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Abstract Cancer is a disease of aberrant gene expression characterized by inappropriate (temporal or quantitative)
expression of positive mediators of cell proliferation in conjunction with diminished expression of negative mediators of
cell growth.Alterationof thenormal balanceof these positive andnegativemediators leads to the abnormal growthof cells
and tissues that typify neoplastic disease. Development of a better understanding of the genetic and epigenetic
mechanisms that induce neoplastic transformation and drive the cancer phenotype is essential for continued progress
towards the design of practicalmolecular diagnostics and effective treatment strategies. Over the past decades,molecular
techniques that facilitate the assessment of gene expression, identification of gene mutations, and characterization of
chromosome abnormalities (numeric and structural) have been established and applied to cancer research. However,
many of these techniques are slow and labor-intensive. More recently, high-throughput technologies have emerged that
generate large volumes of data related to the genetics and epigenetics of cancer (or other disorders). These advances in
molecular genetic technology required the development of sophisticated bioinformatic tools tomanage the large datasets
generated. The combination of high-throughput molecular assays and bioinformatic-based data mining strategies has
significantly impacted our understanding of the molecular pathogenesis of cancer, classification of tumors, and now the
management of cancer patients in the clinic. This article will review basic molecular techniques and bioinformatic-based
experimental approaches used to dissect the molecular mechanisms of carcinogenesis. J. Cell. Biochem. 101: 1074–
1086, 2007. � 2007 Wiley-Liss, Inc.
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Carcinogenesis is a multi-step process driven
by changes in gene expression that leads to the
abnormal growth of cells and tissues that
characterize theneoplastic phenotype of cancer.
It is now well-recognized that cancer in its
simplest form is a genetic disease, or more
specifically, a disease of aberrant gene expres-

sion. The processes of tumor formation and
progression are driven by chromosomal altera-
tions, gene mutations, and epigenetic altera-
tions of DNA that most often affect the
expression of genes controlling cell proliferation
and survival. The genes that are important for
cancer development are frequently classified as
proto-oncogenes and tumor suppressor genes,
but also include growth factors and their
receptors, cell signaling molecules, and nuclear
transcription factors. Most proto-oncogenes
function to regulate cell growth or survival.
Activated forms of proto-oncogenes are termed
oncogenes, and usually represent gain of func-
tion mutants. Conversely, tumor suppressor
genes function in normal cells to suppress cell
growth, and are usually recessive genes that
can be passed through the heterozygous germ-
line, leading to increased susceptibility to
cancer. Other important changes in gene ex-
pression associated with cancer include auto-
crine production of growth factors, abnormal
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regulation of genes that encode proteins impor-
tant for apoptosis (loss of pro-apoptotic or gain of
anti-apoptotic), as well as alterations associat-
ed with invasion/metastasis (proteases, etc.).
Thus, carcinogenesis is a multi-step process
resulting from the sequential perturbation of
both positive and negative mediators of cell
proliferation and other regulatory genes. The
molecular basis of cancer has been the focus of
intense investigation for many years, and with-
out an understanding of the molecular events
that drive neoplastic transformation, the devel-
opment of human cancerwill remain ill-defined.
Although we have cataloged many of the mole-
cular genetic and epigenetic consequences of
cellular transformation, we are just beginning
to understand the complicated events that lead
to the neoplastic phenotype.
Bioinformatics represents a relatively new

field of scientific inquiry that emerged to fill the
need created by advances in high-throughput
molecular techniques. The construction and
advancement of computational and statistical
techniques to solve biological problems posed by
the analysis of molecular biology data sets is
bioinformatics. For example, recent advances in
molecular technology related to the Human
Genome Project gave rise to the rapid sequen-
cing of large portions of the human genome (and
others) [Shih Ie andWang, 2005]. The resulting
surge of DNA sequence information necessi-
tated the development of an information science
able to organize large and complex volumes
of data [Segal et al., 2005]. Thus, the field of
bioinformatics was born. During the subse-
quent interval of time, emerging technologies
continue to simplify the generation of large
genomic data sets, requiring the development
of additional bioinformatic solutions and tools
for analyzing and comparing these data sets
[Travis et al., 2006]. It is widely believed that
genomics coupled with bioinformatics will revo-
lutionize our understanding of the complex
molecular pathways that constitute the funda-
mentalmechanisms of cancer development, and
that this understanding will transform the
diagnosis and treatment of disease as the path-
ways and specific genes that comprise the
molecular pathogenesis of cancer become tar-
gets for new therapeutic interventions [Segal
et al., 2005].
This article will review basic molecular

techniques as well as newer array-based tech-
nologies, and will discuss bioinformatic-based

experimental approaches used to investigate
the molecular pathogenesis of cancer. The
intent of this review is to provide the reader
with a description of the available tools for
dissecting mechanisms of carcinogenesis, as
well as to provide illustrations of how these
tools have been applied to cancer research to
date. The literature on this subject is extensive.
Therefore,wehave chosen to cite recent reviews
and pertinent earlier literature. We encourage
the reader to consult the recent primary
literature on topics of interest.

BASIC CONCEPTS AND TECHNOLOGIES

The establishment of molecular mechanisms
governing cancer pathogenesis emerged over
the last 50 years from investigations that
employed a number of basicmolecularmethods,
many of which have recently given way to high-
throughput array-based technologies. The fol-
lowing sections will briefly review important
developments in molecular technology related
to cancer research, which formed the basis for
the newer (and now widely-utilized) array-
based techniques and applications.

Cytogenetics

Cytogenetics is used to investigate gross
structural abnormalities of human chromo-
somes and their contribution to disease. Nowell
and Hungerford [1960] identified an abnormal
chromosome 22 in select chronic myelogenous
leukemia patients, calling this chromosome the
Philadelphia (Ph) chromosome. This was the
first consistent chromosomal abnormality iden-
tified in human cancer.With the development of
high-resolution chromosome banding techni-
ques [Sumner et al., 1971], it was determined
that the Ph chromosome results from a recipro-
cal translocation between chromosome 22 and
chromosome 9 [Rowley, 1973]. Prior to the
development of chromosome banding techni-
ques, the nature of this translocation could not
be determined [Rowley, 1973]. Following the
discovery of the Ph chromosome, numerous
other chromosomal abnormalities in cancer
were identified and characterized using G-
banding and R-banding techniques [Mitelman,
1986]. More recently, fluorescent chromosome
painting techniques were described. These
techniques facilitate the easy and accurate
identification of each chromosome pair, making
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the detection and characterization of chromo-
somal abnormalities relatively straight for-
ward [Sumner et al., 1971]. These methods can
(i) detect numerical changes of chromosomes,
(ii) identify large deletions, (iii) detect and
characterize complex chromosomal rearrange-
ments. Despite the power of chromosomal
analysis (through traditional banding techni-
ques or fluorescent methods), a number of
technical limitations affect its general applica-
tion to cancer research. Foremost, cytogenetic
analysis has limited sensitivity. These methods
can only detect large genomic alterations. In
addition, cytogenetic methods require actively
dividing cells to facilitate capture of cells in
metaphase. Thus, cytogenetic laboratories
must transiently culture tumor cells to enable
good chromosomal preparations. For many
diseases with chromosome abnormalities, cyto-
genetics remains the gold standard for diag-
nosis. However, Polymerase chain reaction
(PCR)-based and array-based methods have
(or will soon) replaced many of these.

Genomics

Southern blotting. The technique of
Southern blotting was introduced in 1975
[Southern, 1975], revolutionized early molecu-
lar biology, and continues to be widely used
today. Applications of the Southern blot include
evaluation of gene copy number, assessment of
genetic alterations (such as chromosomal rear-
rangements), and gene/chromosome mapping.
Southernblottinghasbeenwidely applied to the
analysis of chromosomal alterations in cancer.
Numerous studies have reported proto-onco-
gene amplification detected by Southern analy-
sis. Amplification of the c-ras and c-myc proto-
oncogenes has been reported in many forms of
cancer [Taya et al., 1984; Tashiro et al., 1986].
Additional examples of gene amplification can
be found for specific cancers, including Her2
amplification in breast cancer [Hynes et al.,
1989; Slamon et al., 1989]. This approach is
useful in characterization of chromosomal rear-
rangements (reciprocal and non-reciprocal
translocations) as well as large-scale chromoso-
mal deletions (often measured as loss of hetero-
zygosity). All of the early genome mapping
studies utilized Southern blotting, prior to the
advent of PCR-based mapping techniques.
While Southern blotting represents a powerful
method for investigation of themolecular patho-

genesis of cancer, its application is hampered by
certain limitations. Specifically, Southern blot-
ting is slowand labor-intensive, is limited by the
number of samples that can be simultaneously
analyzed, and requires high quality, high
molecularweightDNA.Nevertheless, Southern
blotting remains a useful technique that con-
tinues to find application in both research and
clinical laboratories.

Polymerase chain reaction (PCR). PCR
represents one of themost valuable advances in
molecular technology ever. This method facil-
itates the rapid, sensitive, and specific amplifi-
cation of target DNA (or cDNA) sequences. A
large number of molecular applications have
been developed that are based upon PCR
amplification of target sequences. These include
applications for genomic sequencing, clon-
ing, analysis of gene expression, chromosomal
mapping, and others. Through microsatellite
PCR, chromosomal loss or retention can be
determined, localizing tumor suppressor genes
to specific chromosomal regions [Negrini et al.,
1994; Reid et al., 1996a; Ricketts, 2006].
Quantitative PCR is used for the evaluation of
gene copy number and can provide an alter-
native to Southern blotting. Quantitative PCR
is useful when reproducibility is important
since the accumulation of amplified gene pro-
ducts occurs exponentially and follows a con-
ventional curve [Ricketts, 2006]. PCR has
become an important method for research and
clinical molecular biology applications. The
advantages of PCR include speed, sensitivity
(only a small amount of template DNA is
needed), and specificity. This technique is also
very flexible and can be adapted to a variety of
analyses.

Mutation detection. It is well-known that
cancer cells contain numerous DNA mutations
representing either chromosomal aberrations
or sequence alterations. DNA sequence altera-
tions oftenaffect gene expression or result in the
expression of a defective gene product. Thus,
methods to identify gene mutations are very
important [Highsmith, 2006]. DNA sequencing
represents the gold standard for identification
and characterization of gene mutations. The
common availability of automated fluorescent
DNA sequencers has increased the ease, speed,
and accuracy of DNA sequencing compared
to manual sequencing methods. Nevertheless,
DNA sequencing is inefficient when applied
to mutation screening of large numbers of
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individual DNA samples and when used as a
primary means of mutation discovery [High-
smith, 2006]. Thus, DNA scanning techniques
were developed to identifyDNA regions that are
likely to harbor a sequence alteration. These
methods include single-strand conformation
polymorphism (SSCP) analysis and heterodu-
plex analysis. SSCP is utilized to detect muta-
tions in a DNA sequence when the mutation
influences the secondary structure of the DNA
or disrupts single stranded DNA conformation
[Hayashi, 1992]. SSCP for capillary electro-
phoresis identified mutations in the p53 gene
in many hereditary and spontaneous cancers
[Bosserhoff et al., 2000]. Likewise, heteroduplex
analysis exploits the altered migration of DNA
heteroduplexes containing an altered sequence
to identify putativemutants [Highsmith, 2006].
In both cases, the screening analysis is followed
by DNA sequencing of the DNA segment to
identify the precise location and nature of the
sequence alteration. In contrast to mutation
screening, methods for detection of known
mutations have also been developed. These
methods include allele-specific PCR and mod-
ified restriction fragment length polymorphism
(RFLP) analysis [Highsmith, 2006]. These
methods are useful when a specific mutation
is suspected. In both cases, the nature of the
specific mutation must be known, enabling
the design of appropriate PCR primers. These
methods are most frequently employed in the
analysis of hot-spot (or other frequently occur-
ring) mutations, like those identified in p53
[Gao et al., 2006] and BRCA1 [Yim et al., 2005].
Most of these methods are still used commonly,
but often to verify results obtained using
discovery-based high-throughput technologies.

Gene Expression Analysis

Northern blotting. Northern blot analysis
is a method for quantitative analysis of gene
expression [Amiss and Presnell, 2006]. Using
Northern blot analysis, various characteristics
of mRNA can be examined, including: mRNA
abundance and mRNA size. Thus, northern
blots are able to assess gene deletions affecting
the coding region, post-transcriptional modi-
fications such as splicing variations or abnor-
malities, and production of mutated RNA
resulting from premature termination of trans-
cription [Amiss and Presnell, 2006]. Perhaps
the most important contribution of Northern

blotting to the analysis of cancer was in the
generation of early gene expression signatures.
The advantages of Northern blot include sensi-
tivity and quantitive estimation of mRNA
abundance. The limitations of Northern blot
analysis relates to the need for relatively
large amounts of RNA and the fairly slow and
labor-intensive methodology. Nevertheless,
Northern blots have been and continue to be
useful for certain specific applications.

Amplification-based gene expression
analysis. Following the development of PCR
in the mid-1980s [Mullis and Faloona, 1987], a
number of amplification-based applications for
gene expression analysis emerged and were
widely adapted by research and clinical labora-
tories. The most common of these is reverse
transcription-PCR (RT-PCR), a method based
upon amplification of target sequences con-
tained in a cDNA template population. RT-
PCR is rapid, extremely sensitive and specific,
requires very little template RNA for the initial
reverse transcription reaction, and can be
adapted for multiplex amplification. While this
method is still widely used, quantitative PCR
(qPCR) has become the more popular version of
this technique. qPCR has all of the advantages
of RT-PCR, along with several additional fea-
tures, including a quantitative output and an
automated process. RT-PCR and qPCR are
employed to assess the expression of specific
genes, but are of limited value in a study aimed
at gene discovery. In contrast, differential dis-
play RT-PCR (RT-PCR/DD) was developed to
facilitate gene discovery. Using RT-PCR/DD,
the gene expression pattern corresponding to
two or more populations of cells (or tissues) can
be compared to identify differentially expressed
genes that may be of significance (such as when
a cancer cell is compared to a normal cell). RT-
PCR/DD has been successful in identifying
genes differentially expressed in several cancer
systems [Liang and Pardee, 1992]. The limita-
tions associatedwithRT-PCR/DD include (i) the
large number of false positives identified that
fail validation with Northern blot or quanti-
tative RT-PCR (are not truly differentially
expressed), and (ii) the 30-untranslated regions
of genes are favorably amplified and may not
match the database sequence for that gene
[Sunday, 1995]. Nevertheless, RT-PCR/DD is
still widely used for comparing molecular gene
expression patterns between cancer andnormal
cells.
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BIOINFORMATIC-BASED
EXPERIMENTAL APPROACHES

The molecular biology methods developed
over the last several decades allow specific
questions to be asked about genomic DNA and
the genes encoded, as well as facilitating gene
discovery and mutation screening. However,
the major drawback for all of these techniques
relates to the quantities of starting material
needed, the time required to complete the
procedure (labor-intensive), and limited amount
of information generated (mostly reflecting
limited numbers of samples analyzed). The
methods that now represent the state-of-the-
art are characterized by large-scale high-
throughput testing. These methods (many of
which are array-based) enable investigators to
concurrently conduct thousands of parallel
experiments (tests) starting with very small
quantities of DNA or RNA through largely
automated processes. The following sections
describe some of these newer technologies and
how they have been applied to cancer research.

Gene Target and Biomarker Discovery

In order to elucidate the complex molecular
pathogenesis of cancer, whole genome analysis
is required to catalog changes associated with
cancer initiation, progression, and metastasis.
Whole genome analyses may ultimately un-
cover novel gene targets for drug development
and disease biomarker discovery for diagnostic
applications. Genomic DNA microarrays coupl-
ed with bioinformatic approaches have been
used as a tool for the identification of gene
expression alterations and genomic modifica-
tions that correspond to various stages of
neoplastic transformation and tumor develop-
ment. Consequently, DNA microarray technol-
ogy has been exceptionally important to the
field of molecular carcinogenesis research.
There are a number of bioinformatic-based
approaches for mining data derived from high-
throughput information-rich methods utilized
for identification of molecular targets in cancer
and elucidation of molecular pathways that
account for the neoplastic phenotype.

Comparative genomic hybridization. It
is well-known that cancer cells carry numerous
chromosomal abnormalities, and that some of
these abnormalities are causally related to
cancer induction or progression. The chromo-
somal changes associated with neoplasia man-

ifest as gains (gene amplification) or losses
(large-scale deletions) of chromosomal seg-
ments. Methods to characterize these altera-
tions have been applied for many years, but
recent developments have automated this pro-
cess and opened the analysis to difficult samples
(solid tumors). Array-based comparative geno-
mic hybridization (CGH; [Kallioniemi et al.,
1992]) is a technique that analyzes global
genomic changes by documenting gains and
losses of genes in diseases such as cancer
[Albertson et al., 2000; Jain et al., 2001; Bignell
et al., 2006]. CGH arrays are constructed using
thousands of probes that correspond to defined
and mapped chromosomal segments. To facil-
itate analysis of cancer cell genomes, total
genomic DNA from a tumor of interest and
normal (control) cell population are labeledwith
different fluorochromes and hybridized to the
CGH array [Albertson et al., 2000]. The ratio of
fluorescence intensity for a given probe (or set of
probes) is proportional to the copynumber of the
corresponding sequences in the tumor and can
be measured over the length of the chromo-
somes to determine regions of gain or loss
[Albertson et al., 2000; Medvedovic and Wiest,
2006]. CGH arrays have been applied to the
analysis of chromosomal alterations in gastric
cancer [Weiss et al., 2003a], chronic lymphocy-
tic leukemia [Schwaenen et al., 2004], breast
cancer [Albertson et al., 2000; van Beers and
Nederlof, 2006], oral squamous carcinoma
[Garnis et al., 2004], bladder cancer [Veltman
et al., 2003], pancreatic cancer [Holzmannet al.,
2004], colon cancer [Kleivi et al., 2004], lung
cancer [Choi et al., 2006b], and prostate cancer
[Saramaki et al., 2006]. Chromosomal altera-
tions identified by CGH array can uncover
large-scale deletions (possibly associated with
tumor suppressor genes), gene amplifications
(possibly associatedwithproto-oncogenes), and/
or may identify alterations that predict tumor
behavior of patient outcome. Albertson et al.
[2000] identified recurrent amplification at
20q13.2 in breast cancer, which mapped to the
CYP24 gene. In addition, CGHdata froma set of
52 human breast tumors showed two loci (8q24
and 9q13) where copy number abnormalities
were correlated with poor survival and also
identified a relationship between p53 mutation
status and two loci (8q24 and 5q15-5q21) [Jain
et al., 2001]. Array CGH has significant advan-
tages over conventional cytogenetic approaches
including high-throughput, high-resolution,
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and the ability to analyze interphase cells,
although it has been limited by the availability
of genomic clones that can be spotted as targets
[Ishkanian et al., 2004; Shih Ie and Wang,
2005]. Recently, high-density (1 Mb) CGH
arrays and new analysis tools have been
established in order to provide a more uniform
and convenient analysis platform for array
CGH [Wang et al., 2004; Shih Ie and Wang,
2005].
Representational oligonucleotidemicro-

array analysis. Representational oligonu-
cleotide microarray analysis (ROMA) is an
array-based technique used for the detection
of genomic aberrations in cancer based upon
copy number variation [Lucito et al., 2003; Shih
Ie and Wang, 2005]. ROMA measures the DNA
concentration of two samples, generated by
restriction digestion, by hybridizing two differ-
ently labeled samples to a set of oligonucleotide
microarray probes (designed in silico) from the
human genome sequence [Sebat et al., 2004;
Shih Ie and Wang, 2005]. Using ROMA,
chromosomal regions with copy number varia-
tions have been identified between cancer and
normal genomes [Sebat et al., 2004; Shih Ie and
Wang, 2005]. The resolution of ROMA is
between 30 kb to 35 kb, and with further
refinement ROMA promises to contribute more
substantially to the identification of genes
involved in disease [Shih Ie and Wang, 2005].
Tiled oligonucleotide microarray. Tiled

oligonucleotidemicroarrays allow investigators
to interrogate previously unexplored regions of
chromosomal DNA at 35-nucleotide resolution
using 25 bp probes [Carroll et al., 2005]. Carroll
et al. used tiled microarrays that cover the
entire sequence of chromosomes 21 and 22 in
combination with chromatin immunoprecipita-
tion (ChIP) analyses in order to identify reg-
ulatory regions that may play a role in ER-
mediated transcription. The Forkhead protein
FoxA1 was subsequently identified in estrogen
signaling which exhibits the power and impor-
tance of microarray-based approaches to iden-
tify novel regulatory domains that prove to be
significant in human cancer [Carroll et al.,
2005]. Selzer et al. [2005] used fine-tiling arrays
in conjunction with oligonucleotide array CGH
to map chromosomal imbalances found in
neuroblastoma tumors and cell lines. First,
CGH analysis was performed to map chromo-
somal alterations using whole-genome oligonu-
cleotide or BAC arrays at 50 kb or 1 Mb

resolution. The results of the CGH analyses
were utilized to design fine-tiling oligonucleo-
tide microarrays spanning the chromosome
region of interest [Selzer et al., 2005]. Thus,
the combination of CGH to localize chromoso-
mal regions of interest and the high level of
resolution of fine tiling array CGH facilitates
detailed mapping of chromosomal abnormal-
ities in cancer cells.

Single-nucleotide polymorphism ar-
rays. The identification of both loss-of-hetero-
zygosity events and copy-number alterations in
cancer, previously accomplished by PCR and
Southern blot techniques, can be identified by
high-density single-nucleotide polymorphism
(SNP) arrays [Garraway et al., 2005]. Garraway
et al. [2005] used 100 K SNP arrays, containing
124,000 SNP alleles spaced with a median
intermarker distance of 8.5 kb, to evaluate the
genomes of cell lines that represent tumors from
nine different tissue types. Hierarchical clus-
tering was used to determine patterns of
chromosomal copy number alterations and
identified distinct genetic subgroups between
the tumor cell lines. Within one amplified
chromosomal region, the melanocyte master
regulator (MITF) was overexpressed and may
offer a therapeutic target for melanoma [Garr-
away et al., 2005]. SNP arrays afford the
opportunity for parallel analysis of thousands
ofmarkers using very small amounts of starting
material, resulting in amore rapid and informa-
tion-rich assessment of genomic changes
through an automated process.

Molecular Classification of Cancer

Improvements in molecular tumor classifica-
tion have been essential to the advances seen in
cancer treatment. Historically, the classifica-
tion of cancer types has been primarily (or
exclusively) based upon morphological appear-
ance of the tumor [Golub et al., 1999]. However,
traditional approaches to tumor classification
have serious limitations given that tumors with
similar histopathological appearance can result
in different clinical courses and exhibit a wide
range of responses to therapy [Golub et al.,
1999]. It is now recognized that tumors with
common behavior (phenotype) express a com-
mon gene expression signature and that classi-
fication of tumors based upon their molecular
signatures is much more useful for predicting
patient outcome and response to therapy than
morphological characterization [Chung et al.,
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2002]. Numerous analytical methods have been
used to study tumors and classify them into
similar groups to predict clinical behavior
[Chung et al., 2002]. DNA microarrays have
revolutionized and significantly improved this
field through the simultaneous analysis of
numerous gene expression patterns that detect
similarities and differences among tumors
[Chung et al., 2002].

DNA microarrays coupled with statistical
analysis have provided investigators tools in
which to develop molecular classifications for
many types of cancer [Chung et al., 2002],
including brain [Pomeroy et al., 2002], breast
[Perou et al., 2000; Sorlie et al., 2001; van ’t Veer
et al., 2002], colon [Zou et al., 2002], stomach
[Hippo et al., 2002], leukemia [Yeoh et al., 2002],
lung [Beer et al., 2002], lymphoma [Alizadeh
et al., 2000; Rosenwald et al., 2002; Shipp et al.,
2002], and kidney [Takahashi et al., 2001].
Golub et al. [1999] recognized that there was a
lack of a general approach for identifying new
cancer types, or for assigning tumors to known
classes (called class discovery and class predic-
tion, respectively). Therefore, gene expression
analysis using Affymetrix microarrays were
applied to human acute leukemias as a test
case and the results demonstrated that cancer
classification based on gene expression was
attainable [Golub et al., 1999]. Thus, DNA
microarrays proved to be useful as a tool for
discovering and predicting cancer classes.

Several DNA microarray studies have
demonstrated that different types of cancer
represent functionally distinct types of cells
and each type of cell expresses a unique set of
genes that is needed to produce the cancer
phenotype [Chung et al., 2002]. Using between
10 and 19 different tissues, tumor- and tissue-
specific portraits of gene expression have been
defined bymicroarray technology [Ramaswamy
et al., 2001; Chung et al., 2002]. Ramaswamy
et al. [2001] examined 144 primary tumors
representing 14 different tumor types using
Affymetrix Genechips (Hu6800 and Hu35k-
subA) and defined a set of genes that identified
each of the 14 tissues separately. Therefore,
each tumor type was represented by a gene
signature pattern, consequently, classifying
each cancer by a molecular pattern. Perou
et al. [2000]was thefirst to propose aphenotypic
diversity of breast tumors and examined the
gene expression patterns of 65 surgical speci-
mens of human breast tissue from 42 different

individuals using custom cDNA microarrays
representing 8,102 human genes. The human
breast tumors were classified into subtypes
(luminal, normal-breast-like, basal-like, HER2þ)
distinguished by differences in their gene
expression signatures [Perou et al., 2000]. Head
and neck squamous cell carcinoma (HNSCC)
clinical status is mostly based upon the tumor
size and the presence and location of metastasis
of lymphnodes [Chung et al., 2004].Utilizing an
Agilent Human 1 cDNA microarray, Chung
et al. [2004] analyzed the gene expression
patterns of 60 HNSCC tumors and identified
four distinct subtypes. Additionally, patterns of
gene expression that are associated with pre-
diction of metastatic disease in breast cancer
also predicts the presence of lymph node
metastases in HNSCC [Chung et al., 2004].
Interestingly, in a previous study by Chung
et al. [2002] hierarchical clustering analysis of
lung and breast [Perou et al., 2000; Sorlie et al.,
2001] tumor data sets were analyzed using a
combined lung and breast ‘‘intrinsic’’ gene sets
and gene expression patterns identified sets of
genes involved in regulating the cell cycle, DNA
replication, and genes that encode proteins
responsible for chromosome dynamics. The
application of DNA microarrays to tumor
classification shows great promise, but is only
in the beginning stages. The studies that have
classified various types of tumors based on
gene expression patterns are ready to explore
the important quest of whether tumor classes
based upon molecular patterns can be used to
improve cancer treatment and patient outcome
[Chung et al., 2002]. Microarrays will certainly
continue to be used in cancer research to explore
molecular portraits of tumors, although it is
uncertain whether microarrays could be used
routinely in the clinic for diagnostic purposes
[Chung et al., 2002]. Nevertheless, the knowl-
edge gained throughmicroarray studiesmay be
harnessed through other methods (like immu-
nohistochemistry) to accomplish tumor class
predictions.

Improving Cancer Diagnosis and Predicting
Clinical Outcomes

Whole genome genotyping using DNA micro-
arrays hold promise in identifying gene expres-
sion signatures and locating gene variants that
distinguish cancer subtypes, offering important
prognostic indications for cancer outcome, as
well as patient response to clinical treatment.
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Studies on breast cancer [Lonning et al., 2001;
Sorlie et al., 2001; van ’t Veer et al., 2002; van de
Vijver et al., 2002; Glinsky et al., 2004; Weigelt
et al., 2005], diffuse large B-cell lymphoma
(DLBCL) [Chung et al., 2002], HNSCC [Chung
et al., 2004],mesothelioma [Gordonet al., 2003],
renal cell carcinoma (RCC) [Zhao et al., 2006],
and lymphoblastic leukemia [Armstrong et al.,
2002; Teuffel et al., 2004] are a few examples of
cancers in which gene expression patterns have
been developed, and utilized to predict prog-
nosis and treatment options. These insights into
the molecular mechanisms of cancer have
opened the door for better prognostic tests and
treatment that canbeused to customize therapy
for better patient care.
Breast cancer. Breast cancer has been

studied extensively, although the biology of
breast cancer remains poorly understood.
Lymph node metastases [Fisher et al., 1993],
histologic grade [ElstonandEllis, 1991], expres-
sion of steroid and growth factor receptors
[Vollenweider-Zerargui et al., 1986; Torregrosa
et al., 1997], expression status of ERBB2
[Slamon et al., 1989], mutations in the TP53
gene [Bergh et al., 1995; Borresen et al., 1995],
and estrogen-inducible genes [Foekens et al.,
1999] have all been associated with prognosis of
breast cancer. In a large custom cDNA micro-
array study, Sorlie et al. [2001] analyzed
78 breast cancers, three fibroadenomas, and
four normal breast tissues by hierarchical
clustering and classified the tumors based on
gene expression in the previously identified
subgroups [Perou et al., 2000]: basal epithelial-
like group, an ERBB2-overexpressing group,
luminal-like/ERþ group, and a normal breast-
like group. These breast tumor subgroups have
prognostic value with respect to overall and
relapse-free survival in a subset of patients that
had been given a uniform therapy [Sorlie et al.,
2001]. The ERBB2þ group was associated with
poor survival, the basal-like subtype was asso-
ciated with shorter survival times and a higher
frequency ofTP53mutations, and the luminalC
subtype is associated with a gene expression
pattern similar to the ERBB2þ group, which
results in theworst outcome [Sorlie et al., 2001].
It has been shown that chemotherapy or

hormonal therapy reduces the risk of distant
metastases by about one-third [van ’tVeer et al.,
2002]. A study by van ’t Veer et al. [2002]
performedmicroarray (Affymetrix Hu25k) ana-
lysis on 117 young patients with breast cancer,

applied supervised tumor classification, and
identified a gene expression pattern that
strongly predicts poor prognosis (indicated by
a short interval to distant metastases) in
patients that were initially lymph node nega-
tive. Additionally, patients that are mutant
BRCA1carriers exhibited a distinct gene
expression signature [van ’t Veer et al., 2002].
The gene signature of poor prognosis tumors
consisted of 70 genes regulating cell cycle,
angiogenesis, and metastasis [van ’t Veer
et al., 2002].Recently, anumber of investigators
[van de Vijver et al., 2002; Glinsky et al., 2004;
Weigelt et al., 2005] have characterized the
70-gene prognosis profile in greater depth. van
de Vijver et al. [2002] evaluated the predictive
power of the prognosis profile using statistical
methods (univariable and multivariable) and a
DNA microarray study consisting of a series of
295 consecutive patients less than 53 years old,
and found that the 70-gene profile is a more
powerful predictor of the outcome of disease in
young patients with breast cancer than clinical
and histologic criteria. Glinsky et al. [2004]
described a breast cancer classification algo-
rithm that takes into account estrogen receptor
status, lymph node status, and the 70-gene
expression signature, and suggested that the
small gene cluster may be useful in stratifica-
tion of breast cancer patients into subgroups
with positive outcomes and helpful in selection
of optimal treatment strategies. Using this
signature of 70-genes defined by DNA micro-
arrays [van ’t Veer et al., 2002], recent data
suggest that expression of these genes reflects a
distinct disease signature that is continuous
throughout the metastatic process [Weigelt
et al., 2005], adding to the prognostic power of
the molecular signature.

Diffuse large B-cell lymphoma. Microar-
ray analysis has provided molecular insight
into the differential stages of many hematolo-
gical malignancies [Chung et al., 2002]. Both
Rosenwald et al. [2002] and Alizadeh et al.
[2000] utilized a custom array (Lymphochip)
which produced a molecular signature from
hundreds of DLBCL samples, and identified
three subtypes including a germinal center B
cell-like (GCBL) subtype, and activated B cell-
like (ABL) subtype, and a subtype lacking
high expression of either the GCBL- or the
ABL-defining genes. Sixteen genes were recog-
nized for their ability to accurately predict
patient outcome and survival, when used to
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supervise tumor cluster analysis [Rosenwald
et al., 2002]. In an additional study by Shipp
et al. [2002], a 13-gene outcome predictor
pattern was identified using Affymetrix
Hu6800 microarray technology with DLBCLs.

Head andneck squamous cell carcinoma.
HNSCC is treated aggressively with surgery,
chemotherapy, and radiation therapy, but 40–
50% of patients with advanced disease develop
recurrent disease. Therefore, gene biomarkers
that predict poor clinical outcome are essential
in assisting treatment of HNSCC patients.
Chung et al. [2004] analyzed gene expression
patterns of 60 HNSCC tumors, categorizing
these tumors into four distinct subtypes with
different clinical outcomes, including (i) an
EGFR-pathway signature, (ii) a mesenchymal-
enriched subtype, (iii) a normal epithelium-like
subtype, and (iv) a subtype with high levels of
antioxidant enzymes. An HNSCC poor clinical
outcome subgroup showed high expression of
some of the same genes as the basal-like
subgroup identified in breast cancer [Perou
et al., 2000], including Bullous Pemphogoid
Antigen 1, P-Cadherin, Laminin g 2, and
Collagen XVII-a [Sorlie et al., 2001]. Tumors in
both breast and HNSCC showing the high
expression of these four genes exhibit poor
patient outcomes [Chung et al., 2004]. It is
interesting to observe the possibility that these
genes may be causative of poor outcome, or that
they may be expressed in association with an
aggressive tumor phenotype [Chung et al.,
2004].

Mesothelioma. There are no prognostic
molecular markers or genetic abnormalities
that are predictive of patient outcome for
mesothelioma. Production of survival among
mesothelioma patients is based upon histo-
logical appearance of the tumor, which can be
somewhat subjective [Gordon et al., 2003].
Gordonet al. [2003]usedgene expressionprofile
data from a Affymetrix U95A microarray study
previously performed on 17 mesothelioma
tumors to predict treatment-related outcome.
A significant four-gene expression ratio test
predictedmesothelioma treatment-related patient
outcome [Gordon et al., 2003]. Application of
this four-gene expression ratio test in the
routine clinical workup of mesothelioma could
impact the clinical treatment of these patients.

Renal cell carcinoma. Microarrays have
been useful in identifying gene expression
patterns that correlate with survival of RCCs.

RCC is responsible for the majority of deaths
due to kidney cancer, with tumor stage, grade,
and patient performance status currently used
to predict survival after surgery [Zhao et al.,
2006]. Zhao et al. [2006] used comprehensive
gene expression profiling (Stanford Functional
Genomics Facility) to identify gene expression
patterns that correlate with survival. A number
of primary RCCs were subdivided into five gene
expression subgroups that correlated with
survival in long-term follow-up [Zhao et al.,
2006]. Using a semisupervised learning algo-
rithm, Zhao et al. [2006] identified a group of
259 genes that accurately predict disease-
specific survival among patients after surgery
independent of clinical prognostic factors.

Lymphoblastic leukemia. Subsets of
human acute lymphoblastic leukemias (ALL)
that contain a chromosomal translocation har-
boring the mixed-lineage leukemia gene (MLL,
HRX, ALL1) have an unfavorable outcome.
Clustering algorithms from Affymetrix U95A
or U95A V2 gene expression data revealed
MLL translocations in lymphoblastic leukemias
could be separated from conventional acute
lymphoblastic and acute myelogenous leuke-
mias [Armstrong et al., 2002]. A study in twins
that have ALL and harbor the TEL-AML1
fusion gene very early in development demon-
strate, by Affymetrix HGU133A microarray
gene expression profiling, that leukemia in
twins show the same subtype-typical feature
as TEL-AML1-positive leukemia in individuals
suggesting that the leukemogenesis model in
children might be applicable generally [Teuffel
et al., 2004].

Major Implications of DNA
Microarray Technology

An important implication of DNAmicroarray
technology is that primary tumor gene expres-
sion profiles can be utilized to assess properties
of the tumor, such as the propensity to metas-
tasize or patient’s treatment response, which
can be used as the basis for clinical decision-
making. For example, a patient presents with a
primary tumor that exhibits a ‘‘good prognosis’’
gene signature and the follow-up may be
surgical resection with no chemotherapy, but
close observations. Alternatively, a patientwith
a ‘‘poor prognosis’’ gene pattern may have
combined treatments including surgery, radia-
tion, and/or chemotherapy [Chung et al., 2002].
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Limitations of Bioinformatic-Based
Experiments (DNA Microarrays)

While high-throughput microarray technol-
ogy confersmany advantages and opportunities
for advancement inmolecular tumor signatures
leading to better patient therapy, there are
limitations to this experimental approach. DNA
microarrays analyze global gene expression
changeswithin a cell population and are limited
by (i) cost and access, (ii) quality and amount of
RNA, (iii) standardization in sample collection,
(iv) cell type heterogeneity, (v) replication to
eliminate error, (vi) small tissue size of clinical
specimens, and (vii) interpretation of data
[Russo et al., 2003]. Significant advances have
been made to eliminate these limitations and
progress is continuing in order to bring this
technology into the clinical laboratories.

CONCLUSIONS

It is the promise of high-throughput molecu-
lar technologies (DNA microarray technology)
alongwith theuse of bioinformatics thatmake it
possible to tackle and understand the complex-
ity of the molecular basis of human cancers.
With the completion of the human genome
project, it is estimated that 30,000–40,000
human genes exist within our cells. However,
the number of genes expressed within a certain
cell type may reflect a much smaller number,
making it technically possible to assess most
of these genes (transcriptional profiling) with
a tumor sample [Pusztai et al., 2003]. High-
throughput molecular information is essential
in developing gene biomarkers of clinical utility
that can be used to formulate approaches to
therapy, as well as improvements in cancer
diagnosis and prognosis [Mohr et al., 2002;
Russo et al., 2003]. A major goal of this
technology is to introduce individualized med-
icine assuring its establishment into clinical
practice, and appropriate future clinical strate-
gies for patients to receive suitable therapy that
will provide the most beneficial outcome [Mohr
et al., 2002; Russo et al., 2003]. With the aid of
molecular gene signatures and bioinformatic-
based technology, treatment options will be
based upon differential gene expression pat-
terns and can be potentially monitored while
the patient undergoes therapy (hormonal,
chemotherapy and/or radiation). Bioinformatic-
based high-throughput technology has been
exceptionally important to the field ofmolecular

cancer research, and hopefully will successfully
alter the management of cancer.
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