown as a, the middle as b,
and the lowest as c. Cluster a, the biggest (41 samples) exhibits high expression level of G4
and contains most of the samples from the BLUE cluster (34 out of 36). The two missing
tumors are NORWAY 48 (BE and AF), and they were indeed ER-. Cluster a has purity P =
0.82 and efficiency E = 0.94 with respect to the BLUE cluster (See results in Table 5.3).
Cluster a includes only one ER- tumor (NORWAY 65) and four tumors, that belong to the
GREEN cluster; The 3 NORMAL samples and the two NORWAY 112 (which are ER+) and
the STANFORD 37 (which was not tested for ER). The ability of G4 to separate ER+ from
ER-will be discussed in Section 5.5.2.1. Cluster b (15 samples) is characterized by lower
expression level of G4. Eleven samples from this cluster are ER+ and the others ER-. This
cluster includes part of the GREEN cluster and most of the RED cluster. Seven of the nine
tumors of cluster c are ER- and this cluster
coincides almost exactly with the YELLOW cluster.

Table 5.3. Three clusters emerged by clustering S1 based on G4 (Fig. 5.10). P is Purity
and E is Efficiency. The numbers in the table indicate how many samples of each cluster
of Perou et al are in our clusters a, b, c. The numbers in parentheses are the number of
tumor in the group.

More details on the S1/G4 analysis are reported in the site:
http://www.weizmann.ac.il/home/cskela/perou/perou2_ctwc_all/c1r4_out.html

Clustering S1 using G30; S1(G30): Clustering S1 based on the cluster G30 (see Table 5.2)
generated the features shown in Fig. 5.11. G30 contains 15 genes that are related to cell
proliferation. Tumors that show high expression levels of these genes may have a high rate of
cell cycle proliferation and may be more aggressive. The dendrogram in Fig. 5.11A shows
82

clusters colored according to their content of the ER- group, ranging from red (highest) to
blue (lowest). Clusters a1 contains a high proportion of ER- tumors (see results in Table 5.4).
The tumors of clusters a and b exhibit high expression levels of G30 genes, as seen in the
expression matrix of Fig. 5.11B. Most tumors contained in these two clusters are clinically
characterized as ErbB2- (see Table 5.4). Clusters c, b have high proportions of ER+ tumors.
Cluster c, which exhibits medium expression level of G30 genes, is the best “ER+ classifier”;
it contains most of the ER+ tumors (P=0.86, E=0.79). Cluster b contains ‘special’ ER+
tumors that have relatively high expression levels of the G30 genes. These tumors are
clinically characterized as ErbB2-.

Figure 5.11. S1(G30): Cluster c has fairly high overlap with the BLUE cluster and
contains mainly ER+ tumors. The boxes are colored according to the percentage of ERtumors.
It may be concluded that the proliferation rate of most ER+ tumors is lower than that of the
ER- tumors, and tumors that are clinically characterized as ER-/ErbB2- (the proteins ER and
ErbB2 are not expressed) show the highest proliferation rate and may be the most aggressive
(see cluster a in Table 5.4).
More details on the S1(G30) analysis are reported in the site:
http://www.weizmann.ac.il/home/cskela/perou/perou2_ctwc_all/c1r30_out.html
The clustering of S1 according to G4 used the ER among the genes of G4 and it is likely that
ER+ samples will be partitioned. On the other the clustering on the basis of G30 used genes,
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which correlated with proliferation and nevertheless partitioned the ER+ tumors as a cluster.
This indicates correlation between ER and proliferation.

Table 5.4. Three clusters emerged by clustering S1 based on G30 (Fig. 5.11). P is
Purity and E is Efficiency. The numbers in the table indicate how many samples
of each cluster of Perou et al are in our clusters a1, b, c. The numbers in
parentheses are the number of tumor in the group.

The GREEN cluster (normal breast like). The Green cluster (see Fig. 5.3) is defined by
Perou et al as ‘normal breast-like’, includes the three normal breast samples. These samples
are characterized by high expression levels of genes expressed by basal epithelial cells that
grow in normal tissues (Fig. 5.1e).
Clustering S1 using G46; S1(G46): My best homologue to the GREEN, normal breast-like,
cluster was achieved by clustering S1 based on genes of cluster G46 (see list in appendix).
This cluster contains 33 genes whose levels of expression correlate with cellular proliferation
rates. In the dendrogram Fig. 5.12A the clusters are colored according to their proportion of
the GREEN group (Fig. 5.3). Cluster a (see Fig. 5.12) includes most of the green tumors;
Purity = 0.7 (9/13), Efficiency = 0.8 (9/11). Looking at the expression matrix Fig. 5.12B, one
sees that the expression levels of the G46 genes are lowest in the tumors contained in cluster
a. I may assume that these tumors are growing slowly and, therefore, may be less aggressive.
In contrast, clusters b, c and d show high expression levels of the G46 genes, therefore, may
be more aggressive. The tumors of cluster d exhibit the highest expression levels of the set
G46, as can be seen on the expression matrix. This cluster contains the ER-/ErbB2- tumors,
which leads to the assumption that the absence of these two proteins can be markers for
aggressiveness. The correlation of this with clinical studies should be explored. The tumors
contained in clusters b and c are characterized by ER+/ErbB2-, ER-/ErbB+ or ER-/ErbB2-. In
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other words, all these tumors are missing at least one of the two ER, ErbB2 proteins, which
may be the reason for being also aggressive.
The red arrows point to the locations of the 3 ‘responder’ tumors before the doxorubicin
treatment, and the black arrows point to the same tumors after the treatment. According to the
expression matrix, as a result of the treatment the proliferation rate of the cells changed. These
observations may have interesting clinical implications. One may hypothesize that this set of
genes may be used as predictors for the level of response to doxorubicin treatment. It may be
possible to suggest that: tumors that belong to cluster e, and exhibit intermediate medium
expression levels, have higher chances to respond to doxorubicin treatment.

Figure 5.12. S1(G46) High, intermediate and low levels of proliferation related genes.
The boxes are colored according to the percentage of the GREEN cluster; a is
homologous to the GREEN cluster. The arrows indicate the three tumors that
responded to the Doxorubicin treatment, before and after (see discussion in the New
Results section).
http://www.weizmann.ac.il/home/cskela/perou/perou2_ctwc_all/c1r46_out.html.
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Clustering S1 using G9; S1(G9): Another set of genes (G9) succeeded to separate the
GREEN cluster from the others. The G9 genes are part of a bigger cluster, shown in Fig. 5.1g.
This gene cluster, defined by Perou et al as ‘adipose-enriched/normal breast genes, are highly
expressed by normal breast epithelium cells. The clusters shown in the dendrogram Fig.
5.13A are colored according to their proportion of the Green group. As one sees in Fig.
5.13A, most of the GREEN tumors (8 out of 11) were clustered (cluster c) separately from the
others (clusters a and b). These GREEN tumors exhibit higher expression levels of the G9
genes, according to the expression matrix shown in Fig. 5.13C. Most of the ErbB2- tumors
were clustered together in cluster a separately from the GREEN tumors, and exhibit lower
expression levels of the G9 genes (not shown).

Figure 5.13. S1(G9) also yields a homologue of the GREEN cluster, which is denoted by
c. The members of the GREEN cluster are colored in red.
The RED cluster (ErbB2 over expression). This cluster contains tumors that were
characterized by high expression level of a subset of genes that contain the ErbB2 oncogene
(these genes are contained in cluster d of Fig. 5.3).
Clustering S1 using G21; S1(G21): The best cluster of tumors homologous to the RED cluster
was found by clustering S1 based on gene cluster G21 (see list in appendix). Cluster G21 is
homologous to the gene cluster d of Fig. 5.3. In the dendrogram presented in Fig. 5.14A the
clusters are colored according to their proportion of the RED samples. The RED samples are
represented by red boxes and show high expression of ErbB2 (cluster c). Looking at the
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expression matrix in Fig. 5.14B, one sees that theses tumors exhibit high expression levels of
the G21 genes. Although these tumors do not form a single stable cluster, they are well
separated from most of the other tumors, that form one big cluster, marked by a. This cluster
divides to two sub-clusters. Most of the tumors in sub-cluster b are ER+ and ErbB2-; Purity =
0.86 (31/36), Efficiency = 0.64 (31/48). Very low expression levels of the G21 genes
characterize this cluster.

Figure 5.14. S1(G21); the group of tumors c shows high expression levels of G21, and
belong to the RED cluster (red boxes).
More details about the S1(G21) analysis are reported in the site
http://www.weizmann.ac.il/home/cskela/perou/perou2_ctwc_all/c1r21a_out.html
The YELLOW cluster. This cluster is recaptured nearly perfectly as cluster c of the S1(G4)
procedure (see Table 5.2 and Fig. 5.10). See site:
http://www.weizmann.ac.il/home/cskela/perou/perou2_ctwc_all/c1r4_out.html

5.5.1.5. The gene clusters obtained by Perou et al from the
intrinsic set
Perou et al highlight of four gene clusters obtained by clustering their intrinsic set of 496
genes. Of these, cluster d is almost identical to our cluster G21, found by G1(S) (without DG,
see website
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http://www.weizmann.ac.il/home/cskela/perou/perou_all_samples2/rows/r1_ctwc_all_sample
s2_c1.html). Their cluster c has many genes, including the estrogen receptor and the gatabinding protein 3, in common with our cluster G4, also found by G1(S). The other two
clusters, e and f, were not found in the G1(S1) procedure as stable clusters.

5.5.2

New results

My next goal was to use the power of CTWC in order to find new classifications, not
observed by Perou et al. In order to select the interesting partitions, I sorted all the gene and
sample clusters that were generated, according to their stability; each cluster is scored by a
stability parameter; the higher it is, more significant (statistically) is the cluster. The analysis
described until now consisted of clustering ‘pairs’ ( Oi , F i ), where the objects ( Oi ) were the
65 tumors, denoted by S1, and the features ( F i ) were different subsets (i.e. clusters) of genes
GI, that were generated by clustering the entire set of genes (G1) based on S (the 84 samples)
and on S1. The clustering analysis presented now differs, in that I are looking also at ‘pairs’ in
which the objects are subsets of S1, denoted by SX (X=2, 3…7); the SX clusters are presented
in Fig. 5.7. This way I am zooming in to deeper levels of the data.

5.5.2.1 Improved ER+/ER- classifiers
The BLUE cluster of Perou et al contains 36 tumors, 32 of which are ER+. Hence, when
viewed as an ER+ classifier, the BLUE cluster has purity P=32/36=0.89.
Since the total number of ER+ tumors is 48, its efficiency as a classifier is
E=32/48=0.66.When I clustered the tumors using the G4 genes, I got purity P=0.87 and
E=0.75.
Using the genes of G30 (which are correlated with cell proliferation) I found a cluster with
P=0.86 and E=0.79 with respect to ER+. I saw that most of the ER+ tumors have high
expression of the G4 genes (as also noted by Perou et al) and intermediate expression of the
G30 genes. ER- tumors have, in general, higher proliferation than most ER+. I did find a
small group of tumors that were ER+ and with high proliferation (high G30) - these were
characterized as ErbB2-.
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5.5.2.2 Subpartitions of the ER+ samples
S2(G21) uses the ErbB2-related genes of cluster G21, to cluster S2 - a cluster of 22 tumors,
21 of which are ER+. I find a cluster of samples with low, and another with high expression
levels of G21. As follow up to this finding, I used G21 to cluster all 48 ER+ samples, and
found again separation into low and high expression levels

5.5.2.3 Correlating high proliferation with genetic/clinical
markers
High proliferation (i.e. high expression of G46) is observed in three tumor clusters, that were
characterized as ER-/ErbB2- (highest) and ER-/ErbB2+ and ER+/ErbB2-. That is, missing at
least one of these two proteins may be correlated with high levels of growth.

5.5.2.4 Predicting response to doxorubicin treatment
The procedure S3(G46) yielded very clear sub-clusters. 25 out of the 29 tumors of S3 are
ER+ and the remaining 4 are ER-. Clustering them using G46 yields 3 clear subgroups of low,
intermediate and high expression levels of G46. The intermediate group contained all three
"BEFORE" samples that responded well to doxorubicin treatment: the corresponding
"AFTER" tumors were in the healthy-like, low expression cluster. Since this finding indicated
that the G46 genes may serve as predictors of success or failure of doxorubicin treatment, I
looked at the operation S1(G46), i.e. clustered all samples using G46.
The S1(G46) analysis identified a cluster of 26 tumors with intermediate expression levels.
Among these 10 were "BEFORE" (out of 20 such tumors). However, ALL 3 "BEFORE"
tumors that responded positively to the treatments were in this cluster. The three matching
"AFTER" samples were in another cluster of low proliferation, joining the "NORMAL"
samples. Hence intermediate expression of the G46 genes may serve as a marker for a
relatively high success rate of the doxorubicin treatment (3/10 versus 3/20 for the entire set of
BEFORE samples).

5.5.2.5 ErbB2- Detector
The operation S1(G9), which identified the homologue of the GREEN cluster, also yielded
another cluster of samples, which had low expression of the G9 genes and contained most of
the ErbB2- tumors (P=0.7, E=0.85).
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5.5.2.6 Other findings
Interesting partitions were found by S1(G13).

Now I represent the results in detail.

5.5.2.1 Improved ER+/ER- classifications
The BLUE cluster of Perou et al contains 36 tumors, 32 of which are ER+. Hence when
viewed as an ER+ classifier, the BLUE cluster has purity P=0.89. Of the 48 ER+ tumors the
BLUE cluster contains 32; hence its efficiency as a classifier is E=0.66.
When I cluster all the 65 tumors using the G4 genes, I get a cluster (cluster a of Fig. 5.10A)
with purity 0.87 and efficiency 0.75 (see Table 5.5).

Table 5.5. Distribution of the ER+/ER- tumors among the clusters generated by the
S1(G4) procedure. Cluster a identifies ER+ with high purity and efficiency. The BLUE
cluster is presented for comparison.
Using the genes of G30 (correlated with cell proliferation), I found a cluster with P=0.86 and
E=0.79 (cluster c of Fig. 5.11A) with respect to ER+ (see Table 5.6). This suggests that most
ER+ tumors may show low aggressiveness.
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Table 5.6. Distribution of the ER+/ER- tumors among the clusters generated by the
S1(G30) procedure. Cluster c identifies ER+ with high purity and efficiency.

I see that the most common ER+ tumors have high expression of G4 genes (as also noted by
Perou et al) and intermediate expression of G30 genes. ER- tumors have higher proliferation
rate than most ER+. I did find a small group of tumors (part of cluster b – see Fig.11) that
were ER+ and show high expression levels of G30 genes – these were characterized also as
ErbB2-.

5.5.2.2 Subpartitions of the ER+ samples
Clustering S2 (22 samples) using G21; S2(G21). The samples of S2 constitute a stable cluster,
that was obtained by clustering all the 65 samples on the basis of the expression levels of all
the genes, S1(G1). All but one of the 22 tumors of S2, are ER+. When these 22 samples are
clustered, based on G21 (ErbB2 cluster), S2 splits to two very stable clusters shown in Fig.
5.15A; in the samples of cluster a the genes of G21 have low expression levels whereas in
cluster b their expression levels are high. The clusters in the dendrogram of Fig. 5.15A are
colored according to their proportion of the ErbB2+ group (tumors that over expressed the
ErbB2 protein, according to the supplementary information reported in Perou et al). Hence,
the dendrogram of Fig.15A presents a new classification of the ER+ tumors; the ‘Low Erb-B2
group’ (cluster a), characterized by low expression level of the G21 genes, and the ‘High ErbB2 group’ (cluster b), characterized by high expression level of the G21 genes. One can
conclude, that one of the main reasons for the development of cancer in the tumors of the
‘ER+/High Erb-B2’ group is the over expression of the ErbB2 protein, mostly as a results of
amplification of the locus that contains the corresponding ErbB2 gene. Therefore, a natural
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question to ask is: what factor, or factors, may be involved with tumors that belong to the
‘ER+/Low ErbB2’ group?

Figure 5.15. The S2(G21) procedure produces a very clear cluster with low expression
levels. Boxes are colored according to the percentage of ErbB2+ tumors in the
corresponding clusters. S2 is a sample cluster rich in ER+ tumors. All but one tumors in
this group are ER+.
Clustering all 48 ER+ using G21; ER+(G21). Next, I tested the power of G21 as an ER+
subdivision classifier, clustering all the 48 ER+ tumors using the G21 genes (ErbB2 cluster).
Again, the ER+ tumors split into two clusters, shown in Fig. 5.16A; the samples of sub-cluster
a have low expression levels whereas in cluster b their expression levels are high. The clusters
in the dendrogram of Fig. 5.15A are colored according to their proportion of the ErbB2group (tumors that lack the Erb-B2 protein). As one sees, the sub partitions of ER+ shown in
Fig. 5.16A are similar to those obtained in Fig. 5.15A; in the bigger subgroup of ER+ tumors,
contained in clusters a of Figs. 5.15A and 16A, the genes of G21 have low expression levels,
and in the smaller subgroups, contained in clusters b of Figs. 5.15A and 16A, their expression
levels are high.
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Figure 5.16. Clustering all ER+ tumors using the genes of G21 produces a large cluster a
of tumors with low expression levels and a small cluster b with high expression. Here
boxes are colored according to the percentage of Erb-B2- tumors in the corresponding
clusters.

5.5.2.3 Correlating high proliferation with genetic/clinical
markers
Genes correlated with proliferation (i.e. high expression of G46, see list in appendix) are
observed in three tumor clusters of Fig. 5.12A (clusters b, c and d), that were characterized as
ER-/ErbB2- (highest) and ER-/ErbB2+ and ER+/ErbB2-. That is, missing at least one of these
two proteins correlate with aggressive growth.
Clustering S3 (29 sample) based on G46, S3(G46), exhibit a sharper picture than obtained in
Fig. 5.12A. In this operation, similarly to the features that were seen in Fig. 5.12A, most of
the tumors that exhibit higher expression levels of G46 (clusters b and c of Fig. 5.16A), are
either ER- or Erb-B2-, where the ER-/ErbB2- tumors (cluster c) exhibit the highest expression
level of G46.
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5.5.2.4 Predicting response to doxorubicin treatment, using the
G46 set of genes
This example demonstrates the way I use CTWC. Our standard automated procedure (using
stable gene clusters to cluster stable sample clusters) led us to look at the procedure S3(G46).
The samples of S3 constitute a stable cluster, that was obtained by clustering all the 65
samples on the basis of the expression levels of all the genes, S1(G1). The S3 cluster contains
the S2 cluster, described below. All but four of the 29 tumors of S3 are ER+, and the others
are ER-. When these 29 samples are clustered, based on G46 (see Table 5.2), S3 splits into
three very stable clusters shown in Fig. 5.17A, that exhibit low (a), middle (b) and high (c)
expression levels of G46. The clusters in the dendrogram Fig. 5.17A are colored according to
their proportion of the ER- group. Cluster c is the most aggressive, according to the
proliferation rate of its cells. The red arrows if Fig. 5.16B point to the locations of the three
‘responder’ tumors before the doxorubicin treatment, and the black arrows point to the same
tumors after the treatment. The ‘responders’ exhibited before the treatment intermediate
expression levels of G46, and after the treatment their expression levels of G46 decreased,
and they moved to the healthy-like, low expression cluster. This finding indicated that the
G46 genes may serve as predictors of success or failure of doxorubicin treatment and hence I
looked at the operation S1(G46), i.e. clustered all samples using G46.

Figure 5.17. The S3(G46) clustering procedure yields three clearly separated clusters of
high, intermediate and low expression levels. Boxes are colored according to their
proportion of ER- tumors (red is ER). The arrows point to the tumors that responded to
doxorubicin, red - before and black - after treatment.
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The S1(G46) analysis (described above) identified a cluster of 26 tumors with intermediate
expression levels (cluster b of Fig. 5.12A). Among these 10 were "BEFORE" (out of 20 such
tumors). However, all the three "BEFORE" tumors that responded positively to the treatment
were in this cluster. The three matching "AFTER" samples were in another cluster of low
proliferation (cluster a of Fig. 5.12A), joining the "NORMAL" samples. Hence intermediate
expression level of the G46 genes may serve as a marker for a relatively high success rate of
the Doxorubicin treatment (3/10 versus 3/20 for the entire set of BEFORE samples).

5.5.2.5 ErbB2- detector
The operation S1(G9) (see Fig. 5.13), which identified the homologue of the GREEN cluster,
also yielded another cluster of samples (cluster a of Fig. 5.13A), which had low expression of
the G9 genes and contained most of the ErbB2- tumors (P=0.7, E=0.85).

5.5.2.6 Other findings
Clustering S1 based on G13; S1(G13). When the 65 samples (S1) are clustered, based on G13
(see Table 5.2 and appendix), S1 splits to two main groups. One group of samples exhibits
higher expression levels of G13; this group includes clusters a, and b (see Fig. 5.18A). The
second group exhibits lower expression levels of G13 and includes the main cluster located in
the center of the dendrogram. The high expression group contains the NORMAL samples and
the 3 ‘responder’ tumors after the treatment. Before the treatment the 3 ‘responder’ tumors
exhibit lower expression levels of G13 (pointed by 3 red arrows). The clusters in the
dendrogram Fig. 5.18A are colored according to their content of the tumors containing low
level of proliferation genes (cluster a of Fig. 5.12A); these samples show low expression
levels of G46 (the ‘proliferation genes’). These samples fell also in clusters a and b of Fig.
5.18A, which may indicate an opposite relation between the expression levels of the cluster
G46 to those of the cluster G13. G13 included 2 genes, JunB and Fos, which participate in
controlling entrance to the cell cycle process. However it is known that Fos is activated by
p53 and may have other functions related to suppression. These genes belong to two large
genes families; Jun and Fos. These families are encoded by genes that respond to extra
cellular primary growth factors, which lead the generation of Jun-Fos transcription factor
complexes, known as AP-1. Different members of Jun and Fos can generate divers complexes
of AP-1, which usually promote cell cycle proliferation.
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Figure 5.18. S1(G13) ; the majority of the tumors have low expression levels. Those of
clusters a and b have higher expression of G13, but low expression of the genes of the
proliferation cluster G46. The tumors labeled red are those that belong to cluster a of
Fig 12A, i.e. those with low expression of the G46 genes.
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