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ABSTRACT

Cancer is a worldwide relevant illness given its mortality rates and associated economic and
social repercussions. Genetic profiling has become one of the most important tools for cancer
characterization, its diagnosis and prognosis. Microarrays are biological experiments that
have been used in recent years with this end in mind due to their capacity to measure the
relative genetic expression of tens of thousands of genes simultaneously. One of the principal
aims using data from microarray experiments is the selection of relevant genes that can be
used as surrogate measures for the state of cancer, i.e. cancer biomarker genes. Many and
varied methodologies have been developed and used for this purpose ranging from the
simplest statistical approaches to sophisticated Artificial Intelligence methods. The explored
literature, however, shows that setting parameters for several of these approaches is often a
difficult task for final users, who mainly hail from the biological and medical sciences. As a
consequence, analysis results have been reported to vary across different researchers even
when using the same microarray datasets. This situation is an opportunity to develop
methodologies to find potential cancer biomarkers in a consistent manner.

In this work potential biomarker identification is casted as a Multiple Criteria Optimization
(MCO) Problem, aiming to remove analysis subjectivity due to parameter adjustment. MCO

is a methodology used to find the best compromises between two or more conflicting criteria.
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The main proposition of this work is that several measures related to microarray data analysis
can be seen as criteria to be optimized. It is desirable, for example, that the p-value
associated to a particular gene be low when trying to determine its statistical significance. If a
gene could be characterized through two or more p-values, then an MCO problem can be
formulated. Solving an MCO problem results in a set of solutions representing the best
compromises among all the considered criteria. These solutions are called Pareto-efficient
solutions and they conform a so-called efficient frontier of the problem. This work proposes
that genes on the resulting efficient frontier of an associated MCO problem could be cancer
biomarkers. Among the methodologies used to solve MCO problems, Data Envelopment
Analysis (DEA) has been chosen in this work because it does not require parameter setting
by the user in many of its possible formulations. Furthermore, DEA can be solved through
linear programming, the most tractable of optimization problems and for which inexpensive
commercial software readily available. To the best extent of our knowledge, this work
constitutes the first effort on using Multiple Criteria Optimization to detect potential cancer

biomarkers from microarray data.
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RESUMEN

El cancer es una enfermedad importante a nivel mundial dado su nivel de mortandad y sus
repercusiones sociales y economicas. Los perfiles genéticos se han convertido en una de las
herramientas mas importantes para la caracterizacion del cancer. Los microarreglos son
experimentos bioldgicos que se han venido usando en los ultimos afios para obtener dichos
perfiles, dada su capacidad de medir la expresion relativa de decenas de miles de genes de
manera simultanea. Una de las principales tareas al trabajar con datos que provienen de los
experimentos de microarreglos, es la seleccion de genes relevantes que puedan ser utilizados
como detectores de la presencia de la enfermedad, en otras palabras, genes biomarcadores de
cancer. Muchas y muy variadas metodologias se han desarrollado con estos propésitos, las
cuales van desde los procedimientos estadisticos mas simples hasta los métodos mas
sofisticados de Inteligencia Artificial. Sin embargo, en la literatura explorada se muestra que,
en muchos de los enfoques utilizados, la definicidn de ciertos parametros resulta ser una tarea
dificil para los usuarios finales, los cuales provienen principalmente de los campos de
biologia y medicina. A consecuencia de ésto, los andlisis reportados varian entre los
diferentes investigadores aun cuando se utilicen los mismos datos. Esta situacion es una
oportunidad para desarrollar metodologias para encontrar biomarcadores potenciales de

cancer en una forma consistente.
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En este trabajo la identificacion de biomarcadores potenciales es tratada como un Problema
de Optimizacion de Mudltiples Criterios (MCO por sus siglas en inglés), el cual permite
extraer la subjetividad que se da por el ajuste de pardmetros por los usuarios. La propuesta
principal de este trabajo es que muchas medidas relacionadas con el analisis de microarreglos
pueden ser vistas como criterios a ser optimizados. Es deseable, por ejemplo, que el valor-p
asociado a un gen en particular sea menor cuando se trata de determinar su significancia
estadistica. Si un gen puede ser caracterizado por medio de dos 0 mas valores-p, entonces es
factible formular un problema de MCO. La solucién de un problema de MCO resulta en un
conjunto de soluciones llamadas Pareto-eficientes que conforman la frontera eficiente de tal
problema. Este trabajo propone que los genes que resulten en la frontera eficiente del
problema de optimizacién de mudltiples criterios asociado pueden ser biomarcadores de
cancer. Entre las metodologias existentes para resolver problemas MCO, el Analisis
Envolvente de Datos (DEA por sus siglas en inglés) se ha elegido para ser utilizado en este
trabajo dado que no requiere el ajuste de parametros por el usuario en muchas de sus posibles
formulaciones. Ademas, DEA puede ser resuelto por medio de programacion lineal, que es el
problema maés tratable de optimizacion y para el cual existe una amplia variedad de paquetes
computacionales disponibles. De acuerdo con la busqueda de literatura, llevada a cabo en
esta tesis, esta constituye el primer esfuerzo en usar Optimizacion de Multiples Criterios para

detectar biomarcadores potenciales de cancer a partir de datos de microarreglos.
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1 INTRODUCTION

1.1 Motivation

There is no doubt that cancer is a worldwide human health challenge owing to its associated
mortality rates and its economic and social repercussions in society at large (1,2). Basic
understanding, diagnosis, prognosis and treatment of cancer are the focuses of extensive

research endeavors across multiple disciplines everywhere (3).

One of the characterization tools that have gained relevance in recent decades is that of
measuring gene expression through microarrays (4-6). Microarrays are, indeed, capable to
provide gene expression readings for tens of thousands of genes in a simultaneous manner,
thus resulting in databases of considerable size. These large amounts of information require

subsequent analyses to derive biological insight and usable medical knowledge (7-11).

Microarrays have been used for diverse purposes in cancer research, spanning from gene
identification through cancer prognosis. When it comes to gene identification, biomarkers
take a particularly important place. Biomarker genes are those that characterize a particular

biological state such as an illness or a specific illness stage (12,13).

Although much effort has been dedicated to the analysis of microarray data to detect
biomarkers, this process still faces several challenges in at least two aspects: (i) researcher-

dependency of the results, and (ii) transparency of the methods used to elicit the result for the



final users. One common thread in (i) and (ii) is the use of analysis methods that require the
adjustment of several parameters of computational, statistical or mathematical nature that do
not necessarily have a related biological or medical meaning. This implies that, often times,
the final users —from Biology and Medicine- are left with black-boxes with parameters whose
adjustment will significantly affect the final results of the analysis, and whose successful

tuning requires understanding of other fields.

In this work, the identification of potential cancer biomarker genes is formulated as a
multiple criteria optimization problem based on microarray data. The resulting problem is
solved through the application of Data Envelopment Analysis. The proposed method does
not require any parameter adjustment from the user, and thereby preserves the objectivity and
reproducibility of the analyses. This is, indeed, the first time that gene identification is
approached through multiple criteria optimization techniques based on microarray data.
Furthermore, the lists of potential cancer biomarkers elicited through the methods articulated
in this thesis will constitute an important contribution from the industrial engineering field to

cancer research.



1.2 Objective

The objective of this thesis is to cast the gene selection problem in microarray analysis as a
multiple criteria optimization problem, aiming to identify potential cancer biomarker genes.
As a first approach, the resulting multiple criteria optimization problem will be solved
through the application of Data Envelopment Analysis. Validation of the potential biomarker
gene sets will be carried out through search on the genes’ proposed role in the existing

literature.

1.3 Work Organization

In Chapter 2 the background of this work is presented first with an introduction to the
biological terminology, followed by a Literature Review to finally describe the tools to be
used in this work in the context of the problem at hand: Multiple Criteria Optimization and
Data Envelopment Analysis.

Chapter 3 presents the three different experimental structures that were used to explore the
capabilities of the proposed method. The results are presented and technically evaluated. In
Chapter 4 the analyses of the previous results and their validation processes are presented.
One validation scheme is based in previous works, another one is supported by data, and the
last one is based on the search for specific gene roles. Conclusions and future work are

presented in Chapter 5.



2 BACKGROUND

2.1 Biological Background

2.1.1 Cancer

Every human cell has a defined life cycle known as the “cellular cycle”. This cycle is
composed by 3 phases: (1) the origin of the cell through the mitosis process, (2) cell growth,
which is achieved to perform its intended functions; and (3) cellular death in an auto
programmed manner called apoptosis. This process is continuously executed during the life
of every tissue renewing its functional cells. Unfortunately some internal and external factors
in the organism can result in the alteration of the apoptosis process, thus resulting in cells that
do not die. The accumulation of such cell forms interferes with normal tissue functions and is

capable to invade other tissues.

Cancer, then, is the term used to call the uncontrolled growth of abnormal cells. When other
tissues are invaded, the phenomenon is called metastasis. Metastasis is, indeed, the principal
reason for cancer related deaths. The birth zone of the cancerous cells give name to the
cancer type, resulting in the existence of over 100 different cancer types, i.e. stomach cancer,

prostate cancer, and so on.

Cancer can be caused by genetic mutations, hormonal abnormalities, immune conditions or
metabolism mutations as well as external factors such as the exposure to radiation, chemicals,

infectious organisms or tobacco (1).



Different treatments can be applied to attempt cancer eradication. Surgeries, chemotherapy,
radiotherapy, hormonal treatment, are among the most common ones. Given the metastasis
phenomenon, it is of paramount importance that diagnosis happens in the early stages of the
illness to improve the survival chances of patients. It is estimated that one third of cancers
could be cured if detected early and treated adequately (2).

World Health Organization statistics shows that cancer is a leading cause of death worldwide
with 7.9 million fatalities in 2007. These represented the 13% of the total deaths that year.
Worldwide, the five most common types of cancer that cause death in males are, in order of
importance, lung, stomach, liver, colorectal and esophageal cancer; while breast, lung,
stomach, colorectal and cervical cancer are the leading ones in females.

According to the American Society of Cancer, at least 1,529,560 new cancer cases are
expected to be diagnosed in 2010 in USA. About 569,490 Americans are expected to die of
cancer (more than 1,500 people a day), making it the second most common cause of death
behind heart diseases (1).

Even though the genetic information is not the only factor to develop cancer, its contribution
is large when combined with other internal or external factors. For this reason genetic
profiles for different kinds of cancer have been extensively studied through different
methodologies, including microarrays (5,14-19).

Cancer diagnosis has typically been made through morphologic characterization of a tumor
sample; an increasing interest to support diagnosis with genetic profiling is evident. In

addition to diagnosis, cancer prognosis, which refers to the determination of the cancer stage



and its most likely course of development (3,20-22), can also be carried out using genetic
information.

If the expression of a reduced number of genes is recognized to be characteristic of certain
kind of cancer, pharmaceutical efforts can be focused in the expression stimulus or
suppression of these genes for cancer treatment. Genetic characterization can be also useful
to develop tailored treatments for each patient, avoiding unnecessary exposition to chemo or
radiotherapy (13). Microarray experiments aided with a variety of data processing techniques
have been used to identify these important genes, usually called biomarkers. The next section,

presents a brief description of biomarkers.



2.1.2 Biomarker genes

A Biological marker, or biomarker, is defined by the Biomarker Definitions Working Group
(BDWG) in (12) as “a characteristic that is objectively measured and evaluated as an
indicator of normal biological processes, pathogenic processes or pharmacologic responses to
a therapeutic intervention”.
Applications of biomarkers that the BDWG has defined for disease detection and monitoring
of health status include:

e Identification of patients with a disease or an abnormal condition,

o Determination of development stage of the disease,

e Determination of the disease prognosis,

e Prediction and monitoring of the clinical response of an intervention.
Some biomarkers, known as surrogate endpoints, are intended to be proxies for
characteristics that reflect how a patient feels, functions or survives (12). When this kind of
biomarkers is found, their reliable validation is needed. Clinical trials are required by the
Federal Drug Administration (FDA) to start the use of biomarkers proposed by the research
community. Thus, the validation of a biomarker is a lengthy process that spans for years.
In the specific case of cancer, cancer biomarkers have been discovered and utilized with
specific purposes such as: a) early cancer detection, b) cancer diagnosis, ¢) cancer prognosis,
d) prediction of patient response to cancer eradication therapies, and e) prediction of cancer

recurrence (23).



It is expected that groups of biomarkers be analyzed jointly rather than individually to
improve sensitivity of cancer diagnosis and prognosis. It is also expected that particular
groups of biomarkers exist for each type of cancer. Information provided by biomarkers can
also potentially aid the development of tailored treatments, perhaps without excessive
exposure to chemo or radiotherapies (23).

In some cases, a particular biomarker plays a role in more than one type of cancer. For
example, the mutation of BRCAL and BRCAZ2 genes has been reported as a risk enhancer of
Breast cancer. The mutations of these genes however, are also biomarkers of ovarian,
prostate, colon and pancreatic cancer among others (23). A short list of genes reported as

hereditary biomarkers genes is shown in Table 2-1.

Table 2-1. Some known genetic mutations related to a variety of cancer types. Source (23).

Gene Mutation Related Cancer Phenotypes
BRCA1 Breast-Female, ovarian, fallopian tube, primary peritoneal and
prostate cancer
BRCA2 Breast-Female, breast-male, ovarian, fallopian tube, primary
peritoneal, pancreas and peritoneal cancer
APC Colon/rectum, hepatoblastoma, brain (medulloblastoma), pancreas,

small bowel, gastric, thyroid (non-medullary)

Malignant peripheral nerve sheath rumor, astocitoma,
NF1 pheochromocytoma, meuroblastoma, ependymoma,
rhabdomyosarcoma, glioma

Pancreas-islet cell, amine precursor uptake and decaroxylation

MEN1 ) . ..
tumors, adrenal cortical carcinoma, carcinoid

RET Pheochromocytoma, thyroid (medullary)




2.1.3 Microarrays

A microarray is a biological experiment where the expression of tens of thousands of genes
can be measured simultaneously. Typically, a physical platform with probes capable to detect
particular biological entities is involved. For genes, each probe contains a known sequence.
The expression of each known sequence is measured reading the fluorescence of a deposited
sample of interest. The sample is the extracted RNA from a tissue that is prepared for these

purposes.

There are different kinds of microarray experiments, each of them with different
preprocessing, experimental execution, image processing and data acquisition requirements
and characteristics. A description of several variants of microarray experiments is presented
in (6). In general, there are two kinds of microarray experiments, those known as cDNA
microarrays (from complementary DNA) and oligonucleotide microarrays (5,16,17,19,24). A
description of the principal characteristics, advantages and disadvantages of each type is

presented next.

2.1.3.1 cDNA Microarrays

Several libraries have been built in order to use knowledge from genetic sequences already
discovered. These libraries facilitate experimentation with those sequences that are kept in

state of complimentary DNA (cDNA). This is the best known preservation method due to the
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degradation tendencies of the genetic material. To design a cDNA microarray, a defined
number of known sequences are selected and requested from the existing libraries. These
sequences are amplified through a process called Polymer Chain Reaction (PCR) to increase
their quantity and build the array (17). This reaction is performed in a well plate and, finally,
the amplified sequences are spotted through an automated process in a small glass surface in
form of a dense array ordered as a grid where each place contains a known gene sequence.
Figure 2-1 illustrates this process. Nowadays, this process is technically easy to replicate (18),
for this reason microarray costs have decreased in later years. Although still expensive,
cDNA microarrays’ cost and potential to be customized are advantages when compared to
oligonucleotide microarrays (5,16,17). Some limitations of cDNA microarrays include the
degradation of the original DNA material from libraries during the different PCR reactions,
difficulties for physical handling, and the possibility of cross contamination between

sequences.

Figure 2-1. General structure of the deposition procedure in microarray manufacture, this
methodology is used for cDNA and long oligonulcleotide microarrays.
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2.1.3.2 Oligonucleotide Microarrays

In oligonucleotide microarrays, gene sequences are generated from the deposition of their
basic components i.e. nitrogenous bases: Adenine, Cytosine, Guanine and Thymine. Readers
interested in biology foundations are referred to [6]. Gene sequences can be represented by
their original long sequence of nucleotide acids or by dividing them in shorter pieces. In the
latter case, a single gene sequence is divided in segments for its deposition. Bases
corresponding to those segments are deposited in the surface in order; when the experiment is

performed, those segments are read together to interpret the expression of the gene involved.

There are at least four methods to develop oligonucleotide microarrays. The first method is
photolithography, used by the producer Affymetrix (Figure 2-2). This method deposits the
bases in different places. It does so depending on the area that is exposed to light in the

supporting glass surface of the microarray upon a predefined order (6).

Figure 2-2. Photolithographic process in microarray manufacturing, principal producer (Affymetrix).
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The second method is the ink jet technology and is used by Agilent (Figure 2-3), Protogene,
among others. It is similar to an ink jet printing deposition where the different bases are

contained in cartridges and their distribution is spotted in a predefined order also (6).

Figure 2-3. Ink Jet printing process in microarray manufacturing, principal producer (Agilent).

The third method is the electrochemical synthesis (Figure 2-4) used by the producer
CombiMatrix. In this method the substrate contains electrodes embedded to manage the
deposition of different bases contained in solutions and washed in every step in the different

individual reaction sites (6).
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Figure 2-4. Electrochemical synthesis process in microarray manufacturing, principal producer
(Combimatrix).

These three methods are known as in situ synthesis methods, due to their characteristic
requirement to place the known material directly in its purest state (nitrogenous bases). These
methods eliminate the noise from PCR reactions and the potential cross contamination for
sequence deposition that is found in cDNA microarrays. Finally, another process for
oligonucleotide arrays is the previous preparation of the specific nucleotide long sequences
base by base and their deposition as in the cDNA arrays. Here the deposition method and the
knowledge about the generated sequence are essential (6). Figure 2-1 helps to illustrate this

process as well.
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2.1.3.3 Microarrays Execution

For the execution of any microarray experiment, the RNA should be extracted and amplified
from a tissue of interest through a series of biological processes. The readers interested on the

details of the different biological processes across the different platforms is referred to [6].

For cDNA microarrays’ execution typically two kinds of tissues are prepared: control and
treatment. The former refers to known samples that act as references to measure the relative
changes of genetic expression on the treatment tissues. The latter could be tissues on any
state of interest, including healthy, illness states or drug treatment among others. In the
cDNA array case, both, control and treatment tissues should be analyzed at the same time in
each platform (Figure 2-5), whereas in the Affymetrix case, one tissue is analyzed in each

run without the need of using a control tissue (17).
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Figure 2-5. Execution diagram of a Microarray experiment, a) cDNA microarray execution, b)
Oligonucleotide microarray execution.

The RNA samples should be labeled with fluorescent dyes for each state. For the cDNA
arrays the labeling is typically done using Cy3 (green) for the control tissues and Cy5 (red)
for the treatment tissues. In the case of the Affymetrix microarray, the samples should be
labeled with Biotin dye. Once labeled, the samples are deposited in the cDNA or the

Affymetrix probe (Figure 2-5).
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Figure 2-6. General scheme for the reading of gene expression for the cDNA microarrays (a) and the
Affymetrix microarrays (b)

Once the experiment is hybridized, the gene expression level is measured through the reading

of the excitation of each utilized dye using a laser beam in a specialized equipment.
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2.1.3.4 Interpretation of Microarrays

While each spot represents one gene in the cDNA arrays (Figure 2-6 (a)), the unit of study
for each gene in the affymetrix platform is composed of two series of 20 defined sequences
of oligonucleotides arranged together. One series is known as Perfect Match (PM) that
contains the correct sequence of the gene, the second series, known as Mismatch (MM)
contains the same sequence but with an intentionally wrong base placed in a known position
(5,6). Affymetrix reading is finally obtained through the differences between PM and MM,

Figure 2-6 (b).

The reading for cDNA microarrays is made through the different channels related to the
control and treatment samples (green and red, as conventionally used). After processing the
intensity of each channel is transformed usually through the use of log, of the ratio of

intensities (log,R/G).

There is no consensus about what kind of platform is better for a reliable quantification of
gene expression. Depending on the goals of the analysis, different researchers argue about
the adequacy of one over the other. The MicroArray Quality Control consortium (MAQC)
presented an effort in (25) to compare the platforms from different producers. Among other
limitations, they found that, a direct comparison of expression values generated on different
microarray platforms cannot be done, given their unique labeling methods. Another

opportunity of improvement in the microarray technology development are the methods of
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MRNA extraction and the image acquisition process, since they have been recognized as

sources of experimental noise (6,17).

The characteristics of each cell are given by their level of protein expressed. The level of
production of these proteins are defined by the RNA. This translation however, is not perfect.
Microarrays measure RNA expression, but not protein level, which could be a more
informative clue in biological terms. New methodologies such as Reverse Phase Protein

Arrays (RPPA) (26), have been developed in the most recent years to resolve this issue.

It is also important to note that microarray experiments are, to date, considered costly. The
cost of one microarray run is estimated to be in the order of thousands of dollars (27). A large
investment then has gone into creating the microarray databases available in public
repositories. It is, therefore important to develop methodologies to get useful insight for
cancer and other illnesses from the secondary analysis of microarray data. The work

presented in this thesis moves along this line of development.
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2.2 Literature Review

Since their first appearance in 1995 (4), microarray experiments have been used for many
purposes due to their capability to quantify the gene expression for tens of thousands of
genes in a simultaneous manner. Many approaches, as explained later, have been used to
address the extraction of relevant biological and medical knowledge from the resulting large

databases.

One attempt at knowledge extraction consists on determining which of the thousands of
genes change their expression levels from one state to another, for example, from a state of
health to a state of cancer. This problem has been referred to as gene selection or gene
filtering (24,28-30). Gene filtering has been extensively explored given its potential to
recognize a reduced number of genes that can provide a shortcut to diagnosis or prognosis for
a particular illness. This process, with a higher focus on relevance and compactness for the
group of selected genes, can also be used to detect potential biomarker genes. Identification
of a smaller set of genes can offer savings in research resources to elicit useful advances in

the race against cancer.

Gene filtering has been explored through a wide variety of techniques. The simplest of these
is the Fold Change technique (31), which measures the number of times that the expression
level of a gene in a particular state doubles the expression level for such gene in a different

state of interest. Additionally, normality-based statistics approaches, like the 2 sample t-test
20



(7), ANOVA (8), Welch t-test (32) have also been extensively applied with gene filtering in
mind. Some authors have stressed the fact that gene expression level does not follow a
normal distribution (33-35), proposing the use of non-parametric statistics like the Wilcoxon
Mann Whitney test (35). Some examples of these early gene filtering procedures can be

found in (7,36-38).

One of the most utilized tools nowadays for gene filtering is the Significance Analysis of
Microarrays (SAM) (33). SAM is a non-parametric approach that calculates a statistic, d,
based on the gene expression means to standard deviation ratio for a particular gene. This
approach is similar to the t-statistic, except that the distribution to be compared against is
generated through a series of random permutations. This tool was first proposed by Tusher et
al. in (33), nowadays it follows the methodology presented by Efron and Tibshirani in (39) in
combination with the Gene Set Enrichment Analysis (GSEA) proposed by Subramanian et al
(40). SAM is completely coded and available as an Excel add-in; despite this, the parameters
to be set for analysis execution and final interpretation are not completely transparent for
final users, usually arising from natural science fields. This fact leads to having different
results that depend on the analyst. Such subjectivity denotes the opportunity to develop
methodologies that are free of parameter adjustment and that converge to reproducible results

across different analysts.
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One of the first efforts to determine a genetic profile to characterize tumors and uncover new
tumor categories was carried out by Golub et al. in 1999 (36). Previous to this study, cancer
diagnosis was done just following the morphologic characteristics of biopsy cells. Golub et al.
focused on supporting this first diagnostic with genetic information derived from microarrays,
allowing a better distinction between cancer subtypes than the one previously achieved solely
with morphological characterization. Golub et al. proposed the use of a so called
neighborhood analysis, which generates an idealized expression pattern corresponding to a
gene that is uniformly high in one class and uniformly low in the other. Gene expression is
represented by vectors, one for each gene. Testing consists on comparing if there is an
unusually high density of genes “nearby” that are similar to the defined idealized patterns i.e.
if correlation exists. Finally, results are compared to randomly generated idealized expression
patterns. If there is a high density of genes, this indicates that many more genes than those
attributable to chance are correlated to the pattern. This approach became an important point
of reference from which the interest to develop other methodologies for the same purposes

grew significantly.

Applying their proposed methodology, Golub et al. selected a 50-gene set based in the
correlation coefficient between Acute Myeloid Leukemia (AML) and Acute Lymphoblastic
Leukemia (ALL) states. This set, called a signature, was validated with available information
of the genes involved on cancer metabolism and also with their classification accuracy. This

signature offers good levels of accuracy in tumor classification in their corresponding class
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(AML or ALL), assigning 29 out of 34 independent samples correctly. Some subsequent
methodologies for gene filtering and diagnosis trough gene characterization used Golub et
al.”s database and results as benchmarks for their own efforts (9). The subsequent works
conclude with different subsets of genes identified as significant, making results
methodology-dependent. Convergence to a unique set of genes would accelerate its use in
cancer research. There is, then, a need for methodologies that converge to a unique set of

relevant genes specially if the same dataset is used.

In 2000, Alizadeh et al. (41) focused on finding the usually difficult characterization among
new kinds of Diffuse Large B-Cell Lymphomas (DLBCL’s), through genetic differentiation.
DLBCL’s are aggressive malignancies of mature B-lymphocytes. Their specific microarray
“lymphochip” composed by more than four thousand genes was designed for this work.
Through the use of hierarchical clustering, hundreds of differentially expressed genes are
selected as related to the differentiation of two new distinguishable subgroups. This work
also has been used extensively as a benchmark for other methodologies resulting on different
sets of selected genes using its database, stressing again the relevance for to the identification

of a unique gene set independently of the experimenters.

Dhanasekaran et al. (42) in 2001 presented a study on the identification of genetic
biomarkers in prostate cancer. Using cDNA microarrays of more than 50 samples among

normal and tumor tissues, the authors defined several associations between genes and
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prostate cancer; assessing two of them, hepsin and pim-1 genes over 700 cancer specimens,
finding a significant correlation among their expression and the clinical outcome. In this case
hepsin and pim-1 can be pointed as potential genetic biomarkers in prostate cancer. It would
also be important to validate results of genetic signature using other databases from the same
cancer type. This thesis structures the opportunity to draw conclusions from the concurrent

analysis of different databases to converge to a gene signature for a specific cancer type.

In 2003 Wong et al. (43), set the hypothesis that the genetic profile of cervical cancer can be
used to separate healthy samples from unhealthy ones. Their work used the Wilcoxon’s rank-
sum test along with the Benjamini and Hochberg’s False Discovery Rate correction (44) to
define a profile of about 40 genes. The authors were able to separate tumors at different
cancer stages as well as their expected response to radiotherapy. This segregation of healthy
and cancer tissues as well as the segregation among different cancer stages represent the
main contribution of their work. As in the prostate cancer case, the set of genes found for
cervix cancer should be also validated across different datasets to make their evidence

stronger as potential biomarkers.

The last two cases were devoted to the identification of a signature for specific cancer types:

prostate cancer and cervix cancer. Determining a unique set of biomarker genes for any

cancer type would result in a helpful tool for diagnosis and prognosis of the illness. As one of
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its aims, this thesis proposes to find a set of potential biomarker genes for the general state of

cancer from the analysis executed over different cancer types.

Several efforts have been carried out exploring the capabilities of simple filtering techniques
combined with clustering methods for classification purposes with interesting results. Khan
et al. in (45) developed an Artificial Neural Network (ANN) approach to classify four kinds
of round blue-cell tumors (SRBCT’s). Given that there was an opportunity to improve the
accuracy of cancer subtype diagnosis for timely treatment, the authors used principal
component analysis (PCA) as a filtering technique and then used the selected genes as the
information for training a neural network classifier. This is one of the first documented uses
of an Atrtificial Intelligence application for classification purposes based in a previous gene
selection. A more extensive exploration of the classification methodologies can be found in
(46). Even though Khan et al. case reached a good level of classification accuracy; the
execution of their methodology includes the use of PCA and ANNSs. The effective use of
these tools requires an advanced level of knowledge in fields not necessarily dominated by
natural scientists, the final users. This fact highlights the need for methodologies that are

friendlier to the final users in terms of knowledge extraction.

Several advances regarding gene filtering are considered in the MammaPrint case (47-52).
When a breast cancer patient is treated and the illness is eradicated, there is a chance to

relapse and develop the illness either in that zone or another one altogether (metastasis).
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van’t Veer et al. (47) started looking for a specific gene signature that allowed the
differentiation among breast cancer patients with potential to relapse in the next five years.
The authors used a three-step supervised classification method. The method starts with the
calculation of the correlation coefficient between the expression for each gene and the
disease outcome reducing the original number of genes from 25,000 to 231. Secondly the
selected genes are ranked by magnitude. Finally, subsets of 5 genes from the ranked list are
added to the predictive set of genes looking to optimize the number of genes in this set
aiming to improve its classification quality. This procedure ended with a subset of 70
relevant genes. This subset was validated differentiating among patients with “good
prognosis” (low probability to relapse) from those with a “poor prognosis” (high probability
to relapse), with competitive results. The main advantage for this differentiation is to have
the ability to prescribe tailored treatments without exposing the patient unnecessarily to
radiation or chemotherapy, thereby improving patient life quality. All the efforts of this
research group derived on patenting the MammaPrint chip that is actually approved by the
Federal Drug Administration (FDA) to be produced and sold for its use as a prediction tool of
breast cancer recurrence. The availability of cancer diagnosis tools based on biomarkers can
be helpful for early detection of cancer, as well as the definition of its treatment. This thesis
presents a novel approach for the selection of potential biomarker sets which, after careful

validation, might help develop cancer diagnosis and prognosis tools.
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In a parallel effort, Wang et al. (53) start with the same objective as the MammaPrint case of
finding a breast cancer genetic signature and describe a study performed using Affymetrix
microarrays. Using a completely different set of tools, composed by hierarchical clustering,
univariate Cox’s proportional-hazards regression and bootstrapping, Wang et al. found a 76-
gene signature for prediction of distant tumor recurrence on breast cancer. On (54),
differences between both sets of predictor genes are notorious. The reason for this
discrepancy has been attributed to differences among microarray platforms, genes used in the
arrays, experimental conditions as well as to pure chance. Only three genes are shared
between the MammaPrint and the Affymetrix gene signature. This discrepancy among
predictor gene sets is further explored in (54) where the MammaPrint data set is used to
assess the reproducibility of the 70-gene signature previously obtained, concluding that there
are many ways to construct a 70-gene predictor that offer similar levels of prediction. It is
important to conciliate the existent gene sets on a stronger gene signature that can offer better
diagnosis capabilities. In this thesis, the proposed method constitutes one possible venue for

synthesizing conflicting results to construct a common gene set.

Lee et al. (55) explored several gene filtering and classification techniques when applied to
seven databases that have been extensively cited in previous works (7,36,37,41,56-58). This
work concludes with the suggestion of which method would result in the best level of
classification for each database. Even though this work has given some direction on how to

deal with the different available databases, it assumes that all the differences are solely
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tissue-related. However, the analysis presented by (54) associates the divergence in
conclusions with the different gene sets even when using the same database. In this thesis the
focus is on the robust identification of those potential cancer biomarker genes across multiple

databases, which might allow for more stable results.

In summary, the opportunity areas identified on the reviewed literature are two. First the used
statistical techniques require formal and sometimes advanced training to adequately make
conclusions and extract knowledge. It must be recognized that many final users in Medicine
and Biology might lack sufficient training in these disciplines. Regarding more complex
methodologies as the Artificial Intelligence techniques, these have to be designed and
programmed requiring previous data information, or expert decisions (45,59) offering the
same limitations for final users. Second, existing methodologies often lack reproducibility
because of the required adjustment of parameters by the users. These parameters tend to not

have a medical, biological or sometimes statistical meaning.

There is an opportunity to develop tools that require little or none parameter adjustment that
result in consistent analyses for non-statisticians and natural sciences specialists, who are the
final users and who are capable to make better sense of gene selection. This is especially true
in the identification of potential cancer biomarkers, their validation and their subsequent
application for diagnosis and prognosis. A methodology that is reliable, objective and

consistent is envisioned to this end.
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The approach presented in this thesis addresses the identification of potential cancer

biomarker genes through the use of Multiple Criteria Optimization.

Multiple Criteria Optimization (MCO) is used to identify the best compromising solutions

when considering two or more conflicting criteria.

Some authors have referred a theoretical relation of Data Envelopment Analysis (DEA) as
useful tool to solve MCO problems in [74,79]. MCO has been used to find the best
compromises between two or more criteria previously in the manufacturing field (60-63).
DEA, a technique in which our research group has extensive experience, is among the
methods previously utilized to solve MCO problems (61-64). The MCO problem associated
to biomarker finding proposed in this manuscript will be approached through the use of DEA,
offering a novel strategy requiring little statistical knowledge and no parameter adjustment

by the user. The details of the related methods are described next.
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2.3 Methodology Background

2.3.1 Multiple Criteria Optimization (MCQO)

An optimization problem involves finding the best solution from all feasible solutions. When
a single criterion or performance measure is used, this is mathematically represented by a so-
called objective function. Thus, the best solution is the one with the largest —in
maximization- or smallest —in minimization- value of the objective function. When two or
more conflicting criteria are considered, then the case is one of multiple criteria optimization
(MCO). As an example of this kind of problems we will consider the selection of a car
considering its retail cost altogether with its safety rating as shown in Figure 2-7. Those
criteria are in conflict because the objective to the car retail cost is about minimizing and the
safety rating would be intended to be maximized, but safer cars are expensive, because
producers invested in design and special materials, while cheaper cars lack in safety.

Due to the conflict between the considered criteria, a unique best solution cannot be reached
for this kind of problems. An MCO problem aims to locate the best compromises between
the considered criteria instead.

The resulting best compromises are known as Pareto-efficient solutions, or simply efficient
solutions (65), and they form an efficient frontier. Efficient solutions are those options in the
feasible set of solutions for which the performance of one criterion cannot be improved

without worsening at least another one (66).
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The feasible space can be represented in k dimensions, each one associated to a criterion
being considered. In Figure 2-7, the car selection example, k=2 conflicting criteria, placing
the car retail price on the x axis and the safety rating on the y axis. All points represent the
feasible space, i.e. all possible cars. Considering the minimization of the first criteria and the
maximization for the second criteria in this case, the best compromises or efficient solutions
are joined by straight-line segments and they conform the efficient frontier of the problem.
As it can be appreciated in Figure 2-7, moving from one efficient solution to the other

implies improving in one criterion but necessarily losing in the other one.
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Figure 2-7. lllustration of a Multiple Criteria Optimization Problem

In MCO applications, the criteria under consideration are also called Performance Measures
(PM). Different conflicting PMs can be obtained from genetic expression on microarray data

to create an MCO problem. In particular for gene selection, we will be interested in PMs for
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each particular gene under analysis. These PMs can be obtained from statistical tests in the
form of p-values as explained next.

Statistical testing has been used to detect significant changes for genetic expression when
comparing samples of two or more different sates using microarray data e.g. treatment vs
control. P-values obtained from statistical tests are measures used to determine gene
relevance. If the computed p-value for a particular gene is smaller than a significance value a,
the difference in the relative expression for that gene is considered to be large enough when
contrasting both states. It follows, then, that lower p-values show stronger evidence of
significant change between the involved states for the gene under study, and therefore, the p-
value can be visualized as a PM to be minimized. Figure 2-8 illustrates the process of
obtaining a p-value from a statistical test for a particular gene in a given experiment

contrasting control vs. treatment tissues.

Figure 2-8. Scheme for a statistical analysis for genes comparing control vs. treatment. A p-value can
be treated as Performance Measure to minimize.

If two different microarray experiments characterized through a common set of genes are

analyzed through a statistic test, the results are not expected to be the same. Thus, the
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resulting p-values can be treated as conflicting PMs to be minimized on an MCO problem as

illustrated in Figure 2-9.

Figure 2-9. Analysis of two p-values as conflicting PM to be minimized in an MCO problem. Genes
located in the efficient frontier would be proposed as potential biomarkers.

This work poses that the genes associated to the best compromises resulting from the solution
of the defined MCO problem would show stronger evidence to be relevant for cancer
differentiation i.e. identified as potential cancer biomarkers. These genes, as shown in Figure
2-9, would be located on the efficient frontier of the associated MCO problem. Although
there are many solution methods for an MCO problem (65,66), in this work, the use of DEA
is proposed as a first solution approach. DEA is explained in the next section along with

some of the issues that must be considered for its use to solve MCO problems.
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2.3.2 Data Envelopment Analysis (DEA)

DEA is a tool that can be used to find the best compromises in an MCO problem, i.e. to
locate the efficient solutions in the presence of conflict between two or more PMs.

The idea behind DEA is to use an optimization model to compute a relative efficiency score
for each particular solution with respect to the rest of the candidate solutions. The resulting
best compromises, identified through the maximum possible efficiency score (usually a score
of 1), form the envelope of the solution set. These solutions are, indeed, efficient solutions
(67-69). In typical DEA the alternatives to evaluate are called Decision Making Units
(DMU'’s), and these are assumed to consume different inputs (x’s) to produce different
outputs (y’s). The amount of x’s consumed and the amount of y’s produced are known, thus,
in the mathematical programming formulation of DEA, these are constants. Two DEA linear
programming formulations proposed by Banker, Charnes and Cooper (68) as envelopment

models are shown below:

Find g,lj,s:,s: to
Minimize g - 5(2 s, 2 s:)

iT1 r-1

Subject to

2 xijij+s;:9xi0 i=12,...m (1)
jT1

i:yij’lj’s::yro r=1,2 s
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Find ¢,}”.,s. ,s+ to

Maximize ¢ - g(z s, ) s:)

iT1 r=1

Subject  to
A+ = i =
Z X, 7S, X, 1-1.,2,...,m (2)
iT1
Zyij}“j’sr: Y., r-1z2 s
i

Where n is the number of DMU’s to be evaluated, using m different inputs to produce s
different outputs. Specifically, DMU; consumes an amount x; of input i and produces an
amount y,; of output r. We assume that x;;> 0 and y,; > 0, s; and s;" are slack variables and
¢>0 is a so-called non-Archimedean element defined to be smaller than any positive real
number, usually set to a value of 1x10°%; J; is the dual variable for the DMU;. In formulation
(1), DMUy is being compared with a hypothetical linear combination of the other DMUs and

the value of the objective function is equal to one if there is no such linear combination for

n

n
) A xg < X . . . Ay
which ZJ’:l "% for all inputs i, while Zf:l

=y
9 =" for all outputs r (70).

Formulation (1) is called the BCC Input Oriented Envelopment Model and the Formulation
(2) is called the BCC Output Oriented Envelopment Model. Given that the set of efficient
solutions could differ depending upon the model orientation, because of existent alternate

optima, both models are applied to each of the n candidate solutions. A particular solution
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with an objective function value of 1 (i.e. an efficiency score of 1) using both formulations is

considered an efficient solution, and is therefore, in the envelope of the solution set (64).

In this work, it is hypothesized that when DEA is used to solve the MCO problem associated

to gene selection, those genes deemed efficient are very likely to be potential biomarkers.

Even though there is a large variety of methodologies to solve MCO problems (65,66), DEA
has been chosen for this work given its advantage to be based on linear programming, the
most tractable optimization problem. Also, it is important to note that besides the BCC model,
other DEA formulations exist. The BCC model, however, seeks for a piecewise linear
frontier, that translated in terms of the graphical representation of our MCO problem is
equivalent to the convex frontier that we are looking for. Then, it has the advantage of being
capable to find all efficient solutions in the convex area of the efficient frontier in our

problem (68).
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2.3.3 Considerations using DEA to solve the proposed MCO problem

At this point, an analogy between the elements of a DEA statement and an MCO problem
can be done as shown in Table 2-2. In the first column the nomenclature used in DEA is
presented; the second column shows the analogue nomenclature when an MCO approach is
used, and the third column shows the associated elements defined for the proposed MCO
problem for potential biomarker search. The elements in the third column are explained in

the following sections.

Table 2-2. Equivalency between different approaches used in this work.

DEA Biomarker
MCO approach Search as MCO
approach
problem
Decision

. . Candidate Solutions
Making Units (Alternatives) Genes

(DMU" s)
Inputs Performan_ce Measures p_vell_Jel_
to Minimize (to be minimized)
Outputs Performance Measures Transf_p__va!uez
to Maximize (to be maximized)

The work by Bouyssou (71) considers the translation of an MCO problem into a DEA
problem formulation. Although the analogy proposed here goes in the opposite direction, it is
useful for illustrative purposes to show the similarities between both models. In order to do
that, the explanation by Bouyssou (71) is closely followed by letting X = {a1,az,...,a:} be
a finite set of alternatives that have been evaluated on a set of n criteria. Suppose that the

preference is larger-the-better in all criteria, this can be easily inverted to accommodate the
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case of smaller-the-better. The evaluation of alternative @ on criterion J is denoted by Yk

Also, suppose that the evaluations of the alternatives on the criteria are strictly positive

Yk > 0).

Alternative @i is said to dominate alternative @ if Y5t =Yjx for J = 12,..,n at least
one of these inequalities being strict. An alternative @ € X s said to be efficient in X if no

alternative in X dominates it. If it is possible to find a set of strictly positive weights
W1, W, ..., Wy such that the weighted sum of the criteria for alternative 4: is larger or equal

than the weighted sum for any other alternative in X, then @: is efficient (in X). Because the
considered weights can be normalized, their sum in this case is restricted to be equal to 1.
Model (3) shows the resulting model when alternative a, is being evaluated, this is the primal
linear programming formulation for the MCO problem, while Model (4) shows its dual
formulation. The latter is equivalent to the BCC output oriented version of the DEA problem

as shown below.

Find W, D to

Minimize D

Subject  to

3 N B (3)
(Y. y,)w, " D70, k~T12,.,1

jiT1

ZWJyJ*il

jT1

w =€ iT 1.2 n



a particular gene.

Find 4. M.,s,, to

n
Minimize Mt >3 s,

j 1

Subject  to
L

YoM Xy Ty s, T o,
k=1

A =

XA =1

k™1

4 20, s 20 M unrestrict ed

candidate solutions represented by one input and one output.
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of these characteristics as described by Sarkis in (72) is presented next.

(4)

Our proposed approach to biomarker search can be seen as presented in Figure 2-10 with

As discussed previously, the Performance Measures (p_values) to be evaluated in the stated
MCO problem are intended to be both minimized at the same time. P_values are obtained
from a statistical test defined to detect significant changes of expression for each gene, the

smaller the p_value the stronger the evidence favoring a significant change of expression for

In order to use DEA to find the convex efficient frontier of the MCO problem, one must

consider different characteristics of the chosen model. For organization purposes, a checklist



2.3.3.1 At least one input and one output must be considered

In DEA the DMU’s to be evaluated use different inputs (x’s) in order to obtain different outputs (y’s).
Given its usual economic implications, the DEA formulation expresses the objective of finding the
best compromises when minimizing the utilized inputs and maximizing the obtained outputs. This
situation can be seen in Figure 2-10, where the desired frontier is located in the north-west limit of the
set. Given the nature of the DEA objectives and its difference with the proposed MCO problem,
which generally aims for the minimization of the different PMs considered; a suitable transformation
of some of the PMs should be used to provide the maximization instance required for DEA. Here, is
important to note, that there is no cause-effect relation between the PMs used in this work, opposing

to the typical relation when economical entities are evaluated through DEA.

Figure 2-10. Necessary orientation of the MCO problem to be solved using a DEA model.
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For the purposes of this thesis, when considering p_values, all of them are required to be
minimized. Because DEA requires that at least one of the PMs be maximized, when
considering two p_values one of them should be transformed as follows

Transf_p_value = (min_p_value + max_p_value) — p_value 3

In theory, min_p value and max_p_value should be 0 and 1 respectively, but in practice

those exact values are not always reached.

Figures 2-11 and 2-12 illustrate the effect of this transformation in a MCO problem
considering two p_values. Figure 2-11 shows the original orientation of the objectives and
the latter shows the proposed reorientation while Figure 2-12 shows the final orientation to

apply the DEA methodology.

Original orientation of the MCO problem

A
0.94

F
0.8 4 E L]
]

[ I

]
]

0.7 4

0.6 4

[ 1ol

0.5+

0.4 4

p_value2

0.3 4

0.2 4

0.1+

0.0
0.0 0.2 0.4 0.6 0.8 1.0
p_valuel

Figure 2-11. Original orientation of the proposed MCO
problem using p_values
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Transfromed orientation of the MCO problem
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Figure 2-12. Reoriented MCO model to be addressed through DEA using p_values

When more than two p_values are considered in the formulation, at least one, but not all the

p_values should be transformed.

2.3.3.2 Use of only positive numbers

DEA models require that the data meet certain characteristics, one of them being that the
PMs have to be expressed in strictly positive values. From statistical properties, in theory,
min_p_val could get 0, and max_p_val could get 1; then, transformation of a p_value equal to
1 would generate a transf_p_value equal to 0, generating a violation of the presented DEA
rule.

In practice, p_values from MW test executions present values close to but not equal to zero,
and max_p_value + min_p_val reaches values greater than 1, and transf_p_value reaches

positive values. If deemed necessary, a translation as shown in Figure 2-13 could be used.
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The BCC model which is used in this work, is known to be translation invariant. This feature

on the model keeps the proposed methodology unchanged.

Figure 2-13. Translation of the data in order to avoid zero values for the considered alternatives

2.3.3.3 The issue of having more alternatives than performance measures

Some authors (73,74,72) describe the relevance of having more alternatives to be considered
in the model than PMs (inputs + outputs). In this thesis, the alternatives to be analyzed are
genes. The smallest database to be used in the experimentation phase contains 2,000 genes
which is considered a small-sized database in microarrays. The first experimentation scheme
will make use of two PMs (p_values). Even though other experimental schemes in this work
use more than two PMs, the number of PMs will always be between three and four orders of

magnitude smaller than the number of alternatives.
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2.3.3.4 Returns to scale

Given that the considered PMs do not have an input-output relation, there is no need to make
assumptions about returns to scale (70,75). For the practical purposes of finding alternatives
that are convex efficient, it is desirable to determine the complete convex efficient frontier.

This is entirely possible through the BCC model.

2.3.3.5 Preference Ranking

MCO really entails two different tasks; the search of a set of solutions and the decision
making process. The decision making process of an MCO problem is known as Multiple
Criteria Decision Making (MCDM) (76). Some authors (71,73,77) have denoted important
issues when using DEA as a MCDM tool, the main one being that DEA results in a set of
efficient entities and the decision maker has to choose among them without any

discriminating criteria such as a ranking.

In the case of biomarker gene search, the objective is to find those genes conforming the
efficient frontier of the defined MCO problem. However, up to this point of the research
project, it is first critical to validate if the proposed biomarker genes are indeed so. Should a
preference structure be required or deemed necessary to improve the results, the issue will be

further investigated in the future.
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2.3.3.6 Data Normalization

Given that p_values are always obtained in the range from 0 to 1, there is no need to balance
the magnitudes among different analyses. The translation previously discussed in point
number 2 would take care of not incurring into a violation of the restriction of use of positive
values and, because the criteria in all cases of interest are obtained necessarily from the

existent data, it is not foreseen that missing data becomes an issue.

2.3.3.7 Other Considerations

In DEA a minimal correlation between inputs and between outputs is seeked. In the cases
approached in this thesis, it is expected that the p_values are statistically independent when
using distinct databases and correlated when using a single database. In all cases,

independence statistical tests will be carried out for all instances to note their behavior.

Also, because DEA is based on linear programming, it is advisable that the data subject to
analysis be roughly in the same order of magnitude to avoid computational problems (78).
For the cases considered in this thesis, there is no difference in magnitudes between the
p_values and the associated transformation Transf_p_value, as both of them are always

between 0 and 1, avoiding dimensionality issues.

Some authors (73,75,79) have denoted the importance of considering weight restrictions in

DEA formulations. Because the weights in the application proposed in this thesis do not have
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an economic interpretation, it is deemed that weight restrictions are not necessary at this

point in the context of interest.

It is known in the DEA literature that there is an inherent difficulty to interpret the weights
obtained through the use of DEA, and thus, much of the output cannot be readily interpreted
(75). As the problem at hand requires an MCO point of view, it is expected that the

efficiency scores be sufficient to provide significant results in this project.

DEA is also known to be computationally intensive; however, the preliminary results show
that a database with between 10,000 and 15,000 genes can be completely analyzed in less

than 30 min in one of the MacPro workstations available at our research laboratory at UPRM.

Finally, at this point it is important to stress that DEA is used in this work to identify the
solutions that are convex efficient, since these are the solutions to the associated MCO
problem, therefore, many properties and limitations that apply to DEA when used for

benchmarking purposes do not apply to the cases here identified.
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3 METHODOLOGY

In this thesis, a p_value is obtained for each gene through the Mann-Whitney (MW)
nonparametric test for difference of medians of two populations (80) as illustrated in Figure
3-1. A low p_value indicates that there is a significant difference between the medians. For
each gene, the first population is typically represented by a sample of relative gene
expression measurements in normal tissues. Similarly the second population is represented
by measurements of the same kind but in cancer tissues. The MW test has been used before
in our research group for these purposes (81,82). Formally, the null hypothesis states that the
medians from two different samples are equal against the alternative hypothesis of them
being different (Figure 3-1). P-values obtained through different MW executions, as

explained later, are then treated as conflicting PMs in an MCO problem.

Figure 3-1. Statistical evaluation through the MW non parametric statistic test

Different MW analyses can be performed for a particular gene to obtain several p-values,

including (i) using a variety of tissue combinations from the same database, (ii) using
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different databases for the same type of cancer, or (iii) using databases for different cancer
types, among others. These three alternatives that will be tried in this thesis.

Once with several p-values being considered as PMs to be minimized per gene, the
representation as an MCO problem and its subsequent solution through DEA complete the
proposed strategy to detect potential cancer biomarkers using microarray analysis.

It must be noted that more than two conflicting PMs can be analyzed readily (Figure 3-2).
Although the case with more than 3 conflicting PMs cannot be shown graphically, the
solution of the MCO problem using DEA is perfectly feasible for more than three

performance measures.

Figure 3-2. Representation of the MCO problem considering k=3 conflicting PMs, efficient frontier of
the problem is represented by black points

In summary, in this thesis the search for potential cancer biomarker genes is presented for the
first time as a Multiple Criteria Optimization problem. Data Envelopment Analysis will be
used in this case as a first approach to solve the MCO problem and converge to a reduced set

of potential cancer biomarker genes.
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3.1 Data Description

In this section, the different databases to be used in the development of the proposed
methodology are described. Three different databases were chosen. All the cases have been
originally generated looking for particular patterns or genetic signatures of their
corresponding cancer types. After being first published, many works have used these
particular databases to test different methodologies and compare their results with the
patterns or signatures originally found. Two databases are for Colon cancer and the third one
is of Gastric cancer. A deeper description for each of them and their original publications is

presented next.

The first database was presented by Alon et al. in (37). The original work is an effort to
characterize expression patterns to differentiate between tumor and normal colon tissues.
Oligonucleotide microarrays were used in such work. The authors applied a two-way
clustering algorithm based on a deterministic annealing algorithm to genes and also to
tissues. A high degree of organization in gene expressions capable to effectively separate
healthy from cancer tissues was found. Also, high differentiation for clusters of genes with
specific functionality was obtained using the proposed methodology. High separability
between normal and cancer tissues could be obtained through this method even when the
most significant genes were excluded from the data. Misfortunately, a list of genes to
compare against our results when using this database is not available in the original work.

This database is, however, highly regarded in the literature, thus because it has an almost
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100% overlap in the original genes we decided to include it. Furthermore, with the database

described next, building different analysis cases was greatly facilitated with its inclusion.

The original number of genes in the Affymetrix platform used were more than 6,500
considering human genes and Expressed Sequence Tags (ESTs). ESTs are sequences that
have not been characterized in their functionality. Data available at the source just showed
the 2,000 genes with the highest minimal intensity across the samples. All 2,000 genes were
used in our analysis. Details about the normalization process of the original data can be found
in the original reference (37). This database will be referred to as Colon 1 in the following

sections. Table 3-1 shows information regarding this database.

Table 3-1. General Description of Colon 1 Database.

Cancer Type Colon

Original Publication Alon et al. (37)

State 1 of tissues Normal tissues

Number of tissues in State 1 22

State 2 of tissues Cancer tissues

Number of tissues in State 2 40

Number of genes 2,000

Microarray Technology Affymetrix Oligonucleotide Microarrays
Repository http://www.molbio.princeton.edu/colondata
List of relevant genes Not Available

The second database involves colon cancer as well. This database was first published by
Notterman et al. in (57). In this work the authors compare the expression between healthy
tissues, adenomas (benign tumor tissues) and adenocarcinomas (cancer tissues). Among the
most important characteristics of the data is that the tumor samples are paired. This means

that, from the same patient, a sample of the tumor and its paired sample from the non-tumor
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colon zone are taken and characterized. Data of adenoma samples were not considered in this
thesis. In the original work, the authors found 19 transcripts with at least 4-10.5 fold higher
MRNA expression when comparing carcinomas versus normal tissues, and 47 transcripts
showed 4-38 fold lower expression in the tumor samples versus normal. Some of the
identified relevant transcripts were validated through reverse transcription PCR, others were
already reported as abnormally expressed in neoplastic tissue in general, or colon cancer in
particular. These lists of 19 and 47 genes will be considered in Chapter 4 for validation

purposes against the potential biomarker genes obtained in this thesis from that database.

The experimental platform in these experiments was the Human 6500 GeneChip Set
(Affymetrix). The data were normalized by the authors across the experiments to get it
centered to 50 units of intensity. The number of genes reported in the original publication is
around the 6,500 but the raw data at the source show more than 7,000. To avoid elimination
of relevant information no genes were excluded. Table 3-2 shows additional information on

this database, from here on referred to as Colon 2.

Table 3-2. General description of Colon 2 Database.

Cancer Type Colon

Original Publication Notterman et al. (57)

State 1 of tissues Normal tissues

Number of tissues in State 1 18

State 2 of tissues Cancer tissues

Number of tissues in State 2 18

Number of genes 7,457

Microarray Technology Affymetrix Oligonucleotide Microarrays
Repository http://www.molbio.princeton.edu/colondata
List of relevant genes Available, 19 overexpressed, 47 underexpressed
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The third database used is presented by Hippo et al. in (83). Their principal objective was to
gain understanding at molecular level of the carcinogenesis, progression and diversity in
gastric cancer. The objective was approached through a comparison of 22 samples of gastric
cancer tissues against 8 healthy gastric tissues. The microarray used in this work contains
6,800 approximately, however the raw data found for this publication contained 7,129 genes.
This can be attributed to the control spots that are usually placed in every microarray chips.
As in the Colon 1 database, all of the original 7,129 were used in this work to avoid

potentially important omissions.

Hippo et al. applied a two-way clustering algorithm to successfully distinguish cancer tissues
from healthy tissues. They identified a consistent profile of 162 genes that were highly
expressed in cancer tissues (overexpressed genes) and 129 highly expressed in healthy tissues
(underexpressed genes). The authors report genes related to cell cycle, growth factor, cell
motility, cell adhesion and matrix remodeling as highly expressed in cancer tissues. Those
genes highly expressed in normal tissues are related to specific gastro intestinal functions and
immune response. The important genes will be used for validation purposes in Chapter 4. As
with the previous instances, characteristics of this database, from here on called Gastric, are

summarized in Table 3-3.
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Table 3-3. General Information of the Gastric Database

Cancer Type Gastric

Original Publication Hippo et al. (83)

State 1 of tissues Normal tissues

Number of tissues in State 1 8

State 2 of tissues Cancer tissues

Number of tissues in State 2 22

Number of genes 7,129

Microarray Technology Affymetrix Oligonucleotide Microarrays
Repository http://www.ncbi.nlm.nih.gov/geo/, Serie GSE2685
List of relevant genes Available, 162 upregulated, 129 downregulated

All selected databases follow the Minimum Information About a Microarray Experiments
(MIAME) requirements, which is a standard proposed by the Microarray and Gene
Expression Data Society (MGED) to facilitate microarray data sharing for interpretation and
reproducibility purposes (84). The details of how the data was accessed in the work can be
consulted in Appendix A.

For all the databases used it is important to notice that labels of tissues does not always
correspond to their ordered position in the database, e.g. tissue Normal 29 is not necessarily
in column 29 of normal tissues.

The matrix representation used throughout this work is as follows: (i) the number of genes
under analysis is associated with n rows, (ii) the array contains the gene reference number in
the first column; (iii) the next A columns contain the expression readings of each gene for the
state 1(A Normal tissues); (iv) the remaining B columns contain the readings for state 2 (B

Cancer tissues). Figure 3-3 shows a sketch of a sample array.
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A tissues in State 1 (Normal)

B tissues in State 2 (Cancer)

Figure 3-3. Example of the matrix representation of microarray data

Gene 1 | 2 ] [ | A [ 1 | 2 | | [ B
1 0.88 0.46 0.78 0.89 0.97 0.97 0.60 0.1 0.55 0.31
2 0.17 0.86 0.16 0.02 0.81 0.38 0.68 0.05 0.46 0.85
3 0.18 0.99 0.34 0.76 0.67 0.76 0.57 0.18 0.60 0.08
4 0.02 0.90 0.26 0.50 0.68 0.83 0.86 0.75 0.86 0.78
5 0.98 0.31 0.54 0.47 0.69 0.17 0.04 1.00 0.07 0.91
’ : ) : ' ) Expression level for a
. . . . . particular gene (row)
- - - . - . - given tissue (column)
0.16 0.23 0.92 0.55 0.37 0.19 0.01 0.31 e v.oo
0.60 0.24 0.61 0.35 0.20 0.87 0.02 0.08 0:1% 0.42
0.04 0.22 0.81 0.18 0.86 0.74 0.04 0.73 0.17
0.68 0.75 0.82 0.41 0.41 0.85 0.05 0.23 0.50 0.57
0.31 0.08 0.51 0.22 0.85 0.29 1.00 0.37 0.10 0.82
0.64 0.39 0.50 0.55 0.82 0.26 0.94 0.33 0.65 0.77
0.60 oo o872 0.56 0.00 0.98 0.30 0.13 0.12 0.69
n 0.68 ngenes k45 0.46 0.25 0.72 0.91 0.68 0.80 0.71

3.2 Experimentation

The software used to solve the DEA formulations of the proposed MCO problems was DEA-
Solver Pro 6.0 Nd, from SAITECH Inc. The experiments were executed at the Bio-1E-Lab in
the Industrial Engineering Department at UPRM. This laboratory is equipped with 4 MacPro
Quad-core workstations. Windows disk partition and Microsoft Office are available for
compatibility of DEA-Solver Pro. MatLab is also available in the laboratory for the execution

of the MW analysis and Minitab for statistics. Routines and procedures to use these tools are

described in Appendix B.
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3.3 Analysis procedure

Three different cases are explored in this thesis, all of them schematized in the flowchart
presented in Figure 3-4. All cases start with the selection of the database or databases to be
used in the analysis. This selection has been already explained in the section 3.1 for this
work. If there is just a single database available, a generation of submatrices is performed,
corresponding to Case 1; otherwise, the search for genes in common between the considered
databases is executed, and the matrices dimensions are reduced just to those common genes.
This procedure is followed in Case 2 (multiple databases with 1 cancer type) and Case 3
(multiple databases with multiple cancer types).

The final steps for all the cases correspond to the statistical comparison through MW of
either the different submatrices or matrices; the use of the obtained p_values to state an MCO
problem and its subsequent solution. Further explanation of the specific differences between

cases is presented in the following sections.
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Figure 3-4. Diagram of the experimental cases proposed
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3.4 Case 1 - MCO Problem for potential biomarker’s search for
One Cancer Type using One Microarray Database

In order to exploit the characteristics of a single microarray database, the construction of
submatrices of the same dataset is explored. The submatrices are built using a “leaving-one-
tissue-out” strategy for each state. To select the tissue that is excluded from the original
matrix, the variance on each tissue is considered. This process is shown in Figure 3-5.

In one submatrix the excluded tissues correspond to those with the highest variance in each
state (dotted loops), for the second submatrix the excluded tissues correspond to those with
the lowest variance in each state (continuous loops). This strategy aims to keep different
levels of variance among the tissues in each submatrix, expecting their statistical evaluation

(and resulting p_values) to be different.

Figure 3-5. Main processes for Case lexecution
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A statistical comparison between normal and cancer states using MW is performed for each
gene in both submatrices. The resulting two p_values will be treated as conflicting
performance measures to build an MCO problem. A transformation of at least one but not all
of those p_values has to be done using equation (3) in order to use the DEA methodology to
solve it as detailed in section 2.3.3.

Once the first efficient frontier is found, their corresponding genes are removed from the
original set and the models are executed again to obtain the next efficient frontier, this
process is repeated until de 10™ frontier is found, this process can be seen graphically in

Figure 3-6. This number of efficient frontiers is explored in all the described cases.

15t Efficient Frontier

274 Efficient Frontier

10t Efficient Frontier

Qutput —

Transf_p value_SM2

v

G Input
p_value_SM1

Figure 3-6. lllustration of the obtention of the first 10 frontiers
Admittedly, the number of frontiers to be searched is arbitrary at this point. A series of

experiments are being carried out in our group to propose a systematic way to select this

number.
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Execution of Case 1 involved the three different databases described in the Data Description
Section (Colon 1, Colon 2, Gastric). The results of the proposed methodology when applied

to each of them are detailed below.

3.4.1 Case 1 using Colon 1 Database

Considering Colon 1 database with A =22 and B = 40, the “leave-one-tissue-out” procedure
will result in submatrices with 21 normal tissues and 39 cancer tissues.

Variance for each available tissue in both states is obtained to select which tissues are left out
for each submatrix, a summary of those samples is presented in Table 3-4. From that
selection, Submatrix 1 is built leaving out tissues Normal 29 and Cancer 6, and Submatrix 2

leaving out tissues Normal 12 and Cancer 10.

Table 3-4. Labels of selected tissues in Colon 1 database

Variance
Lowest Highest
Normal Normal 12 Normal 29
Cancer Cancer 10 Cancer 6

For each submatrix a p_value from the MW comparison between states Normal and Cancer
is obtained per gene to build the MCO problem. The original orientation of the MCO
problem is presented in Figure 3-7 and its corresponding representation when one p_value is
transformed is shown in Figure 3-8. Only the transformed representation of the MCO

problem will be shown for the remaining executions.
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Original MCO problem in Case 1 using Colon 1 DB
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Figure 3-7.0riginal orientation of the MCO problem for Case 1 using Colon 1 Database (p = 0.852).

Reoriented MCO problem in Case 1 using Colon 1 DB
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Figure 3-8. Presentation of the MCO problem after transformation of p_valueM2 in Case 1 using
Colon 1 Database (p = -0.852).
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The evolution of the different number of genes found across the first 10 evaluated efficient
frontiers is detailed in Table 3-5. The first column describes the number of Genes available
when the analysis for each frontier is performed, BCCI and BCCO columns describe the
number of genes found through the execution of each model orientation, the Genes in
common is the number of genes that were found in both analyses, constituting each convex
frontier. The repeated genes column shows how many genes were found as efficient in more
than one of their replicates. The last column provides the accession number of those repeated
genes, when this happens, all of its replicates are removed from the original list, affecting the
number of genes to analyze in the next frontier. This can be seen in the change of Genes to

analyze from frontier six to seven.

Table 3-5. Evaluation of different DEA frontiers of the Casel using Colon 1 database.

romter Gl aca occo St Feasd | heeonst
1 2000 2 21 2 0

2 1998 2 19 2 0

3 1996 2 17 2 0

4 1994 4 15 4 0

5 1990 2 11 2 0

6 1988 3 11 3 1 M76378 (3)
7 1983 2 6 2 0

8 1981 3 7 3 0

9 1978 3 7 3 0

10 1975 4 6 4 0

Total 27
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Results of Case 1 with Colon 1

The resulting 27 genes found in the first 10 frontiers are listed in Table 3.6. The first column
describe the number of genes found, the second one details the frontier on which each of
those genes was found; then, the Accession number, which corresponds to a unique identifier
of a gene, and finally the gene Symbol and Name are also shown. This Table is presented
here for completeness in this first case. Tables summarizing all results in this work can be
found on Appendix C (Tables C1 to C7).

In this first case, 13 of the efficient genes (HSPD1, GTF3A, IL8, DES, VIP, NME1, GSN
(gelsolin), HMGA1, CDH3, SRPK1, CFD (adipsin), NPM1, MT1G) have at least one
reference listing them as relevant to some cancer processes (85-96).

Others, like MYL9, DARS, GUCAZ2B, have been proposed as potential cancer biomarkers
based on the analysis with different methodologies using microarray data, however their
biological validation is still pending (97-102).

HNRNPA1 has been explored as having potential relevance for cancer metabolism but the
evidence is not supportive enough at this point neither to discard nor support the hypothesis
(103). The rest of genes in this first list have not been investigated in their contribution in
cancer processes yet as far as our literature review goes. These last are, indeed the
opportunity areas to detect new biomarkers. Further analysis of these results is presented in a

subsequent chapter.
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Table 3-6. Resultant efficient genes for the MCO problem of Case 1 using Colon 1 database.

Gene Frontier Accession Symbol Name
1 1 M22382 HSPD1 Heat shock 60kDa protein 1 (chaperonin)
2 1 R87126 EST: yg31b10.s1
3 2 H08393 WDR77 WD repeat domain 77
4 2 R36977 GTF3A General transcription factor II1A
5 3 J05032 DARS aspartyl-tRNA synthetase
6 3 M26383 IL8 interleukin 8
7 4 X63629 CDH3 cadherin 3, type 1, P-cadherin (placental)
8 4 H40095 EST: yn85b03.s1
9 4 750753 GUCA2B guanylate cyclase activator 2B (uroguanylin)
10 4 M63391 DES desmin
11 5 J02854 MYL9 myosin, light chain 9, regulatory
12 5 X12671 HNRNPA1 heterogeneous nuclear ribonucleoprotein A1
13 6 u09564 SRPK1 SFRS protein kinase 1
14 6 H43887 CFD Complement factor D (adipsin)
15 6 M76378 CSRP1 cysteine and glycine-rich protein 1
16 7 M36634 VIP vasoactive intestinal peptide
17 7 T86473 NME1 Non-metastatic cells 1, protein (NM23A) expressed in
18 8 H06524 GSN Gelsolin
19 8 R84411 SNRPB Small nuclear ribonucleoprotein polypeptides B and B1
20 8 X14958 HMGA1 high mobility group AT-hook 1
21 9 T92451 TPM2 Tropomyosin 2 (beta)
22 9 M26697 NPM1 Nucleophosmin (nucleolar phosphoprotein B23, numatrin)
23 9 T71025 MT1G Metallothionein 1G
24 10 X86693  SPARCL1 SPARC-like 1 (hevin)
25 10 T47377 S100P S100 calcium binding protein P
26 10 U30825 SRSF9 Serine/arginine-rich splicing factor 9
27 10 D31885 ARL6IP1 ADP-ribosylation factor-like 6 interacting protein 1

3.4.2 Case 1 using Colon 2 database

When Colon 2 database is used for the execution of Case 1, the process is analogous to the
previous instance. The selected tissues to build the “leave-one-tissue-out” submatrices are
presented in Table 3-7. Graphical representation of the reoriented MCO problem, after
transformation of one p_value is shown in Figure 3-9, and the evaluations of the 10 first

efficient frontiers of the MCO problem are presented in Table 3-8.
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Table 3-7. Labels of selected tissues in Colon 2 database

Variance
Lowest ‘ Highest
Normal Normal 34 Normal 8
Cancer Cancer 29 Cancer 9
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Figure 3-9. Presentation of the MCO problem after transformation ot p_valueM2 for Case 1 using Colon 2

Database (p = -0.888).

Table 3-8. Evaluation of different DEA frontiers of the Case 1 using Colon 2 database.

Frontier Getl;es Bccl BCCO Genesin Repeated Accession of repeated
analyze common genes genes
1 7457 11 249 11 2 749269 (3), H57136 (2)
X56597 (2), M36981
2 7443 11 236 11 2 (2)
3 7430 7 225 7 1 M76378 (3)
4 7421 8 216 8 0
5 7413 9 208 9 2 X54942 (2), L11708 (2)
6 7402 4 197 4 1 H43887 (2)
7 7397 5 193 5 1 J03037 (3)
8 7390 10 186 10 1 R87126 (2)
9 7379 5 176 5 1 M84526 (2)
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10 7373 9 170 9 1 746629 (3)
Total 79

Results of Case 1 with Colon 2 database

The first 10 efficient frontiers have a total of 79 genes. General information for these genes is
presented in Table 2C of Appendix C.

Thirty seven of the 79 genes found were overexpressed, the rest 42 were underexpressed.
Among the overexpressed, genes like GRTF3A, HSPD1, CKS2 identified in the previous
intances were found again with this new dataset. Some interesting results of this case include
the fact that two genes that code for family NME were found (NME1 and NMEZ2),
furthermore, the NME1 gene was found twice through this method due to the existence of
replicates under accession synonyms in the database. The reduced NME expression has been
related to an increase in the metastatic potential and a more aggressive disease in a variety of

cancer types (104).

3.4.3 Case 1 using Gastric database

Applying the same process of analysis to the Gastric cancer database, the selected tissues to
build the submatrices are described in Table 3-9. Representation of its corresponding MCO
problem statement is shown in Figure 3-10. And the evaluation of the first ten efficient

frontiers is presented in Table 3-10.
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Figure 3-10. Presentation of the MCO problem after the transformation of p_valueM2 for Case 1 using
the Gastric Database (p =

I

Maximize

Table 3-9. Labels of selected tissues in Gastric database

Normal
Cancer

Variance
Lowest Highest
Normal 7 Normal 5
Cancer 8 Cancer 17
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-0.793).

Table 3-10. Evaluation of different DEA frontiers of the Case 1 using the Gastric database

Frontier Genes to Bccl BCCO Genes in Repeated Accession of
analyze common genes repeated genes

1 7129 1 129 1 0

7128 128 0

7127 127 0
4 7122 9 122 9 1 D29675 (2)
5 7112 33 113 32 0
6 7079 4 82 4 0
7 7075 3 78 2 0
8 7073 4 77 4 0
9 7069 3 74 3 1
10 7066 15 72 13 0

Total 74
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Results of Case 1 with Gastric database

The first 10 efficient frontiers had a total of 74 genes. The most relevant information for
these genes is presented in Table 3C in Appendix C.

Twenty five genes were overexpressed and the other 49 genes showed an underexpressed
behavior. Among the overexpressed genes, CKS2 and CKS1B that belong to the cytokine
family are showed. Also HMGA1 and HMGBL that belong to the high mobility group were
found. Another couple of related genes was COL1A2 and COL1A1, both belonging to
collagen protein, the heat shock protein HSP90AB1 was also found in this set of
overexpressed genes. In the underexpressed genes Choline Acetyltransferase (CHAT) was
found, along with Aldehyde dehydrogenase (ALDH2) among many others. Many of the

genes found here are explored in deep in Chapter 4, to establish their relevance in cancer.
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3.5 Case 2 - MCO Problem for potential biomarkers’ search on
One Cancer Type using Different Microarray Databases

As described previously, microarrays are custom made depending upon the objectives of a
particular study. From this fact, when two microarray databases are compared, their explored
genes are not necessarily the same even when studying the same cancer type. Also, different
sets of microarray experiments are built under different physical conditions and executed
with different resources.

However, for those genes that could be found in common between two different databases
these discrepancies could be exploited. If analyses performed with different databases arrive
to the same conclusion, the found genes would be robust to those differences. Results would
point to potential biomarkers for a specific cancer type that are robust to differences on
experimental data.

Case 2 of the proposed methodology is, then, built under this premise. Two independent
databases from the same cancer type are analyzed simultaneously, and p_values of the genes
present in both analyses are used to build the MCO problem.

The two databases related to colon cancer are used in this case. The common genes to both
databases were selected. This process is shown with an illustrative example in Figure 3-11,
where two lists of 15 accession numbers are used. The two lists have just four genes in
common, but their position in each list is different. Tools like the vlookup function in MS

Excel to find those elements present in both lists have been used in this work for this task.
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Database 1 Database 2
Gene |Accession Gene |Accession

1 | H55933 1 | 763508

2 | R39465 4 2 | X63432

3 | D00306 A1 3 | Ta9a23

4 | D00408 / 4 D00762 List of common genes

- > ‘

5 | D00762 % 5 | H09263 || 0rimon Gene | Accession
6 | R85482 / 6 | u14971 gene 1 X63432
7 | u14973 N 7 | H79852 || selection 2 D00762
8 | T72863 | 8 | J02763 3 X63432
9 | H86080 | 9 | R22197 4 il
10 | x63432 | 10 | 759954

11 | 755131 11 | H80240

12 | 172863 12 | X63432

13 | H86060 / 13 | D10202

14 | X63432 14 | D10216

15 | D10511 |— 3] 15 | D10511

Figure 3-11. Illustrative example of the selection of the common genes between the considered
Databases.

Once the common genes are selected, their corresponding readings in each database are
gathered. To generate the statistical evaluation between the healthy and cancer states for each
gene, the MW test is used as in the previous case. As a result of the application of the MW
test for each database, two p_values are obtained, p_valueDB1 and p_valueDB2.

As in Case 1, in order to build the MCO problem, at least one but not all p_values will be
transformed using equation (3). Specifically in this case, p_values from the second database
(p_valueDB2) will be transformed (transf_p_valueDB2), while those corresponding to the
first database (p_valueDB1) are left with no transformation. With the stated MCO problem,

DEA is applied for its solution and the first 10 frontiers are found.
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3.5.1 Case 2 using Colon 1 and Colon 2 Databases

Case 2 is executed using Colon 1 and Colon 2 databases. The first one contains 2,000 genes
while the second one 7,457 genes. There are 1,988 genes present in both databases. The
genes in common were detected by their Accession number.

Readings for the genes in common were gathered in both databases, and the MW comparison
between state normal and cancer was executed for each database. P_values were stored in
p_value_Colonl and p_value_Colon2 respectively. The required transformation was applied
to p_value_Colon2 using ecuation (3) to obtain Transf p value Colon2. The final
representation of the MCO problem is shown in Figure 3-12. Solution of this transformed
problem is addressed through DEA and its ten first frontiers are found. The evolution of the
different frontiers found and the corresponding number of genes analyzed in each of them is

detailed in Table 3-11.
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Reoriented MCO problem in Case 3 using Colon 1 and Colon 2 databases
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Figure 3-12. Reoriented MCO problem for Case 2 using Colon 1 and Colon 2 Databases.

Table 3-11. Amount of genes found in the first 10 efficient frontiers for the execution of Case 2 using
Colonl and Colon 2 databases.

Accession of

Frontier ii’; 7;;: BCCI  BCCO f:':fns;: Regpe en"::d repeated
genes
1 1988 2 114 2 0
2 1986 3 112 3 0
3 1983 3 110 3 0
4 1980 6 108 6 0
5 1974 3 102 3 0
6 1971 2 99 2 0
7 1969 4 97 4 1 M76378 (3)
8 1963 4 92 4 1 749269 (2)
9 1958 9 93 9 0
10 1949 5 85 5 0
Total 41
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Results of Case 2 with Colon 1 and Colon 2 databases

As reported in Table 3-11, there were 41 genes located in the first 10 frontiers of the MCO
problem related to this execution. The complete list of those genes with their accession
number, symbol and name is presented in Table 4C in Appendix C.

When comparing results of the execution of Case 1 using Colon 1 and Colon 2 databases
with this instance of Case 2, many genes are consistently found. Among them, HSPD1,
GTF3A and NMEL1. The first two are already present in patents of genetic signatures related
to cancer (105,106); the latter is present in an experimental tool already available for
commercialization in chips to detect tumor suppressor genes (107). GSN, DES, VIP and
HMGBL1 are also found through all the analyses, supporting their evidence as potential
biomarkers. Further evaluation of a selected set of common genes obtained through the

different executions is presented in Chapter 4 with validation purposes.
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3.6 Case 3 - MCO Problem for potential biomarkers’ search
Across Different Cancer Types

In the same way that discrepancies are expected between databases from the same cancer
type, larger differences are expected when databases of different cancer types are analyzed.
Genes in common are, indeed, harder to find too.

When a particular set of genes has been explored in different databases pertaining to more
than one cancer type, independent analyses using those databases can be performed. Genes
resulting relevant for both independent analyses would be robust to discrepancies even
between cancer types, i.e. these could be called potential biomarkers for the general state of
cancer.

When considering databases from two different cancer types, the MCO problem obtained
from their statistical analyses is similar to the two dimension MCO problem solved in Cases
1 and 2. The increase of dimensions in the analysis can be straightforwardly done. Adding a
cancer type would result in adding a performance measure in the MCO problem to be finally
translated in terms of DEA for its solution.

In an extreme case, if databases for all the existing cancer types were available and used with
this scheme, the resulting genes would correspond to potential cancer biomarker genes to the
general state of cancer regardless the original zone of the tumors. If k different cancer types
exist, the MCO problem would have k performance measures to be considered and the DEA

problem to solve would have k dimensions.
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Methodologically, the structure of this Case can be seen as an extension of Case 2, but the
different databases would come from different cancer types. The different stages of the

analysis are described next.

To select the databases for this case, it should be considered that these do not have to be of
the same cancer type, however, they should have an overlap in their original inclusion of
genes. The states in each cancer type database should be ‘normal’ compared to ‘cancer’. The
number of tissues in each state can be different for each cancer type database. The scale of
the data in each cancer type database can be different too. Being capable to accommodate

these differences is a mayor advantage of DEA.

The search process is similar to that described in Case 2 and illustrated in Figure 3-11 in

section 3.2.

The MW statistical comparison for each gene in common to the databases involved is
executed. Their related p_values (p_valueCl and p_valueC2) are used to state the MCO
problem. As explained for Cases 1 and 2 a transformation of at least one but not all p_values
is performed, in this case, p_valueC2 was chosen to be transformed.

Once the MCO problem is stated, it is solved through the use of DEA to find the efficient
frontier.As has been described in the previous cases, the frontier searching process is

executed until the 10" efficient frontier is found.
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For this Case all the 3 different combinations are tried. The first two analyses keep the same
two dimension structure that has been explored in Cases 1 and 2. The third analysis is an
exploration of the methodology potential through the use of all the available databases to
build an MCO problem with three performance measures, and a consequent DEA structure

with two inputs and one output.

The first combination involves Colon 1 and Gastric databases. The second one considers
Colon 2 and Gastric databases. The last one make use of all three available databases. These
three structures and the number of common genes used for their analyses are summarized in

Table 3-12. The execution and results of these combinations are described in the following

sections.
Table 3-12. Different experimental combinations for Case 3.
Ex;fenmental Cancer 1 DB Cancer2 DB  Cancer 3 DB Number of
executions for Case 3 common genes
Combination 1 Colon 1 Gastric N/A 674
Combination 2 Colon 2 Gastric N/A 2,360
Combination 3 Colon 1 Colon 2 Gastric 674

3.6.1 Case 3 using Colon 1 and Gastric Databases

As detailed in Table 3-12 there were 674 genes in common between Colonl and Gastric
databases. The MW statistical test is applied to readings of those genes for each database,

obtaining their related p_values (p_value_Colonl and p_value_Gastric). The transformation
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needed is performed to p_value_Gastric, obtaining Transf_p_value_Gastric. The graphic
representation of this MCO problem is shown in Figure 3-13. Then the corresponding ten
first efficient frontiers are found through DEA. The frontiers’ evolution is shown in Table 3-
13, with a total of 84 genes. Complete information of the identified genes is presented in

Table 5 of Appendix C.
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Figure 3-13. Reoriented MCO problem for Case 3 using Colon 1 and Gastric Databases.
Table 3-13. Frontiers’ evolution for Case 3 using Colon 1 and Gastric Database.
Frontier Genes to analyze BCCI BCCO Common  Repeated
Genes genes
1 674 4 25 4 0
2 670 8 27 8 0
3 662 6 24 6 0
4 656 1 27 8 0
5 647 8 22 8 0
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6 638 9 20 9 0

7 630 10 18 10 0

8 620 10 18 10 0

9 610 11 17 11 0

10 599 11 13 10 0
Total 84

Results of Case 3 execution with Colon 1 and Gastric databases

Among the most relevant genes found in this list was Carbonic anhydrase IX (CA9) which
has already been characterized as a cancer biomarker gene (108) and is located in the fifth
frontier of this analysis. Relevance of Calpain 2(CPN2), found in the seventh frontier has
been already explored in some other cancer types (109,110). The same pair of kinases
described in last case (CKS2 and CKS1B) are also shown in this analysis. Both of them
appeared in the first frontier of the MCO problem along with HSPD1(heat shock protein).
HSP90AAL, another heat shock protein is also detected although in the third frontier.
HMGBL1, a gene of the high mobility group, is shown in the second frontier. Some of the
genes identified in this instance were also found in the first three described schemes,
strengthening the evidence of their relevance in cancer, as well as the performance of the
proposed method. As will be seen in the validation section, 10 out of the 84 identified genes

were identified with already reported functions in cancer processes.
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3.6.2 Case 3 using Colon 2 and Gastric Databases

Considering Colon 2 and Gastric databases, there were 2,360 genes in common. The readings
these genes were gathered from the original databases and their MW statistical comparisons
between healthy and cancer states are executed. The obtained p_values were stored in
p_value_Colon2 and p_value_Gastric. The required transformation of one performance
measure is executed into that obtained through gastric database, Transf p value Gastric.
Representation of the MCO problem corresponding to this case is shown in Figure 3-14. A
summary of evaluation for the first ten frontiers of this case is presented in Table 3-14. There
are a total of 85 resulting genes. Complete information of these genes is presented in Table 6

of Appendix C.

Transformed MCO problem orientation for Case 3 using Colon2 and Gastric
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Figure 3-14. Transformed orientation of the MCO problem for Case 3 using Colon 2 and Gastric
databases.
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Table 3-14. Evolution of the amount of genes found in the first 10 efficient frontiers, of the MCO
problem for Case 3 using Colon 2 and Gastric databases

onter Gel® st scco fmeln Meveeed
1 2360 7 61 5 0
2 2355 6 59 5 0
3 2350 9 58 8 0
4 2342 8 54 8 0
5 2334 6 50 6 0
6 2328 11 51 10 0
7 2318 12 53 12 0
8 2306 13 47 13 0
9 2293 13 45 13 0
10 2280 14 41 13 0
Total 93

Results of Case 3 with Colon 2 and Gastric databases

The high mobility gene HMGB1 was found in the first frontier of this analysis, being this the
fifth analysis were this gene shows relevance. Also CKMT2, CLEC3B and KRT9 appeared
in this first frontier, along with the protein described in locus Z29574.

Persistent genes from along this analyses include the kinases CKS2 and CKS1B, VIP,
HSPD1, SET, HMGBL1. In this analysis HSP90OAA1 was found, this gene belong to the same
family than the reported HSPD1, the heat shock protein family. Among the genes found,
AKT?2 corresponds to one of the human homologues of v-akt, the transducted oncogene of
the AKT8 virus which induces lymphomas in mice; its alterations have been reported to

reflect poor prognosis in ovarian cancer patients (111).
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The persistent genes across the different analyses will be considered for an extensive

literature validation described in Chapter 4.

3.6.3 Case 3 using Colon 1, Colon 2 and Gastric Databases

This instance of Case 3 is executed using the three available databases. The overlap between
the three databases was 674 genes. For this instance, MW comparisons are performed for
each database to obtain their p_values (p_valueColonl, p_valueColon2 and
p_value_Gastric). Transformation of that correspondinhg to Gastric was performed to obtain
Transf_p_value_Gastric. Finally the MCO problem is defined, considering the first two
p_values as performance measures to be minimized and the third one to be maximized.
Representation of this three dimensional MCO problem is shown in Figure 3-15. Similar to
previous executions, the first ten frontiers found in the build MCO problem are explored. The
number of genes found in each frontier is detailed in Table 3-15. Their corresponding list

with complete information of the 222 genes found is given in Table 7 of Appendix C (C7).
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Transformed 3D problem orientation using Colon1-Colon2-Gastric
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Figure 3-15. Reorientation of the MCO problem built for Case 3 using Colon1, Colon 2 and Gastric
Databases.

Table 3-15. Evolution of the different 10 frontiers found for the Case 3 using Colon1-Colon2-Gastric

databases.
Frontier Genes to Bccl BCCO Genes in Repeated Accession of
analyze common genes repeated genes
1 674 6 27 6 0
2 668 13 30 13 0
3 655 15 27 15 0
4 640 21 29 20 0
5 620 23 27 22 0
6 598 26 28 25 0
7 573 24 28 24 0
8 549 31 33 30 0
9 519 36 37 35 1 M27749 (2)
10 483 32 34 32 0
Total 222
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Results of Case 3 with Colon 1, Colon 2 and Gastric databases

This list is the longest among the results presented, an extensive review of each of those
genes found results impractical, but the similarities with other lists obtained can be easily
analyzed. The first frontier for this last case, showed CKS CKS1B, VIP HSPD1 MYL9 and
HMGB1. All of these six genes were also found for at least other two of the presented
analyses, stressing their potential relevance in cancer. HSP90OAA1 was also found, located in
the second frontier; given its relation with HSPD1 (belonging to the same family), there
could be biological insight to be explored in terms of genes relations across 3 analysis

schemes. These kinds of hypothesis are left as future work.

Further analysis of the resulting genes through these seven experimental executions, is
presented in Chapter 4. The different lists of genes obtained are first analyzed and grouped in
order to focus the attention of the validation processes in those consistently present in

different results.
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4 ANALYSES AND VALIDATION

In this chapter different validation schemes are applied to the lists of genes obtained in this
thesis. The first validation scheme compares the resulting potential biomarkers to those genes
referenced as relevant in their original publications. The second validation scheme compares
the behavior for these potential biomarkers across different databases. In this scheme if a
specific gene is overexpressed (i.e. expressed higher in cancer than in healthy) or
underexpressed (expressed lower in cancer than in healthy) in a particular database, it is

verified that the same gene shows a consistent behavior in a different cancer database.

The third scheme corresponds to a validation based on literature review for those genes
selected as having a high evidence of relevance using the proposed methodology. Gene
function at the cellular level, functional group, as well as evidence of participation in the
metabolism of cancer or other diseases are cited to support the selected genes as potential
cancer biomarkers. It is important to note that an experimental biological validation goes

beyond the efforts of this work.

Given the different validation schemes to be evaluated, the analysis of the genes consistently
present in the different executions is presented in this chapter. The 7 different analyses

executed and described in Chapter 3, are listed in Table 4-1.
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Table 4-1. Reference of the different lists of genes obtained through the proposed method.

List Experimental Execution Nur.nber of potential
biomarker genes
List 1 Case1-Colon1 27
List 2 Case 1- Colon2 79
List 3 Case 1 - Gastric 74
List 4 Case 2 - Colon 1 - Colon 2 41
List 5 Case 3 - Colon 1 - Gastric 85
List 6 Case 3 - Colon 2 - Gastric 93
List 7 Case 3 - Colon 1 - Colon 2 - Gastric 222

To describe the different subsets of genes analyzed in these validation procedures, a series of

graphical analyses are presented in Figures 4-1 to 4-3.

Figure 4-1. Venn diagram of the different analyses performed with Colon 1 and Colon 2 databases.

The Venn diagram in Figure 4-1, shows the interaction between the different sets of genes

found with the cases involving Colon Cancer. The diagram shows an intersection between
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lists 1, list 2 and list 4 with 13 genes. These 13 genes are the most robust across the analyses
involving colon cancer. This group of persistent relevant genes is called Group 1 as detailed
in Table 4-2. The additional 13 genes in the intersection of lists 1 and 4 are the second most
robust in this case are called Group 2. The intersection between lists 1 and 2 is called Group

3, and it contains 11 genes.

Figure 4-2. Venn diagram of the different analyses performed using Gastric database.

Figure 4-2 shows the Venn diagram of the analyses performed considering Gastric cancer.
Ten genes are strongly evidenced to be potential biomarkers by being in the intersection of
the three lists. These are called Group 4. The remaining intersection, then, receive the next
consideration in priority and are called Groups 5 and 6 with 12 and 25 genes, respectively.
The intersection between list 3 and list 5 is not considered as a group since it is just one gene,

however, its validation under the second scheme is executed.
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Figure 4-3. Venn diagram considering Cases type 3.

Figure 4-3 shows the set of genes found through the consideration of Lists 5, 6 and 7. Thirty
five genes are located in the intersection of these lists, rendering them the most important to
look up. This group is referred as Group 7, the remaining 4 genes that make up the

intersection between lists 6 and 7 are called Group 8. All groups are detailed in Table 4-2.

Table 4-2. Groups built with intersections between lists of results

Group Intersection Description Num:;l;:z Z::intml
1 List1-List2-List4 Cases 1 and 2 with Colon Databases 13
2 List1-List4 Two Cases 1 using Colon DBs 13
3 List2-List4 One Case 1 and One Case 2 with Colon DBs 11
4 List3-List5-List6 Cases 1 and 3 with Gastric Database 10
5 List3-List6 One Case 1 and One Case 3 with Gastric DB 12
6 List6-List5 Two Cases 3 25
7 List5-List6-List7 Executions of Case 3 35
8 List6-List7 Two Cases 3 4
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Due to their relevance, the chosen groups of potential biomarkers are now subjected to the

validation schemes previously defined. The results are discussed next.

4.1 Validation scheme 1: Comparison against existing genetic signatures

When a specific genetic signature was reported in the original publication, our results are

compared against it. In this first scheme only Lists 1, 2 and 3 are considered.

4.1.1 Validation of Case 1 using Colon 1 database

In this case, the intention of the original publication (37) was not to find a specific list of
relevant genes; but differentiated patterns of genes depending upon their function. However,
these data have been used in several works to generate gene signatures to characterize colon
cancer. Eight of those works were selected for comparison (97-101,112,102,113). In six of
them (98,99,101,112,102,113) the purpose was tissue classification while the other two
(97,100) identified potential biomarker genes although without any validation through

classification.

The 27 genes from Case 1 using data from Colon 1 are presented in Table 4-3, where the
reported frontier localization, the accession number, symbol and gene name are presented.
The last column contains those references within the eight selected where the same gene was

identified as relevant for their analysis.
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Table 4-3. Comparison of the selected genes using the proposed methodology against existent
references using the same dataset.

Frontier ~ Accession Symbol Name References

3 M26383 DARS interleukin 8 [90][84][91](86][85][87][89]

2 H08393 WD repeat domain 77 [90][84] [86][851[87][89]

3 105032 GTF3A aspartyl-tRNA synthetase [90][84][85][871[89]

2 R36977 WDR77 General transcription factor IlIA [84]1[86][85][87]

4 X63629 IL8 cadherin 3, type 1, P-cadherin (placental) [90][84][87][89]

5 X12671 heterogeneous nuclear ribonucleoprotein Al [90]1[85][87][89]
o 10 T47377 CFD $100 calcium binding protein P [90][86][87]
S 1 M22382 HSPD1 Heat shock 60kDa protein 1 (chaperonin) [84][87][89]
-Ef 4 H40095 CDH3 EST: yn85b03.51 [84][87]1[89]
; 8 X14958 HNRNPA1  high mobility group AT-hook 1 [90][87]
g 6 U09564 GUCA2B  SFRS protein kinase 1 [87][89]
E Non-metastatic cells 1, protein (NM23A)
2 7 186473 DES expressed in [87]
© Small nuclear ribonucleoprotein polypeptides

8 R84411 MYL9 B and B1 [87]

Nucleophosmin (nucleolar phosphoprotein
9 M26697 SRPK1  B23, numatrin) [87]
10 U30825 CSRP1 Serine/arginine-rich splicing factor 9 [87]
ADP-ribosylation factor-like 6 interacting

10 D31885 VIP protein 1 [87]

1 R87126 NME1 EST: yq31b10.s1 [90][84][86][851[871[89][88]
- 5 102854 HMGA1 myosin, light chain 9, regulatory [90][84][86]1[85][87][89][88]
g 4 750753 GSN guanylate cyclase activator 2B (uroguanylin) [90][84][86]1[85][87](89]
& 6 M76378 NPM1 cysteine and glycine-rich protein 1 [90][84][86][85][871[89]
3 4 M63391 SNRPB  desmin [90][84][85][871(89][88]
§ 9 T92451 S100pP Tropomyosin 2 (beta) [90][84][87][89][88]
g 10 X86693 ARL6IP1  SPARC-like 1 (hevin) [90][84]1[871(89][88]
g 7 M36634 MT1G vasoactive intestinal peptide [90][84][871[89]
5 8 H06524 SPARCL1  Gelsolin [90][87]

9 T71025 SRSF9 Metallothionein 1G [90][87]

6 H43887 TPM2 Complement factor D (adipsin) [87]

An interesting overlap of results is presented with Chen et al. in (100) where all the 27 genes

coincide with our results. In (100), the authors noted discrepancies between different criteria

considered for gene selection and propose the use of ranking algorithms. To the best of our

knowledge, this publication (100), represents the closest attempt to address the opportunity

areas cited in this thesis, represent a good starting point for the efforts of our work.
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Many of the 27 genes under scrutiny have a scientific literature reference that evidences their
role in cancer. That is the case of Interleukin-8 (IL-8) which, besides being selected by our
method, it was reported in 7 of the 8 references presented. IL-8 has been recently shown to
contribute to the progression of human cancer through its potential functions as mitogenic,
angiogenic and motogenic factor (85). The NMEL gene is known as one of thirteen identified
tumor metastasis suppressor genes (114); reduced expression of their correspondent family
(NME) was associated with increased metastatic potential and more aggressive disease in
human breast (115), hepatocellular, ovarian and gastric carcinoma and melanoma as
identified in (116-119) through the review of (120). NMEL has also been associated with a

poor prognosis in Acute Myeloid Leukemia (AML) (121).

4.1.2 Validation of Case 1 using Colon 2 database

The original reference for Colon 2 database (57) identified 66 significant genes; 19 of them
overexpressed and 47 underexpressed. The single gene overlapping with our results, with
accession number L11708 named hydroxysteroid (17-beta) dehydrogenase 2, has been

confirmed as a potential biomarker gene for breast cancer (122,123).

89



4.1.3 Validation of Case 1 using Gastric database

For this case, 162 genes were reported as overexpressed and 129 as underexpressed in the
original work (83). Our list of 74 selected genes present an overlap of 32 genes, 9 of them
overexpressed and 23 underexpressed. Table 4-4 present the list of the genes in common

between the original publication and the list obtained in this work.

Table 4-4. List of the genes obtained using the proposed methodology that are also present in the
original publication.

9 overexpressed genes overlapping between execution of Case 1 using Colon 1 and its original reference

Frontier =~ Accession Symbol Name
5 X54942 CKS2 CDC28 protein kinase regulatory subunit 2
5 X54941 CKS1B CDC28 protein kinase regulatory subunit 1B
5 X54667 CST4 cystatin S
5 D21063 MCM2 minichromosome maintenance complex component 2
9 L40379 TRIP10 thyroid hormone receptor interactor 10
10 7274616 COL1A2 Collagen, type |, alpha 2
10 7274615 COL1A1 Collagen, type |, alpha 1
10 X74801 CCT3 Chaperonin containing TCP1, subunit 3 (gamma)
10 M86752 STIP1 Stress-induced-phosphoprotein 1

23 underexpressed genes overlapping between execution of Case 1 using Colon 1 and its original reference

guanine nucleotide binding protein (G protein), alpha transducing activity

2 AC002077  GNAT1 solypeptide 1
3 229574 TNFRSF17  tumor necrosis factor receptor superfamily, member 17

4 U57094 RAB27A RAB27A, member RAS oncogene family

4 M75110 ATP4B ATPase, H+/K+ exchanging, beta polypeptide

4 M63154 GIF gastric intrinsic factor (vitamin B synthesis)

4 M62628 Human alpha-1 Ig germline C-region membrane-coding region, 3' end.
5 X76223 H.sapiens MAL gene exon 4

5 X53961 LTF lactotransferrin

5 X05997 LIPF lipase, gastric

5 U70663 KLF4 Kruppel-like factor 4 (gut)

5 U19948 PDIA2 protein disulfide isomerase family A, member 2

5 M63962 ATP4A ATPase, H+/K+ exchanging, alpha polypeptide

5 M61855 CYP2C9 cytochrome P450, family 2, subfamily C, polypeptide 9

5 D63479 DGKD diacylglycerol kinase, delta 130kDa

5 D26129 RNASE1 ribonuclease, RNase A family, 1 (pancreatic)
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6 748314 MUC5AC  mucin 5AC, oligomeric mucus/gel-forming
X51698 TFF2 trefoil factor 2

8 J05412 REG1A regenerating islet-derived 1 alpha
homocysteine-inducible, endoplasmic reticulum stress-inducible, ubiquitin-like

8 D14695 HERPUD1 domain member 1

9 S$76942 DRD4 dopamine receptor D4

10 X65614 S100P $100 calcium binding protein P

10 X52003 TFF1 Trefoil factor 1

10 M12759 Human Ig J chain gene, exons 3 and 4

The pair of kinases, CKS2 and CKS1B selected by our methodology was also shown in the
list of relevant genes of the original paper. Also two collagen proteins (COLA1 and COLAZ2)
were detected by both methods. KLF4 belongs to the same family of KLF9 which is

validated through literature in section 4.3.

Even though the overlap between the reported list and the results shown by the proposed
method is just of 32 genes of 291, the original publication does not show any biological

validation of their list.
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4.2 Validation scheme 2: Comparison of expression profiles from
different databases

This validation process is based on the evaluation of the direction of change in expression of
the selected genes. A gene that is shown to be significantly underexpressed or overexpressed

by any method can be verified to keep this behavior consistent in an independent database.

This validation process is performed for all the groups defined before for intersections
between two or more sets of selected genes, illustrative example of these profiles can be seen

in Figure 4-4, where the direction of expression change is drawn for each of the databases.

Figure 4-4. Example of the Expression profile of 5 genes with validation purposes.

These profiles can be read as follows: level +1 represents a positive change in expression

from healthy state to cancer state (an overexpressed gene), level -1 represents a negative
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change in expression from healthy to cancer states (an underexpressed gene). This change in
expression is measured between the values of the medians in the different states. Different
lines represent the expression explored in different databases. If the profiles follow the same
pattern, the original profile is validated, if not, further analysis is advised. In Figure 4-4 an
example of 5 genes is presented, solid line represents the changes in expression for the five
different genes when it is analyzed using the Colon 1 database. A segmented line describes
the changes in expression of the same five genes considering data from Colon 2 and the
dotted green line represents the expression profile for the 5 genes when using data from the
Gastric database. These profiles would validate the behavior of two of the five genes
explored, because the third gene is underexpressed in Colon 1 while overexpressed in Colon
2 and Gastric. The 4™ gene also presents discrepancies, being overexpressed in Colon 1 and

Gastric databases and underexpressed in Colon 2.

This analysis can be performed for all the intersections between two or three databases.
These intersections can be easily visualized in Figures 4-1, 4-2 and 4-3. Their description can

be consulted in Table 4-2.
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Figure 4-5. Expression profile for Group 1, correspondent to the intersection of analyses performed
just with databases from Colon cancer.

Figure 4-5 shows the expression profile for Group 1, where the symbols on the x-axis
corresponds to the genes. For this profile, Colon 1 was used as reference. The behavior is
completely consistent across both databases, 9 of these genes were reported as
underexpressed and 4 of them as overexpressed. The Desmin (DES) protein is associated
with one of the underexpressed genes in this profile; previous evidence has been reported of
the downregulation of this protein being relevant for cancer development (124). Among the
overexpressed genes, the NME1 is found as consistently overexpressed in both databases.
The reported relationship between this gene and cancer metabolism calls for an
underexpression to enhance the metastasis process (125). This discrepancy with what was

detected in the databases must be investigated in the future.

94



Figure 4-6. Expression Profile 2, representing the intersection of analyses 1 and 4.

Among the genes detected as common between Lists 1 and 4 (genes in Group 2), one of the
13 genes is presented as underexpressed, Tropomyosin 2-beta (TPM2), while the other 12
were shown overexpressed. Among the overexpressed genes, Interleukin-8 (IL8) has been
already reported as relevant for cancer (85). The behavior of these genes is also consistent

considering both colon databases.
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Figure 4-7. Expression profile 3, correspondent to the intersection of analyses 1 and 2.

In the expression profile for Group 3 (intersection between lists 2 and 4), 11 genes in
common were identified. Four of them are underexpressed and 7 overexpressed; all of them

matched across both databases.
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Figure 4-8. Expression profile of Group 4, representing the overlapping of lists 3, 5 and 6.

In the profile for Group 4, all the involved genes kept the same expression change behavior
across the three databases. Among the overexpressed genes, there are two kinases (CKS2 and
CKS1B) that have been referred as potential actors in cancer development. RNASE1 and
HERPUD1, identified among the 4 underexpressed genes are already identified as potential
contributors in cancer.

In the expression profile for Group 5, four genes were consistently underexpressed
(TNFRSF17, ARP4B, X76223, GNB3) and three of them consistently overexpressed
(PTPN12, SMS, CST4) when considering Colon 2 and Gastric databases. The other five
genes (KRT9, CKMT2, ATP4A, MLLT3, FBP1), show a different change in expression
when considering data from one database or the other. Although discrepancy is undesirable
from the analytical point of view, there is evidence for different cancer types expressing the
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same gene differently. The use of these profiles facilitate detecting such discrepancies and
explore the reasons behind them. When a discrepancy is detected, p_values from the MW test
when comparing normal to cancer states using data from each database are evaluated; if the
p_value for the discrepant database is not significant, the conflict is ignored for the next

validation scheme.

Figure 4-9. Expression profile 4, representing the overlapping between analyses 3 and 6.

Figure 4-10. Expression profile 6, to analyze the overlapping between analyses 5 and 6.
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The profile for group 6 is the longest and it shows the highest number of discrepancies. Nine
of the original 25 genes are consistently underexpressed in the three databases, and 11 genes
were consistently overexpressed. Gene MYL9 was underexpressed in both Colon cancer
databases while overexpressed in gastric database, MAP1A is underexpressed in Colon 1 and
Gastric databases but not in Colon 2. CIRBP is underexpressed in Colon2 and Gastric but not
in Colon 1; and TAGLN2 is overexpressed both Colon databases and underexpressed in

Gastric. These discrepancies should also be explored for biological explanation.

The single gene in common between lists 3 and 5 is named ACTNL1 (Actinin, alpha 1). This
gene was underexpressed in Colon 1 while overexpressed in Colon 2 and Gastric databases

(see Appendix D, Figure set 8).

Even though Group 7 was composed by the 35 genes in the intersection between List 5, 6 and
7, its genes are also present in the intersections of Groups 4, 5 and 6, which was already
described, thus, no further exploration was necessary. The 4 genes in intersection of List 6
and List 7 (Group 8) are not found in any other profile. Their behavior is detailed in Figure 4-

11.
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Figure 4-11. Expression profile for group 8, representing the intersection between analyses 6 and 7.

There is coincidence in the expression behavior for three genes in Figure 4-11: PTPRH
(underexpressed), SND1 (overexpressed) and IMPDH1 (overexpressed). HSF1 is

overexpressed in Colon 2 and Gastric databases and underexpressed in Colon 1 database.

In Appendix D, all individual value plots to evaluate the change in expression for each gene

graphically are presented to support the generation of each profile.
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4.3 Validation Scheme 3: Literature review

This validation procedure consists on searching for the role of the selected genes in the
existent literature. The sources for this information were the Gene Expression Omnibus
(GEO) repository, the Information Hyperlinked over Proteins (iHOP) site (126), the
geneBank repository as well as a direct search of articles that cite the gene as a cancer
biomarker. A summary with functions and interactions associated to cancer development was
built with references related to the study of the involved gene,. For this evaluation in
literature only those genes located in the intersection of three sets are considered. First the 13
genes conforming Group 1 (Figure 4-1), then, the 10 genes corresponding to Group 4 (Figure
4-2) are analyzed. Finally the 35 genes in the intersection of the analyses of the different
executions of Case 3 (Group 7 in Figure 4-3), are analyzed. Among the 35 genes in Group 7,
15 of them were also present in Group 1 or Group 4, leaving just 20 new genes to be
considered for analysis. Considering 13 genes from Group 1, 10 from Group 4 and the
remaining 20 from Group 7 that were not listed previously, a total of 43 genes are subjected

to this validation procedure.

The p_value analysis described in the last section for discrepant genes found through the
expression profiles was performed for all 43 genes selected. Through this analysis, some of
the genes presented as conflicting using profiles are shown as non-conflicting here. P_values
and individual value plots using each database are presented in Apendix E for most of the 43

selected genes described in this section.
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Functions of the genes under scrutiny are shown in Tables 1F, 2F and 3F (Appendix F)
section. Main functions are summarized in Tables 4-6, 4-7 and 4-8. In these tables,
characteristics of the genes contributing to processes of normal cell development and cancer
development are cited. The main cellular processes considered were cell proliferation,
metastasis and apoptosis, all other functions were clustered in the column “others”. The
related cancer types and other related diseases are described, for the functional comparison.

The respective bibliographical references are cited directly on the table.

Table 4-5. Summary of literature review of the 13 genes from Group 1, intersection of cases mainly
related to colon cancer.

Cell processes Functional Comparisons
Cell . . Related C Oth lated
Gene Symbol . € . Metastasis  Apoptosis Others elated tancer (:zr relate
Prolifeation types diseases

Overexpressed in all the databases

Pancreatic Hereditary
HSPD1 (127,86) Spastic
(127,86,128-130) Paraplegia(128)
Down syndrome-
associated Acute
GTF3A (126) Myeloid Leukemia
(87)
Breast (125),
NMEL (131) (131) ovarian (131),
NPM1 (126) AML(88,132)
Underexpressed in all the databases
EST: yq31b10.s1
GUCA2B
CRC (133), .
DES (89) rhabdomyosarcoma rl\)qezmrl]r;-trel(alt;f)
(124,89) yophaty
MYL9 (126)
CFD
(135) Hepatocellular
CSRP1 carcinoma (136)
VIP Breast (135,90)
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Hepatitis B-
associated liver
cirrosis (138)

All (Tumor

GSN (126) activator) (137)

Prostate (91),
MT1G (126) hepatoblastoma
(139) renal (140)

Referring to the genes in Table 4-5, 10 of 13 genes were found in the literature relating to the
cell processes described. CFD and GUCA2B do not have any cancer-related reference and
EST: yg31b10.s1 is an expressed sequence tag without any reported function yet. A
description of the relevant genes is presented in the following paragraphs, where references

found for each specific gene are briefly described.

Gene HSPD1, also referenced as HSP60, is known as coding for the heat shock 60kDa
protein, and it is one of the four principal chaperonin proteins reported in Table 4-6. This
family is important for cell signaling and protein traffic in the presence of stress(129). After a
cellular assault, the need for this kind of proteins increases markedly as a defense mechanism
to allow cells to survive otherwise lethal conditions (127). This gene has been reported as
consistently high in different stages of prostate cancer (86), and thus been proposed as
potential biomarker for this cancer type (130). In our results, this gene is overexpressed,

supporting the literature evidence of its potential as biomarker.

The overexpression of the General transcription factor IHIA (GTF3A) was successfully
validated as related to Down Syndrome Acute Myeloid Leukemia (87). GTF3A is reported

as overexpressed in our results, supporting the AML evidence.
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NMEL is already known as a metastasis suppressor gene, Single nucleotide polymorphisms
(SNP) in the promoter region of the NME1 gene has been found to be associated with breast
cancer prognosis (125). An inverse relationship between its expression and metastasis
potential has been observed for some solid tumors (131). In our results, it was detected as
overexpressed in cancer tissues. This behavior could be interpreted as the non-metastasic
stage of the involved samples in the study, however further investigation is needed to clarify

it.

Three of the genes (HSPD1, GTF3A and NMEL) are already used in patented genetic

signatures for the diagnosis or prognosis of different cancer states (105-107).

Mutations in nucleophosmin NPM1 represent the most frequent molecular aberrations in
adult patients of acute myeloid leukemia (AML). Its mutation has been proved as a useful
marker for minimal residual disease (MRD) in this cancer type (132). It has been
demonstrated that patients with mutations in NPM1 show favorable prognostic (88). There is
no detail of the direction of expression change that is generated by such mutation. This
information would be useful to evaluate if the overexpression change found in our analysis is

consistent with other findings.
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The gene Desmin (DES) has been proved as a specific marker for rhabdomyosarcomas (89),
however, the direction of the expression change in this cancer type follow a different
direction than that found in this work (underexpressed). This gene has also been proposed as
a potential oncofetal serum tumor marker for Colorectal Cancer (CRC) where its
overexpression has been proved correlated to the presence of the disease (133). However,
underexpression of Desmin in other cancer types, besides rhabdomyosarcomas and CRC,

correspond to underexpression, coinciding with the evidence shown by the data used here.

For myosin, light chain 9 regulatory (MYL9) a gene involved in cell locomotion, there is no
biological validation for its relevance in cancer, however it has been found as significantly
expressed in different data-based analyses (141,142). The situation is similar for CFD, the
Complement factor D (adipsin) and GUCA2B (guanylate cyclase activator 2B (uroguanylin))
is a similar case (145) are reported in data-based analysis with no biological validation

(98,143,144).. Both genes, CFD and GUCA2B, were underexpressed in the used data.

The expression of CSRP1 (cysteine and glycine-rich protein 1) has been explored in
hepatocellular carcinoma, concluding that it was inactivated (underexpressed) in cancerous
cells by aberrant methylation. This gene and CAV1 may serve as important biomarkers of

this malignancy (136). This underexpression coincides with the behavior shown in our results.

A hybrid of the vasoactive intestinal peptide (VIP), which in its basal form is involved in
vasodilation, has been shown to inhibit breast cancer development (135,90). Even though the
basal form of VIP is not reported as relevant for cancer, it is here proposed for further

investigation according to our results.
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Gelsolin (GSN) is an actin binding protein that modulates a variety of physiological process
by interacting differently with the actin cytoskeleton. It has been shown that underexpression
of gelsolin is present in several types of cancer cells. It significantly reduces the invasive and
motile properties of cells, and it has been reported as underexpressed in some cancer types
like lung and bladder (146,147). Its behavior is confirmed as a tumor activator in vitro,
although further investigations concerning the role of these gene in tumor progression in vivo
are pending (137).This information supports our findings regarding Gelsolin being

underexpressed in colon cancer.

MTL1G (Metallothionein 1G) has been validated with associated with tumor aggressiveness in
prostate cancer and might be a marker of locally advanced disease (91). This means that it is
underexpressed in tumors. Its hypermethylation has been also proposed as a potential
prognostic marker for hepatoblastoma (139). Its reported behavior perfectly matched our

findings.

Additional literature review was performed to validate the 10 gene set reported in Group 4.

Table 4-6 summarizes this information.

Table 4-6. Summary of literature review of the 10 genes for Group 4 cases mainly related to gastric
cancer.

Cell processes Functional comparisons
Gene Symbol 'CeII ) Metastasis  Apoptosis Others Related Cancer Othc:zr related
Proliferation types diseases

Overexpressed in all the databases
Gastric (149), Colon
HMGB1 (148) (150), breast (151),
Melanoma(152),
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AML (153)

Bladder (154)
CKS2 (126) Cervical (155)
Breast (156)
Cks1e (126) Multiple Myeloma
(157), breast (158)
STIP1 (159) Ovarian (159)
PSMB4 (126)
BCAP31 (160)
Underexpressed in all the databases
Brugada
GPDIL Bladder (161) syndrome (162)
some cardiac
diseases (163)
PPARD (164) Colon (165)
RNASE1 Pancreas(166)
HERPUD1 Prostate(167,168)

Referring to Table 4-6, all genes had functionality related to cell development reported in the

literature. A description for each gene is presented below.

HMGBL1 has been implicated in a variety of biological in important processes. It has been
reported to contribute to cellular signaling, cellular migration and tumor invasion. Increased
expression of HMGBL1 has been reported for several differential tumor types, including
breast carcinoma, melanoma, gastrointestinal stromal tumors and acute myeloblastic

leukemia as reported by (150) by review of (153,151,149,152). This gene has been reported

as overexpressed, which matches our results.

107



The mus musculus (mouse) homologue of Cyclin-dependent kinase subunit 2 (Cks2) has
been identified as a transcriptional target downregulated by the tumor suppressor p53. P53 is
a tumor suppressor protein that is a principal factor in regulation of growth arrest as well as
apoptosis. It is known to be mutated in the majority of human tumors and acts by engaging in
complexes with other proteins or functions (148). CKS2 expression has been reported as
strongly correlated to bladder (154), breast (156) and cervical (155) cancers. CKS2 is
proposed to be downregulated by p53. When p53 is not working, CKS2 would have an
increase in expression. Our analysis of colon cancer detects, indeed, an overexpression for

CKS2.

CKS1B belongs to the family of the cyclin kinase subunit (CKS1), which interacts with
cyclin-dependent kinases and plays an important role in cell cycle progression. Some authors
have referred to this protein as an adverse prognostic factor in multiple myeloma (157). Its
overexpression has been also related to poor overall survival in human breast cancer (158).
Supported by our analyses, the overexpression of this gene can be proposed as a biomarker

for colon cancer too.

A referred biomarker for ovarian cancer that promotes cancer cell proliferation is the Stress-
induced-phosphoprotein 1 (STIP1) (159). Its overexpression is found in our analyses, posing

the hypothesis of STIP1 being a biomarker for colon cancer.
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The proteasome is responsible for the degradation of all short-lived proteins and 70/90% of
all long-lived proteins, regulating processes such as cell cycle progression, DNA
transcription, angiogenesis, DNA repair/misrepair, apoptosis/survival, among others (169).
PSMB4 is a subunit of the proteasome and has been detected by our method, as
overexpressed. Given that any direction of the change in this protein would result in the
described cancer-related processes, the overexpression in our analyses results suggests its

relevance for Colon and Gastric cancers.

Gene BCAP31 (B-Cell receptor associated protein 31) is a tumor suppressor gene. It is an
integral protein of the endoplasmic reticulum membrane and substrate of caspase-8, a known
regulator of apoptosis (160). It is one of 17 genes located in chromosome X related to
apoptosis and has been studied to explain the excesses of cancer risk in males (170). The
overexpression for BCAP31 in our results contradicts the literature evidence. This is left for

further exploration in the literature.

Mutations of Glycerol-3-phosphate dehydrogenase 1-like (GPD1L) have been related to
some cardiac diseases (163) and Brugada syndrome (162). Its behavior, like that in other

lipogenic enzimes has been explored in Bladder cancer (161). In our results, this gene is
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underexpressed, however, the reported change in the literature was of overexpression. This

discrepancy is also suggested to further analysis.

Peroxisome proliferators-activated receptors (PPARs) are members of the nuclear receptor
superfamily and have three different isoforms: PPARa, PPARS, and PPARy. PPARs. These
are ligand-activated transcription factors implicated in tumor progression, differentiation, and
apoptosis. Activation of PPAR isoforms lead to both anticarcinogenesis and anti-
inflammatory effect (164). Thus, an underexpressed behavior is expected for this kind of
proteins in cancer state as was reported in our findings for the PPARS (PPARD) gene. Its
contribution for a specific cancer type is hypothesized in (165). The authors’ hypothesis is

supported by results presented in (164). Underexpression is then, a match for our results.

For the case of RNASEL, there exists some evidence to consider this human ribonuclease as
a possible tumor marker for pancreatic cancer. In (166) authors report that the elevated serum
RNASE levels in patients with pancreatic cancer are due to the tumor cells, raising the
possibility to use human serum RNASE1 as tumor marker for this cancer type. This gene was
detected as underexpressed in all databases used. However, this discrepancy could be

explained by other unexplored biological relations that can be the subject of further analyses.
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HERPUDL1 is involved in the endoplasmic reticulum (ER) stress response pathway, its
underexpression has been analyzed as correlated to prostate cancer, suggesting the
involvement of the ER stress pathway in prostate tumorigenesis (167). Henriksen et al. in
(168) conclude that its underexpression in prostate cancer predicts the occurrence of
metastases almost perfectly. This evidence coincides with the behavior of this gene when

using colon and gastric databases in our analysis.

Table 4-7 describes the characteristics considered for genes in Group 7. As it has been
explained, just 20 of them are new for evaluation, because 15 were reported in the analyses

of Groups 1 and 4.

Table 4-7. Summary of literature review of the 20 genes of Group 7; intersection of instances for Case

3.
Cell processes Functional comparisons
Other
Gene Symbol .CeII , Metastasis Apoptosis Others Related Cancer related
Proliferation types .
diseases
Overexpressed in all the databases
HSP90AA1 (171) Lung (171),
CBX3 (126)

Breast, Colon,

SRPK1 (172) Pancreas (95)
Breast (174)
melanoma (173)
prostate (175)

FGFR4 (173) (174) lung (176) soft
tissue sarcoma
(177)

DARS (178)
CRC(180), lung
HNRNPA1 (179) (181)
FUBP1 (182) NSCLC (182)
SET (183) AML (184)
DNAJAL (185) Glioblastomas

(186)
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(187) Leukemia (188),

GLo1 prostate (187)
Overexpressed in Colon DBs and underexpressed in Gastric DB
TAGLN2 (189)
Kidney (190)
CA9 (108) cervix (191,192)
Underexpressed in all the DBs
CIRBP (193)
CCL14
Renal Clear cell
SCNN18 carcinoma (140)
KCNMB1
Endometrial and
KLF9 (194) (195) breast (196),
Colon (194)
HUMIFNIND
Prostate (109),
CAPN2 (109) breast (110)
Underexpressed in Colon 1 and Gastric and overexpressed in Colon 2
MAP1A (197)

Among the genes summarized in Table 4-7, 16 of the original 20 have biographical
references of their relevance in cancer related processes. Only four of them (CBX3, DARS,
SET, HUMIFNIND) were not referred as having a relevant role in those kinds of processes.
A brief description found for them using iIHOP (126) or Entrez descriptions from GEO are

presented here. Details for each of the 16 genes found are described next.

HSP90AAL, also known as HSP90, belongs to the heat shock protein family (such as HSP60
contained in Table 4-6). Functionality of this family has already been described in
(127,86,129). Low expressions of HSP90 have been related to better survival rates in Non-

small cell lung cancer (NSCLC) (171). In Gallegos-Ruiz et al. (171), the authors suggest that
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targeting of HSP90 will have a clinical impact for NSCLC patients. This fact could relate the

overexpression of this gene in our results to colon cancer diagnosis.

SRPK1 is a protein serine kinase that regulates the activity of RS-proteins (arginineserine-
rich proteins), a group of nuclear factors controlling a variety of physiological processes
including RNA processing and spliceosome assembly (198 by review of 199).
Underegulation by siRNA of the expression for SRPK1 in cancer cell lines is known to
reduce cell proliferation (198). Targeting SRPK1 is a promising tool that might prove
therapeutically effective for tumors that overexpress this protein (95). This behavior

coincides with our results, where overexpression was detected.

Allele Arg388 for gene FGFR4 (Fibroblast growth factor receptor 4) has been related with
cancer progression and metastasis in breast carcinoma (174), and has been proposed as a
potential marker for progression of melanoma (173). A gene allele is one of the two or more
forms of the DNA sequence of a particular gene, sometimes referred to as single nucleotide
polymorphisms (SNPs)(173). Evidence of its relationship with prostate cancer (175), lung
cancer (176) and soft tissue sarcoma (177) has been reported. This evidence corroborates the
overexpression behavior of this gene in our results, posing it as potential marker for colon

cancer.
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Evidence of relevance of gene HNRNPA1 (Heterogeneous nuclear ribonucleoprotein Al) in
colon cancer has been reported by Ma et al. in (180) where the overexpression of the gene is
correlated to the tumor severity. Its alteration has also has been deemed relevant for lung
cancer (181). Behavior of its protein family has been reported to contribute in tumor
development and progression (179). This behavior coincides with the expression of the gene

reported in our findings.

There is some evidence of the Far upstream element (FUSE) binding protein 1 (FUBP1) to
be overexpressed in tumor cell lines including Non-Small Cell Lung Cancer (NSCLC). Its
coordinated expression of microtubule-destabilizing factors is also a critical step to facilitate
microtubule dynamics and subsequently increase proliferation and motility of tumor cells
(182). This overexpression is also shown in this gene in our results regarding colon and

gastric cancer.

SET is an oncoprotein that participates in a diversity of cellular functions including cell
proliferation (183). Its interaction with PP2A, which has been suggested be named 1,""**, has
been studied to contribute positively to acute myeloid leukemogenesis (184). This gene was

identified as overexpressed in our findings, matching with the literature evidence.

Gene DnaJ homolog, subfamily A-member 1, corresponding to symbol DNAJAL (also
known as HDJ2) is a co-chaperone of Hsp70 that has been reported as contributing to the

resistance to radiotheraphy of glioblastomas, the most aggressive and common of brain
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tumors (186). In our results DNAJAL was overexpressed in colon and gastric data, possibly

invoking the same effect.

Glyoxalase | (GLO1) has been found overexpressed in prostate tumor cells (187) suggesting
that it may play a role in cancer homeostasis and survival, i.e. a potential biomarker gene.
This protein has also shown evidence as a resistant factor to antitumor agent-induced
apoptosis in human leukemia cells (188). These two evidences match with the behavior of

GLO1 in our results, where GLO1 was overexpressed in all the databases.

Protein Transgelin-2 (TAGLN2) has been reported as overexpressed in Colorectal Cancer
(CRC) with supportive biological validation. Overexpression of TAGLN2 was associated
with lymph node and distant metastasis, advanced clinical stage of CRC and shorter overall
survival in CRC. It has been proposed as a biomarker to predict CRC progression and
prognosis (189). In our results, TAGLN2 was found overexpressed in both colon cancer
databases, matching with the reviewed evidence. In gastric cancer, however, it showed the
opposite direction. To the best of our knowledge there is no evidence of a proposed direction
of change in expression for this cancer type, thus, it is suggested that its expression be

investigated for biomarking characteristics.
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Carbonic Anhydrase IX (CA9) has been extensively reported for its contribution in cancer
processes as it is highly overexpressed in many types of cancer. CA9 has been used as a
target for anticancer drug development (200). It has also been reported as an endogenous
marker for hypoxic cells in cervical cancer (201). In our results this gene is overexpressed for
colon databases but underexpressed for gastric. This discrepancy should be further explored

to determine if it is due to difference in the cancer type or to data quality.

The Cold inducible RNA binding protein (CIRP) is one of the major cold-inducible RNA
binding proteins known in human cells. It has been demonstrated that CIRP has a stimulatory
effect on proliferation. CIRP has been reported as overexpressed in human tumors,
considering it as a potential proto-oncogenic protein given its spectrum of characteristics like:
ability to increase general protein synthesis, association with proteins that are known to be
involved in tumorigenesis, involvement in immortalization of primary cells and
overexpression in human malignancies (193). However, our results show underexpression of

this gene using colon and gastric cancer data. This discrepancy suggests further exploration.

In (140) SCNN1B is cited as participating in the control of reabsorption of sodium in kidney,
colon, lung and sweat glands, their results show this gene as importantly underexpressed in
renal cell carcinoma samples. The authors postulate this gene as potential biomarker for this

cancer type. Their results coincide with the behavior of this gene in our analyses.
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A role for gene KCNMB1 (Potassium large conductance calcium-activated channel,
subfamily M, beta member 1) in cancer metabolism has not been reported yet. However, the
role for its similar KCNMAL, a protein belonging to the same family, has been reported as
relevant for breast cancer invasion and metastasis to brain (202). Further investigation might

be directed towards linking these genes in the context of cancer.

Many members of the Kruppel-like factors (KLF) family have been shown to be relevant to
human cancers by their identified abilities to mediate in signaling processes related to the
control of cell proliferation, apoptosis, migration and differentiation. In this family, the
downregulation of Kruppel-like factor 9 (KLF9) has been hypothesized as involved in the
carcinogenesis of human colorectal cancer with its supporting evidence presented in (194).
Our results also detected an underexpression, adding to the existing evidence. Also, evidence
of correlation between the activity of KLF members and the pathogenesis of endometrial and
breast cancers is presented in (196) where authors suggest that a better understanding of the
mode of actions of KLFs and their functional networks may lead to the development new

therapeutics.

The family of microtubule-associated proteins is a growing family that includes products of

oncogenes, tumor suppressors and apoptosis regulators. EXxistent evidence suggests the
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alteration of microtubule dynamics may be one of the critical events in tumorigenesis and
tumor progression (197). Microtubule-associated protein 1A (MAP1A) belongs to this family
and by the similarity of their elements, it could be hypothesized that this protein also

contributes to the described processes.

Among the activities of CAPN2 (calpain-2), some works have shown experimental evidence
suggesting that the epigenetic activation of calpain plays an important role in the invasion of
human prostate cancer and that it can be targeted to reduce tumor progression (109).
Coincidence of its behavior varies within the reported databases, and further biological

analysis is suggested.

An important opportunity is found in those genes appearing in our meta-analysis that have
not been reported to have a role in cancer processes. CBX3 gene (Chromobox homolog 3) is
known as contributor in the cell cycle but there is no evidence of its relevance in cancer.
CCL14 (chemokine (C-C motif) ligand 14) have been reported as potentially relevant in
embryo implantation (203), but no reference has been found about this gene in terms of
cancer. HUMIFNIND, the “human interferon gamma treatment inducible mRNA” is reported
as a nucleotide sequence without any proved role in cell development neither in normal or

cancerous progression.
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As it can be seen through this validation scheme, 37 of 43 evaluated genes already have
reported evidence for their biological relevance for cellular processes related to cancer. Most
of them also have documented evidence for in vivo or in vitro validation for their role in
specific cancer types. The remaining 6 genes would be proposed as candidates for
experimental validation to verify their contribution in cellular processes related to cancer. If
these last genes can be confirmed as biomarkers, a major contribution of this research will be
established. Therefore, these genes are here proposed as potential biomarkers for the related

cancer types.
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5 CONCLUSION AND FUTURE WORK

In this thesis, a method to identify potential cancer genetic biomarkers from microarray data
was introduced. The main contribution of the work comes from representing the gene
identification problem as a multiple criteria mathematical optimization problem for the first
time. Two important benefits of such representation are (i) the possibility of eliminating
parameter adjustment by final users, and thus (ii) promoting results consistent convergence
and repeatability across different analysts. This representation was also shown to permit to

elicit solutions in an effective and efficient manner.

Besides the devise and validation of a competitive analysis method, the most important result
from this thesis is the actual identification of potential biomarkers for colon and gastric
cancer. These genes are not only backed by our mathematical and statistical analysis, but by
a focused investigation of their role in the cell functions, aiming to identify those that have
been biologically related to cancer. In doing this, a true interdisciplinary approach has been
followed that attempts to link analysis capability from Industrial Engineering with the

generation of useful knowledge for Cancer Biology and Research.

The list of potential biomarkers for colon cancer involve EST: yq31b10.s1, GUCAZ2B,

MYL9, CFD, CBX3, CCL14 and HUMIFNIND. The last three are also proposed as potential
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biomarkers for gastric cancer. A major contribution to cancer research will be provided by

this work if these genes can be confirmed as biomarkers in the future.

As a novel and first approach, it was important to establish that it is not only feasible but
attractive to use Data Envelopment Analysis (DEA) to solve the multiple criteria
optimization problem built within this research line. Two characteristics that make DEA
critical to consider as a strong candidate for future analysis endeavors are (1) convergence
consistency and (2) lack of the requirements of parameter adjustment by the final user. Both
of them are indeed strengths of the particular formulation used in this research, called the
BCC model in the literature in recognition of the original authors Banker, Charnes and
Cooper, and both of them are owed in great part to having a convenient linear mathematical

programming structure.

Finally, this thesis helped to pave the way for collaboration between the Bio IE Lab at
UPRM and the Integrative Bioinformatics Group at the UT MD Anderson Cancer Center.
The proposed method is now being considered to form the base for a collaborative effort to

extract knowledge from proteomics data.

For future work at the Bio IE lab at UPRM, it is recommended that different DEA

formulations as well as other multiple criteria optimization techniques be assessed in their
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qualities to contribute analysis convenience, precision, and —to a lesser extent- speed. In these
explorations, it must be kept in mind that the final users stand in areas that are very different
from the traditional data-analysis disciplines, so a simple and effective transfer across these
lines must be favored. Indeed, starting with a graphical analysis to solve the multiple criteria

optimization problem might be a worthwhile effort in the group.

Another challenge is that of transferring the method to proteomics, where again a cross
disciplinary approach is recommended as to keep the results relevant and the methods simple

yet never simplistic.
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APPENDIX A - HOW TO ACCESS MICROARRAY DATABASES

It is common that scientific papers using microarray data provide an internet address —usually
the laboratory’s or research group’s- where the raw data can be accessed. Sometimes, these
data are also available in official public repositories sponsored by government agencies or
private repositories sponsored usually by pharmaceutical industries. Once the data source is
identified in the reference paper, the format and structure of the data should be understood
for its good use.

In this section the different procedures to access the data involved in this work are presented.

The data for the two cases of colon can be found in http://microarray.princeton.edu/oncology.

The main page when this repository is accessed is presented below in Figure Al.

Figure Al. Web repository of the data from the Princeton University gene expression project.

Data from Alon et al. (37) (Colon 1 database) were accessed originally in .txt format, then

exported and edited using MS Excel. Information of the samples was also accessed in .txt
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format and paired with their correspondent samples following the description in

http://genomics-pubs.princeton.edu/oncology/affydata/index.html. The result of this process

was the matrix with readings of 62 tissues in 2,000 genes to be analyzed.

Data from Notterman et al. (57) (Colon 2 database) was available in the same repository that
belongs to the Princeton University gene expression project. Data in the different states
(healthy and cancer) was available in MS Excel format. All the information about samples
and the accession numbers of the genes involved in the experiments were available in the
same documents. Manipulation of this database was easier than that of Colon 1 database
given the format of the original files.

The data of Hippo et al. (83) (Gastric database) was accessed through the Gene Expression
Omnibus (GEO) repository. This repository is sponsored by the National Center of

Biotechnology Information (NCBI) and can be located in http://www.ncbi.nlm.nih.gov/geo/.

GEO is a powerful tool to access genetic data in many different ways. Figure 2 shows the

main screen of the tool.
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Figure A2. Initial page for the GEO repository queries.

Different queries can be submitted to the repository through the use of their interface (Figure
A2). A data set can be queried by their GSE (GEO Series) key, which is commonly provided
in the associated publications. This kind of queries returns complete sets of experiments
summarized and reported. Complete information regarding the different kinds of queries that
can be performed through this tool can be consulted in

http://www.ncbi.nlm.nih.gov/qgeo/info/fag.html#retrievals.
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For the case of gastric cancer, the location of the raw dataset was not specified in the original
publication, but it was found directly in the searching options of the repository. The number
of the GEO Data Series was GSE2685. The reference of the platform used for the experiment
was GPL80 corresponding to Hu6800-Affymetrix Human Full Length HuGeneFL Array.
The 30 samples were identified with the labels GSM51763 to GSM51792.

When the data query is solved, GEO shows the arrays in different electronic formats like
HTML, .xls, RTF, among others. Then, the user can choose the most convenient format to
manage the data depending on the objectives of the analyses. In this case, all the accessed
data was managed in MS Excel. The data was edited to resemble a matrix format containing
information of the number of genes (N) involved in the experiments (Gene column), the
accession number of each gene (Accession column), and all experimental readings of each
gene on each tissue. The tissues were organized columns and the genes in rows. Samples in
normal state were placed first (Normall, Normal2,..., NormalA) and the cancer tissues were
placed next (Cancerl, Cancer2,... CancerB). An illustrative example of a matrix of this sorts
is presented in Figure 3, where the matrix has N = 7,129 genes explored, A = 5 normal
samples, and B = 7 Cancer tissues. In order to avoid omissions, the labels used by the authors

was kept throughout the analyses in this thesis.
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Figure A3. Representation of the microarray matrix to be used in the execution of the methodology.
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APPENDIX B — COMPUTER PROGRAMS

APPENDIX B1 PROGRAM FOR MW

The MatLab code to execute the Mann-Whitney statistical analysis to obtain n p_values
corresponding to n genes, organized in two different states (normal and cancer), each state

with more than 1 tissue (replicate).

Function

[Filtrados
p _Value]=filtrado (N _genes,Matriz,Index fil sanos,Index fil cancer,alpha)

% Data selection, if needed
Datos=Matriz;

Datos(:,1)=[];

Fil sanos=Datos(:,Index fil sanos);
Fil cancer=Datos(:,Index fil cancer);

% Applying ranksum test overa all the genes
p_Value=zeros (N _genes,1);

HO=p Value;

for i=1:N genes

[p_Value (i)
HO (i) J=ranksum(Fil sanos (i, :),Fil cancer(i,:), 'alpha',alpha);
end
% Relevant genes are filtered (HO = 1), if needed

Filtrados=Matriz;

$p_Value (HO==0,:)=[];
$Filtrados (HO==0, :)=[];
p_Value (HO==0&HO==1, :) =[]

Filtrados (HO==0&HO0==1, :)=[1];

This code is embedded in a suite with different processes of microarray data analysis that
includes Gene Filtering, Separability and Classification of samples. The suite was developed
in the Bio IE lab at UPRM.
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APPENDIX B2 — DATA ENVELOPMENT ANALYSIS (DEA)
SOFTWARE

DEA-Solver Pro, a commercially available software, was used to apply DEA to the multiple criteria
optimization problems posed in this thesis. DEA-Solver pro, is an MS Excel Add-In, that requires
Windows XP. A brief explanation on how to use this tool is presented here.

DEA Solver Pro must be installed in the computer’s hard drive and used with a license dongle. The
location of the installation folder is typically: C://SAITECH/DEA-Solver/DEA-SOLVERPRO-

60Nd .xls. When accessing this address, the steps to run an analysis are shown below.

1.- Welcome screen for the
DEA-Solver Pro tool in excel.
When clicking start, the
instructions are displayed

2.- Instructions screen. Here,
the different steps for the analysis
through DEA-Solver Pro are
described. Clicking OK is
followed by the start of the
process
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If everything is correct with the data to be used, a dialog box appears where it is only

necessary to click RUN.

When the size of the problem is greater than 1,000 DMUs to explore, a dialog box permits
the user to request either a complete report or a summarized report. Depending upon the

objectives of the study, one or the other can be chosen. In this thesis, all the reports were in

the summarized format.
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3.- Model selection screen. Here

the model selected to be applied

to our data is selected. There are

157 available models,

considering Input and Output

orientations. In this work just the
BCC-I and BCC-O have been

chosen.

4.- Data Selection. In this step
the program asks for the data to
be used in the model execution.
Data should be stored in .xls
format, version 2003. Inputs and
outputs to be considered should
be identified with a previous (1)
or (O) in their labels respectively.




APPENDIX C — TABLES OF COMPLETE GENE SELECTION
RESULTS

Table 1C. Resultant efficient genes for the MCO problem of Case 1 using Colon 1 database.

Gene  Frontier  Accession Symbol Name
1 1 M22382 HSPD1 Heat shock 60kDa protein 1 (chaperonin)
2 1 R87126 EST: yq31b10.s1
3 2 H08393 WDR77 WD repeat domain 77
4 2 R36977 GTF3A General transcription factor IIIA
5 3 J05032 DARS aspartyl-tRNA synthetase
6 3 M26383 IL8 interleukin 8
7 4 X63629 CDH3 cadherin 3, type 1, P-cadherin (placental)
8 4 H40095 EST: yn85b03.51
9 4 750753 GUCA2B guanylate cyclase activator 2B (uroguanylin)
10 4 M63391 DES desmin
11 5 102854 MYL9 myosin, light chain 9, regulatory
12 5 X12671 HNRNPA1 heterogeneous nuclear ribonucleoprotein Al
13 6 u09564 SRPK1 SFRS protein kinase 1
14 6 H43887 CFD Complement factor D (adipsin)
15 6 M76378 CSRP1 cysteine and glycine-rich protein 1
16 7 M36634 VIP vasoactive intestinal peptide
17 7 T86473 NME1 Non-metastatic cells 1, protein (NM23A) expressed in
18 8 H06524 GSN Gelsolin
19 8 R84411 SNRPB Small nuclear ribonucleoprotein polypeptides B and B1
20 8 X14958 HMGA1 high mobility group AT-hook 1
21 9 T92451 TPM2 Tropomyosin 2 (beta)
22 9 M26697 NPM1 Nucleophosmin (nucleolar phosphoprotein B23, numatrin)
23 9 171025 MT1G Metallothionein 1G
24 10 X86693 SPARCL1 SPARC-like 1 (hevin)
25 10 T47377 S100P $100 calcium binding protein P
26 10 U30825 SRSF9 Serine/arginine-rich splicing factor 9
27 10 D31885 ARL6IP1 ADP-ribosylation factor-like 6 interacting protein 1
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Table 2C. Resultant efficient genes for the MCO problem of Case 1 using Colon 2 database.

Amount  Frontier  Accession Symbol Name

1 1 750753 GUCA2B guanylate cyclase activator 2B (uroguanylin)

2 1 749269 CCL14 chemokine (C-C motif) ligand 14

3 1 X64559 CLEC3B C-type lectin domain family 3, member B

4 1 T96548 ACTG2 Actin, gamma 2, smooth muscle, enteric

5 1 T64297 FABP1 Fatty acid binding protein 1, liver

6 1 T55741 MYLK Myosin light chain kinase

7 1 R36977 GTF3A General transcription factor IIIA

8 1 M97496 GUCA2A guanylate cyclase activator 2A (guanylin)

9 1 M77836 PYCR1 pyrroline-5-carboxylate reductase 1

10 1 102854 MYL9 myosin, light chain 9, regulatory

11 1 H57136 FXYD1 FXYD domain containing ion transport regulator 1

12 2 X73502 KRT20 keratin 20

13 2 X56597 FBL Fibrillarin

14 2 U37019 CNN1 calponin 1, basic, smooth muscle

15 2 u17077 MALL mal, T-cell differentiation protein-like

16 2 R61502 TRAP1 TNF receptor-associated protein 1

17 2 R08183 HSPE1 Heat shock 10kDa protein 1 (chaperonin 10)

18 2 M83670 CA4 carbonic anhydrase IV

19 2 M36981 NME2 non-metastatic cells 2, protein (NM23B) expressed in

20 2 129254 SORD sorbitol dehydrogenase

21 2 H20426 NME1 Non-metastatic cells 1, protein (NM23A) expressed in

22 2 D63874 HMGB1 high-mobility group box 1

23 3 T76971 MT1F Metallothionein 1F

24 3 T51961 PCNA Proliferating cell nuclear antigen

25 3 T48804 RPS24 Ribosomal protein S24

2% 3 M80244 SLCTAS solute carrier family 7 (cationic amino acid transporter, y+ system),
member 5

27 3 M76378 CSRP1 cysteine and glycine-rich protein 1

28 3 M63603 PLN phospholamban

29 3 M26697 NPM1 nucleophosmin (nucleolar phosphoprotein B23, numatrin)

30 4 T86473 NME1 Non-metastatic cells 1, protein (NM23A)

31 4 T78104 PRELP Proline/arginine-rich end leucine-rich repeat protein

32 4 T71025 MT1G Metallothionein 1G

33 4 M36634 VIP vasoactive intestinal peptide

34 4 M18079 FABP2 fatty acid binding protein 2, intestinal

35 4 H09351 MCM7 Minichromosome maintenance complex component 7

36 4 D00137 ADH1B alcohol dehydrogenase 1B (class 1), beta polypeptide

37 4 H06524 GSN Gelsolin

38 5 X54942 CKS2 CDC28 protein kinase regulatory subunit 2

39 5 U34994 PRKDC protein kinase, DNA-activated, catalytic polypeptide

40 5 U17899 CLNS1A chloride channel, nucleotide-sensitive, 1A

41 5 T52362 CLNS1A Chloride channel, nucleotide-sensitive, 1A

42 5 T51571 S100A11 $100 calcium binding protein A1l
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Table 2C (continued)

Amount  Frontier  Accession Symbol Name
43 5 M63391 DES Desmin
44 5 M30448 CSNK2B casein kinase 2, beta polypeptide
45 5 M12272 ADH1C alcohol dehydrogenase 1C (class I), gamma polypeptide
46 5 L11708 HSD17B2 hydroxysteroid (17-beta) dehydrogenase 2
47 6 718951 CAV1 caveolin 1, caveolae protein, 22kDa
48 6 T49732 SNRPD2 Small nuclear ribonucleoprotein D2 polypeptide 16.5kDa
49 6 R71676 PA2G4 Proliferation-associated 2G4, 38kDa
50 6 H43887 CFD Complement factor D (adipsin)
51 7 X12369 TPM1 tropomyosin 1 (alpha)
52 7 U22055 SND1 staphylococcal nuclease and tudor domain containing 1
53 7 uU14631 HSD11B2 Hydroxysteroid (11-beta) dehydrogenase 2
54 7 T51913 CRYAB Crystallin, alpha B
55 7 103037 CA2 Carbonic anhydrase I
56 8 X52679 SMPD1 sphingomyelin phosphodiesterase 1, acid lysosomal
9o wews wmey MM o (U0 doenten)
58 8 U33286 CSE1L CSE1 chromosome segregation 1-like (yeast)
59 8 R88575 TKT Transketolase
60 8 R87126 EST: yg31b10.s1
61 8 R11676 CDC20 Cell division cycle 20 homolog (S. cerevisiae)
62 8 M95936 AKT2 V-akt murine thymoma viral oncogene homolog 2
63 8 M37583 H2AFZ H2A histone family, member Z
64 8 M22382 HSPD1 Heat shock 60kDa protein 1 (chaperonin)
65 8 H65842 ACP1 Acid phosphatase 1, soluble
66 9 X05231 MMP1 Matrix metallopeptidase 1 (interstitial collagenase)
67 9 R75843 EST: yi59f12.s1
68 9 M84526 CFD complement factor D (adipsin)
69 9 L02785 SLC26A3 Solute carrier family 26, member 3
70 9 H20709 MYL6 Myosin, light chain 6, alkali, smooth muscle and non-muscle
71 10 246629 SOX9 SRY (sex determining region Y)-box 9
72 10 T98555 POLR1D Polymerase (RNA) | polypeptide D, 16kDa
73 10 T95048 RPS15A Ribosomal protein S15a
74 10 T46924 ABP1 Amiloride binding protein 1 (amine oxidase (copper-containing))
75 10 R50129 AT5G39220 Hydrolase, alpha/beta fold family protein
76 10 H54425 EST: yg91a08.s1
77 10 H29320 GNL3 Guanine nucleotide binding protein-like 3 (nucleolar)
78 10 D21262 NOLC1 Nucleolar and coiled-body phosphoprotein 1
79 10 D15049 PTPRH Protein tyrosine phosphatase, receptor type, H
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http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=4882&TAXID=3702&SEARCH=R50129
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Table 3C. Resultant efficient genes for the MCO problem of Case 1 using the Gastric database.

Amount  Frontier Accession Symbol Name
1 1 729074 KRT9 keratin 9
2 5 AC002077 GNATL guanine nucleotide bir;(iit?\itsrszfl::/r;((egt?drztlein), alpha transducing
3 729574 TNFRSF17 tumor necrosis factor receptor superfamily, member 17
4 3 X76342 ADH7 alcohol dehydrogenase 7 (class 1V), mu or sigma polypeptide
3 U21689 GSTP1 glutathione S-transferase pi 1
6 3 113744 MLLT3 myeloid/lymph0ichchr)Srzi:;‘sitli;)linter.\:ﬁ:lLi:l::;ntiz’(;rithorax homolog,
7 3 J05401 CKMT2 creatine kinase, mitochondrial 2 (sarcomeric)
8 4 U57094 RAB27A RAB27A, member RAS oncogene family
9 4 U50136 LTC4S leukotriene C4 synthase
10 4 M75110 ATP4B ATPase, H+/K+ exchanging, beta polypeptide
11 4 M63154 GIF gastric intrinsic factor (vitamin B synthesis)
1 4 M62628 Human alpha-1 Ig germline C-region membrane-coding region, 3'
end.
13 4 M31328 GNB3 guanine nucleotide binding protein (G protein), beta polypeptide 3
14 4 lell'f:gf_l;t CHAT Choline Acetyltransferase
15 4 Hi(zsgggfat PAN2 Pan-2
16 4 D29675 Homo sapiens inducible nitric oxide synthase gene, promoter and
exon 1
17 5 749099 SMS spermine synthase
18 5 X99101 ESR2 estrogen receptor 2 (ER beta)
19 5 X89750 TGIF1 TGFB-induced factor homeobox 1
20 5 X81817 BCAP31 B-cell receptor-associated protein 31
21 5 X76223 H.sapiens MAL gene exon 4
22 5 X54942 CKS2 CDC28 protein kinase regulatory subunit 2
23 5 X54941 CKS1B CDC28 protein kinase regulatory subunit 1B
24 5 X54667 CST4 cystatin S
25 5 X53961 LTF lactotransferrin
26 5 X05997 LIPF lipase, gastric
27 5 U70663 KLF4 Kruppel-like factor 4 (gut)
28 5 U36759 PTCRA pre T-cell antigen receptor alpha
29 5 U27325 TBXA2R thromboxane A2 receptor
30 5 U21931 FBP1 fructose-1,6-bisphosphatase 1
31 5 U19948 PDIA2 protein disulfide isomerase family A, member 2
32 5 S68616 SLC9A1 solute carrier family 9 (sodium/hydrogen exchanger), member 1
33 5 S54005 TMSB10 thymosin beta 10
34 5 M63962 ATP4A ATPase, H+/K+ exchanging, alpha polypeptide
35 5 M61855 CYP2C9 cytochrome P450, family 2, subfamily C, polypeptide 9
36 5 138025 CNTFR ciliary neurotrophic factor receptor
37 5 L17131 HMGA1 high mobility group AT-hook 1
38 5 L07592 PPARD peroxisome proliferator-activated receptor delta
39 5 104988 HSP90AB1 heat shock protein 90kDa alpha (cytosolic), class B member 1
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Table 3C (continued)

Amount  Frontier Accession Symbol Name
40 5 Hl:ll'igjzzt MET Hepatocyte Growth Factor Receptor
41 5 H':_ng;f;t Fibroblast Growth Factor Receptor K-Sam, Alt. Splice 1
42 5 D63874 HMGB1 high-mobility group box 1
43 5 D63479 DGKD diacylglycerol kinase, delta 130kDa
44 5 D50914 BOP1 block of proliferation 1
45 5 D42047 GPD1L glycerol-3-phosphate dehydrogenase 1-like
46 5 D26600 PSMB4 proteasome (prosome, macropain) subunit, beta type, 4
47 5 D26129 RNASE1 ribonuclease, RNase A family, 1 (pancreatic)
48 5 D21063 MCM2 minichromosome maintenance complex component 2
49 6 748314 MUCS5AC mucin 5AC, oligomeric mucus/gel-forming
50 6 X51698 TFF2 trefoil factor 2
51 6 M21259 Human small nuclear ribonucleopr‘otein (snRNP) E gene, 3' intergenic
region.
52 6 134587 TCEB1 transcription elongation factor B (CS)III), polypeptide 1 (15kDa, elongin
53 7 U66052 Clone W2-6 mRNA from chromosome X
54 7 M95178 ACTN1 actinin, alpha 1
55 3 U18235 ABCA2, ATP-binding cassette, sub-family A (ABC1), member 2. LACS2 (LONG-
LACS2 CHAIN ACYL-COA SYNTHETASE 2); long-chain-fatty-acid-CoA ligase
56 8 105412 REG1A regenerating islet-derived 1 alpha
57 8 Hi(;égj;t Dynein, Heavy Chain, Cytoplasmic
58 3 D14695 HERPUD1 homocystelne-lnj;igsilghj?feogcl)a;r;: r::e:r:‘l;)l:I[nlstress-lnduuble,
59 576942 DRD4 dopamine receptor D4
60 9 M93425 PTPN12 protein tyrosine phosphatase, non-receptor type 12
61 9 L40379 TRIP10 thyroid hormone receptor interactor 10
62 10 774616 COL1A2 Collagen, type |, alpha 2
63 10 774615 COL1A1 Collagen, type |, alpha 1
64 10 X74801 CCT3 Chaperonin containing TCP1, subunit 3 (gamma)
65 10 X65614 S100P $100 calcium binding protein P
66 10 X52003 TFF1 Trefoil factor 1
67 10 X05409 ALDH2 Aldehyde dehydrogenase 2 family (mitochondrial)
68 10 U61397 SUMO1 SMT3 suppressor of mif two 3 homolog 1 (S. cerevisiae)
69 10 M86752 STIP1 Stress-induced-phosphoprotein 1
70 10 M12759 Human Ig J chain gene, exons 3 and 4
71 10 HTHZE;;?_-at Serine/Threonine Kinase (Gb:225424)
72 10 H:‘_g;;;?;t Triosephosphate Isomerase
73 10 HTHZGZiéi?_-at Mucin 3, Intestinal (Gb:M55406)
74 10 D50582 Homo sapiens gene for inward rectifier K channel, complete cds
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Table 4C. Description of the 41 different genes found in the execution of Case 2 using Colonl and
Colon 2 databases.

Amount  Frontier Accession Symbol Name
1 1 R36977 GTF3A General transcription factor IlIA
2 1 R87126 EST: ygq31b10.s1
3 2 H08393 WDR77 WD repeat domain 77
4 2 M22382 HSPD1 Heat shock 60kDa protein 1 (chaperonin)
5 2 750753 GUCA2B Guanylate cyclase activator 2B (uroguanylin)
6 3 M26383 L8 Interleukin 8
7 3 102854 MYL9 Myosin, light chain 9, regulatory
8 3 H40095 EST: yn85b03.51
9 4 J05032 DARS Aspartyl-tRNA synthetase
10 4 M36634 VIP Vasoactive intestinal peptide
11 4 X63629 CDH3 Cadherin 3, type 1, P-cadherin (placental)
12 4 H43887 CFD Complement factor D (adipsin)
13 4 D63874 HMGB1 High-mobility group box 1
14 4 M26697 NPM1 Nucleophosmin (nucleolar phosphoprotein B23, numatrin)
15 5 R08183 HSPE1 Heat shock 10kDa protein 1 (chaperonin 10)
16 5 186473 NME1 Non-metastatic cells 1, protein (NM23A) expressed in
Human gene for heterogeneous nuclear ribonucleoprotein

17 5 X12671 locus (hnRNP) core protein Al.

locus
18 6 U09564 HSU09564 Human serine kinase mRNA, complete cds.
19 6 T71025 MT1G Metallothionein 1G
20 7 U17899 CLNS1A Chloride channel, nucleotide-sensitive, 1A
21 7 X54942 CKS2 CDC28 protein kinase regulatory subunit 2

locus Homo sapiens cysteine-rich protein (CRP) gene, exons 5, 6
22 7 M76378 HUMCRPO4 and complete cds.
23 7 M63391 locus HUMDES Homo sapiens desmin gene, complete cds.
24 8 H06524 GSN Gelsolin
25 8 749269 locus 749269 H.sapiens gene for chemokine HCC-1
26 8 T51571 S100A11 $100 calcium binding protein A1l
27 8 X14958 HMGA1 High mobility group AT-hook 1
28 9 U14631 HSD11B2 Hydroxysteroid (11-beta) dehydrogenase 2
29 9 T47377 S100P $100 calcium binding protein P
30 9 U22055 SND1 Staphylococcal nuclease and tudor domain containing 1
31 9 R84411 SNRPB Small nuclear ribonucleoprotein polypeptides B and B1
32 9 X12466 SNRPE Small nuclear ribonucleoprotein polypeptide E
33 9 M12272 ADH1C Alcohol dehydrogenase 1C (class 1), gamma polypeptide
34 9 U30825 SRSF9 Serine/arginine-rich splicing factor 9
35 9 D31885 ARL6IP1 ADP-ribosylation factor-like 6 interacting protein 1
36 9 T51023 HSP90AB1 Heat shock protein 90kDa alpha (cytosolic), class B member 1
37 10 T92451 TPM2 Tropomyosin 2 (beta)
38 10 H24030 CCT3 Chaperonin containing TCP1, subunit 3 (gamma)
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Table 4C (continued)

Amount  Frontier  Accession Symbol Name
39 10 T78104 PRELP Proline/arginine-rich end leucine-rich repeat protein
40 10 X55715 RPS3 Ribosomal protein S3
41 10 T48804 RPS24 Ribosomal protein S24

Table 5C. Complete list of the 85 genes found in the Case 3 execution with Colon 1 and Gastric

Databases.
Amount  Frontier  Accession Symbol Name
1 1 X54942 CKS2 CDC28 protein kinase regulatory subunit 2
2 1 X54941 CKS1B CDC28 protein kinase regulatory subunit 1B
3 1 M22382 HSPD1 Heat shock 60kDa protein 1 (chaperonin)
4 1 D63874 HMGB1 High-mobility group box 1
5 2 X63629 CDH3 Cadherin 3, type 1, P-cadherin (placental)
6 2 X55715 RPS3 Ribosomal protein S3
7 2 U26312 CBX3 Chromobox homolog 3
8 2 M36634 VIP Vasoactive intestinal peptide
9 2 J05032 DARS Aspartyl-tRNA synthetase
10 2 D42047 GPD1L Glycerol-3-phosphate dehydrogenase 1-like
11 2 D38551 RAD21 RAD21 homolog (S. pombe)
12 2 D21261 TAGLN2 Transgelin 2
13 3 X15183 HSP90AA1 Heat shock protein 90kDa alpha (cytosolic), class A member 1
14 3 X12671 locus: X12671 Human gene for heteroge:s;)eu::otizliia;;ibonucleoprotein (hnRNP)
15 3 U25138 KCNMB1 Potassium large conductance calcium-activated channel, subfamily
M, beta member 1
16 3 M63391 locus: HUMDES Homo sapiens desmin gene, complete cds.
17 3 M16937 HOXB7 Homeobox B7
18 3 D26129 locus: HUMRNASA Homo sapiens mRNA for ribonuclease A, complete cds
19 4 X87159 SCNN1B Sodium channel, nonvoltage-gated 1, beta
20 4 X81817 locus: X81817 H.sapiens BAP31 mRNA.
21 4 U30825 SRSF9 Serine/arginine-rich splicing factor 9
22 4 U21090 POLD2 Polymerase (DNA directed), delta 2, regulatory subunit 50kDa
23 4 u09564 locus: HSU09564 Human serine kinase mRNA, complete cds
24 4 u05040 FUBP1 Far upstream element (FUSE) binding protein 1
25 4 U02493 NONO Non-POU domain containing, octamer-binding
26 4 M15841 SNRPB2 Small nuclear ribonucleoprotein polypeptide B
27 4 L08069 DNAJA1 Dnal (Hsp40) homolog, subfamily A, member 1
28 4 102854 MYL9 Myosin, light chain 9, regulatory
29 5 725521 cD47 CD47 molecule
30 5 D00596 locus: HUMTS1 Homo sapiens gene for thymidylate synthase, complete cds.
31 5 X66839 CA9 Carbonic anhydrase IX
32 5 X53586 ITGA6 Integrin, alpha 6
33 5 M86752 STIP1 Stress-induced-phosphoprotein 1
34 5 M76378 locus: HUMCRPO4 Homo sapiens cysteine—rLc;r:;r:te;rlé(siRP) gene, exons 5, 6 and
35 5 D43950 CCT5 Chaperonin containing TCP1, subunit 5 (epsilon)
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http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=200655&TAXID=9606&SEARCH=X54941
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2064064&TAXID=9606&SEARCH=M22382
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2065089&TAXID=9606&SEARCH=D63874
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=160726&TAXID=9606&SEARCH=X63629
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1382600&TAXID=9606&SEARCH=X55715
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=204188&TAXID=9606&SEARCH=U26312
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=138083&TAXID=9606&SEARCH=M36634
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=718946&TAXID=9606&SEARCH=J05032
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=140645&TAXID=9606&SEARCH=D42047
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=140559&TAXID=9606&SEARCH=D38551
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=907915&TAXID=9606&SEARCH=D21261
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=916347&TAXID=9606&SEARCH=X15183
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=699258&TAXID=9606&SEARCH=U25138
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=699258&TAXID=9606&SEARCH=U25138
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=231218&TAXID=9606&SEARCH=M16937
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=222559&TAXID=9606&SEARCH=X87159
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=3273084&TAXID=9606&SEARCH=U30825
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=182552&TAXID=9606&SEARCH=U21090
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1782869&TAXID=9606&SEARCH=U05040
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1292657&TAXID=9606&SEARCH=U02493
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=175684&TAXID=9606&SEARCH=M15841
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=240240&TAXID=9606&SEARCH=L08069
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=719846&TAXID=9606&SEARCH=J02854
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=241451&TAXID=9606&SEARCH=Z25521
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=139003&TAXID=9606&SEARCH=X66839
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=149927&TAXID=9606&SEARCH=X53586
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=191952&TAXID=9606&SEARCH=M86752
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=4248988&TAXID=9606&SEARCH=D43950

Table 5C (continued)

Amount  Frontier  Accession Symbol Name

36 5 D26600 PSMB4 Proteasome (prosome, macropain) subunit, beta type, 4

37 6 749269 locus: 249269 H.sapiens gene for chemokine HCC-1.

38 6 X07979 locus:X07979 Human mRNA for integrin beta 1 subunit.

39 6 u10324 ILF3 Interleukin enhancer binding factor 3, 90kDa

40 6 M93651 SET SET nuclear oncogene

41 6 M34344 locus: HUMGPIIB3 Human platelet Glycoprotein Ilb (GPIIb) gene, exon 30.

1 6 L07592 locus: HUMPPARA Human peroxisome proliferator activated receptor mRNA,

complete cds.

43 6 D31885 ARL6IP1 ADP-ribosylation factor-like 6 interacting protein 1

44 6 D31716 KLF9 Kruppel-like factor 9

45 6 D13315 GLO1 Glyoxalase |

46 7 X86693 SPARCL1 SPARC-like 1 (hevin)

47 7 X74295 ITGA7 Integrin, alpha 7

48 7 X72727 HNRNPK Heterogeneous nuclear ribonucleoprotein K

49 7 D00761 PSMB1 Proteasome (prosome, macropain) subunit, beta type, 1

50 7 U32519 G3BP1 GTPase activating protein (SH3 domain) binding protein 1

51 7 u24166 MAPRE1 Microtubule-associated protein, RP/EB family, member 1

52 7 M82919 GABRB3 Gamma-aminobutyric acid (GABA) A receptor, beta 3

53 7 M23254 CAPN2 Calpain 2, (m/Il) large subunit

54 7 L03840 FGFR4 Fibroblast growth factor receptor 4

55 8 X82103 COPB1 Coatomer protein complex, subunit beta 1

56 8 X75208 EPHB3 EPH receptor B3

57 8 X07290 ZNF3 Zinc finger protein 3

58 8 X05610 COL4A2 Collagen, type 1V, alpha 2

59 8 U20998 SRP9 Signal recognition particle 9kDa

60 8 M95178 ACTN1 Actinin, alpha 1

61 8 M94556 SSBP1 Single-stranded DNA binding protein 1

62 8 M37583 H2AFZ H2A histone family, member Z

63 8 M31303 locus:HUMOP18A Human oncoprotein 18 (Op18) gene, complete cds.

64 8 103040 SPARC Secreted protein, acidic, cysteine-rich (osteonectin)

65 9 X74330 PRIM1 Primase, DNA, polypeptide 1 (49kDa)

66 9 X67155 KIF23 Kinesin family member 23

67 9 X13482 SNRPA1 Small nuclear ribonucleoprotein polypeptide A'

68 9 M31994 HU,{;;LESD.CB Homo sapiens aldehyde de?grir;)lgefzizes-(ALDHl) gene, exon 13 and

69 9 M26683 HUMIFNIND Human interferon gamma treatment inducible mRNA.

70 9 M25809 ATP6V1B1 ATPase, H+ transporting, lysosomal 56/58kDa, V1 subunit B1

71 9 M23114 ATP2A2 ATPase, Ca++ transporting, cardiac muscle, slow twitch 2

72 9 138951 KPNB1 Karyopherin (importin) beta 1

73 9 L12350 THBS2 Thrombospondin 2

74 9 L05144 locus: Homo sapiens (clone lamda-hPEC-3) phosphoenolpyruvate
HUMPHOCAR carboxykinase (PCK1) mRNA, complete cds.

75 9 D78134 CIRBP Cold inducible RNA binding protein

76 10 u14577 MAP1A Microtubule-associated protein 1A

77 10 D00760 PSMA2 Proteasome (prosome, macropain) subunit, alpha type, 2

78 10 u09587 GARS Glycyl-tRNA synthetase

79 10 138929 PTPRD Protein tyrosine phosphatase, receptor type, D
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http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=141268&TAXID=9606&SEARCH=D26600
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=681044&TAXID=9606&SEARCH=U10324
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=231724&TAXID=9606&SEARCH=M93651
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2141776&TAXID=9606&SEARCH=D31885
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=153759&TAXID=9606&SEARCH=D31716
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=172529&TAXID=9606&SEARCH=D13315
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=138971&TAXID=9606&SEARCH=X86693
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=915231&TAXID=9606&SEARCH=X74295
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=913004&TAXID=9606&SEARCH=X72727
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=194606&TAXID=9606&SEARCH=D00761
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1955843&TAXID=9606&SEARCH=U32519
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=687596&TAXID=9606&SEARCH=U24166
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=181429&TAXID=9606&SEARCH=M82919
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=193910&TAXID=9606&SEARCH=M23254
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=157049&TAXID=9606&SEARCH=L03840
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=192084&TAXID=9606&SEARCH=X82103
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=131320&TAXID=9606&SEARCH=X75208
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=230339&TAXID=9606&SEARCH=X07290
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=723875&TAXID=9606&SEARCH=X05610
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=726584&TAXID=9606&SEARCH=U20998
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=724924&TAXID=9606&SEARCH=M95178
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=705553&TAXID=9606&SEARCH=M94556
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=145404&TAXID=9606&SEARCH=M37583
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=144119&TAXID=9606&SEARCH=J03040
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1370653&TAXID=9606&SEARCH=X74330
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=173114&TAXID=9606&SEARCH=X67155
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1203030&TAXID=9606&SEARCH=X13482
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=139043&TAXID=9606&SEARCH=M25809
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=721918&TAXID=9606&SEARCH=M23114
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1292168&TAXID=9606&SEARCH=L38951
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=199096&TAXID=9606&SEARCH=L12350
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2087156&TAXID=9606&SEARCH=D78134
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=161179&TAXID=9606&SEARCH=U14577
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=190030&TAXID=9606&SEARCH=D00760
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=218568&TAXID=9606&SEARCH=U09587
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=241120&TAXID=9606&SEARCH=L38929

Table 5C (continued)

Amount  Frontier  Accession Symbol Name
80 10 D00860 PRPS1 Phosphoribosyl pyrophosphate synthetase 1
81 10 L37112 AVPR1B Arginine vasopressin receptor 1B
82 10 L07648 locus:HUMMXI1A Human MXI1 mRNA, complete cds.
83 10 K03460 locus:HUMTUBA2H Human alpha-tubulin isotype H2-alpha gene, last exon.
84 10 D59253 NCBP2 Nuclear cap binding protein subunit 2, 20kDa
35 10 D14695 HERPUDL Homocysteine-inducible, endoplasmic reticulum stress-inducible,

ubiquitin-like domain member 1

Table 6C. List of information for the 93 genes found through the execution of Case 3 using Colon 2

and Gastric Databases.

Amount Frontier Accession Symbol Name
1 1 729574 locus: 229574 Homo sapiens gene for BCMA peptide.
2 1 729074 KRT9 Keratin 9
3 1 X64559 CLEC3B C-type lectin domain family 3, member B
4 1 J05401 CKMT2 Creatine kinase, mitochondrial 2 (sarcomeric)
5 1 D63874 HMGB1 High-mobility group box 1
6 2 X54942 CKS2 CDC28 protein kinase regulatory subunit 2
7 2 u17077 MALL Mal, T-cell differentiation protein-like
8 2 M97496 GUCA2A Guanylate cyclase activator 2A (guanylin)
9 2 M63603 PLN Phospholamban
10 2 D42047 GPD1L Glycerol-3-phosphate dehydrogenase 1-like
11 3 X54941 CKS1B CDC28 protein kinase regulatory subunit 1B
12 3 U33286 CSE1L CSE1 chromosome segregation 1-like (yeast)
13 3 M86752 STIP1 Stress-induced-phosphoprotein 1
14 3 M75110 ATP4B ATPase, H+/K+ exchanging, beta polypeptide
15 3 M36634 VIP Vasoactive intestinal peptide
16 3 M22382 HSPD1 Heat shock 60kDa protein 1 (chaperonin)
17 3 107592 locus: HUMPPARA Human peroxisome proliferator activated receptor mRNA,
complete cds.
18 3 102854 MYL9 Myosin, light chain 9, regulatory
19 4 749269 locus: 749269 H.sapiens gene for chemokine HCC-1.
20 4 M93651 SET SET nuclear oncogene
21 4 M93425 PTPN12 Protein tyrosine phosphatase, non-receptor type 12
22 4 M84526 CFD Complement factor D (adipsin)
23 4 MS0244 SLCTAS Solute carrier famiI\gjsice?:]i;’)r:]ce?nn;zo;cid transporter, y+
24 4 M77836 PYCR1 Pyrroline-5-carboxylate reductase 1
25 4 L03840 FGFR4 Fibroblast growth factor receptor 4
26 4 D26600 PSMB4 Proteasome (prosome, macropain) subunit, beta type, 4
27 5 X87159 SCNN1B Sodium channel, nonvoltage-gated 1, beta
28 5 M30448 locus: HUMCSK2B Human casein kinase Il beta subunit mRNA, complete cds.
29 5 M14745 BCL2 B-cell CLL/lymphoma 2
30 5 111708 HSD17B2 Hydroxysteroid (17-beta) dehydrogenase 2
31 5 D26129 locus: HUMRNASA Homo sapiens mRNA for ribonuclease A, complete cds
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http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=130661&TAXID=9606&SEARCH=D00860
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=130989&TAXID=9606&SEARCH=L37112
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2060682&TAXID=9606&SEARCH=D59253
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=152138&TAXID=9606&SEARCH=D14695
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=152138&TAXID=9606&SEARCH=D14695
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2723887&TAXID=9606&SEARCH=Z29074
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=691251&TAXID=9606&SEARCH=X64559
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=140486&TAXID=9606&SEARCH=J05401
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=4269522&TAXID=9606&SEARCH=U17077
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=130835&TAXID=9606&SEARCH=M97496
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=157795&TAXID=9606&SEARCH=M63603
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=141341&TAXID=9606&SEARCH=U33286
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=229239&TAXID=9606&SEARCH=M75110
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=138893&TAXID=9606&SEARCH=M93425
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=154534&TAXID=9606&SEARCH=M84526
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=904544&TAXID=9606&SEARCH=M80244
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=904544&TAXID=9606&SEARCH=M80244
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=156619&TAXID=9606&SEARCH=M77836
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=153807&TAXID=9606&SEARCH=M14745
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=156469&TAXID=9606&SEARCH=L11708

Table 6C (continued)

Amount Frontier Accession Symbol Name

32 5 D21262 NOLC1 Nucleolar and coiled-body phosphoprotein 1

33 6 749099 locus: Z49099 H.sapiens mRNA for spermine synthase.

34 6 X76223 locus: X76223 H.sapiens MAL gene exon 4

35 6 X57766 MMP1 Matrix metallopeptidase 11 (stromelysin 3)

3 6 xi63% MTHFD2 dependent) 3, methemyletrahydrofoate retohydraise

37 6 X15183 HSP90AA1 Heat shock protein 90kDa alpha (cytosolic), class A member 1

38 6 M95936 AKT2 V-akt murine thymoma viral oncogene homolog 2

39 6 L22524 locus: HUMMATRY06 Human matrilysin gene, exon 6 and complete cds.

40 6 D31766 GNPDA1 Glucosamine-6-phosphate deaminase 1

41 6 D25218 RRS1 RRS1 ribosome biogenesis regulator homolog (S. cerevisiae)

42 6 D21261 TAGLN2 Transgelin 2

43 7 X81817 locus: X81817 H.sapiens BAP31 mRNA.

44 7 X66079 SPIB Spi-B transcription factor (Spi-1/PU.1 related)

45 7 X54489 locus: X54489 Human gene for melanoma growth stimulatory activity

(MGSA).
46 7 U26312 CBX3 Chromobox homolog 3
47 7 U25138 KCNMB1 Potassium large cond.uctance calcium-activated channel,
subfamily M, beta member 1

48 U09564 locus: HSU09564 Human serine kinase mRNA, complete cds

49 M80899 AHNAK AHNAK nucleoprotein

50 7 M18079 HUMFABP Human, intestinal fatty acid bindirjg protein gene, complete
cds, and an Alu repetitive element.

51 7 L02785 SLC26A3 Solute carrier family 26, member 3

52 7 105032 DARS Aspartyl-tRNA synthetase

53 7 J03507 Cc7 Complement component 7

54 7 D13315 GLO1 Glyoxalase |

55 8 X85740 locus: X85740 H.sapiens mRNA for C-C chemokine receptor-4.

56 8 X54162 LMOD1 Leiomodin 1 (smooth muscle)

57 3 X12671 locus: X12671 Human gene for T:;;r'\?ﬁ;a:s:)eu:rnotliia/:{ibonucleoprotein

58 U22055 SND1 Staphylococcal nuclease and tudor domain containing 1

59 U05259 locus: HSU05259 Human MB-1 gene, complete cds.

60 M77349 TGFBI Transforming growth factor, beta-induced, 68kDa

61 3 M76378 locus: HUMCRPO4 Homo sapiens cysteine-rich protein (CRP) gene, exons 5, 6

and complete cds

62 3 M63962 locus: HUMHKATPC Human gastric H,K-ATPase c:;:lytic subunit gene, complete

63 8 M63391 locus: HUMDES Homo sapiens desmin gene, complete cds.

64 3 M31328 GNB3 Guanine nucleotidepbci':;t:)igst?ézt;in (G protein), beta

65 8 M26683 HUMIFNIND Human interferon gamma treatment inducible mRNA.

66 8 M23254 CAPN2 Calpain 2, (m/Il) large subunit

67 8 D78134 CIRBP Cold inducible RNA binding protein

68 9 X66839 CA9 Carbonic anhydrase IX

69 9 X54667 CST4 Cystatin S

70 9 M61832 AHCY Adenosylhomocysteinase

71 9 M24486 P4HA1 Prolyl 4-hydroxylase, alpha polypeptide |

72 9 M16801 NR3C2 Nuclear receptor subfamily 3, group C, member 2
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http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=913985&TAXID=9606&SEARCH=D21262
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=151291&TAXID=9606&SEARCH=X57766
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=684189&TAXID=9606&SEARCH=X16396
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=684189&TAXID=9606&SEARCH=X16396
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2138429&TAXID=9606&SEARCH=M95936
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2140747&TAXID=9606&SEARCH=D31766
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=139429&TAXID=9606&SEARCH=D25218
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=232942&TAXID=9606&SEARCH=X66079
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=717915&TAXID=9606&SEARCH=M80899
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=131057&TAXID=9606&SEARCH=L02785
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=140187&TAXID=9606&SEARCH=J03507
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=909822&TAXID=9606&SEARCH=X54162
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=146283&TAXID=9606&SEARCH=U22055
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=198057&TAXID=9606&SEARCH=M77349
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2138551&TAXID=9606&SEARCH=M31328
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2138551&TAXID=9606&SEARCH=M31328
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2723867&TAXID=9606&SEARCH=X54667
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=207012&TAXID=9606&SEARCH=M61832
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=715206&TAXID=9606&SEARCH=M24486
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=156695&TAXID=9606&SEARCH=M16801

Table 6C (Continued)

Amount Frontier Accession Symbol Name
mo e e el e e
74 L08069 DNAJA1 DnaJ (Hsp40) homolog, subfamily A, member 1
75 L07590 PPP2R3A Protein phosphatase 2, regulatory subunit B", alpha
76 105272 IMPDH1 IMP (inosine 5'-monophosphate) dehydrogenase 1
77 9 100123 locus: AH00527652 Homo sapiens preproenkephalin precursor (PEN) gene, exon
3 and complete cds.
78 D43772 GRB7 Growth factor receptor-bound protein 7
79 D31716 KLF9 Kruppel-like factor 9
80 D15049 PTPRH Protein tyrosine phosphatase, receptor type, H
81 10 731695 INPP5A Inositol polyphosphate-5-phosphatase, 40kDa
82 10 Y00285 IGF2R Insulin-like growth factor 2 receptor
83 10 X06323 MRPL3 Mitochondrial ribosomal protein L3
84 10 U21931 locus: HSLFBPS7 Human fructose-1,6-biphosphatase (FBP1) gene, exon 7, and
complete cds.
85 10 u14577 MAP1A Microtubule-associated protein 1A
86 10 u05040 FUBP1 Far upstream element (FUSE) binding protein 1
87 10 M96956 TDGF3 Teratocarcinoma-derived growth factor 3, pseudogene
88 10 M64673 HSF1 Heat shock transcription factor 1
89 10 M63928 CD27 CD27 molecule
90 10 M34181 PRKACB Protein kinase, cAMP-dependent, catalytic, beta
91 10 123808 MMP12 Matrix metallopeptidase 12 (macrophage elastase)
92 10 L20298 CBFB Core-binding factor, beta subunit
s mo owms  wwup  Pememsnendte e o i
Table 7C. List of 222 genes obtained from the Case 3 executed with Colon 1, Colon 2 and Gastric
databases.
Gene Frontier Accession Symbol Name
1 1 X54942 CKS2 CDC28 protein kinase regulatory subunit 2
2 1 X54941 CKS1B CDC28 protein kinase regulatory subunit 1B
3 1 M36634 VIP Vasoactive intestinal peptide
4 1 M22382 HSPD1 Heat shock 60kDa protein 1 (chaperonin)
5 1 102854 MYL9 Myosin, light chain 9, regulatory
6 1 D63874 HMGB1 High-mobility group box 1
7 2 749269 locus: 249269 H.sapiens gene for chemokine HCC-1.
8 2 X87159 SCNN1B Sodium channel, nonvoltage-gated 1, beta
9 2 X63629 CDH3 Cadherin 3, type 1, P-cadherin (placental)
10 2 X55715 RPS3 Ribosomal protein S3
11 2 X15183 HSP90AA1 Heat shock protein 90kDa alpha (cytosolic), class A member 1
12 2 U26312 CBX3 Chromobox homolog 3
13 5 U25138 KCNMBL1 Potassium large conductance calcium-activated channel,
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subfamily M, beta member 1


http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2060096&TAXID=9606&SEARCH=L13744
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2060096&TAXID=9606&SEARCH=L13744
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=908902&TAXID=9606&SEARCH=L07590
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2723719&TAXID=9606&SEARCH=J05272
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=140982&TAXID=9606&SEARCH=D43772
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=159035&TAXID=9606&SEARCH=D15049
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=914107&TAXID=9606&SEARCH=Z31695
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=702221&TAXID=9606&SEARCH=Y00285
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=163129&TAXID=9606&SEARCH=X06323
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=161179&TAXID=9606&SEARCH=U14577
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2061372&TAXID=9606&SEARCH=M96956
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1204494&TAXID=9606&SEARCH=M64673
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=195087&TAXID=9606&SEARCH=M63928
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=702484&TAXID=9606&SEARCH=M34181
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=131065&TAXID=9606&SEARCH=L23808
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=676147&TAXID=9606&SEARCH=L20298
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=140760&TAXID=9606&SEARCH=X54942
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=200655&TAXID=9606&SEARCH=X54941
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=138083&TAXID=9606&SEARCH=M36634
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2064064&TAXID=9606&SEARCH=M22382
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=719846&TAXID=9606&SEARCH=J02854
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2065089&TAXID=9606&SEARCH=D63874
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=222559&TAXID=9606&SEARCH=X87159
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=160726&TAXID=9606&SEARCH=X63629
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1382600&TAXID=9606&SEARCH=X55715
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=916347&TAXID=9606&SEARCH=X15183
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=204188&TAXID=9606&SEARCH=U26312
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=699258&TAXID=9606&SEARCH=U25138
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=699258&TAXID=9606&SEARCH=U25138

Table 7C (Continued)

Gene Frontier Accession Symbol Name
14 2 U09564 locus: HSU09564 Human serine kinase mRNA, complete cds.
15 2 L03840 FGFR4 Fibroblast growth factor receptor 4
16 2 J05032 DARS Aspartyl-tRNA synthetase
17 2 D42047 GPD1L Glycerol-3-phosphate dehydrogenase 1-like
18 2 D38551 RAD21 RAD21 homolog (S. pombe)
19 2 D21261 TAGLN2 Transgelin 2
20 3 X12671 locus: X12671 Human gene for ?:;;ﬁpg)e::rc;u;rr;?;l:eKlr.ibonucleoprotein
21 3 U22055 SND1 Staphylococcal nuclease and tudor domain containing 1
22 3 U05040 FUBP1 Far upstream element (FUSE) binding protein 1
23 3 M93651 SET SET nuclear oncogene
24 3 M86752 STIP1 Stress-induced-phosphoprotein 1
25 3 M76378 locus: HUMCRPO4 Homo sapiens cysteine-rich protein (CRP) gene, exons 5, 6
and complete cds.
26 3 M63391 locus: HUMDES Homo sapiens desmin gene, complete cds.
27 3 M16937 HOXB7 Homeobox B7
28 3 M15841 SNRPB2 Small nuclear ribonucleoprotein polypeptide B
29 3 LO8069 DNAJA1 Dnal (Hsp40) homolog, subfamily A, member 1
30 3 L07592 locus: HUMPPARA Human peroxisome pr;)(l)lrf:;elx:g sszllvated receptor mRNA,
31 3 D31716 KLF9 Kruppel-like factor 9
32 3 D13315 GLO1 Glyoxalase |
33 3 D26600 PSMB4 Proteasome (prosome, macropain) subunit, beta type, 4
34 3 D26129 locus: HUMRNASA Homo sapiens mRNA for ribonuclease A, complete cds.
35 4 X81817 locus: X81817 H.sapiens BAP31 mRNA.
36 4 D00596 locus: HUMTS1 Homo sapiens gene for thymidylate synthase, complete cds.
37 4 X74295 ITGA7 Integrin, alpha 7
38 4 X66839 CA9 Carbonic anhydrase IX
39 4 D00761 PSMB1 Proteasome (prosome, macropain) subunit, beta type, 1
40 4 X07767 PRKACA Protein kinase, cCAMP-dependent, catalytic, alpha
41 4 X05610 COL4A2 Collagen, type IV, alpha 2
42 4 U30825 SRSF9 Serine/arginine-rich splicing factor 9
43 4 U21090 POLD2 Polymerase (DNA directed), delta 2, regulatory subunit
50kDa
44 4 U10324 ILF3 Interleukin enhancer binding factor 3, 90kDa
45 4 U02493 NONO Non-POU domain containing, octamer-binding
46 4 M94556 SSBP1 Single-stranded DNA binding protein 1
47 4 M64673 HSF1 Heat shock transcription factor 1
48 4 M26683 locus: HUMIFNIND Human interferon gamma treatment inducible mRNA.
49 4 L07648 locus: HUMMXI1A Human MXI1 mRNA, complete cds.
50 4 J03040 SPARC Secreted protein, acidic, cysteine-rich (osteonectin)
51 4 D78134 CIRBP Cold inducible RNA binding protein
52 4 D43950 CCT5 Chaperonin containing TCP1, subunit 5 (epsilon)
53 4 D31885 ARL6IP1 ADP-ribosylation factor-like 6 interacting protein 1
54 4 D15049 PTPRH Protein tyrosine phosphatase, receptor type, H
55 5 725521 CD47 CD47 molecule
56 5 223064 RBMX RNA binding motif protein, X-linked
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http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=157049&TAXID=9606&SEARCH=L03840
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=718946&TAXID=9606&SEARCH=J05032
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=140645&TAXID=9606&SEARCH=D42047
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=140559&TAXID=9606&SEARCH=D38551
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=907915&TAXID=9606&SEARCH=D21261
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=146283&TAXID=9606&SEARCH=U22055
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1782869&TAXID=9606&SEARCH=U05040
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=231724&TAXID=9606&SEARCH=M93651
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=191952&TAXID=9606&SEARCH=M86752
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=231218&TAXID=9606&SEARCH=M16937
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=175684&TAXID=9606&SEARCH=M15841
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=240240&TAXID=9606&SEARCH=L08069
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=153759&TAXID=9606&SEARCH=D31716
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=172529&TAXID=9606&SEARCH=D13315
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=141268&TAXID=9606&SEARCH=D26600
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=915231&TAXID=9606&SEARCH=X74295
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=139003&TAXID=9606&SEARCH=X66839
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=194606&TAXID=9606&SEARCH=D00761
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2138524&TAXID=9606&SEARCH=X07767
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=723875&TAXID=9606&SEARCH=X05610
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=3273084&TAXID=9606&SEARCH=U30825
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=182552&TAXID=9606&SEARCH=U21090
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=182552&TAXID=9606&SEARCH=U21090
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=681044&TAXID=9606&SEARCH=U10324
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1292657&TAXID=9606&SEARCH=U02493
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=705553&TAXID=9606&SEARCH=M94556
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1204494&TAXID=9606&SEARCH=M64673
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=144119&TAXID=9606&SEARCH=J03040
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2087156&TAXID=9606&SEARCH=D78134
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=4248988&TAXID=9606&SEARCH=D43950
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2141776&TAXID=9606&SEARCH=D31885
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=159035&TAXID=9606&SEARCH=D15049
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=241451&TAXID=9606&SEARCH=Z25521
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=203554&TAXID=9606&SEARCH=Z23064

Table 7C (continued)

Gene Frontier Accession Symbol Name
57 5 X86693 SPARCL1 SPARC-like 1 (hevin)
58 5 X76057 MPI Mannose phosphate isomerase
59 5 X53586 ITGA6 Integrin, alpha 6
60 5 X07979 locus: X07979 Human mRNA for integrin beta 1 subunit.
61 5 U24166 MAPRE1 Microtubule-associated protein, RP/EB family, member 1
62 5 U20998 SRP9 Signal recognition particle 9kDa
63 5 u14577 MAP1A Microtubule-associated protein 1A
64 5 M91463 locus: HUMGLUT4B Human glucose transporter (GLUT4) gene, complete cds.
65 5 M83751 MANF Mesencephalic astrocyte-derived neurotrophic factor
66 5 M37583 H2AFZ H2A histone family, member Z
67 5 M34344 locus: HUMGPIIB3 Human platelet Glycoprotein Ilb (GPIIb) gene, exon 30.
68 5 M31994 locus: HUMALDC13 Homo sapiens aldehyde dehydrogenase (ALDH1) gene, exon
13 and complete cds.
69 5 M31303 locus: HUMOP18A Human oncoprotein 18 (Op18) gene, complete cds.
70 5 M23254 CAPN2 Calpain 2, (m/Il) large subunit
71 5 M23114 ATP2A2 ATPase, Ca++ transporting, cardiac muscle, slow twitch 2
72 5 138951 KPNB1 Karyopherin (importin) beta 1
73 5 L28010 HNRNPF Heterogeneous nuclear ribonucleoprotein F
74 5 L12350 THBS2 Thrombospondin 2
75 5 K03460 HUl\l/cI)TcdsB:AZH Human alpha-tubulin isotype H2-alpha gene, last exon.
76 5 J05272 IMPDH1 IMP (inosine 5'-monophosphate) dehydrogenase 1
77 6 Y00815 locus:Y00815 Human mRNA for Lgﬁ;ir:gc;r:crxel!cl:agt.eL:)I.R protein (leukocyte
78 6 X82103 CoPB1 Coatomer protein complex, subunit beta 1
79 6 D00760 PSMA2 Proteasome (prosome, macropain) subunit, alpha type, 2
80 6 X77548 NCOA4 Nuclear receptor coactivator 4
81 6 X74330 PRIM1 Primase, DNA, polypeptide 1 (49kDa)
82 6 X72727 HNRNPK Heterogeneous nuclear ribonucleoprotein K
83 6 X67155 KIF23 Kinesin family member 23
Homo sapiens type VI collagen alpha 2 chain precursor
84 6 X15882 locus: AY029208 (COL6A2)
mMRNA, complete cds, alternatively spliced.
85 6 X13482 SNRPA1 Small nuclear ribonucleoprotein polypeptide A'
86 6 D12686 EIFAG1 Eukaryotic translation initiation factor 4 gamma, 1
87 6 X07290 ZNF3 Zinc finger protein 3
88 6 U32519 G3BP1 GTPase activating protein (SH3 domain) binding protein 1
89 6 M96233 locus:HUMGSTMAA Human glutathione ;Z:\::’fi;ar;ilcelizsc?; number 4 (GSTM4)
90 6 M95178 ACTN1 Actinin, alpha 1
91 6 M82919 GABRB3 Gamma-aminobutyric acid (GABA) A receptor, beta 3
92 6 M25809 ATP6V1B1 ATPase, H+ transporting, lysosomal 56/58kDa, V1 subunit B1
93 6 M24069 CSDA Cold shock domain protein A
94 6 138929 PTPRD Protein tyrosine phosphatase, receptor type, D
95 6 L37936 TSFM Ts translation elongation factor, mitochondrial
96 6 L37112 AVPR1B Arginine vasopressin receptor 1B
97 6 L05144 locus: Homo sapiens (clone lamda-hPEC-3) phosphoenolpyruvate
HUMPHOCAR carboxykinase (PCK1) mRNA, complete cds.
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http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=138971&TAXID=9606&SEARCH=X86693
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=139892&TAXID=9606&SEARCH=X76057
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=149927&TAXID=9606&SEARCH=X53586
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=687596&TAXID=9606&SEARCH=U24166
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=726584&TAXID=9606&SEARCH=U20998
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=161179&TAXID=9606&SEARCH=U14577
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=231483&TAXID=9606&SEARCH=M83751
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=145404&TAXID=9606&SEARCH=M37583
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=193910&TAXID=9606&SEARCH=M23254
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=721918&TAXID=9606&SEARCH=M23114
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1292168&TAXID=9606&SEARCH=L38951
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=130842&TAXID=9606&SEARCH=L28010
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=199096&TAXID=9606&SEARCH=L12350
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2723719&TAXID=9606&SEARCH=J05272
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=192084&TAXID=9606&SEARCH=X82103
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=190030&TAXID=9606&SEARCH=D00760
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2224829&TAXID=9606&SEARCH=X77548
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1370653&TAXID=9606&SEARCH=X74330
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=913004&TAXID=9606&SEARCH=X72727
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=173114&TAXID=9606&SEARCH=X67155
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1203030&TAXID=9606&SEARCH=X13482
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=228957&TAXID=9606&SEARCH=D12686
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=230339&TAXID=9606&SEARCH=X07290
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1955843&TAXID=9606&SEARCH=U32519
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=724924&TAXID=9606&SEARCH=M95178
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=181429&TAXID=9606&SEARCH=M82919
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=139043&TAXID=9606&SEARCH=M25809
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=165266&TAXID=9606&SEARCH=M24069
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=241120&TAXID=9606&SEARCH=L38929
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2139598&TAXID=9606&SEARCH=L37936
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=130989&TAXID=9606&SEARCH=L37112

Table 7C (continued)

Gene Frontier Accession Symbol Name

98 6 D43947 KIAA0100 KIAA0100

99 6 D16294 ACAA2 Acetyl-CoA acyltransferase 2

100 6 D14695 HERPUDI Homo§ystei.ne-indu.cib!e., er}doplasm.ic reticulum stress-

inducible, ubiquitin-like domain member 1

101 6 D14812 MORF4L2 Mortality factor 4 like 2

102 7 730644 CLCNKB Chloride channel Kb

103 7 X80507 locus: X80507 H.sapiens YAP65 mRNA.

104 7 D00762 PSMA3 Proteasome (prosome, macropain) subunit, alpha type, 3
105 7 D00763 PSMA4 Proteasome (prosome, macropain) subunit, alpha type, 4
106 7 X75208 EPHB3 EPH receptor B3

107 7 X71490 locus: X71490 H.sapiens mRNA for vacuolar proton ATPase, subunit D.
108 7 X01060 TFRC Transferrin receptor (p90, CD71)

109 7 U12255 FCGRT Fc fragment of IgG, receptor, transporter, alpha

110 7 u09587 GARS Glycyl-tRNA synthetase

111 7 M88468 MVK Mevalonate kinase

112 7 M88108 KHDRBS1 KH domain containing, RNA binding, signal transduction

associated 1

113 7 M85289 HSPG2 Heparan sulfate proteoglycan 2

114 7 M68520 CDK2 Cyclin-dependent kinase 2

115 7 M31627 XBP1 X-box binding protein 1

116 7 M24470 GMPR Guanosine monophosphate reductase

117 7 M22490 BMP4 Bone morphogenetic protein 4

118 7 M21984 TNNT3 Troponin T type 3 (skeletal, fast)

119 7 M14539 F13A1 Coagulation factor Xlll, Al polypeptide

P s o Pt deis e
121 121993 ADCY2 Adenylate cyclase 2 (brain)

122 L20859 SLC20A1 Solute carrier family 20 (phosphate transporter), member 1
123 L12723 HSPA4 Heat shock 70kDa protein 4

124 7 104794 AKRIAL Aldo-keto reductase family 1, member Al (aldehyde

reductase)

125 7 D59253 NCBP2 Nuclear cap binding protein subunit 2, 20kDa

126 8 719002 ZBTB16 Zinc finger and BTB domain containing 16

127 8 D00860 PRPS1 Phosphoribosyl pyrophosphate synthetase 1

128 8 X89986 locus: X89986 H.sapiens mRNA for NBK apoptotic inducer protein.
129 8 X85750 MMD Monocyte to macrophage differentiation-associated
130 8 X83301 SMAS5 Glucuronidase, beta pseudogene

131 8 X70944 SFPQ Splicing factor proline/glutamine-rich

132 3 X70040 MST1R Macrophage stimulating 1 r?eceptor (c-met-related tyrosine

kinase)
133 8 X64364 BSG Basigin (Ok blood group)
134 3 X57206 locus: X57206 H.sapiens mRNA for 1D—myo—inositol—trisphosphate 3-kinase
B isoenzyme.

135 8 X15880 COL6A1 Collagen, type VI, alpha 1

136 3 D13641 TOMM20 Translocase of outer mitoc(f;z;jtr)ial membrane 20 homolog
137 8 X06700 COL3A1 Collagen, type Ill, alpha 1

138 3 U29175 SMARCAA SWI/SNF related, matrix associated, actin dependent
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regulator of chromatin, subfamily a, member 4


http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=154002&TAXID=9606&SEARCH=D43947
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=162070&TAXID=9606&SEARCH=D16294
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=152138&TAXID=9606&SEARCH=D14695
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=152138&TAXID=9606&SEARCH=D14695
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=187771&TAXID=9606&SEARCH=D14812
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=194337&TAXID=9606&SEARCH=Z30644
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1840999&TAXID=9606&SEARCH=D00762
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=169827&TAXID=9606&SEARCH=D00763
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=131320&TAXID=9606&SEARCH=X75208
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1203885&TAXID=9606&SEARCH=X01060
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=144129&TAXID=9606&SEARCH=U12255
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=218568&TAXID=9606&SEARCH=U09587
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=148876&TAXID=9606&SEARCH=M88468
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=240930&TAXID=9606&SEARCH=M88108
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=240930&TAXID=9606&SEARCH=M88108
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1777771&TAXID=9606&SEARCH=M85289
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=133921&TAXID=9606&SEARCH=M68520
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=232675&TAXID=9606&SEARCH=M31627
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=699900&TAXID=9606&SEARCH=M24470
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=139286&TAXID=9606&SEARCH=M22490
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=139567&TAXID=9606&SEARCH=M21984
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=191059&TAXID=9606&SEARCH=M14539
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=131367&TAXID=9606&SEARCH=L41559
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=131367&TAXID=9606&SEARCH=L41559
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=696704&TAXID=9606&SEARCH=L21993
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=160024&TAXID=9606&SEARCH=L20859
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=141344&TAXID=9606&SEARCH=L12723
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=689743&TAXID=9606&SEARCH=J04794
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=689743&TAXID=9606&SEARCH=J04794
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2060682&TAXID=9606&SEARCH=D59253
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2060956&TAXID=9606&SEARCH=Z19002
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=130661&TAXID=9606&SEARCH=D00860
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=678642&TAXID=9606&SEARCH=X85750
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1204060&TAXID=9606&SEARCH=X83301
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=195283&TAXID=9606&SEARCH=X70944
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=908720&TAXID=9606&SEARCH=X70040
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=908720&TAXID=9606&SEARCH=X70040
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=716452&TAXID=9606&SEARCH=X64364
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=689212&TAXID=9606&SEARCH=X15880
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1292567&TAXID=9606&SEARCH=D13641
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1292567&TAXID=9606&SEARCH=D13641
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=238662&TAXID=9606&SEARCH=X06700
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=188043&TAXID=9606&SEARCH=U29175
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=188043&TAXID=9606&SEARCH=U29175

Table 7C (continued)

Gene Frontier Accession Symbol Name

139 8 U28686 RBM3 RNA binding motif (RNP1, RRM) protein 3

140 8 U05572 MAN2B1 Mannosidase, alpha, class 2B, member 1

141 8 M96326 locus: HUMAZCDI Human azurocidin gene, complete cds.

142 8 D14662 PRDX6 Peroxiredoxin 6

s o e Mmoo b

144 8 M91670 UBE2S Ubiquitin-conjugating enzyme E2S

145 8 M86868 GABRR2 Gamma-aminobutyric acid (GABA) receptor, rho 2

146 8 M86737 SSRP1 Structure specific recognition protein 1

147 8 M85085 CSTF2 Cleavage stimulation factor, 3' pre-RNA, subunit 2, 64kDa

148 3 M35531 FUT1 Fucosyltransferase 1 (galactoside 2-alpha-L-

fucosyltransferase, H blood group)

149 8 L24203 TRIM29 Tripartite motif-containing 29

150 8 L09604 PLP2 Proteolipid protein 2 (colonic epithelium-enriched)

151 8 L06132 VDAC1 Voltage-dependent anion channel 1

152 8 103827 YBX1 Y box binding protein 1

153 8 D37931 ANG Angiogenin, ribonuclease, RNase A family, 5

154 8 D31883 ABLIM1 Actin binding LIM protein 1

155 3 D25217 MLC1 Megalencephalic Ieukoencephlalopathy with subcortical cysts

156 9 724727 TPM1 Tropomyosin 1 (alpha)

157 9 X90858 UPP1 Uridine phosphorylase 1

158 9 X87838 CTNNB1 Catenin (cadherin-associated protein), beta 1, 88kDa

159 9 X82895 locus: X82895 H.sapiens mRNA for DLG2.DLG2 gene; tumor supressor gene

160 9 X80026 BCAM Basal cell adhesion molecule (Lutheran blood group)

161 9 D13627 CCT8 Chaperonin containing TCP1, subunit 8 (theta)

162 9 X78549 PTK6 PTK6 protein tyrosine kinase 6

163 9 X74262 RBBP4 Retinoblastoma binding protein 4

164 9 X73358 AES Amino-terminal enhancer of split

165 9 X68688 locus: X63688 H.sapiens ZNF33B gene..KruppeI-related protein; zinc finger
protein; ZNF33B gene.

166 9 X65488 HNRNPU Heterogeneous nuclear ribonucleoprotein U (scaffold
attachment factor A)

o s s eSneRmomomesine oo

168 D14520 KLF5 Kruppel-like factor 5 (intestinal)

169 X54871 RAB5B RAB5B, member RAS oncogene family

170 X16663 HCLS1 Hematopoietic cell-specific Lyn substrate 1

171 9 D14663 PSMD6 Proteasome (prosome, macro;e)ain) 26S subunit, non-ATPase,

172 9 X16354 CEACAM1 Carcinoembryonic :;1(23;«3;-;322?;:12%:?hesion molecule 1

173 9 X02875 OAS1 2',5'-oligoadenylate synthetase 1, 40/46kDa

174 9 X02761 FN1 Fibronectin 1

175 9 U30872 CENPF Centromere protein F, 350/400kDa (mitosin)

176 9 U28963 GPS2 G protein pathway suppressor 2

177 9 U14971 RPS9 Ribosomal protein S9

178 9 U01038 PLK1 Polo-like kinase 1

179 9 M95627 AAMP Angio-associated, migratory cell protein
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http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=181214&TAXID=9606&SEARCH=U28686
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=195599&TAXID=9606&SEARCH=U05572
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=130682&TAXID=9606&SEARCH=D14662
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=695232&TAXID=9606&SEARCH=M94630
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=695232&TAXID=9606&SEARCH=M94630
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=213132&TAXID=9606&SEARCH=M91670
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=3879670&TAXID=9606&SEARCH=M86868
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=914427&TAXID=9606&SEARCH=M86737
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=149556&TAXID=9606&SEARCH=M85085
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=139330&TAXID=9606&SEARCH=M35531
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=139330&TAXID=9606&SEARCH=M35531
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=719274&TAXID=9606&SEARCH=L24203
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=140093&TAXID=9606&SEARCH=L09604
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=910067&TAXID=9606&SEARCH=L06132
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=688742&TAXID=9606&SEARCH=J03827
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=4269269&TAXID=9606&SEARCH=D37931
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=233273&TAXID=9606&SEARCH=D31883
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=908476&TAXID=9606&SEARCH=D25217
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=908476&TAXID=9606&SEARCH=D25217
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=149994&TAXID=9606&SEARCH=Z24727
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=703399&TAXID=9606&SEARCH=X90858
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=691177&TAXID=9606&SEARCH=X87838
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2094736&TAXID=9606&SEARCH=X80026
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=146919&TAXID=9606&SEARCH=D13627
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=138032&TAXID=9606&SEARCH=X78549
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=133503&TAXID=9606&SEARCH=X74262
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=905800&TAXID=9606&SEARCH=X73358
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=143648&TAXID=9606&SEARCH=X65488
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=143648&TAXID=9606&SEARCH=X65488
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2224715&TAXID=9606&SEARCH=X57346
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2224715&TAXID=9606&SEARCH=X57346
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=723393&TAXID=9606&SEARCH=D14520
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1782817&TAXID=9606&SEARCH=X54871
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=133304&TAXID=9606&SEARCH=X16663
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=154082&TAXID=9606&SEARCH=D14663
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=154082&TAXID=9606&SEARCH=D14663
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=903429&TAXID=9606&SEARCH=X16354
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=903429&TAXID=9606&SEARCH=X16354
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=915507&TAXID=9606&SEARCH=X02875
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=162928&TAXID=9606&SEARCH=X02761
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=712900&TAXID=9606&SEARCH=U30872
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=233256&TAXID=9606&SEARCH=U28963
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1414581&TAXID=9606&SEARCH=U14971
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2061060&TAXID=9606&SEARCH=U01038
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=140726&TAXID=9606&SEARCH=M95627

Table 7C (continued)

Gene Frontier Accession Symbol Name
180 9 M88279 FKBP4 FK506 binding protein 4, 59kDa
181 9 M84739 CALR Calreticulin
182 9 M75126 HK1 Hexokinase 1
183 9 M32313 SRDSA1 Steroid-5-alpha-reductase, alpha polypeptide 1 (3-oxo-5

alpha-steroid delta 4-dehydrogenase alpha 1)
CD55 molecule, decay accelerating factor for complement

184 9 M31516 CD55 (Cromer blood group)
185 9 M28882 MCAM Melanoma cell adhesion molecule
186 9 M27749 IGLL1 Immunoglobulin lambda-like polypeptide 1
187 9 M22632 GOT? Glutamic-oxaloacetic tra.nsaminase 2, mitochondrial
(aspartate aminotransferase 2)
188 9 M19045 LYz Lysozyme
189 9 119437 TALDO1 Transaldolase 1
190 9 102645 EIF251 Eukaryotic translation initiation factor 2, subunit 1 alpha,
35kDa
191 10 748541 PTPRO Protein tyrosine phosphatase, receptor type, O
192 10 735093 SURF1 Surfeit 1
193 10 217227 ILLORB Interleukin 10 receptor, beta
194 10 Y00264 APP Amyloid beta (A4) precursor protein
195 10 Y00097 ANXA6 Annexin A6
196 10 X81372 BPHL Biphenyl hydrolase-like (serine hydrolase)
197 10 X73882 MAP7 Microtubule-associated protein 7
198 10 X68314 GPX2 Glutathione peroxidase 2 (gastrointestinal)
199 10 X68277 DUSP1 Dual specificity phosphatase 1
200 10 X64037 GTF2F1 General transcription factor IIF, polypeptide 1, 74kDa
201 10 X62153 MCM3 Minichromosome maintenance complex component 3
202 10 X62048 WEE1 WEE1 homolog (S. pombe)
203 10 X02152 LDHA Lactate dehydrogenase A
204 10 U07664 locus: HSHBOHB2 Homo sapiens HB9 homeobox gene, exons 2 and 3 and
complete cds.
205 10 u04241 AES Amino-terminal enhancer of split
206 10 u01877 EP300 E1A binding protein p300
207 10 M95678 PLCB2 Phospholipase C, beta 2
208 10 M77698 YY1l YY1 transcription factor
209 10 M73481 GRPR Gastrin-releasing peptide receptor
210 10 M59807 1L32 Interleukin 32
211 10 M22538 NDUFV2 NADH dehydrogenase (ubiquinone) flavoprotein 2, 24kDa
212 10 L40992 RUNX2 Runt-related transcription factor 2
13 10 138606 RALY RNA binding protein, autoantigenic (hnRNP-associated with
lethal yellow homolog (mouse))
214 10 L35545 PROCR Protein C receptor, endothelial
215 10 L32163 ZNF197 Zinc finger protein 197
216 10 110284 CANX Calnexin
217 10 LO6895 MXD1 MAX dimerization protein 1
218 10 L02426 PSMC1 Proteasome (prosome, macropain) 26S subunit, ATPase, 1
219 10 K03192 CYP2A7 Cytochrome P450, family 2, subfamily A, polypeptide 7
locus: Human MYCL2 gene, complete cds. c-myc proto-oncogene;
220 10 103069 HUMMYCL2A prgoto—oncoane; repeat rggign. :
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http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=914930&TAXID=9606&SEARCH=M88279
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=905909&TAXID=9606&SEARCH=M84739
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=198626&TAXID=9606&SEARCH=M75126
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=130781&TAXID=9606&SEARCH=M32313
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=130781&TAXID=9606&SEARCH=M32313
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=147390&TAXID=9606&SEARCH=M31516
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=147390&TAXID=9606&SEARCH=M31516
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2068050&TAXID=9606&SEARCH=M28882
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=193610&TAXID=9606&SEARCH=M27749
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2068481&TAXID=9606&SEARCH=M22632
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2068481&TAXID=9606&SEARCH=M22632
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=915326&TAXID=9606&SEARCH=M19045
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=233715&TAXID=9606&SEARCH=L19437
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=154004&TAXID=9606&SEARCH=J02645
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=154004&TAXID=9606&SEARCH=J02645
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=155902&TAXID=9606&SEARCH=Z48541
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=903211&TAXID=9606&SEARCH=Z35093
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2723911&TAXID=9606&SEARCH=Z17227
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=230017&TAXID=9606&SEARCH=Y00264
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=221948&TAXID=9606&SEARCH=Y00097
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=132626&TAXID=9606&SEARCH=X81372
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=701707&TAXID=9606&SEARCH=X73882
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=131280&TAXID=9606&SEARCH=X68314
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=158095&TAXID=9606&SEARCH=X68277
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=139258&TAXID=9606&SEARCH=X64037
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=159006&TAXID=9606&SEARCH=X62153
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=169324&TAXID=9606&SEARCH=X62048
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=131297&TAXID=9606&SEARCH=X02152
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=905800&TAXID=9606&SEARCH=U04241
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=908264&TAXID=9606&SEARCH=U01877
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=195266&TAXID=9606&SEARCH=M95678
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=207535&TAXID=9606&SEARCH=M77698
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1782771&TAXID=9606&SEARCH=M73481
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=130887&TAXID=9606&SEARCH=M59807
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=679731&TAXID=9606&SEARCH=M22538
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1372159&TAXID=9606&SEARCH=L40992
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=150689&TAXID=9606&SEARCH=L38696
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=150689&TAXID=9606&SEARCH=L38696
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=2478074&TAXID=9606&SEARCH=L35545
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=154981&TAXID=9606&SEARCH=L32163
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=1783457&TAXID=9606&SEARCH=L10284
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=684067&TAXID=9606&SEARCH=L06895
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=195551&TAXID=9606&SEARCH=L02426
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=3879669&TAXID=9606&SEARCH=K03192

Table 7C (continued)

Gene Frontier Accession Symbol Name
221 10 D63878 SEP2 Septin 2
222 10 D49396 PRDX3 Peroxiredoxin 3
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http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=190777&TAXID=9606&SEARCH=D63878
http://www.ncbi.nlm.nih.gov/UniGene/clust.cgi?UGID=914049&TAXID=9606&SEARCH=D49396

Appendix D - Graphical support of Validation Scheme 2

This appendix shows the Individual value plots for the gene expression values organized in different states (e.g.

healthy and cancer) for a particular gene. These plots help to visualize the direction of change in the value of the

medians between the states involved.

These graphs support the profiles generated in the Validation Scheme 2 in Chapter 4.

Graphs supporting Expression Profile for Group 1

EST: yg31b10.s1 consistently underexpressed in Colon 1 and Colon 2 databases

Individual Value Plot of R87126 in Colon 1

R87126 in Colon 1
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Gene GUCAZ2B (accession Z50753) consistently underexpressed in Colon 1 and Colon 2

R87126 in Colon 2

Individual Value Plot of R87126 in Colon 2
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Gene Desmin (accession M63391) consistently underexpressed in Colon 1 and Colon 2
databases

Individual Value Plot 0f M63391 in Colon 1 Individual Value Plot of M63391 in colon 2
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Gene MYL9 (accession J02854) consistently underexpressed in Colon 1 and Colon 2
databases

Individual Value Plot 0of 302854 in Colon 1 Individual Value Plot 0of 102854 in Colon 2
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Gene CFD (adipsin), accession H43887, consistently underexpressed in Colon 1 and Colon 2
databases

Individual Value Plot of H43887 in Colon 1 Individual Value Plot of H43887 in Colon 2
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Gene CSRP1 (accession M76378) consistently underexpressed in Colon 1 and Colon 2

databases

Individual Value Plot of M76378 in Colon 1
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Gene VIP (accession M36634) consistently underexpressed in Colon 1 and Colon 2

databases

Individual Value Plot 0of M36634 in Colon 1
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Gene GSN (Gelsolin), accession H06524, consistently underexpressed in Colon 1 and Colon

2 databases
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Individual Value Plot of H06524 in colon 2




Gene MT1G (accession T71025) consistently underexpressed in Colon 1 and Colon 2
databases

Individual Value Plot of T71025 in Colon 1 Individual Value Plot of T71025 in Colon 2
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Gene HSPD1 (accession M22382) consistently overexpressed in Colon 1 and Colon 2
databases

Individual Value Plot of M22382 in Colon 1 Individual Value Plot of M22382 in Colon 2
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Gene GTF3A (accession R36977) consistently overexpressed in Colon 1 and Colon 2

databases

Individual Value Plot of R36977 in Colon 1

R36977 in Colon 1
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R36977 in Colon 2

Individual Value Plot of R36977 in Colon 2
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Gene NMEL1 (accession T86473) consistently overexpressed in Colon 1 and Colon 2

databases

Individual Value Plot of T86473 in Colon 1
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Individual Value Plot of T86473 in Colon 2

Gene NPM1(accession M26697) consistently overexpressed in Colon 1 and Colon 2

databases
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M26697 in Colon 1

Individual Value Plot of M26697 in Colon 1
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Graphs supporting Expression Profile for Group 2
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Gene TPM2 (accession T92451) consistently underexpressed in Colon 1 and Colon 2
databases

T92451 in Colon 1

Individual Value Plot 0f T92451 in Colon 1
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Gene WDRT77 (accession H08393) consistently overexpressed in Colon 1 and Colon 2
databases

H08393 in Colon 1
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Individual Value Plot of H08393 in Colon 1
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Gene DARS (accession J05032) consistently overexpressed in Colon 1 and Colon 2

databases

Individual Value Plot of J05032 in Colon 1
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Gene IL8 (accession M26383) consistently overexpressed in Colon 1 and Colon 2 databases

Individual Value Plot 0f M26383 in Colon 1
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Gene CDH3 (accession X63629) consistently overexpressed in Colon 1 and Colon 2

databases

Individual Value Plot of X63629 in Colon 1
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Gene EST: yn85b03.s1 (accession H40095) consistently overexpressed in Colon 1 and Colon

2 databases

Individual Value Plot of H40095 in Colon 1
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Gene HNRNPA1 (accession X12671) consistently overexpressed in Colon 1 and Colon 2

databases
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Gene SRPK1 (accession U09564) consistently overexpressed in Colon 1 and Colon 2

databases

Individual Value Plot of U09564 in Colon 1

oo
.
o .
.
c
s 2 s
s
S .
c
P
o 1
3 §
a
S
s ] 1
0.0772089
0
. I
rEs091s
H H
1 H L[]

T
Healthy Tumor
Tissue Type in Colon 1

174

Colon 2

V09564 in

Individual Value Plot of U0O9564 in Colon 2

T
Healthy Tumor
Tissue Type in Colon2




Gene SNRPB (accession R84411) consistently overexpressed in Colon 1 and Colon 2
databases

Individual Value Plot of R84411 in Colon 1 Individual Value Plot of R84411 in Colon 2
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Gene HMGAL (accession X14958) consistently overexpressed in Colon 1 and Colon 2
databases

Individual Value Plot of X14958 in Colon 1 Individual Value Plot of X14958 in Colon 2
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Gene S100P (accession T47377) consistently overexpressed in Colon 1 and Colon 2
databases

Individual Value Plot of T47377 in Colon 1 Individual Value Plot of T47377 in Colon 2
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Gene SRSF9 (accession U30825) consistently overexpressed in Colon 1 and Colon 2
databases

Individual Value Plot of U30825 in Colon 1 Individual Value Plot of U30825 in Colon 2
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Gene ARLG6IP1 (accession D31885) consistently overexpressed in Colon 1 and Colon 2
databases
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Graphs supporting Expression Profile for Group 3

Gene CCL14 (accession Z49269), consistently underexpressed in Colon 1 and Colon 2
databases

Individual Value Plot 0f Z49269 in Colon 1 Individual Value Plot of Z49269 in Colon 2
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Gene PRELP (accession T78104), consistently underexpressed in Colon 1 and Colon 2

databases

Individual Value Plot of T78104 in Colon 1
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Individual Value Plot of T78104 in Colon 2

Gene ADHI1C (accession M12272), consistently underexpressed in Colon 1 and Colon 2

databases

Individual Value Plot of M12272 in Colon 1
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Gene HSD11B2 (accession U14631), consistently underexpressed in Colon 1 and Colon 2

databases

Individual Value Plot of U14631 in Colon 1
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Gene HSPE1 (accession R08183), consistently overexpressed in Colon 1 and Colon 2
databases

Individual Value Plot of R08183 in Colon 1 Individual Value Plot of RO8183 in Colon 2
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Gene HMGB1 (accession D63874), consistently overexpressed in Colon 1 and Colon 2
databases

Individual Value Plot of D63874 in Colon 1 Individual Value Plot of D63874 in Colon 2
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Gene RPS24 (accession T48804), consistently overexpressed in Colon 1 and Colon 2
databases

Individual Value Plot of T48804 in Colon 1 Individual Value Plot of T48804 in Colon 2
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Gene CKS2 (accession X54942), consistently overexpressed in Colon 1 and Colon 2

databases

Individual Value Plot of X54942 in Colon 1
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Gene CLNS1A (accession X54942), consistently overexpressed in Colon 1 and Colon 2

databases

X54942 in Colon 2

Individual Value Plot of X54942 in Colon 2
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Gene S100A11 (accession T51571), consistently overexpressed in Colon 1 and Colon 2

databases

U17899 in Colon 2
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Gene SND1 (accession U22055), consistently overexpressed in Colon 1 and Colon 2
databases
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Graphs supporting Expression Profile for Group 4

Individual Value Plot of U22055 in Colon 2
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Gene GPD1L (accession D42047), consistently underexpressed in all the databases

Individual Value Plot of D42047 in Colon 1
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Gene RNASE1 (accession D26129), consistently underexpressed in all the databases

Individual Value Plot of D26129 in Colon 1

Individual Value Plot of D26129 in Colon 2
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Gene CKS1B (accession X54941), consistently overexpressed in all the databases
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Graphs supporting Expression Profile for Group 5

Gene TNFRSF17 (accession Z29574), consistently overexpressed in Colon 2 and Gastric

databases

Individual Value Plot of Z29574 in Colon 2
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Gene ATP4B (accession M75110), consistently overexpressed in Colon 2 and Gastric

databases

Individual Value Plot of M75110 in Colon 2
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Gene with accession X76223 (H.sapiens MAL gene exon 4), consistently overexpressed in

Colon 2 and Gastric databases
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Gene GNB3(accession M31328), consistently overexpressed in Colon 2 and Gastric databases

Individual Value Plot of M31328 in Colon 2
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Gene KRT9 (accession Z29074), with conflicting expression, overexpressed in Colon 2 and

underexpressed in Gastric
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Gene CKMT2 (accession L13744), with conflicting expression, overexpressed in Colon 2 and

underexpressed in Gastric.
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Gene ATP4A (accession J05401), with conflicting expression, overexpressed in Colon 2 and

underexpressed in Gastric.

Individual Value Plot of J05401 in Colon 2
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Gene MLLT3 (accession U21931), with conflicting expression, overexpressed in Colon 2

and underexpressed in Gastric
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Gene FBP1 (accession M63962), with conflicting expression, overexpressed in Colon 2 and

underexpressed in Gastric

Gastric

V21931 in

Individual Value Plot of U21931 in Gastric

Individual Value Plot of M63962 in Colon 2

o0 4
.
5 s '
.
.
~ -10 H
.
o 18 ] H
= s
= Gt 1790301
~ s
© -20 q H
& .
© .
£ 254 . [
H .
.
.
30 4
.
35 4
T
Healthy Tum

Gastric

M63962 in

185

Individual Value Plot of M63962 in Gastric

7000

6000 1

5000 1

4000

3000

2000

1000




Gene PTPN12 (accession Z49099), consistently overexpressed in databases Colon 2 and

Gastric

Individual Value Plot 0of Z49099 in Colon 2

Co

249099 in

Gene SMS (accession X54667), consistently overexpressed in databases Colon 2 and Gastric
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Gene CST4 (accession M93425), consistently overexpressed in databases Colon 2 and

Gastric

Individual Value Plot of M93425 in Colon 2

120
.
100
o
c 80
°
s
S
£ 60 .
n
a
< H
hd
& 407 8
= H
265383
20 1 l
7
.
o]
. .
Healthy Tum

M93425 in

186

Individual Value Plot of M93425 in Gastric




Graphs supporting one gene intersecting just List 3 and 5, ACTN1 (accession M95178),

consistent across the three databases
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Graphs supporting Expression Profile for Group 6

Gene VIP (accession M36634), consistently underexpressed in all the databases

Individual Value Plot of M36634 in Colon 1
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Gene SCNN1B (accession X87159), consistently underexpressed in all the databases

Individual Value Plot of X87159 in Colon 1

Individual Value Plot of X87159 in Colon 2

Individual Value Plot of X87159 in Gastric
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Gene KCNMB1(accession U25138), consistently underexpressed in all the databases

Individual Value Plot of U25138 in Colon 2

Individual Value Plot of U25138 in Gastric
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Gene HUMIFNIND (accession M26683), consistently underexpressed in all the databases

Individual Value Plot of M26683 in Colon 2

Individual Value Plot of M26683 in Gastric
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Gene CAPN2 (accession M23254), consistently underexpressed in all the databases

Individual Value Plot of M23254 in Colon 1

Individual Value Plot of M23254 in Colon 2

H i

Individual Value Plot of M23254 in G

uuuuuuuuuuuu

wwwww

............

Individual Value Plot of D31716 in Colon 2

rrrrrr

Gene MYL9 (accession J02854) with conflicting expression, underexpressed in Colon 1 and
Colon 2 but overexpressed in Gastric
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Gene MAP1A (accession U14577) with conflicting expression, underexpressed in Colonl

and Gastric and overexpressed in Colon 2
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Gene CIRBP (accession D78134), conflicting behavior, overexpressed in Colon 1 and
underexpresed in Colon 2 and Gastric.

Individual Value Plot of D78134 in Colon 1 Individual Value Plot of D78134 in Colon 2 Individual Value Plot of D78134
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Gene TAGLNZ2 (accession D21261) with conflicting expression, overexpressed in Colon 1
and Colon 2 but underexpressed in Gastric

Individual Value Plot of D21261 in Colon 1 Individual Value Plot of D21261 in Colon 2 Individual Value Plot of D21261 in Gast,
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Gene CA9 (accession X66839) with conflicting expression, overexpressed in Colon 1 and
Colon 2, underexpressed in Gastric

Individual Value Plot of X66839 in Colon 1 Individual Value Plot of X66839 in Colon 2 Individual Value Plot of X66839 in Gastric
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Gene HSPD1 (accession M22382), consistently overexpressed in all the databases
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Gene SET (accession M93651), consistently overexpressed in all the databases

Individual Value Plot of M93651 in Colon 1

Individual Value Plot of M93651 in Colon 2

Individual Value Plot of M93651 in Gastric
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Gene HSP90AA1 (accession X15183), consistently overexpressed in all the databases

Individual Value Plot of X15183 in Colon 1
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Gene SRPK1 (accession U09564), consistently overexpressed in all the databases

Individual Value Plot of U09564 in Colon 1

Individual Value Plot of U09564 in Colon 2

Individual Value Plot of U09564 in Gastric

rrrrrr

Individual Value Plotof 305032 in Colon 2 | | Individual Value Plot of 305032 in Colon 2 Individual Value Plot of 105032 in Gastric
i . .
M .
1 ' .
. . ' . s
1 B T - e L2 N H
: ' H H 1
i H
H H : . '
sy Tumer liny Weanny T
! In con ! pe i A

Individual Value Plot of D13315 in Colon 1

Individual Value Plot of D13315 in Colon 2

....................................

Individual Value Plot of X12671 in Colon 1

Individual Value Plot of X12671 in G

NNNNNNN

192

‘‘‘‘‘‘‘‘‘‘‘‘‘




Gene DNAJA1 (accession L08069), consistently overexpressed in all the databases
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Graphs supporting Expression Profile for Group 8

Gene HMPDHL1 (accession J05272), with conflicting expression, overexpressed in Colon 2

but underexpressed in Colonl and Gastric
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Gene HSF1 (accession M64673), with conflicting expression, overexpressed in Colon 2 and
Gastric but underexpressed in Colonl
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Gene SND1 (accession U22055), with conflicting expression, overexpressed in Colon 1 and
Colon2 but underexpressed in Gastric
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Appendix E — Statatistical validation of Expression

profiles of 43 selected genes

P_VALUE Colon1
0.086532988

P_VALUE Colonl
0.001860511

P_VALUE Colon1
0.002054658

P_VALUE Colon2
0.001474381

P_VALUE Colon2
2.40267E-05

P_VALUE Colon2

1%177418

P_VALUE Gastric
4,97776E-05

P_VALUE Gastric
0.000798829

P_VALUE Gastric
0.001816442



P_VALUE Colon1 P_VALUE Colon2 P_VALUE Gastric

2.05164E-05 4.15616E-06 0.032854679
P_VALUE Colon1 P_VALUE Colon2 P_VALUE Colon2, rep2 P_VALUE Gastric
0.000151618 1.40083E-06 2.24552E.06 9.00396E-05
P_VALUE Colon1 P_VALUE Colon2 P_VALUE Gastric
0.004024381 3.64602E-05 6.07777E-05
P_VALUE Colonl P_VALUE Colon2
2.84371E-05 3.56843E-06

196



P_VALUE Colonl P_VALUE Colon2 P_VALUE Gastric

0.058687946 1.01673E-05 9.00396E-05
P_VALUE Colon1 P_VALUE Colon2 P_VALUE Gastric
0.004415835 0.000844225 0.00051885
P_VALUE Colon1 P_VALUE Colon2 P_VALUE Gastric
0.147293926 0.014206802 4.06829E-05
P_VALUE Colon2 P_VALUE Gastric
8.182E-05 7.40532E-05
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P_VALUEColon1 P_VALUE Colon1, rep2 P_VALUEcolonl,rep3  p_yALUE Colon2 P_VALUE Colon2, rep2 —VALUE Colon2, P_VALUE Gastric

rep3
. y 0.11616411
7-34111E-05 0-00016085 5-05166E-05 3.56843E-06 6.25802E-07 8.66317E-07
P_VALUE Colon2 P_VALUE Gastric
0.01086823 4.06829E-05
P_VALUE Colonl P_VALUE Colon2 P_VALUE Gastric
0.912138265 0.200066091 9.00396E-05
P_VALUE Colon1 P_VALUE Colon2 P_VALUE Gastric
0.027843742 5.48537E-05 4.06829E-05
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P_VALUE Gastric

4.06829E-05
P_VALUE Colon1 P_VALUE Gastric
0.030002569 4.06829E-05
P_VALUE Colon1 P_VALUE Colon2 P_VALUE Gastric
0.000502451 7.16785E-05 0.000566857
P_VALUE Colon1 P_VALUE Colon2 P_VALUE Gastric
1.68207E-05 4.15616E-06 0.013811074
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P_VALUE Colon1l P_VALUE Colonl1, rep2 P_VALUE Colon2 P_VALUE Gastric

0.051250927 0.004624229 0.000844225 0.000109248
P_VALUE Colon1 P_VALUE Colon2 P_VALUE Gastric
0.001955373 0.000945592 9.00396E-05
P_VALUE Colonl P_VALUE Gastric
0.032303729 8.98771E-05
P_VALUE Colon1 P_VALUE Colon2 P_VALUE Gastric
0.493899714 0.001058135 0.000109248
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P_VALUE Colonl P_VALUE Coloni, rep2 P_VALUE P_VALUE Colon2, P_VALUE Colon2, P_VALUE Gastric

0.003496036 0.002158549 Colon2 rep2 rep3 0.015724754
1.01781E-06  3.22784E-07 4,50314E-07
P_VALUE Colon1 P_VALUE Colon2 P_VALUE Gastric
0.006072622 0.000106306 0.002481501
P_VALUE Colon1 P_VALUE Colon2 P_VALUE Gastric
0.049520236 0.000227899 0.00047603

P_VALUE Gastric
0.015724754
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P_VALUE Colonl P_VALUE Colon2

2.49713E-05 4.50314E-07
P_VALUE Colon1 P_VALUE Colon2 P_VALUE Gastric
5.37914E-05 8.66317E-07 0.008048548
P_VALUE Colon1l P_VALUE Colon2
2.41384E-06 32207 =
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P_VALUE Colon1 P_VALUE Colon2
0.00011945 1.01781E-06
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P_VALUE Colon1l P_VALUE Colon2 P_VALUE Colon2, rep2

6.85655E-07
1.92055E-06 0.084653033
P_VALUE Colonl P_VALUE Colon2
2.19098E-05 3.22784E-07
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P_VALUE Colon1 P_VALUE Colon2 P_VALUE Colon2, rep2

3.23571E-05 1.92055E-06 0.000753017
P_VALUE Colon1 P_VALUE Colon2
0.00020333 1.40083E-06
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Appendix F — Functional description of the validated
genes

Table 1F. Functional description of Group 1 (13 genes) in Validation Scheme 3.

Gene Accession Symbol Name Function
Prevent misfolding and promote the refolding and proper
1 M22382 HSPD1 Hea}t shock 60kDa' assembly of unfolded polypeptides generated under stress
protein 1 (chaperonin) . . . . .
conditions in the mitochondrial matrix
) R36977 GTF3A General transcription Is required for correct transcription of 5S RNA genes by RNA
factor llIA polymerase IlI
Non-metastatic cells 1
! Maj lein th hesis of nucleosi iphosph her th
3 186473 NME1L protein (NM23A) ajor role in the synthesis of nucleoside triphosphates other than
) ATP (131)
expressed in
Nucleoph i A . . A .
u(cniire;l:?m Involved in ribosome biogenesis, centrosome duplication, protein
4 M26697 NPM1 K chaperoning, histone assembly, and regulation of tumor
phosphoprotein B23,
. suppressors TP53/p53 and ARF.
numatrin)
5 R87126 EST: yg31b10.s1 #N/A
guanylate cyclase Endogenous activator of intestinal guanylate cyclase, which
6 250753 GUCA2B activator 2B synthesizes cyclic GMP (cGMP), a key component of several
(uroguanylin) intracellular signal transduction pathways.[supplied by OMIM]
7 M63391 DES desmin Desmin are class-lll intermediate filaments found in muscle cells.
8 102854 MYL9 myosin, light chain 9, Involved in cell locomotion
regulatory
Complement factor D Factor D cleaves factor B when the latter is complexed with factor
9 H43887 CFD P (adipsin) C3b, activating the C3bbb complex, which then becomes the C3
P convertase of the alternate pathway.
This gene encodes a member of the cysteine-rich protein (CSRP)
family. This gene family includes a group of LIM domain proteins,
cvsteine and elvcine-rich which may be involved in regulatory processes important for
10 M76378 CSRP1 4 roteignyl development and cellular differentiation. The LIM/double zinc-
P finger motif found in this gene product occurs in proteins with
critical functions in gene regulation, cell growth, and somatic
differentiation.
11 M36634 VIP vasoactive .lntestlnal Involved in vasodilation
peptide
12 HO6524 GSN Gelsolin Actin-modulating protein, |nvo!ved in motility, signaling and
apoptosis (96)
Metallothioneins have a high content of cysteine residues that
13 171025 MTIG Metallothionein 1G bind various heavy metals. Metallothioneins control the

bioavailability of zinc, and Zinc is involved in several physiologic
processes, including cell growth and proliferation (204)
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Table 2E. Functional description of the Group 4 (10 genes) in Validation Scheme 3.

Gene Accession Symbol Name Function
. - DNA binding proteins that associates with chromatin and has the
1 D63874 HMGB1  high-mobility group box 1 ability to bend DNA.
2 X54942 CKS2 CDC28 protein kln.ase Binds to the c.atalytlc s.ubumt of.the. cycl.ln depen(.jent kinases and
regulatory subunit 2 is essential for their biological function
3 X54941 CKS1B CDC28 protein k|r.1ase Binds to the c.atalytlc s.ubumt of.the. cyc|.|n depen(.jent kinases and
regulatory subunit 1B is essential for their biological function
Stress-induced- Mediates the association of the molecular chaperones HSC70 and
4 M86752 TIP1
8675 S phosphoprotein 1 HSP90 (HSPCA and HSPCB)
proteasome (prosome, Is a multicatalytic proteinase complex that is responsible for the
5 D26600 PSMB4 macropain) subunit, beta  degradation of all short-lived proteins and 70-90% of all long-lived
type, 4 proteins (169)
B-cell receptor- May play a role in anterograde transport of membrane proteins
6 X81817 BCAP31 . P : from the endoplasmic reticulum to the Golgi. May be involved in
associated protein 31 . ;
CASP8-mediated apoptosis
Decreased enzymatic activity with resulting increased levels of
glycerol-3-phosphate glycerol 3-phosphate activating the DPD1L-dependent SCN5A
7 D42047 GPD1L R . .
dehydrogenase 1-like phosphorylation pathway, may ultimately lead to decreased
sodium current.
Ligand-activated transcription factor. Receptor that binds
peroxisome proliferator- peroxisome proliferators such as hypolipidemic drugs and fatty
8 L07592 PPARD . . . L .
activated receptor delta acids. Functions as transcription activator for the acyl-CoA
oxidase gene.
ribonuclease. RNase A Catalyzes the cleavage of RNA on the 3' side of pyrimidine
9 D26129 RNASE1 family, 1 ( a'ncreatic) nucleotides. Has been isolated mainly from pancreas, which is the
v, 1P tissue with highest expression (205)
homocysteine-inducible, . . .
endoplasmic reticulum Component of the endoplasmic reticulum quality control (ERQC)
10 D14695 HERPUD stfess—inducible system also called ER-associated degradation (ERAD) involved in
1 ! ubiquitin-dependent degradation of misfolded endoplasmic

ubiquitin-like domain
member 1

reticulum proteins.
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Table 3F. Functional description of the third Group 7 (originally 35 without 15 already explored, 20 genes) in

Validation Scheme 3.

Gene Accession Symbol Name Function
Heat shock protein
1 X15183 HSP90AA1 90kDa alpha (cytosolic), Molecular chaperone. Has ATPase activity (By similarity)
class A member 1
Seems to be involved in transcriptional silencing in
2 U26312 CBX3 Chromobox homolog 3 heterochromatin-like complexes and in the formation of functional
kinetochore.
Plays a central role in the regulatory network for splicing,
3 U09564 SRPKL SFRS protein kinase 1 . controlling the intranuclear dl.strl.butlon of splicing factors |n.
interphase cells and the reorganization of nuclear speckles during
mitosis.
Receptor for acidic fibroblast growth factor. The extracellular
Fibroblast growth factor portion of the protein interacts with fibroblast growth factors,
4 L03840 FGFR4 L . . .
receptor 4 setting in motion a cascade of downstream signals, ultimately
influencing mitogenesis and differentiation.
Aspartyl-tRNA synthetase (DARS) is part of a multienzyme complex
aspartyl-tRNA that charges its cognate tRNA with aspartate during protein
5 J05032 DARS . > .
synthetase biosynthesis. Several components of the translation apparatus
show abnormal up- or down-regulation in cancer (178)
heterogeneous nuclear Involved in the packaging of pre-mRNA into hnRNP particles,
6 X12671 HNRNPA1 ) g ) transport of poly(A) mRNA from the nucleus to the cytoplasm and
ribonucleoprotein Al L .
may modulate splice site selection.
Regulates MYC expression by binding to a single-stranded far-
Far upstream element
7 U05040 FUBP1 s R upstream element (FUSE) upstream of the MYC promoter. May act
(FUSE) binding protein 1 . -
both as activator and repressor of transcription
Multitasking protein, involved in apoptosis, transcription,
nucleosome assembly and histone binding. Isoform 2 anti-
M 1 ET ET |
8 9365 S SET nuclear oncogene apoptotic activity is mediated by inhibition of the GZMA-activated
DNase, NME1.
9 L08069 DNAJAL Dnal (H'sp40) homolog, Co-chaperone of Hsc70. Seerps to play.a role in protein import into
subfamily A, member 1 mitochondria
Catalyzes the conversion of hemimercaptal, formed from
methylglyoxal and glutathione, to S-lactoylglutathione. Glyoxalase |
10 D13315 GLO1 Glyoxalase | activity is indeed higher in cancerous than in noncancerous
specimens, suggesting that it may play a role in prostate cancer
homeostasis and survival (187)
The protein encoded by this gene is a homolog of the protein
11 D21261 TAGLN2 Transgelin 2 transgelin, which is one of the earliest markers of differentiated

smooth muscle. (189)
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Table 3F (continued)

Gene Accession Symbol Name Function
Reversible hydration of carbon dioxide. Appears to be a novel
12 X66839 CA9 Carbonic anhydrase IX specific biomarker for a cervical neoplasia and kidney cancer
marker, associated with progression and survival (190)
Cold-inducible mRNA binding protein that plays a protective role in
13 D78134 CIRBP Col.d IerUCIb|e F.{NA .the geno?oxm stress. response by stabilizing transFrlpts of genes
binding protein involved in cell survival. Seems to play an essential role in cold-
induced suppression of cell proliferation.
Has weak activities on human monocytes and acts via receptors
that also recognize MIP-1 alpha. It induced intracellular Ca(2+)
14 749269 ccLia chemolflne (C-C motif) changes and enzyme releasg, bu.t no chemotaxis, at concentratlgns
ligand 14 of 100-1,000 nM, and was inactive on T-lymphocytes, neutrophils,
and eosinophil leukocytes. Enhances the proliferation of CD34
myeloid progenitor cells.
15 X87159 SCNN1B Sodium channel, Sodium channel that controls the reabsorption of sodium in kidney,
nonvoltage-gated 1, beta colon, lung and sweat glands.
Potassium large
conductance calcium- Regulatory subunit of the calcium activated potassium KCNMA1
16 U25138 KCNMB1 activated channel, (maxiK) channel. Increases the apparent Ca(2+)/voltage sensitivity
subfamily M, beta of the KCNMAL1 channel.
member 1
Transcription factor that binds to GC box promoter elements.
Sp/KLF factors are involved in many growth-related signal
. transduction pathways and their overexpression can have positive
17 D3171 KLF K I-like f
31716 9 ruppel-like factor 9 or negative effects on proliferation. In addition to growth control,
Sp/KLF factors have been implicated in apoptosis and angiogenesis
(195).
Human interferon
18 M26683 HUMIFNIND gamma treatment #N/A
inducible mRNA.
Calcium-regulated non-lysosomal thiol-protease which catalyze
19 M23254 CAPN2 Calpain 2, (m/ll) large limited proteolysis of substrates involved in cytoskeletal

subunit

remodeling and signal transduction, substrate degradation in
some apoptotic pathways

209



Table 3F (continued)

Gene Accession Symbol Name Function

Structural protein involved in the filamentous cross-bridging
between microtubules and other skeletal elements. MAPs are a
Microtubule-associated family of proteins that bind to and stabilize microtubules, and
protein 1A microtubules are essential components of the cytoskeleton and
play a critical role in many cellular processes, including cell division,
cell motility (197)

20 U14577 MAP1A
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