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TREE MODEL S FOR ENDOMETRIAL ADENOCARCINOMA PROGRESSION

Construction of Evolutionary Tree Models for Oncogenesis of
Endometrial Adenocarcinoma

Lea Chen

Abstract

Endometrial adenocarcinoma (EAC) is the fourth leading cause of carcinoma in woman
worldwide, but not much is known about genetic factors involved in this complex disease.
During the EAC process, it is well known that losses and gains of chromosomal regions
do not occur completely at random, but partly through some flow of causdlity. In this
work, we used three different algorithms based on frequency of genomic aterations to
construct 27 tree models of oncogenesis. So far, no study about applying pathway models
to microsatellite marker data had been reported. Data from genome-wide scans with
microsatellite markers were classified into 9 data sets, according to two biological
approaches (solid tumor cell and corresponding tissue culture) and three different genetic
backgrounds provided by intercrossing the susceptible rat BDII strain and two normal rat
strains. Compared to previous study, similar conclusons were drawn from tree models
that three main important regions (I, 1l and I11) and two subordinate regions (IV and V)
are likely to be involved in EAC development. Further information about these regions
such as their likely order and relationships was produced by the tree models. A high
consistency in tree models and the relationship among p19, Tp53 and Tp53 inducible
protein genes provided supportive evidence for the reliability of results.

Keywords: agorithms, cancerous progress, endometrial adenocarcinoma, microsatellite
marker, tree models
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1 Introduction

Endometrial adenocarcinoma (EAC) is the fourth most common type of malignant tumor
in woman (Cavanagh et a., 1999). EAC is a complex disease as environmental and other
non-genetic factors play critical roles in many stages in the neoplasitc process (Olah,
1999; Noumoff & Faraqgi, 1993). It is well known that EAC is genetically predisposed,
and consequently specific genetic abnormalities and activation of oncogenes determine
the etiology of EAC (Esteller et a., 1999; Suzuki et a., 1997). However, so far not many
specific genetic changes have been identified and characterized during tumorigenesis and
not much is known about the links among genetic changes, such as the order and
causalities of the genetic changes.

Carcinogenesis is a multistep process which develops through the accumulation of
genetic mutations (Bamain, 2002; Vogelstein & Kinzler, 1993). In anormd cell, the first
mutation results in limited expansion of the progeny of a single cell. One of these cellsis
likely to acquire a second mutation, resulting in further loss of growth control. Each
successive mutation provides a further growth advantage. Eventually, the cell will
become malignant, enabling it to invade through surrounding normal tissues and
metastasize to other organs (Pathak, 1999; Hanahan & Weinberg, 2000). Once a set of
critical genetic alterations develops, the cancer cell goes “out of control” and starts to
accumulate seemingly random dterations (Desper et al., 1999). The whole number of
mutations that are present in a tumor cell population is about 10,000 (Tomlinson et al.,
2002), however, as mentioned above, the total number of pivota mutations that make
transformation of a single norma cell into a malignant derivative is 3 to 7 (Figure 1A).
Obvioudly, it is difficult to identify the primary causative mutations among 10,000, the
majority of which are produced by genomic instability.

It is desirable to identify genetic changes causally associated with the particular tumor
type and the relationships among them, as well as to find in which order the significant
genetic aterations happen. More complex mathematic expression based on the simplest
probability of genetic events can reflect the relationship among the biology events (such
as the probability of event a and b occurring together or the probability of event a causing
event b) (Desper et d., 1999; 2000).

Application of mathematical pathway models to genetic data from tumor sets provides
new information on the interrelationships among genetic changes during tumor
progression. The models can be used to make predictions of:

® which chromosomal regions are most likely to harbor important genes for tumor
initiation (genetic events that tend to occur early);

® which events may be important for progression (genetic events that tend to occur
later);

® which events tend to occur together;

® thelikely order of events (Moch & Mihatsch, 2002; Desper et a., 1999).

Models for tumor progression pathways would be of obvious value to the early diagnosis
and treatment of cancer.
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Figure 1. Frequencies of mutations represent the order of genetic changes. (A) Clond evolution of tumor cells. (B)
Binary vector representation of genetic events. (C) Frequency of the genetic events. Figure 1 (A) shows a schematic
representation of the clona evolution of tumor cells and the multi-mutations (3~7 mutations) procedure. Neoplasms
originate from a single normal cell. The first mutation (‘ mutation 1) is thought to start the tumorigenic process. This
changewill be present in all descendants of the cell that acquired this mutation. The second mutation provides a further
growth advantage. Cells containing mutations 1+2 will thus gradually overgrow or replace cells containing only
mutation 1. Cells containing mutations 1+2+3 will overgrow cells containing mutations 1+2 and mutation 1. The same
thing will happen with mutations 4, 5, 6, 7, etc. Accumulation of subsequent genetic changes is proposed to drive the
tumor cell population towards advanced malignancy. In figure 1 (B), the whole biological process was represented in
mathematical language (binary: 1 representsthat the mutation occurs, 0 meansthat the mutation does not occur). Figure
1 C shows the calculation of frequency of genetic events from figure 1 B. For example, the frequency 7 of mutation 1
means mutation 1 occurs in al tumor cells; while mutation 7, the frequency of which is 1, occurs only at the last stage
in tumor cells. Obvioudly, mutations with higher frequency are the eerlier events during tumorigenesis. Consequently,
the frequencies of mutations represent the order of genetic changes. Here, only crucial genetic changes are shown in the
figure 1, while many irrelevant genetic changes, which occurred during tumorigenesis because of genetic instability,
were omitted. In mathematical terms, these genetic changes are random events and most of these can be filtered out
because of their very low frequency (Brodeur et al., 1982).

There are many different topologies for pathway models, such as linear array, ring,
binary-tree, H-tree, star, 2D mesh, n-cube, cube-connected cycles, and complete graph
(directed acyclic graph models, fully connected graph, etc) (Radmacher et al., 2001).

Simple path models for various cancers have been proposed in recent years. The most
successful prototype of such modelsisthe Vogelstein et al. (1988) model, which inferred
that the progression of colorectal cancer can be described by a chain of four genetic
events which appears to be an indicator of colorectal cancer. Once the first of these
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events occurs, it increases the probability of the second event occurring, and when the
second event occurs, the probability of the third increases, and so on. Unfortunately,
attempts to find similar path models for other types of cancer have not been successful
(Kuukasjarvi et al., 1997). Previous studies (Radmacher, 2001) suggest that this is
because straight-line chain models do not suffice to capture oncogeness in other types of
cancers than colorectal cancer.

The failure of the ssimple straight-line path model inspired researchers to attempt more
general models, like distance-based tree models, branching tree models, contingency tree
models and directed acyclic graph models, etc (Desper et a., 1999; 2000; Radmacher, et
al., 2001). Desper et a. (1999) proposed a rooted branching tree model of genetic
aberrations in cancer, in which events gopear as internal vertices or as leaves. The
branching tree model, which was applied to arena cancer data set, predicts which events
occur early (those near the root) and which events may characterize tumor subgroups
(those that cluster together in a subtree). Desper et a. (2000) proposed a distance-based
phylogenetic tree model. In this model, al events are all leaves of the tree. Leaf nodes
represent the detected genetic events; while internal nodes represent hypothetic events
which are either the degree of correlation between a pair of events or events hidden from
the current detection methods. The aterations predicted to be early are near the root, and
sets of events that may characterize subgroups should cluster together in subtrees. The
studies on tree model s provided promising results.

However, to the best of my knowledge, no paper has so far reported any study about
applying pathway models to microsatellite marker data collected during tumorigenesis. In
order to gan more knowledge about the specific genetic changes during EAC
tumorigenesis, in this paper tree models were applied to data derived by microsatellite
anaysis, which uses simple sequence repeat (SSR) polymorphisms as markers for
detecting alelic imbaance or loss of heterozygosity. Microsatellite analysis has higher
resolution compared to comparative genomic hybridization (CGH), which detects
segmental DNA copy number changes, while microsatellite analysis alows the
identification of specific gene alterations.

The performance of chosen tree models was evaluated by degree of consistency between
different tree models and comparing the results to the known knowledge about the EAC
progress. The information given by the tree models, i.e. which regions are the most
important and the rel ationships between the important regions, was analyzed.

2 Materialsand M ethods

All biological experiments (described in chapters 2.1-2.6) had been implemented prior to
this project at CMB-genetics at Goteborg University and School of Life Science at the
University of Skovde, and all biologica experimental data was provided by Professor
Karin Klinga Levan.
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2.1 Animal model

An inbred animal model is a useful tool for genetic research as it can reduce the
complexity of genetic analysis (Bamain & Nagase, 1998; Nagase, et al., 1999).
Intercrosses of susceptible rat strains with normal strains are used for establishing
associations between genetic markers and quantitative traits distinguishing the EAC
phenotype. The inbred BDII/Han rat strain is geneticaly predisposed to EAC, with an
incidence of more than 90% in virgin females as early as 24 months of age (Deerberg and
Kaspareit, 1987; Kaspareit-Rittinghausen et al., 1987). BN/Han and SPRD-Cu3/Han
(non-EAC-susceptible inbred rat strains) rarely develop endometria carcinomas with an
incidence lower than 10% (Behboudi et a., 2001). BDII females were crossed with BN
and SPRD animals. Some of the F1-animals were intercrossed to produce F2 populations.
Some males of the F1 offspring were backcrossed to BDIlI females to produce the
backcross progeny. In each cross progeny, EAC developed spontaneoudy in a number of
animals.
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Figure 2. Schematic map of intercrosses of susceptiblerat strains (BDII) with normd strains (SPRD and BN).

2.2 Rat chromosome 10 (RNO 10) and EAC development

In cancer research, RNO10 is of particular interest because several important cancer-
related genes have been mapped to this chromosome (Chen et a., 1996; Koelsch, 1998;
Szpirer et a., 1991). Helou et al. (2000) revealed patterns of nonrandom cytogenetic
changes in the tumor materials. One recurrent change was deletion in the proximal part of
ra chromosome 10 (RNO 10), usually accompanied by copy number increase in the
dista part. Thus, there is the possibility that some of the cancer genes located on RNO10
areinvolved in EAC development.

2.3 Tissue samples and DNA extraction

The methods have been described by Behboudi (2001) in a previous study. Briefly,
uterine tumor specimens and matched normal liver and/or spleen tissue samples were
collected from animals for DNA extraction and cell culture establishment (Helou et 4.,
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2001). All tumors were characterized pathologicdly. Small pieces of fresh tumor tissue
were used to set up primary cell cultures. DNA was extracted from the cell and tissue
samples using a standard phenol-based method in the Genepure™ 341 Nucleic Acid
Purification System (PE Applied Biosystems, Foster City, CA).

2.4 Al/LOH study

In the previous study (Behboudi, 2001), a total of 112 microsatellite markers were
selected from various databases according to published linkage maps (RATMAP, RGD,
and The Wellcome Trust Centre for Human Genetics-Rat Mapping Resources), and the
corresponding primer pairs were synthesized by a commercial supplier (SIGMA-
Genosystem, Cambridge, UK).

During the primary screening of the markers, based on the estimated map position and
reproducibility of the PCR reactions, a subset of 47 informative DNA microsatellite
markers covering the entire RNO10 was selected for LOH study in the tumor cell
cultures. For the analysis of solid tumor DNA, some of the microsatellite markers were
discarded and others added in order to generate a panel of 45 polymorphic microsatellite
markers distributed along the proximal two-thirds of RNO10. Tota only 51 microsatellite
markers were selected, because some of them could be used for both TC and ST.

To analyze LOH in solid tumor DNAs, Behboudi (2001) adopted the method of
Cawkwell et a. (1993), in which the degree of LOH is determined based on the ratio
between the alelic peaks in the tumor sample and those in the corresponding normal
tissue sample. Allelic imbalance ratio (AIR) was calculated by equation (1) for each
marker in all of the informative paired samples.

_ Tl _Tz

AIR (1)

1~ N2

T, and T, are the peak area values of two alleles for the tumor sample, while N1 and N2
are the peak area values for the tumor and norma sample. Whenever a matched
tumor/normal allelic ratio was above 1.0, the inverted ratio was used in order to obtain
AIR vauesin the range of 0—1. A cut-off AIR value of 0.6 was used.

2.5 Genetic linkage map and physical map

A layout of the order of genes (loci) as well as the distance between them is called a
genetic map. The distances in a genetic map are determined according to the
recombination fraction between two loci. The unit of measure is Morgans (or Centi-
Morgans-cM), representing the recombination frequency between the two locations. One
cM is one recombination event per 100 meiosis (Broman & Weber, 2000). Thus if two
regions of the genome are 10cMs apart, there should be 10 recombination event between
these two regions in 100 meiosis. The genetic map distance between two genes therefore
determines the frequency at which those genes are expected to recombine. A genetic map
can be contrasted to a physica map of a chromosome, where the distance between two
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genes is measured in base pairs (or kilo-base pairs: kb). In humans, 1 cM on a genetic
map corresponds to about 1-2 Mb of DNA (1 to 2 million base pairs).

2.6 Data categories and preprocessing

The total 96 data samples were made up of 67 tumor solid samples (ST) and 29 tissue
culture samples (TC). According to different genetic backgrounds, the data can be
divided into the following categories:

Table 1. Data source and categories.

Genetic Background ST TC TOTAL
SPRDCu3xBDII F2 cross 4 4 8
SPRDCu3xBDII Backcross 3B 11 46
BNxBDII Backcross 28 14 42
TOTAL 67 29 96

The 51 polymorphic microsatellite markers selected in the previous research (Behboudi,
2001) represent 51 genetic events during the EAC process. As mentioned previoudy,
most of genetic events may appear randomly in tumor progression because of genomic
instability. In this work, a method proposed by Brodeur et al. (1982), which estimates the
significance of an event by comparing its observed frequency with the frequency
obtained in random simulations, was used to filter out random events in tumor
progression.

2.7 Tree models and the corresponding algorithms

Since branching tree model and distance-based tree model were proposed by Desper et al.,
(1999; 2000), they were applied to CGH data for many kinds of cancer and provided
promising results. In this thesis, these tree models were adopted for microsatel lite marker
data of ECA. In tree models, three corresponding agorithm are the maximum weight
branching algorithm (MWB), Neighbor-Joining (NJ) and Fitch-Margoliash (FM).

Tree models are based on a probability matrix. Probability is one of most common and
useful statistical concept used to analyze biological data. Biologica events can be
described by probability, and probability can reflect the intrinsic features of many types
of biological events. In tree models, for any events a, b, let p, be the probability of event

a, and let p,, be the probability that event a and b occur together in the same tumor. For
theroot, let p,, =1, ad p, o = P,-

In the branching tree model, the probability matrix is a weight matrix drawn by the
weight function. For each pair (a, b) of genetic events, the weight function was defined as
follows by Desper (1999).

w(a,b) =log(p,,) —log(p, + p,) —log(p,) (2)
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The weight function reflects the desirability of having b as a direct descendant of a in the
tree. Thus, it includes the likelihood ratio for a and b occurring together. The asymmetry
property of the weight matrix shows that when event a occurs more often than event b, it
ismore likely to have an edge from a to b than vice-versa (Desper, 1999).For each pair of
genetic events, the closer the relationship, the higher the weight score.

Based on the weight matrix, the maximum weight tree can be pursued. Consequently, we
adopted the MWB (Edmonds, 1967; Karp, 1971) that finds the rooted tree where the total
weight (the sum of the weights of all edges in the tree) is maximized. The oncotrees
software® was used to construct branching tree models.

In the distance-based tree model, the probability matrix is a distance matrix drawn by the
distance function. For each pair (a, b) of genetic events, the distance function was defined
as follows:

d(a,b) =-2logp,, +logp, +logp, (3)

The distance function reflects that the distance of each pair (a, b) is a symmetric and the
distance of the same events (a, a) is 0. For each pair of genetic events, the closer the
relationship, the lower is the distance score.

Based on the distance matrix, two common algorithms were used to construct
phylogenetic trees. NJ (Saitou and Nel, 1987) constructs a phylogenetic tree by using the

following equation:
d_+d d.
m:Z( II’T'I+ In)+dm+z 1 (4)
2(N-2) 2 N-2

S, represents the new distance between each vertex pair (m, n); i, j represent al vertices except m and n.
Z (d,, +d,,) isthesum of distancesfrommtoi and from ntoi. N is the number of vertices.

The FM algorithm (Fitch and Margoliash, 1967), which is used to compute actua branch
lengths, estimates a phylogenetic tree assuming additivity of branch lengths.

In a phylogenetic tree (distance-based tree), all detected genetic events which occur are
leaves of the tree, while internal nodes represent hypothetic events. The events that are
predicted to be early are near the root, and sets of events that may characterize subgroups
should cluster together in subtrees (Desper et a ., 2000).

The programs FITCH and NEIGHBOR from the PHYLIP package v3.6 (Felsenstein et
al., 1989) were used to construct distance-based tree models.

2.8 Evaluating tree models
In order to validate the reliability, derived tree models were evaluated from the following
three aspects

! http://www.ncbi.nlm.nih.gov/CBBresearch/Schaffer/cgh. html
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2.8.1 Using algorithmsto evaluate tree models

There are three algorithms for deriving tree models. Each algorithm makes its own
assumptions concerning tumor evolution. If several algorithms give essentially the same
tree, the topology is not very dependant on the evolutionary assumptions. Consequently,
this gives more confidence in the tree model.

2.8.2 Statistical evaluation of tree models

Since trees derived by different agorithms were compared and evaluated in this work, it
becomes important to assess the confidence of the different tree models. If different trees
disagree to some extent, we need to know which can be trusted more. Therefore, a
bootstrapping procedure was used to analyze tree models statistically and evaluate their
degree of confidence.

SEQBOQOT is a general bootstrapping and data set translation tool included in the
PHYLIP 3.6 package (Efron and Tibshirani, 1993). In this thesis, it was used to generate
100 data sets that are resampled versions of the input data set. The reliability of a
monophyletic clustering can be judged by looking at the percentage of bootstrap trees
that support each node. In the context of phylogenetics, monophyletic groups supported
by bootstrap values of around 50% or lower are usualy not entirely stable (Efron et d.,
1996). This bootstrapping procedure only corrects for sampling errors, not for
systematical errors, such as errorsin the evolutionary assumptions of the method.

2.8.3 Evaluating tree models by comparing with previous knowledge

There are many public databases concerning the rat genome. In this thesis, the
information was derived from the following databases. Physical locations of each linkage
position were derived from http://www.ratmap.org. Corresponding genes were identified
by wusing http://www.ensembl.org or http://www.ncbi.nlm.nih.gov/mapview/. The
primary function of genes was found through http://rgd.mcw.edu/genes and NCBI
databases.

The lengths of the markers used in this work vary from 98 bp to 218 bp. Generadly, the
length of a microsatellite markers is about 100~200 bp (Subramanian et al., 2002). But
for many genes, the length can reach several kilo base pairs (kb), and in some cases even
several hundred kb (Casey, 1992). For instance, the length of the Ebf gene is 393 kb.
Obviously, amarker is asign of agene. The farther the distance between the gene and the
marker, the lower the reliability of the relationship is. It is tricky problem that how long
distance can be reflected by a marker. So far, there are no certain criteriafor this problem.

The range covered by markers can be described by a genetic linkage map or a physical
map. The relative genes can be found according to the linkage map position on which
used markers located. For the physical map, the length of the whole chromosome 10 is
about 110 Mb. In order to ensure high resolution, only a 50 kb range was extended
around each marker. Compared to previous study (Nordlander et al., in press) in which 10
Mb range around each region midpoint was used, 50kb was quite smaller. Consequently,
the relationship between genes in the extended 50kb ranges and corresponding markersis
highly reliable.
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Resultsand Analysis

The method of Brodeur et a. (1982) selected the non-random genetic changes for the
different data sets. No non-random events were found in data sets based on the
SPRDCu3xBDII F2 genetic background. Consequently, no tree-model was built for the
SPRDCu3xBDII F2 data set.

The frequencies of non-random events in the different data sets are shown in Figure 3 in
which linkage positions of detected markers used to represent genetic events were
derived from the Ensembl database *. Position 48 occurs 9 times in the 9 data sets.
According to descending order of frequency, with ties shown in parentheses, the events
were 48, (46, 40), (49, 61, 62, 63), (66, 56, 28), 25, (26, 27, 30), (36, 37, 42, 60), (68, 79,
100) and (32, 73). Obviously, the genetic events with high frequency are likely to be
more important. An evidence to support this is that no cancer-related genes were found
on the positions with frequency lower than 40%. It is easy to see that there are three
regions that include the genetic events with high frequency (see Figure 3).

Frequency (%)
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Figure 3. Genetic eventsin linkage map position. The frequency of non-random events in al data sets. Numbers above

filled bars show how many cancer-related genes were found on positions. Unfilled bars correspond to positions where

no cancer-related genes were found. The linkage map regions harboring the cancer-related genetic events indicated by
circles.

In total, 27 tree models were derived (9 branching tree models and 9 distance-based tree
models based on NJ and FM, respectively). Common features could be seen in the
branching tree based on the total data (Figure 4). Positions that were nearby on the
chromosome also appear together in the trees, regardless of which method was used.
There were three mgor regions: region | (25, 26, 27, 28 and 30), region |1 (40, 46, 48 and
49), and region Il (61, 62, 63 and 66). In addition, there were two subordinate regions:
region 1V (36 and 37) and region V (73 and 79). Region | and 111 branch from region I, in
other words, region |1 was causal for region | and 11, but there was no causal relationship
between Region Il and Region |I. Region Il was the earliest region, region Il was the
second, and region | was the third. Tree models showed inconsistencies among each
region, i.e. in region |l, the orders of 61, 62, 63 and 66 differed in the tree models.

*http://www.ensembl.org/Rattus _norvegicus
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However, subtrees showed high consistency among tree models (Table 2). Region |
occurred 18 times in 27 tree models; region |1 occurred in 25 out of 27, region 111 21/27,
region IV 9/27, and region V 6/27.

Table 2. Condstency in subtrees of tree models. Subtrees were included in 27 tree models built by three algorithm and
9 data sets.

SPRDCu3xBDI | Backcross BNxBDI I Backcross TOTAL

ST TC TOTAL ST TC TOTAL ST TC TOTAL

MWB [ II1I I I [ I I T v I nmy I IIIIV ININIINVAY
NJ LI I Il [ I I T v I nmy I IIIIV ININIINVAY

FwW LI I Il [ I I T v I nmy I IIIIV ININIINVAY

Figure 4 dso shows al known cancer-related genes located in the studied positions. N-
methylpurine-DNA glycosylase (Mpg) and Tscl (tuberous sclerosis 1) are located in
position 25; LOC363557, similar to pl19, is located in position 26; early B-cell factor (Ebf)
and interleukin 12b (1112b) are located in position 46; LOC303073, similar to Tp53
inducible protein, is located in position 48; the LOC303076 gene is located in position
49; tumor protein p53 (Tp53) is located between position 62 and 63; and
neurofibromatosis 1 (Nf1) is located in position 66.

Region || Region I

protein

Figure 4. Branching tree built on whole data set. Occurrences of events generating arrows increase the probability of
occurrence of events to which the arrows point. Events which are closer to the root are more likely to be the earlier
events during tumorigenesis. 5 regions are illuminated. The locations of known cancer-related genes indicated by filled
callouts.

Tree models derived from FM and NJ were quite similar. There was only one
inconsistency regarding position 48 in the BNxBDII backcross genetic data set, i.e. that

10
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the distance from the root to position 48 was shorter in trees derived by the NJ algorithm
than in those derived by the FM agorithm.

The bootstrapping tree model based on the total data set of NJ showed that there was
76.9% support for 48 and the root occurring together, 65.8% support for positions 79 and
73 occurring together, and 59.9% support for positions 25, 26, 27, 28 and 30 occurring
together. This result was consi stent with the tree model s derived by the other algorithms.

4 Discussion

In some cases, there were some differences between tree models. When looking into all
the inconsistencies, the reason seemed to be that the information carried by the frequency
matrices was not sufficient to distinguish them from each other. For example, in the
distance-based tree models (Total and ST) based on the BNxBDII backcross, there was
an inconsistency regarding positions 46 and 48. Position 48 occurs earlier than 46 in NJ
trees, while the order between these events was reversed in FM trees.

As mentioned previously, a cut-off AIR value of 0.6 was used in this thess based on the
previous study (Behboudi et al., 2001). Events with AIR values above 0.6 were
represented by O (no Al occurs), while in contrast events with AIR values below 0.6 were
represented by 1 (Al occurs). When using 0 and 1 in place of real values between O and 1,
which reflect the degree of chromosomal aberration, the information content is radically
reduced.

Because this thesis is based on previous studies (Nordlander et al., in press), it was
important to compare the current results with the previous ones. Four of the same
recurrent Al regions (region | (25~28), region Il (46~48), region |1l (61~66) and region
IV (79~100)) were found in both the previous and these current results. But in this thes's,
more detailed information of such regions was produced. For the whole data set, the same
four regions were found. But for TC data sets, only Region Il was found, while the other
three regions were missing. For the total data set and the ST data set based on the SPRD
backcross, the four regions were found. For the total data set based on the BN backcross,
three regions were found, while region IV was missing. For the ST data set based on the
BN backcross, only two regions were found, while region | and IV were missing.

The reason for there being a smaller number of genetic events in TC than in ST is an
intrinsic characteristic of TC. The process of tissue culture produces a more homogenous
cell population, because one or a few sub-clones with better growth capacity in vitro
gradually overwhelm the others (Macoska et al., 2000). Genetic events may thus be more
complex in ST than in TC because of the heterogeneity of the tumor cell population in the
solid tumors or because of admixture of normal cells (Hanahan & Weinberg, 2000).

Hence, the genetic events in TC may be more clear and closer to the genetic hypothesis
of cancer development than in ST. The phenomenon that Region |1 always occursin spite
of different data sets supports that Region Il was the most important region on
chromosome 10 during the EAC process.
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Cancer-related genes located in only three main regions constitute supportive biological
evidence for the theoretic feasibility of genetic events with high frequency being more
important. The relationships among p19, Tp53 and Tp53 inducible protein provided
additional supportive evidence for the reliability of the results.

DNA Damage stimuli oncogenes cancer
IR,UV,Drugs

l ,

Kinases

i TpS3 dependent 26 position

phosphorylation

Tp53 activation )

l

Tp53 protein

] ,,

Targeting genes---Tp53 inducible genes (PIG)

!

Tp53 inducple protein

|

Cell cycle arrest or apoptosis

Figure 5. The relationship between the Tp53, Tp53 inducible protein and P19. DNA damaging agents (like radiation)
induce the activation of kinases (such as ATM and DNA-PK) that can phosphorylate a critical serine residue in the
Mdm2-binding domain of Tp53. When Tp53 is phosphorylated here, it can no longer bind to Mdm2. Tp53 recognizes
when the cell has sustained DNA damage and halts the cell cycle so that the cell can repair the damage or in many
cases just directs the cell to die (apoptosis). Another mechanism (Dlamini et al., 2004) to inhibit Mdm2 is by oncogenes,
condtitutively active mutant proteins that continually tell the cell to grow (such as Ras). Oncogenes inhibit Mdm2 by
inducing expression of a tumor suppressor protein caled p19 ARF. P19 ARF is a key regulator of Tp53 stability and
activation. In addition, another study (Weber et al., 2000) demongrated that p19ARF can act independently of the
Mdm2-Tp53 axis in tumor surveillance. p19ARF can arrest the cell division cycle in the G1 phase without Tp53 and
Mdm2 genes. Thus, in the absence of Mdm2, p19ARF interacts with other targets to inhibit cell proliferation.

48 position

In position 48, estimated gene LOC303073 was found. Regarding the function of
LOC303073, it is similar to the Tp53 inducible protein. Dlamini et a., (2004) reported
that Tp53 inducible protein is a Tp53 apoptosis effector with a death domain (DD). DD-
containing Tp53 -inducible protein with a DD (PIDD) is likely to participate in the
apoptotic signal pathway. Tumor protein Tp53 inducible proteins are a group of Tp53
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target genes, also referred to as Tp53 inducible genes (PIG). The PIGs are direct
downstream targets that can be activated by Tp53 and trigger the apoptosis in the Tp53-
dependent apoptosis pathway. Mutations that inactivate the Tp53 tumor suppressor
protein are the most common genetic aberrations known to occur in human cancers. The
best-described biological functions of Tp53 are the induction of cell cycle arrest and
apoptosis in response to cellular stresses. It is known that Tp53 is a transcription factor
that binds to specific sequencesin DNA and activates the transcription of the target gene.
In recent years, a number of Tp53 target genes have been identified that mediate
apoptosis including Fas, DR5/Killer, Bax, and so on. The process of cell apoptosis
initiated by Tp53 will be stopped by either aberration of Tp53 or PIGs (Lin et al., 2000;
Liang et al., 2004; Polyak et al., 1997), so genetic aberration in this region may damage
the apoptosis signal pathway mediated by Tp53 (Liang et al., 2004). The relationship
between Tp53 and PIGs (Figure 5) clearly explains why there is inconsistency regarding
the order between position 48 and 62 and 63 in tree models, where some tree models treat
position 48 harboring the gene of Tp53 inducible protein as earlier events than position
62 and 63 harboring Tp53, while the order is reversed in other tree models. The loss of
PIGs can result in oncogenesis without the activation from Tp53, this can be observed in
tree models derived from TC data sets.

In position 49, the cancer-related gene LOC303076 was found, which is similar to
nuclear protein. Although the function of L OC303076 is not clear, most nuclear proteins
can influence the activities of DNA in the cell nucleus.

Ebf and 1112b genes were found at position 46. The early B-cell factor (Ebf)-associated
zinc-finger protein (EBFAZ) binds to and negatively regulates Ebf, which is a basic
helix-loop-helix transcription factor required for B-cell lineage commitment and
development. EBFAZ is a frequent target of retroviral integration in B-cell lymphomas.
Integrations at Ebfaz and Evi3 are mutually exclusive, suggesting that they function in
the same tumor pathway. L ymphomas with integrations at Ebfaz or Evi3 express the pre-
B-cell-specific marker immunoglobulin lambda chain 5, and contain immunoglobulin
heavy-chain rearrangements, suggesting that they are blocked at an early B-cell stage
(Warming et a, 2004).

IL-12, a p35 and p40 heterodimer, initialy defined as natural killer-stimulating factor
(NKSF), is now known to drive multiple integrate steps in the immune response. IL-12
stimulates enhanced cytotoxicity by NK cells and T cells and induces IFNy release by
NK cellsand T cells. In vivo mouse studies indicate that IL-12 facilitates the proliferation
of T cells of Thl type and inhibits T cells of the Th2 type. These properties suggest that
IL-12 might be able to activate Thi-dependent local help and support the generation of a
tumor-specific immune response. Previous work has demonstrated that in vivo-
administered 1L-12 has a potent antitumor effect against various kinds of transplantable
tumor cells (Brunda and Gately, 1994; Imagawaet d., 2004).

Tp53 was found between positions 62 and 63. In the cell cycle, the Tp53 signa pathway

is responsible for the repairing of cell DNA damage. DNA damage (e.g. by radiation),
can induce the activation of kinases (such as ATM and DNA-PK) that can phosphorylate
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acritical serine residue in a binding domain of Tp53. When Tp53 is phosphorylated, it is
able to relieve the inhibition of Tp53. Tp53 recognizes when the cell has sustained DNA
damage and halts the cell cycle so the cell can repair the damage or in many cases just
directs the cell to die (apoptosis). If Tp53 was lost, or inhibited by oncogenes,
constitutively active mutant proteins continually tell the cell to grow, and carcinoma may
occur (May et al., 1999; Oren, 1999; El-deiry, 1998).

In position 66, the Nf1 gene was found. Neurofibromas are common tumors that arise
from elements in the peripheral nervous system. The association of neurofibromatosis
with gynecologic malignancies is quite uncommon, with only a few cases reported. Nfl
represents also a major risk factor in the development of several malignancies such as
malignant peripheral nerve sheath tumors, optic gliomas and leukemias (Murat et al,
2004).

Mpg and Tscl genes were found in position 25. Mpg (N-methylpurine-DNA
glycosylase), is an enzyme that cleaves 3-methyladenine and 7-methylguanine residues
from DNA, and takes part in the biologica process of DNA repair and base-excision
repair. If DNA damage can not be repaired, it may |lead to carcinogenesis, cell death, and
aging. N-methylpurine-DNA glycosylase (MPG) is a DNA repair enzyme that removes
N-alkylpurine damage, in normal, malignant, and immortalized breast epithelial cells, and
breast cancer cell lines. The investigation for the expression of MPG in human breast
cancer showed that the N-methylpurine-DNA glycosylase messenger RNA was
overexpressed up to 24-fold in breast cancer as compared to normal primary breast
epithelium. MPG protein expression and glycosylase activity were evaluated in the breast
cancer cell lines (Cerdaa et al., 1998).

Loss of heterozygosity (LOH) in the tuberous sclerosis 1 (T SC1)-gene-associated region
was frequently observed in adenocarcinoma (AC) of the lung and its putative precursor
lesion, atypical adenomatous hyperplasia (AAH) (Takamochi et a., 2004). Some novel
tumor suppressor gene for AC of the lung may be present in this region, and the TSC1
gene located on chromosome 9934 in human. The TSC1 and the TSC2 genes are known
to act as Knudson-type tumor suppressor genes in the pathogenesis of TSC-related
hamartomas. If the TSC1 gene itself is also responsible for the development of AC of the
lung, bidlelic inactivation of the TSC1 gene, allelic loss and mutation, would frequently
be seen in ACs (Kgjino and Hino, 1999).

LOC363557, similar to pl9, is located in position 26. Two proteins encoded by the
INK4a/ARF locus, p16™<* and p19*FF, functionally interact with the retinoblastoma
protein (RB) and Tp53 tumor suppressors (Figure 5), respectively. These four proteins
are among the most frequently disrupted genes in human cancer (Ko and Prives, 1996).
The p19*™ tumor suppressor acts as a sensor of hyperproliferative signals emanating
from oncoproteins and inducers of S-phase entry, such as Myc, Ras, and E2F-1. In turn,
p19°"F triggers Tp53 -dependent growth arrest in the G1 and G2 phases of the cell cycle
or, in the presence of appropriate collateral signals, sensitizes cells to apoptosis. ARF
binds directly to Mdm2, sequestering it in the nucleolus and enabling transcriptionally
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active Tp53 to accumulate in the nucleoplasm. ARF aso limits the ability of Mdm?2 to
ubiquitinate Tp53 in vitro and in vivo (Kalinichenko et al., 2004).

Weber et a. (2000), proposed that the pl9 (ARF) tumor suppressor has Tp53
independent functions (see figure 5). Individual TKO (triple knock out) mice nullizygous
for ARF, p53, and Mdm2 develop multiple tumors at a frequency greater than those
observed in animals lacking both Tp53 and Mdm2 or Tp53 aone, demonstrating that
P19ARF can act independently of the Mdm2-Tp53 axis in tumor surveillance. Weber et
al found that reintroduction of ARF into TKO mouse embryo fibroblasts (M EFs), but not
into those lacking both Tp53 and ARF, arrested the cell divison cycle in the G1 phase.
Inhibition of the retinoblastoma protein had no effect on the ability of ARF to arrest TKO
MEFs. Thus, in the absence of Mdm2, p19ARF interacts with other targets to inhibit cell
proliferation (Figure 5).

The fact that pl9 has Tp53-independent function is supportive evidence for the
conclusion drawn from the tree models that there was no causality between region | and
region I1l.

5 Conclusions

The high degree of consistency of results among the different methods, previous studies
and previous knowledge about tumorigenesis constitute supportive evidence for the
reliability of tree models.

Although the existence of inconsistencies in tree models prevents us from drawing clearer
conclusions about each position, there are still were common features in tree models:
Firstly, positions that are nearby on the chromosome also gppear together in the trees,
regardless of which method was used. Secondly, there were three mgor regions: region [
(25, 26, 27, 28 and 30), region |1 (40, 46, 48 and 49), and region 111 (61, 62, 63 and 66),
and two subordinate regions: region 1V (36 and 37) and region V (73 and 79). Region [
and 111 branch from region I, in other words, region 11 was causal for region [ and 11,
but there was no causal relationship between region 111 and region I. Region I wasthe
earliest region, region 111 was the second, and region I was the third. Thirdly, there was
ahigh degree of consistency between subtreesin tree models.

The results drawn from tree models show directions for further biological experiments.
The functions of some genes (such as LOC303076 and LOC303073) harbored in
important positions and the relationships among them were not clear. On the other hand,
not much information was found in some important position (for example, 28, 40 and 61).
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6 Futurework

The results presented in this thesis indicate that the future for applying pathway modelsin
marker data of EAC is very promising, but there is still much work to be done in
developing and optimizing the method.

6.1 Further refining the results.

As discussed previously, information useful for distinguishing between different genetic
events was radically reduced by using a cut-off AIR value of 0.6. (Behboudi et al., 2001).
To improve the performance of tree models, we can refine the current results by using the
real AIR valuein future work. (Mention if this requires modification of algorithms).

6.2 Improving the algorithm

Traditional agorithms were used in this thesis, but other algorithms may also be suitable
for inferring models of tumorigenesis. For example, Markov chains seem suitable for
mimicking the different tumor stages. The more different angles the cancerous process is
observed from, the more of the truth of EAC tumorigenesis will we come to know.

6.3 Further biology experiment

Firstly, maybe, it is good to study further the shifting importance of regions with respect
to different genetic backgrounds. The regions shift when data sets change. Models
derived from the ST data set of SPRD include one distal region IV, while models derived
from the ST data set of BN lack region | and region V. In addition, models derived from
TC datasets only have region Il. These phenomena give hints for further study.

Secondly, on the one hand, only focusing on chromosome 10 made the problem of tree
building easier to solve; on the other hand, the information about interrelationships
between different chromosomes is omitted. Consequently, the contribution is limited by
only working on chromosome 10. If we work on more available data from the whole
genome, it is possible that we will get a panoramic picture in the future.

Last but not least, the hypothesis given by tree models give hints to biologists, at the
same time, it needs to be verified by further biological experiments. For example, the
function of some genes harbored in some important positions given by tree models is not
clear, such as LOC303076 which is an unknown nuclear protein and L OC303073 which
is similar to Tp53 inducible protein. Once we know more functions of the genes and the
interactions between them, the hypothesis may be verified.
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