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a b s t r a c t

Despite an increased understanding of the molecular pathogenesis of colorectal cancer (CRC) during
the past two decades, reliable and robust biomarkers to enable screening, surveillance, and primary
prevention of this disease are lacking. CRC diagnosis and therapy remain dependent upon descriptive clas-
sification and staging systems, based primarily on morphology and histology. The traditional approach
of understanding complex biological systems by studying smaller, discrete units of the whole system has
been less fruitful for understanding complex diseases. The implicit assumption of traditional methods,
that a single or even only a few factors, play a dominant role in a complex disease might be inadequate
ranscriptomics
etabolomics

roteomics
ystems biology
olorectal cancer

when studying multifactorial diseases such as cancer. The burgeoning field of systems biology adopts a
holistic approach, wherein the integration of individual parts of the system is sought. The cornerstone
of a systems biology approach has been the development of a variety of high-throughput “omics” sci-
ences, including genomics, transcriptomics, proteomics, and metabolomics. This review will focus on the
“omics” literature in the field of sporadic human CRC and present examples of how a systems approach
has been extremely useful in understanding concepts that would have been difficult to develop using

traditional methods.

© 2010 Elsevier B.V. All rights reserved.
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. Introduction

Colorectal cancer (CRC) is projected to be the third most com-
on type of cancer in the US with 148,810 new cases and 49,960

eaths expected in 2008 [1,2]. Precursor lesions of CRC, adenomas
ill develop in the gastrointestinal tract of approximately 50% of
en and women in the industrialized western world by the seventh

ecade. The yearly conversion rate of these adenomas to carcino-
as has been estimated to range between 0.1 and 0.25% [3].
Despite an increased understanding of molecular pathogenesis

f CRC in the past two decades, reliable and robust biomarkers that
ould enable screening, surveillance, and primary prevention of
RC are lacking. In fact, the only available tumor marker for early
etection of CRC is the serial fecal occult blood test (FOBT). The
OBT that has shown effectiveness in CRC screenings is fraught
ith issues of false-negative and false-positive rates [4–6]. DNA

ased analyses of fecal samples for a markers such as a panel of
utated genes, methylated vimentin, etc. have yielded high sensi-

ivity, are expensive, and have not yet replaced the old warhorse
OBT [7–10]. Furthermore, the few prognostic markers such as 18q
OH (loss of heterozygosity, MSI (microsatellite instability), thymi-
ine phosphorylase, dihydropyrimidine dehydrogenase, thymidine
ynthase, and K-ras are not recommended by the American Society
f Clinical Oncology (ASCO) and European Group of Tumor Mark-
rs (EGTM). The only acceptable tumor marker for recurrence is the
arcinoembryonic antigen (CEA) that was first discovered in 1965
11,12]. In other words, CRC diagnosis and therapy are still depen-
ent upon descriptive classification and staging systems based on
orphology/histology [13].
One reason for the lack of reliable and robust biomarkers in CRC

s that cancer is a complex multifactorial disease in which interac-
ion of host genetics with the macro- and microenvironment plays
n important role in the pathogenesis. Although, the traditional
pproach of studying complex biological systems (by studying
maller, simpler units of the whole system) has been successful
remendously in the 19th–20th century, the efforts have been less
ruitful for complex diseases/systems. The implicit assumption of
raditional methods that a single or few factors play a dominant
ole in a complex disease might be inadequate while studying mul-
ifactorial diseases such as cancer [14]. Therefore, the extensive
mounts of molecular/genetic data in different stages of CRC rep-
esent pieces of the puzzle and not the entire puzzle.

The alternate burgeoning field of systems biology attempts to
ddress the limitation of the conventional reductionist approach
y integrating the individual parts of the system and studying them

n its entirety (holistic approach) while maintaining the temporal
nd spatial context of the data. The power of this holistic, non-
eductionist, systems approach is becoming apparent only now and
umerous examples exist in the literature. A case in point is an ele-
ant study in which the entire genome from both colon and breast
ancer were sequenced using a robust high-throughput sequenc-
ng strategy. A two-dimensional view of the mutation map in these
wo types of tumors revealed that only a few genes were mutated
n high frequency in a large proportion of tumors (“Gene moun-
ains”) while most of the genes were mutated infrequently (“Gene
ills”) [15]. Historically, the focus has been on the “Gene Moun-
ains” which was partly due to the limited technology available in
he past. However, the use of whole genome sequencing technology
ad shown that the vast majority of cancer mutations, including
hose that drive tumor evolution occur infrequently and do not
ecessarily fall in the “gene mountain” category [15].
The lack of consistency or overlap in the panel of “critical” genes
utated in tumors of the same tissue type can possibly explain

1) the heterogeneous molecular profile and malignant potential
f human cancers of similar histologic type [13] and (2) the dif-
culty in correlating changes in a small set of genes to behavior,
esearch 693 (2010) 3–18

prognosis, or response to therapy. The poor predictability of the
altered gene(s) is primarily because such alterations represent only
a small component of each tumor’s mutational composition [16,17].
However, a multi-dimensional analysis of unrelated and distinct
sets of genetic mutations identified in a cancer genome sequencing
study revealed interesting results [15,18]. This multi-dimensional
analysis of the cancer genome databases was done at four differ-
ent levels: (1) sequence similarity, (2) functional annotation, (3)
protein–protein interaction and (4) molecular pathways [18]. The
analysis revealed that although distinct sets of genes were mutated
in tumors of the same type, the affected genes belonged to a limited
number of pathways and processes [15,18]. Thus, a large number
of these infrequent mutations reflect alterations in a much smaller
number of cell signaling pathways thereby indicating that path-
ways rather than individual genes govern tumorigenesis [15,18].

A systems biology approach has great promise as it can,
as shown above, provide valuable insights into processes that
were previously impossible to visualize or understand. The
integration of different high-throughput “omics” sciences, includ-
ing genomics, transcriptomics, proteomics, and metabolomics
have been the cornerstone for systems biology. Systems biol-
ogy approaches allow simultaneous examination of changes in
the genome (genomics), transcriptome (transcriptomics), pro-
teome (proteomics) or metabolome (metabolomics) in biological
samples, with the ultimate goal of understanding physiologic or
pathologic mechanisms [14]. Such a collective approach allows
integration and definition of the relationships of several and
theoretically all the elements in a system, rather than study
each element in isolation. Each of the “omics” sciences is differ-
ent with different levels of feasibility and inherent advantages
and disadvantages. Genomics is the study of all the nucleotide
sequences, including structural genes, regulatory sequences, and
non-coding DNA segments in the chromosomes of an organ-
ism. Transcriptomics is the study of global mRNA expression
of a particular tissue [14]. Proteomics involves identification
of the proteins in the body and their role in physiologic and
pathophysiologic functions. Metabolomics, a new emerging field,
is the study of global metabolite profiles in biologic sam-
ples, isolated cells, and importantly urine, saliva, and blood
[19].

This review will focus on the transcriptomics, proteomics and
metabolomics literature in the field of sporadic human CRC.

2. Transcriptomics

2.1. What is transcriptomics?

Transcriptomics, also known as global gene expression profil-
ing, is a tool for evaluating gene expression levels of thousands of
genes in parallel. It is among the early “omics” sciences, with the
earliest forms being spotted nylon arrays with a few representative
genes. The general idea of transcriptomics is that genes involved
in common processes are often co-expressed and therefore genes
following similar expression patterns may be functionally linked
and/or under similar genetic control mechanisms. Although mRNA
transcript levels might not correlate directly with the protein level,
the general assumption is that patterns of gene expression levels
reflect the physiologic status of the cell.

The concept of a microarray experiment is based on the prin-
ciple of highly specific binding of complementary single-stranded
nucleic acid sequences, a concept that has been exploited in the

past by way of northern and southern blots. This review will not
focus on the technical aspects of the microarray and the reader is
directed to numerous excellent review articles that cover various
aspects of microarray technology [20].
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.2. Transcriptomics in colorectal cancer

The multistage progression model of
denoma–carcinoma–metastasis sequence in CRC with spe-
ific alterations at each stage is similar to the Darwinian concept
f advantageous phenotype conferring advantages in growth and
urvival. Some of these stage-specific mutations include APC muta-
ions (normal epithelium → adenoma), K-Ras mutations (described
n adenomas), and p53 and SMAD changes (adenoma → carcinoma
ransition).

Despite the extensive molecular and genetic characterization
f the different stages of CRC, robust classification and prognos-
ication in CRC is still an unmet medical need. The availability of
igh-throughput transcriptomics tools (genome-level gene expres-
ion) is now allowing the evaluation of potential gene signatures
hat could open a window in our understanding of tumor biology.

One can obtain patterns of gene expression at specific stages
f tumorigenesis and thus understand molecular perturbations
riving de novo tumor development and progression. Therefore,
pplication of this high-throughput technology has been par-
icularly relevant in human CRC as it follows the multistage
rogression paradigm of preneoplasia → adenoma → dysplastic
denoma → carcinoma. Since the first genome-wide oligonu-
leotide array analysis on 40 tumors and 22 normal samples,
umerous microarray studies have been published on adenomas,
denocarcinomas, and metastatic carcinomas [21]. The primary
bjectives of most of microarray studies are (1) to accurately clas-
ify histologically distinct stages of CRC via their specific expression
rofiles and (2) develop predictive biomarkers that can be utilized
or prognostication and assessment of biologic behavior with an
ltimate aim of developing personalized medicine.

Indeed, application of the transcriptome platform to distinct his-
ologic stages of CRC (early polyp to advanced cancer) has enabled
uccessful stage-specific differentiation of tumors and from the
djacent/matched normal mucosa via discriminating gene expres-
ion profiles/signatures. For example, Lin et al., using a cDNA
icroarray representing 23,040 genes, were successful in iden-

ifying a panel of 50 genes that was differentially expressed in
denomas and adenocarcinomas [22]. A molecular diagnosis score,
ased on this 50-gene panel, was used to correctly classify an inde-
endent set of adenomas and adenocarcinomas. In another study,
0 genes were noted to be upregulated in adenomas and ade-
ocarcinomas, and many of the expression changes noted in the
ancers were presaged by those in the adenomas. Furthermore, a
lustering algorithm could successfully distinguish normal tissue,
denoma, and adenocarcinomas [23]. Unique gene expression sig-
atures (panel of 65 genes) were also noted in microdissected (via

aser-capture) cells from early adenomatous crypts relative to adja-
ent normal crypts via a low complexity cDNA nylon array with
88 gene probes [24]. In another study, clustering analysis allowed
he distinct separation of flat-adenomas from villous adenomas,
hereby indicating that these morphologically distinct adenomas
ave distinct gene expression profiles [25]. Distinct molecular dif-

erences between normal and tumor tissues, tumors with/without
ymph node invasion or genetic instability, and tumors from the
ight or left colon were identified with supervised clustering anal-
ses of the microarray-generated data [26]. This approach was also
uccessful in identification of a gene set that divided patients with
ignificantly different 5-year survival (100% in one group and 40%
n the other group; P < 0.005) [26].

An interesting aspect of many of these gene expression studies

s that most of the altered gene expression values for adenomas

ere intermediate between normal samples and carcinomas [13].
his is consistent with the existing histopathological placement of
denomas as an intermediate stage between normal epithelium
nd carcinoma.
esearch 693 (2010) 3–18 5

Gene expression analyses can be used to generate tumor mark-
ers that help determine treatment options and prognosis. The two
commonly used CRC staging systems are the more recent Tumor-
Node-Metastasis (TNM) and older Duke’s and Astler-Coller staging
systems. In these systems, tumors are staged depending on the
extent of invasion of the different segments of the bowel wall
(primary site) and presence of metastasis in local lymph nodes or
distant organs. The treatment options for these tumors are depen-
dent upon the morphologic stage of the detected tumor. Patients
with stage IIIA–C (Dukes C) tumors are subjected to post-surgical
chemotherapy. However, with only 25–30% tumor recurrence rate
in stage IIA–B (Dukes B), the benefits of post-surgical chemotherapy
in patients with Dukes B are unclear.

The inability of the classic staging systems to accurately predict
tumor outcome has led to the application of transcriptomics for
prognostication and guidance for effective therapy. For example,
gene expression profiling done with a 32,000 cDNA microarray on
78 human CRC specimens yielded a molecular diagnosis tool of 43
core genes (including osteopontin and neuregulin). This diagnostic
gene panel was 90% accurate (93% sensitivity, 84% specificity) in
predicting 36-month overall survival in 78 patients and was sig-
nificantly better than Dukes staging [27]. One of the altered genes,
osteopontin, was observed to be consistently overexpressed in CRC
and metastases compared to adenomas in a separate study using
Astler-Coller staging system [28]. In a separate study, discrimina-
tion of survival difference was possible in an independent set of
patients, especially those with Dukes B and C tumors, thus high-
lighting the value of molecular staging in accurate patient prognosis
[27]. In a different study, cluster analysis of gene expression pro-
files allowed grouping of early Dukes A tumors with normal tissue,
Dukes B with Dukes C, and the more advanced Dukes D to each
other [29].

Microarray analysis has served not only as a tool in correct
identification of the tumor stage, but also as an excellent tool that
allows informed use of adjuvant chemotherapy in specific stages of
CRC. For example, a 23-gene signature panel was found to predict
recurrence in patients with Dukes B class of CRC (with a survival
rate of 75%) with 78% accuracy and odds ratio of 13 [30]. Such
patients with 13-fold risk of tumor recurrence, similar to Dukes
C patients would be ideal candidates to receive adjuvant therapy.
In patients with Dukes C stage tumors (with 50% rate of recur-
rence post-surgery), expression profiling outperformed previously
reported genetic markers such as TP53, K-RAS, and 18q allelic loss in
prognostication [31]. Subsequent validation of this data using one
of the most differentially expressed genes RHOA (RAS homologue)
via immunohistochemistry in an independent cohort of Dukes C
tumors revealed a direct correlation between RHOA expression and
survival [31]. Thus, transcriptomics platform has been applied to
CRC with various tumor classifying criteria including Dukes stag-
ing system, Astler-Coller stages, presence or absence of metastasis,
positive for metastases in lymph nodes or not, difference in survival
rates, and TNM [32–35].

Application of microarray technology to pre-surgical biopsies of
tumors has provided an opportunity for accurate tumor classifica-
tion and prognostication. Conventional pathology based evaluation
of tumor biopsies may not provide information on the existence
of synchronous lymph node metastasis or provide insights for
responses to chemo- or radiotherapy. In fact, microarray analysis
of tumor biopsies were successful in differentiating polyps from
adenomas, low grade dysplastic adenomas from high grade dys-
plastic adenomas, adenomas from CRC, and early from advanced

stage CRC with specific discriminatory 9, 65, 61, and 34 probe
sets, respectively [36,37]. However, a major concern with a single
representative biopsy of tumor is that intra-tumor heterogeneity
can confound interpretation of data. This issue was successfully
addressed by Komori et al. [38]. The authors were successful in dif-
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omain.

erentiating cancers from adenomas with one biopsy because the
ntra-tumor heterogeneity of the evaluated biopsies was smaller
han the inter-tumor heterogeneity.

Examples of single studies that evaluate human CRC in mul-
iple dimensions, i.e. genome, transcriptome, proteome, and

etabolome, are few. An elegant study by Habermann et al.
dentified sequential alteration of the genome, transcriptome,
nd proteome during CRC progression [39]. Gene expression
nalysis on 9K cDNA arrays identified 58 genes differentially
xpressed between normal mucosa and adenoma, 116 genes
etween adenoma and carcinoma, and 158 genes between pri-
ary carcinoma and liver metastasis. The chromosome-specific

verage gene expression levels in this study correlated directly
ith chromosome copy number changes (evaluated via compar-

tive genome hybridization). Analysis of the two-dimensional gel
lectrophoresis and subsequent mass spectrometry-based protein
xpression revealed a lack of direct correlation between differen-
ially expressed genes and proteins. However, pathway analysis
evealed that the apparent lack of correlation was resolved since
he majority of the altered genes belonged to identical pathways or
etworks. Thus, the application of “omics” tools on distinct stages
f colon tumors in the same study allowed the conclusion that
hromosomal aneuploidies directly affect average resident gene
xpression levels, thereby contributing to a massive deregulation
f the cellular transcriptome and proteome [39].

As seen above, numerous microarray studies on different stages
f human CRC have been published using highly variable gene
rray platforms, methods of data collection and analysis, and most
mportantly variable patient population sets. Most of these studies

uggest that microarrays may provide means to improve the clas-
ification of CRC, and provide novel diagnostic and/or prognostic
arkers and therapeutic targets. However, a consistent problem

as been the lack of overlap of these gene expression signatures
cross multiple studies. This has prevented the development of
ses. Data was compiled from microarray studies that were published in the public

“discriminatory gene expression panel(s)” for clinical use. This
lack of correlation in differentially expressed genes from multi-
ple studies can be (1) a function of the limited number of genes
represented in the microarrays (as noted in earlier studies with
cDNA arrays which contained a few thousand probe sets), (2) inter-
study variation because of the non-standardized implementation
of microarray experiments (a common problem), and (3) true bio-
logic phenomenon. Although, the first two points are valid, the role
of biology in this discrepancy cannot be ruled out. For example, the
integrative systems biology approach of Sjoblom has shown that
despite wide inter-study variation in panels of mutated genes, the
broad functional categories or pathways these genes represent are
more common [16].

To apply this integrated approach to the currently available tran-
scriptomics data, we compiled and analyzed transcriptional data
in human colon cancer that was available in the public domain.
Our goal here was not to provide a comprehensive analysis of all
the studies on human CRC in the public domain, but to present
methods of analysis that one can employ to effectively imple-
ment principles of systems biology in transcriptomics. We either
retrieved complete datasets when available or manually extracted
the gene IDs or accession numbers or molecule links from individ-
ual research articles. The data sets were comprised of genes that
were significantly altered (both upregulated and downregulated)
in three groups—adenoma vs. normal, carcinoma vs. normal, and
carcinoma vs. metastatic carcinoma. We identified 134, 792, and
130 unique gene IDs from these three groups, respectively. Differ-
entially expressed (included both upregulated and downregulated)
genes comparing adenoma and normal (aka adenoma), primary

carcinoma and normal (aka carcinoma), and metastatic carcinoma
and primary carcinoma (aka metastatic carcinoma) were compiled
from 10, 20, and 14 studies, respectively. It is important to note
that the number of studies listed here include review articles that
contain numerous individual microarray studies.
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Table 1
Identification and description of genes that were significantly altered in different human colon tumor classes.

Adenoma vs. carcinoma vs. metastasis Adenoma vs. carcinoma Carcinoma vs. metastasis

Gene ID Gene description Gene ID Gene description Gene ID Gene description

ADH1A Class I alcohol
dehydrogenase
(ADH1) alpha
subunit

ABCA8 ATP-binding
casette, subfamily
A, member 8

ACAA2 Acetyl-Coenzyme A
acyltransferase 2
(mitochondrial
3-oxoacyl-Coenzyme A
thiolase)

ADH1C Alcohol
dehydrogenase
class I
gammasubunit
(ADH3)

ADAMDEC1 A disintegrinand
metalloproteinace
domain-like
protein Decysin 1

ADH1B Alcohol dehydrogenase IB
(class I), beta polypeptide

AHCY S-
adenosylhomocysteine
hydrolase (AHCY)

BENE mal, T-cell
differentiation
protein-like

ARSA Arylsulfatase A

ATP5A1 ATP synthase, H+
transporting,
mitochondrial F1
complex, alpha
subunit 1, cardiac
muscle

CA1 G-protein coupled
receptor 103
(GPR1093)

CA12 Carbonic anhydrase XII

CA4 Carbonic
anhydrase IV

CA2 Aspartate car-
bamoyltransferase
(CAD)

CCNA2 Cyclin A2

CDC25B M-phase inducer
phosphatase 2
(cdc25b)

CCNB2 cyclin B2 FPR1 Formyl peptide receptor 1

CFD Complement factor
D (C3 conver-
taseactivator)
(Adipsin)

CD44 CD44 molecule
(Indian blood
group)

G6PD Glucose-6-phosphate
dehydrogenase

CKB Creatine kinase B
chain

CD46 CD46 molecule,
complement
regulatory protein

GAPD Glyceraldehyde-3-
phosphate
dehydrogenase

COL1A2 Uridine nucleotide
receptor (UNR)

CXCL3 Leukocyte tyrosine
kinase receptor
(LTK)

HMGA1 High-mobility group
AT-hook 1

GGH Gamma-glutamyl
hydrolase

EIF2S2 Eukaryotic
translation
initiation factor 2,
subunit 2 beta,
38 kDa

HMGCS2 3-Hydroxy-3-
methylglutaryl-Coenzyme
A synthase 2
(mitochondrial)

GPX2 Glutathione
peroxidase 2
(gastrointestinal)

EPHB3 Ephrin type-B
receptor 3 (HEK2)

LPXN Leupaxin

HMGB1 High-mobility
group box 1

GAPDH Glyceraldehyde-3-
phosphate
dehydrogenase

MYL9 Myosin, light chain 9,
regulatory

IMPDH1 IMP (inosine
monphosphate)
dehydrogenase
type 1

GSN Gelsolin
(amyloidosis,
Finnish type)

NARS Asparaginyl-tRNA
synthetase

NOS2A Inducible nitric
oxide synthase
(NOS2A)

HSD11B2 Hydroxysteroid
(11-beta)
dehydrogenase 2

PGM1 Phosphoglucomutase 1

PCK1 Phosphoenolpyruvate
carboxykinase-
Cytosolic
(PEPCK)

HSP90AB1 Heat shock protein
90 kDa alpha
(cytosolic), class B
member 1

PRKACB Protein kinase,
cAMP-dependent, catalytic,
beta

PCNA Proliferating cell
nuclear antigen

HSPD1 Heat shock 60 kDa
protein 1
(chaperonin)

SLC4A4 Solute carrier family 4,
sodium bicarbonate
cotransporter, member 4

PRKDC DNA-dependent
protein kinase
catalytic subunit
(DNA-PKcs)

IFITM1 Interferon induced
transmembrane
protein 1 (9–27)

SMAD4 SMAD family member 4

SORD Sorbital
dehydrogenase

IFITM3 Interferon induced
transmembrane
protein 3 (1–8 U)

SPI1 Spleen focus forming virus
(SFFV) proviral integration
oncogene spi1

SOX9 SRY (sex
determining region
Y)-box 9

IMPDH2 IMP (inosine
monophosphate)
dehydrogenase 2

SULF1 suLfatase 1
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Table 1 (Continued )

Adenoma vs. carcinoma vs. metastasis Adenoma vs. carcinoma Carcinoma vs. metastasis

Gene ID Gene description Gene ID Gene description Gene ID Gene description

TOP2A Topoisomerase II LCN2 Lipocalin 2 TP53 Tumor protein p53
(Li-Fraumeni syndrome)

LDHB Lactate
dehydrogenase B

UBE2C Ubiquitin-conjugating
enzyme E2C

LPP LIM domain
containing
preferred
translocation
partner in lipoma

YWHAB Tyrosine 3-
monooxygenase/tryptophan
5-monooxygenase
activation protein, beta
polypeptide

MFAP4 Microfibrilla
associated protein
4

MMP1 MMP-1
(collagenase 1)

MMP11 MMP-11
(stromelysin 3)

MMP12 Secretin receptor
(SCT-R)

MYC
NCL Nucleolin
NEK2 Serine/threonine

protein kinase
NEK2
(NIMA-related
protein kinase 2)

NME1 Nucleoside
diphosphate kinase
A (NDK A)
(NM23-H1)

PLA2G2A Phospholipase A2,
membrane
associated

PYCR1 Pyrroline-5-
carboxylate
reductase 1

RPL7 Ribosomal protein
L7

RPS5 Ribosomal protein
S5

SLC12A2 Sodium/potassium/chloride
transporter

TIMP1 Tissue inhibitor of
metalloproteinase
1

TKT Transketolase
TNFRSF10A Tumor necrosis

factor receptor
superfamily,
member 10a

UGDH UDP-glucose
dehydrogenase

VDR Vitamin D3
receptor
(VDR/1,25-
dihydroxyvitamin
D3 receptor)

AS pr
mily,
EE1-l
nase

r
t
d
w
g
d

w
n
a

WASF2 W
fa

WEE1 W
ki

The paucity of “metastatic carcinoma vs. normal” studies
esulted in the “metastatic carcinoma vs. primary carcinoma” as
he only viable comparison. The significantly greater number of
ifferentially regulated genes in the “carcinoma vs. normal” group
as also a function of the larger number of studies available for this

roup. The number of genes that were unique or common between

ifferent stages was visualized with a Venn diagram (Figs. 1 and 2).

The next step was to evaluate or identify gene networks that
ere common or unique to each of the three comparisons. Sig-
ificance of biological pathways (P < 0.05) was estimated through
variation of Fisher’s exact test and adjusted for multiple test-
otein
member 2
ike protein

ing using Benjamini-Hochberg FDR analysis (built-in function of
GeneGo Metacore® software). For this, gene lists for each of the
three comparisons were curated using MetaCore® (GeneGo, Inc.).
The powerful “Enrichment analysis workflow tool” of Metacore®

analyzes experimental data via a gene enrichment process using
MetaCore’s biological pathways, molecular function, and GO terms

which are overrepresented in the initial gene list. In the current
work we made use of the Pathway Maps engine which is a col-
lection of manually created pathway maps. Maps are grouped
hierarchically into folders according to main cell processes, protein
functions, and diseases. We also made use of MetaCore’s Map fold-
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Table 2
Pathways lists obtained using Metacore® enrichment analysis populated from differentially expressed genes from multiple microarray studies from various stages of human
colon tumors.

Adenoma vs. normal and carcinoma vs. normal
and metastasis vs. carcinoma

Adenoma vs. normal and carcinoma vs. normal Carcinoma vs. metastasis

Cell cycle Role of 14-3-3 proteins in cell cycle
regulation

Pyruvate metabolism/Rodent version Cell cycle Nucleocytoplasmic transport of CDK/Cyclins

Cytoskeleton remodeling TGF, WNT and
cytoskeletal remodeling

Signal transduction AKT signaling Cytoskeleton remodeling Role of Activin A in
cytoskeleton remodeling

Immune response Oncostatin M signaling
via MAPK in mouse cells

Development PIP3 signaling in cardiac myocytes Cell cycle Regulation of G1/S transition (part 1)

Development Hedgehog and PTH signaling
pathways in bone and cartilage
development

Cell cycle Regulation of G1/S transition (part 2)

DNA damage ATM/ATR regulation of G2/M
checkpoint

Apoptosis and survival Apoptotic Activin A signaling

Immune response Oncostatin M signaling
via MAPK in human cells

Development Slit-Robo signaling

Cell cycle Transition and termination of DNA
replication

Immune response Alternative complement pathway

Immune response Histamine H1 receptor
signaling in immune response

Immune response MIF – the neuroendocrine-macrophage
connector

Cell cycle Cell cycle (generic schema) Bile Acid Biosynthesis
Pyruvate metabolism Immune response CCR3 signaling in eosinophils
Cell adhesion Chemokines and adhesion Cytoskeleton remodeling Regulation of actin cytoskeleton

by Rho GTPases
Cytoskeleton remodeling Cytoskeleton

remodeling
Transcription Transcription regulation of aminoacid
metabolism

Cell cycle Initiation of mitosis Proteolysis Putative SUMO-1 pathway
Transcription Role of VDR in regulation of

genes involved in osteoporosis
Cytoskeleton remodeling RalA regulation pathway

Immune response IL-17 signaling pathways Immune response MIF in innate immunity response
Cell adhesion Cadherin-mediated cell

adhesion
Cytoskeleton remodeling ACM3 and ACM4 in keratinocyte
migration

Immune response MIF-mediated
glucocorticoid regulation

G-protein signaling G-Protein alpha-12 signaling pathway

DNA damage ATM/ATR regulation of G1/S
checkpoint

Cytoskeleton remodeling Role of PKA in cytoskeleton
reorganisation

Normal and pathological TGF-beta-mediated
regulation of cell proliferation

Signal transduction Calcium signaling

DNA damage Brca1 as a transcription regulator Apoptosis and survival BAD phosphorylation
Cell cycle Role of APC in cell cycle regulation Transcription CREB pathway

Immune response IL-1 signaling pathway

B
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old pathways indicate P < 0.05.

rs which is again manually created pathway maps that are grouped
ierarchically into folders according to main biological processes.
urthermore, the analysis method we used was “Experiment Inter-
ections” method which considers mappings of the intersections
f the selected experiments (gene lists), rather than of the experi-
ents themselves. In this way, the set of genes that are common to

ll active experiments (gene lists), or similar in some of the three
xperiments, or unique to a given experiment, were utilized in
dentifying relevant pathways.

We considered the three gene lists for the three comparison sets
nd obtained biological processes for each list (Fig. 1). The num-
er of differentially expressed genes that were common to only
denoma and carcinomas, common to carcinoma and metastatic
arcinoma, and common to all three groups was 42, 22, and 20,
espectively (Fig. 1, Table 1). These corresponded to 3, 23, and
1 pathways for adenoma and carcinomas alone, carcinoma and
etastatic carcinoma, and common to all three groups, respectively

Fig. 2, Table 2).
Although detailed analysis of each overrepresented pathway is

eyond the scope of this review article, brief discussion of the most
verrepresented pathways in all three comparisons (i.e. adenoma,

arcinoma, and metastasis) is warranted. One such example is the
4-3-3 protein pathway (Fig. 3). 14-3-3 proteins regulate the cell
ycle via cell cycle checkpoint kinase 1 (Chk1), and by phospho-
ylation of cell division cycle 25 phosphatases (CDC25s), tyrosine
Muscle contraction Regulation of eNOS activity in
endothelial cells

kinase Wee1, tumor suppressor p53 and cyclin-dependent kinase
1 (CDK1) [40–44]. Indeed, CDC25B is important for nucleocytoplas-
mic transport of cyclin–cyclin-dependent kinase complexes, a step
important for cell cycle-initiation of mitosis. Wee1 is common to
adenoma and adenocarcinoma and it is also responsible for the
inhibition of CDK1. Other pathways that were significantly over-
represented in specific comparisons are presented in Fig. 2 and
Table 2.

It is important to note that the studies comparing carcinomas
to normal were much higher in number than the other groups and
therefore, differentially expressed genes in the carcinoma group
were very likely to be overrepresented. Moreover, unlike the ade-
noma and carcinoma comparisons, the metastatic carcinomas are
compared to the primary carcinomas and not to normal tissue.
Therefore, genes or pathways that were not flagged in this compar-
ison (i.e. carcinoma vs. metastasis) could be due to either because
the gene/pathway is comparably altered in this group or not rep-
resented on the array or not altered at all.

An important biologic phenomenon at the level of mRNA that
might be overlooked with a microarray designed for regular tran-
scripts is the phenomenon of alternative splicing. Alternative

splicing is a means for expanding the limited repertoire of genes
into very complex proteomes. Traditional approaches to the study
of alternative splicing have focused on individual genes. The advent
of whole genome based microarrays has allowed comprehensive
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Fig. 2. Comparison of pathways that were overrepresented in different colon tumor classes. The gene lists were compiled from selected microarray studies that were
published in the public domain. Selected pathway lists that were annotated by Metacore® enrichment analysis are listed.

Fig. 3. Alterations in the 14-3-3 protein pathway in human colon adenoma, carcinoma and metastasis. Differentially expressed genes for each stage (1 = adenoma,
2 = carcinoma, 3 = metastatic carcinoma) is depicted with the red bar. Data was compiled from microarray studies that were published in the public domain. Selected
pathway lists that were annotated by Metacore® enrichment analysis are listed. The legend for GeneGo Pathway maps is given in Supplemental Fig. 1.
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canning of the entire genome for alternatively spliced gene tran-
cripts. Although, it is beyond the scope of this review to discuss the
ndings in this field in detail; briefly, specific alterations in splic-

ng patterns have been found in many cancers often with critical
ole in transformation, motility, and metastasis [45,46]. The cancer-
pecific splice variants have been proposed to have potential as
xcellent diagnostic, prognostic, and predictive biomarkers as well
s potential drug targets. Some of the pathways targeted by alterna-
ively spliced gene products in human cancer appear to be similar to
he ones shown in Table 2 (integrin signaling, extracellular matric
roteins, and cytoskeletal organization).

To conclude, one of the major disadvantages to the microar-
ay platform is the specific assumptions of the mRNA expression
ata. Specifically, some of the common assumptions include direct
orrelation between mRNA and protein levels, co-regulated genes
re functionally associated and hybridization signals reflect intra-
ellular biological processes. To fully understand the pathogenesis
f tumors, the gene expression data from microarray experiments
eeds to be complemented with information such as the status of
roteins, activities and reaction rates of enzymes, transport pro-
esses, etc. This gap in our knowledge base can be filled in with
arallel array platforms for proteins, enzymes, metabolites, and
ntibodies [47].

. Proteomics

.1. What is proteomics?

Proteomics can be defined as the science and technologies
ssociated with mapping, visualizing, and/or quantitating the
xpression of all or a majority of the proteins in living systems.
roteomics has been around for a few decades in the form of two-
imensional polyacrylamide gels [48,49]. However, unlike those
vailable for nucleic acids, the tools in the field of proteomics had
eproducibility issues and also lacked sensitive analytical tech-
iques. The use of mass spectrometry (MS)-based proteomics really
evolutionized the field since the mid-1990s-especially after the
bility to ionize peptides was discovered [50]. The two primary
easons for the rapid growth in the field of proteomics are (1)
he availability of the entire genome sequences from the simple E.
oli genome to the most complex, human genome [51,52] and (2)
he availability of rapid-scanning mass spectrometers which can
can on the same timescales as liquid chromatography (LC) thereby
llowing their integration into a single powerful workflow.

.2. Technology involved in proteomics

Proteomics generally involves gel-dependent (one-dimensional
nd 2D) [53] and gel-independent LC-based separations [54], both
f which depend on a downstream step of MS-based identifica-
ion. For gel-based approaches, intact proteins are resolved on a gel

atrix followed by an in-gel tryptic digestion, which is performed
o generate short fragments called peptides. Such gel-dependent
C–tandem MS (MS/MS) procedures are carried out on peptides
nstead of whole proteins. This type of strategy is known as bottom-
p or shotgun proteomics because of the rapid nature of analysis
f the whole protein (top level) from the peptide level (bottom
evel) [4–7]. In contrast, gel-independent LC–MS/MS approaches
uery the intact native protein (topdown). These gel-independent
pproaches can be useful for detecting endogenous perturbations

uch as post-translational modifications (PTM) but are severely
eficient in terms of providing sequence coverage of the proteins
eing queried [9].

The standard shotgun proteomics experiment has three stages:
ample preparation, LC–MS(/MS) analyses, and proteome infor-
esearch 693 (2010) 3–18 11

matics. The very first step of sample preparation is usually
cellular/tissue lysis via sonication, homogenizer, or osmotic shock.
The extracted proteins are denatured, reduced (to enable down-
stream proteolysis), and digested into peptides followed by a 2D
LC-based separation by combining strong cation exchange (based
on charge) and reverse phase (based on hydrophobicity) columns
[55,56]. The charged peptides are then transferred into the gas
phase for MS measurements, either by electrospray ionization (ESI-
MS/MS) for solution phase or matrix-assisted laser desorption and
ionization (MALDI) [57,58]. Accurate peptide and protein identifi-
cation is done by software such as SEQUEST and MASCOT, which
compare both the intact and fragmented peptide patterns to those
derived in silico from human genome databases.

Some of the problems associated with this type of protein identi-
fication include non-uniform ionization of peptides, increased loss
of some peptides types (for example, adhesion of hydrophobic pep-
tides to surfaces), and challenges in direct quantitation of peptides.
One solution is to use stable isotope labeling, which enables quan-
titation of the abundance of labeled protein in one tissue type (for
example, normals) relative to the abundance of unlabeled protein
from another condition (for example, carcinoma).

Surface-enhanced laser desorption/ionization (SELDI) originally
developed by T. William Hutchens in 1993 is another ionization
method in mass spectrometry which has become very popular
for biomarker detection. SELDI is conventionally used with time-
of-flight (TOF) mass spectrometers and is useful for detection of
biomarkers in tissue samples such as blood, urine, or other clini-
cal samples. SELDI-MS is a variation of MALDI wherein the surface
has an “inert, unbiased” nature in the case of the latter whereas
the surface in the former has some sort of biochemical affinity for
the proteins in the sample, thus turning the spotting step itself
into a fractionation. Therefore, depending on their particular bio-
chemical nature, proteins in the sample may either adsorb or get
washed away from the surface. After the washing step, the matrix
is applied to the surface followed by crystallization with the sample
peptides. Several studies have used SELDI to profile samples from
CRC patients in order to discover biomarkers associated with this
disease [59–61].

In summary, there are several different approaches for the iden-
tification and quantitation of peptides/proteins under the umbrella
term of “proteomics”.

3.3. Proteomics of CRC

In contrast to the extensive literature on genomic and transcrip-
tional analyses of human CRC, data on proteome-based analysis in
human CRC is limited. The handful of proteome-based analyses of
human CRC reported in the literature mostly used serum as the test
sample. The objective of such studies has been the identification
of biomarker(s) that can non-invasively discriminate patients with
CRC (in different stages) from normal individuals. This is especially
important because of the lack of good biomarker(s) for CRC discov-
ered using other platforms. For example, the commonly used serum
biomarker CEA has limited sensitivity of 30–40% for early CRC [62].

Proteome-based analysis of samples acquired with non-invasive
methods such as blood collection with good sensitivity and speci-
ficity and low cost would be highly desirable and acceptable to both
healthcare professionals and patients. While the above remains
the goal, the following findings present the progress already made
in the field of biomarker discovery in CRC proteomics. Surpris-
ingly, despite the use of different types of protein arrays on distinct

sets of patient populations, several common biomarkers have been
identified across studies. This is very promising for the future of
proteome-based applications in diagnosis and prognosis of CRC. A
summary of the different studies is provided in Table 1. An analysis
of sera from 62 CRC (Dukes stages A–D) and 31 normal individuals
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Table 3
Summary of proteomics studies for classification of human colorectal cancer.

Authors Technique(s) Comparison(s) Classification Biomarker(s)

Ward SELDI arrays
(IMAC30),
LC–MS/MS + neural
networks

Sera: 62 CRC
(Dukes A/B, C/D)
vs. 31 normal

Successful
separation of CRC
vs. normal

Complement system:
C3a-des-arg,
�1-antitrypsin, transferrin

95% Sensitivity and
91% specificity

Habermann SELDI arrays
(IMAC3 and
WCX2),
QTOF-MS/MS

Sera: CRA vs. CRC
vs. normals

Validation set:
C3a-des-arg
predicted CRC with
96.8% sensitivity
and 96.2%
specificity

C3a-des-arg (similar to
Ward)

58 Patients + 32
normals and an
independent set of
59 serum samples

C3a-des-arg also
predicted CRA in
86.1% of 36 CRA
patients while only
5.6% were
false-negative

Albrethsen IMAC30 and NP20
SELDI arrays for
sera and tissue
screens,
respectively,
MALDI-TOF

Sera: 125 CRC vs.
100 normals

HNP 1–3 were
markedly up in
both sera and
tissue from CRC
relative to normals

Defensin family: human
neutrophil peptides aka
alpha-defensins 1–3

Tissue: paired
adjacent normals
and tumors from
same patient
(n = 40)

No sensitivity and
specificity data
reported

Yu SELDI hydrophobic
(H4 arrays), neural
networks, support
vector machine

Sera: 55 CRC
(Dukes A–D), 35
CRA, and 92
normals

CRA vs. CRC:
sensitivity was
89%, Specificity
was 83%
(moderate)

No robust biomarker

CRC vs. normal:
sensitivity was
89%, specificity was
92% (high)

Melle SAX2 and WCX2
SELDI arrays.

LCM of CRC (39) vs.
adjacent normals
(40)

Elevated HNP 1–3 HNP1–3 (similar to
Albrethsen)

ELISA-based
evaluation of
HNP1–3 in sera
yielded sensitivity
of 100% and
specificity of 69%

Wu MALDI-TOF, ELISA Secretomes of 21
cancer cell lines
yielded CRMP-2

CRC vs. normals: a
combination of CEA
and CRMP-2 could
yield sensitivity of
76.8% and
specificity of 95.1%

Collapsin response
mediator protein-2,
CRMP-2;
Carcinoembryonic Antigen,
CEA

This was used in
169 CRC (stages
I–IV) vs. adjacent
normals + plasma
from 201 CRC and
201 normals

Li MALDI-TOF Microdissected
adenomas (24),
CRC (71), 55
normals

Greater
heterogeneity in
CRC when
compared to
adenomas
highlighting

No biomarker reported

s
t
t
r

uccessfully differentiated between each other based on profiles of
hree proteins from the complement system: C3a-des-arg which is
he stable form of C3a anaphylatoxin, �1-antitrypsin and transfer-
in [61]. The SELDI chips used were Cu2+-loaded IMAC30 arrays and
commonality of
mechanisms in
adenomas vs.
carcinomas.
artificial neural networks were used to classify samples as cancer or
non-cancer. This study achieved a high sensitivity and specificity of
95% and 91%, respectively, using artificial neural networks however
no stage-specific classification was reported.
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In another study by Habermann et al., the same biomarker
3a-des-arg was found to be elevated in the sera from patients
n = 58) with colorectal adenomas and carcinomas when compared
o healthy normal individuals (n = 32) [60]. Evaluation of C3a-des-
rg in an independent set of 59 serum samples from CRC patients
ould accurately predict CRC with 96.8% sensitivity and 96.2% speci-
city. Interestingly, elevated levels of this protein were also noted

n 86.1% of independently collected sera from 36 adenoma patients
ith a false-negative rate of 5.6%.

The proteomics approach using sera from 125 CRC patients
nd 100 healthy individuals in addition to paired samples of
olon tumors and adjacent normal colon tissues from the same
atient (n = 40) revealed specific biomarkers. These were from the
efensin family including Human Neutrophil Peptides (HNP 1–3),
lso known as alpha-defensins 1–3. Although, the sensitivity and
pecificity are not reported in this study, HNP 1–3 were found to be
ignificantly upregulated in both sera and tissue samples in patients
ith CRC [59]. Similarly, HNP 1–3 levels were elevated in microdis-

ected (via Laser Capture Microdissection) tumor tissue (n = 39)
elative to adjacent normal tissue (n = 40) [55].

In a study set similar to the Habermann et al. study, Yu et al.
56] obtained sera from 55 CRC patients (n = 8, 22, 13, and 12 for
ukes’ A, B, C, and D, respectively), 35 colorectal adenoma patients,
nd 92 healthy normals and used these for CRC diagnosis. SELDI
ydrophobic surface (H4) chips were used and the bioinformatic
ools of artificial neural networks were used to distinguish CRC
rom healthy normals whereas support vector machine algorithm
as used to distinguish between CRC and CRA. The specificity and

ensitivity for CRA vs. CRC were moderate with these values being
3% and 89%, respectively, in the test set. However, these same
arameters were high for CRC vs. healthy normals at 92% and 89%,
espectively. No potential biomarker proteins were identified in
his study nor were there any stage-specific differences reported.

In the Wu et al. study [58], secretomes of 21 cancer cell lines of
arying tissue origin were first used for biomarker screening. Using
ecretome analysis, collapsin response mediator protein-2 (CRMP-
) was identified in only two cell lines out of a total of 21 cancer cell

ines, both of which were CRC in origin. In addition, immunohis-
ochemical staining with anti-CRMP-2 antibody was significantly
igher for the early stages (I and II; 68.7%) compared to the later
tages (III and IV; 48.8%). Thus, CRMP-2 was chosen for biomarker
alidation in 169 paired CRC tumors and adjacent normals. These
69 CRC samples were classified as 150 adenocarcinomas and 19
ucinous adenocarcinomas. This study set was also classified into

6, 67, 57, and 29 CRC tumors from stages I to IV, respectively.
erum was collected from 201 healthy normals and CRC patients,
he latter group having a spread of 27, 72, 60, and 40 patients in
tages I–IV, respectively. Protein identification was done using a
OF/TOF mass spectrometer. The authors observed a combination
f CEA and CRMP-2 could yield a reasonable sensitivity of 76.8%
nd specificity of 95.1% for detection of CRC vs. healthy normals.

The Li et al. study [57], consisted of 24 adenomas, 71 CRC
nd 55 normals from microdissected tissues. Protein identifica-
ion was done using MALDI-TOF. One of the interesting findings
n this study was the greater heterogeneity observed in primary
arcinoma when compared to adenomas because of the possible
ommonality of mechanism in adenoma formation such as the fre-
uent inactivating mutation of the Apc gene. This helps in providing
uidance to future CRC proteomic studies when power calculations
re made for study size and design.

Thus, studies using the proteomics approach in CRC have yielded

ome interesting leads with respect to biomarkers of diagnosis
nd prediction (summarized in Table 3). However, the data is
till preliminary and far from being employed as a robust set
f biomarker(s) capable of accurate diagnosis, prognosis, stage-
pecific identification, etc. However, with an increase in the number
esearch 693 (2010) 3–18 13

of proteome-based studies, we can hope for a robust panel of
biomarkers in the near future.

3.4. Advantages and disadvantages

The advantages of profiling the whole proteome are obvious: (i)
protein levels may not significantly corroborate with mRNA lev-
els detected from transcriptomic profiling, due to a whole host
of post-translational regulatory mechanisms which are opaque
to transcriptome detection methods, (ii) post-translational mod-
ifications of proteins such as phosphorylation, glycosylation or
ubiquitylation which are extremely important to protein function
cannot be detected by genomics and (iii) since proteins actually
carry out biological function, it is absolutely critical that we sample
and assay at this level.

The disadvantages of proteomic profiling are the apparent lack
of a very high degree of reproducibility in protein identification
from identical samples run in the same laboratory or in different
laboratories. For example, a recent systematic study involving ship-
ping 20 different highly pure proteins to different groups resulted
in only 7 groups identifying all 20 proteins accurately [63]. How-
ever, after some feedback and reanalysis, all 20 groups identified all
the supplied proteins. This seemed to point at the skill level of the
laboratories involved – which required some level of “guidance”
before accurate identification – as a potential source of the lack of
this reproducibility. For this reason, we have decided to only dis-
cuss studies that had at least 20 CRC samples so that this robust
size would provide enough statistical power and counter the noise
or lack of reproducibility intrinsic to proteomics platforms.

Other disadvantages that have been documented in the field of
biomarkers in cancer detection, stratification, and prognosis are:
(i) presence of highly abundant proteins in the tissue sample – for
example albumin in serum or amylase in saliva – that mask the
signals arising from low-abundance proteins, (ii) the right type of
tissue to use, i.e. blood or urine (for ease of extraction) or tumor
biopsy (which maybe hard to access), and (iii) difficulty or inabil-
ity to profile for membrane proteins (or hydrophobic proteins for
some platforms) because of difficulties in solubilizing such pro-
teins.

4. Metabolomics

4.1. What is metabolomics?

Metabolomics is the study of global metabolite profiles in
a biological system (isolated cells, tissue, urine, saliva, blood
plasma, etc.) under a given set of conditions. These metabo-
lites are a summation of the total metabolic processes in a
cell including anabolism and catabolism along with all the
other processes such as absorption, distribution, detoxifica-
tion of natural and xenobiotic materials and energy utilization
[19,64]. A metabolite has been defined as “a native small
molecule (nonpolymeric compound) that participates in gen-
eral metabolic reactions and is required for the maintenance,
growth, and normal function of cells.” [14]. Metabolites can
belong to diverse classes such as organic acids, amino acids,
fatty acids, sugars, sugar alcohols, steroids, nucleic acid bases,
etc. [65]. Although the exact number of endogenous metabo-
lites in humans is unknown, it has been estimated to range from
3000–20,000. In contrast, the estimated number of genes and

protein in humans are 23,000 and 60,000–100,000, respectively
[19].

Although a systems biology approach in understanding disease
involves a comprehensive evaluation of all the “omics” platforms,
metabolomics have distinct advantages over other “omics” plat-
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orms. One of the most obvious ones is that metabolites, despite
heir constant fluxes in living systems, reflect the functional sta-
us of cells as they are downstream to DNA, RNA, and protein,
nd thus are truly reflective of “the pulse” of cells when com-
ared to the above macromolecules. The metabolome is at the

ntersection of the genome and the environment and therefore,
etabolomics often allows the detection of subtle changes in
etabolic pathways and deviation from homeostasis before the

etection of phenotypic changes. Because the metabolite pro-
les in a living system are highly dynamic with constant fluxes,

t is quite imperative to be cognizant of the dimension of time,
nlike the other “omics” platforms. In other words, global metabo-

ite profiles evaluated in a temporal manner can be said to be a
ummary manifestation of all the other upstream “omics” pro-
les.

Metabolite profiling has been performed since 1970s, but these
ere mostly restricted to quantitative analysis of a small group

f compounds in a specific pathway [66]. With the advent of new
echnologies, it is theoretically possible to profile most of the

etabolites in a biological sample (metabolite profiling) which
llows a snapshot of the metabolic/functional state under a given
ondition.

.2. Technologies involved in metabolomics

A sequential array of different technologies is needed for
successful metabolomics experiment—starting from sample

reparation, storage, data capture, and analysis. To ensure com-
rehensive sampling of cellular metabolites, use of acid and organic
olvent extraction procedures facilitates extraction of most cellu-
ar and membranous pools of metabolites. Some of the commonly
sed extraction agents include perchloric acid, water/acetonitrile
ixture, chloroform/methanol, etc. Unlike transcriptomics or pro-

eomics, it is often important in metabolomics to consider the
ntent of the scientific experiment. This is because global profiling of

etabolites using open platforms is less sensitive than closed plat-
orms designed to study specific classes of metabolites. Two of the
ommonly used tools in the detection of metabolites are nuclear
agnetic resonance spectroscopy (NMR) and mass spectrometry

MS). NMR technology can be subdivided into solution state NMR,
n vivo NMR and high-resolution magic angle spinning (HRMAS)
MR. MS can be subdivided into gas chromatography– or liq-
id chromatography–mass spectrometry (GC– or LC–MS), Fourier
ransform infrared (FT-IR) and Raman spectroscopy.

Detailed reviews of these techniques and data analysis are
escribed elsewhere [19,66,67]. Briefly, solution state NMR utilizes
queous samples and is more sensitive than in vivo NMR while
RMAS-NMR is a bridge between solution state and in vivo NMR.
RMAS has become an excellent tool for evaluation of metabolites

n solid tissues because it can generate high resolution spectra from
olid tissues. It is comparable to solution state and enables simul-
aneous detection of both aqueous and lipid metabolites [67]. The
dvantage provided by NMR is the unbiased and universal detection
f metabolites of different classes. However, it is not as sensitive
s MS and cannot be coupled to upstream chromatography-based
eparation techniques.

MS is more sensitive than NMR and is typically preceded by
rior separation of metabolites via chromatography (GC or LC). The
dvantage with GC–MS is the huge knowledge base that is avail-
ble which allows identification of a wide spectrum of metabolites.
owever, one disadvantage of GC-based approaches is that most

uman metabolites are not volatile and hence these non-volatile
etabolites have to be extensively derivatized for making them

olatile and amenable to the MS-based detection system. In con-
rast, LC-based approaches can directly analyze solutions without
he need for derivatization.
esearch 693 (2010) 3–18

4.3. Metabolomics in colorectal cancer

While genetic alterations have been extensively characterized
in CRC, the metabolic events downstream to genomics, transcrip-
tomics, and proteomics have not been analyzed in depth, so far.
A major reason for this is the lack of tools that can successfully
evaluate low molecular weight metabolites in a high-throughput
manner (metabolomics). Recent advances in technology have led
to the application of metabolomics to research into different types
of cancer including brain, breast, ovary, and colon using cell lines,
ex vivo models, animal models, and clinical samples. Recent tissue-
based metabolomics approaches have shown considerable promise
in identifying biomarkers for human ovarian carcinomas, prostate
cancer, cervical cancer, brain cancer, etc. [68].

Successful applications of metabolomics to the study of CRC
require demonstration of metabolites in human tissues collected
during routine surgery (i.e. biopsies and surgical resection), identi-
fication of as many metabolites as possible to enable robust pattern
analysis that can yield functional information, and development of
databases that can help build relationships between the observed
metabolite fluxes and pathways in the test samples [69].

The literature on metabolite profiles in CRC, although lim-
ited, has recently been on the increase in the past few years.
Several in vitro, ex vivo, and clinical studies with CRC cell lines,
human tumor explants, and primary tumors have been attempted.
These aim to define metabolic profiles in normal and precan-
cerous/cancerous tissues and also evaluate prognostic/predictive
biomarkers in blood that can link metabolism to clinical outcome
and treatment response [69]. The ultimate objective of these stud-
ies is to classify tumors based on metabolic biochemistry so as to
complement the genetic and proteomic classification. Examples of
few of these emerging studies applying metabolomics technology
to colon tumors are presented below.

Denkert et al., using a GC–MS approach, identified a panel of 82
metabolites that could differentiate CRC from normal mucosa in
both the training and independent sets with a high degree of sen-
sitivity. Of these 82 metabolites, 25 (metabolites in amino acid and
purine synthesis) were upregulated, while 57 (mostly TCA-cycle
intermediates) were down regulated in CRC [69].

Because metabolomics is an emerging field, different technolo-
gies have been used with different results. Chan et al. combined
NMR (HRMAS-NMR) and GC–MS to analyze metabolites in CRC
biopsies and their matched normal mucosa. The profiles obtained
from both techniques were used to develop a metabolic profile that
could differentiate malignant from normal samples. The identified
metabolites belonged to cellular phenomena that are the usual sus-
pects associated with tumorigenesis, i.e. increased tissue hypoxia,
glycolysis, nucleotide biosynthesis, lipid/steroid metabolism, and
inflammation. This discriminatory metabolite profile could distin-
guish tumors from different regions of the large intestine, i.e., colon
and rectum, but was unsuccessful in separating tumors belonging
to different Dukes stages [65].

In a small but interesting study by Mal et al., comparison of
CRC to normal colon tissue yielded a discriminatory panel of 12
metabolites included organic acids (lactate, glycine), monosac-
charides (mannose, galactose, glucose), fatty acids, etc. [68]. This
pattern of metabolite levels was consistent with higher glucose
uptake and conversion to lactate and increased glycolysis within
the CRC relative to normal tissue. This phenomenon of cancer cells
producing energy via glycolysis instead of TCA-cycle dependent
oxidative phosphorylation even in presence of an oxygen supply

was proposed by Warburg in the middle of the 20th century (War-
burg effect) [70].

A reiteration of the theme of reduced tissue glucose and
increased glycolysis was noted in a similar study using capillary
electrophoresis time-of-flight MS. In this study, evaluation of 16
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RC and adjacent normal-appearing tissues yielded 94 metabo-
ites that were differentially expressed [71]. These 94 metabolites

ere involved in glycolysis, pentose phosphate pathway, TCA
nd urea cycles, and amino acid and nucleotide metabolism. The
xtremely low levels of glucose, elevated lactate and other gly-
olytic pathway intermediates in tumor tissue further confirmed

arburg’s hypothesis of an enhanced glycolytic mechanism and
educed oxidative phosphorylation in cancer tissues relative to
ormal tissues. Tumor tissues were also noted to have significant
ccumulation of all amino acids except glutamine which indi-
ated increased protein catabolism (autophagic breakdown) and
tilization of glutamine for energy synthesis via glutaminolysis.

ntriguingly, there were no significant differences between CRC and
ormal tissues for most metabolites involved in nucleotide synthe-
is which implied that the selective advantage of tumor cells over
ormal cells was in their ability to exploit ancillary energy generat-

ng processes such as anaerobic glycolysis, glutaminolysis, and local
atabolism of proteins to generate amino acids, with an ultimate
bjective to survive despite limited resources to fuel growth.

Metabolite profiling has been applied to a few in vitro and ex vivo
olon cancer models [67]. In an animal study, differences between
normal mucosa” from APCMin/+ mice and mucosa from wild type
ere identified at the metabolite level using HRMAS and solution-

H NMR [72]. The discriminatory profile included metabolites such
s glycerophosphocholine, myoinositol, dimethyl amine, lactate,
tc. Some of these metabolites are derived during lipid metabolism,
ut microbial activity, or glycolysis. The differences in metabolite
rofiles in histologically similar mucosa from two distinct geno-
ypes of mice highlight the concept of field cancerization, wherein
arly genetic and metabolic perturbations noted within apparently
ormal tissue lead to preneoplastic and overt neoplastic phenotype
73].

One distinct advantage of metabolomics is the ready application
o body fluids viz. blood, plasma, urine, fecal water, etc. Monleón
t al. successfully profiled metabolites within fecal water extracts
rom patients with CRC and identified lower concentration of short
hain fatty acids (acetate and butyrate) and some alteration in the
oncentration of amino acids proline and cysteine (major compo-
ents of colonic epithelial glycoproteins) [74].

Despite the limitation of detecting relevant metabolite signals
rom a background of constant metabolite fluxes responsive to
iet, microenvironment, etc., specific studies have shown overlap-
ing findings. For example, specific differences were noted in fecal
ater extracts and sera between patients with CRC and normal

ndividuals. Moreover, sera from patients with CRC and adenomas
ere successfully discriminated from normal sera in 70% of CRC
ith a 5% false-positive rate in control samples [75]. The chemical
niqueness of a metabolite and its detection in biofluids obtained
y non-invasive methods allow metabolic biomarkers to translate
ore readily from laboratory to clinic, and between animal models

nd man.
In summary, some of the key advantages of metabolomics

re: it is relatively inexpensive after the initial investment in
he technology, it is high-throughput and automated, and allows
or interspecies comparison of data as metabolites are conserved
cross species (in contrast to gene and protein sequences). This
liminates the need for recalibration between studies spanning
ifferent species [66].

However, there are still numerous technical challenges in our
bility to profile the entire spectrum of metabolites generated
n vivo. Some of the key difficulties with metabolomics-based

pproaches are (1) technical, wherein a single separation method
oes not work for all metabolites as they come in widely variable
orms. This limitation is evident from the study by Wishart et al.
herein they found only 8% of the total metabolites to be identified

y NMR, GC–MS, and LC–FTMS [76]. Furthermore, current technol-
esearch 693 (2010) 3–18 15

ogy only allows visualization of 10–15% of the metabolome and
the possibility of a single method scanning the entire metabolome
appears remote at this point [77], (2) inter-individual differences
are markedly high because of the highly transient and sensitive
nature of metabolic fluxes and the close interaction with micro-and
macroenvironment including diet and microflora, (3) lack of uni-
formity in the technology and data analyses systems across studies,
and (4) limited amount of accumulated data via databases that
limits comprehensive and thorough identification of metabolites.

5. Conclusion

Although the reductionist approach of studying diseases have
been effective in diseases caused by single or a few factors, this
approach is highly limiting in complex multifactorial diseases. In
complex, multifactorial diseases such as cancer, the most highly
expressed genes or the most reproducible differences in genes often
turn out to be downstream effects of deregulation in processes and
pathways elsewhere. Moreover, even with identification of specific
causal or contributory gene mutations, effective gene specific treat-
ments have not been successful in general. This is most likely due
to the complex downstream consequences propagated at the level
of transcriptional, translational and post-translational circuits [78].
An integrative approach as advocated by systems biology consid-
ers entire networks of interconnected genes and is likely to detect
subtle perturbations that might be more causal in nature.

Although, we are far from the “desired state” in this integra-
tive approach, we have attained tremendous progress in this field,
especially technical, in the last decade or so. Transcriptomics, pro-
teomics, metabolomics, interactomics (study of protein–protein
interactions on a global scale) have helped further our understand-
ing of data that would have been impossible to interpret with
common intuition.

What have we achieved so far by the application of employ-
ing transcriptomics, proteomics, and metabolomics to cancer?
Although, high-throughput “omics” based applications have not yet
been successful in identifying bonafide and consistent biomark-
ers that can accurately diagnose or prognosticate CRC, they have
yielded interesting insights into the biology of CRC. For example,
evaluation of genome, transcriptome, and proteome in distinct
stages of CRC allowed the detection of chromosomal aneuploi-
dies that could be correlated to average gene expression levels on
the affected chromosomes. Such correlation between chromosomal
aberrations/changes in DNA copy number and corresponding gene
expression have not been restricted to colon cancer alone, but have
been described in other solid tumors (breast, prostate, head and
neck) and even shown in yeasts [79–86]. Moreover, such integra-
tive approaches have led to the discovery of several novel candidate
genes (PLCG1 on 20q, DBC1 on 8q21, and NDGR1 on 8p24) in colon
cancer [87].

Integrative “wholistic” approaches can now explain the lack of
reproducibility of mutated and/or differentially expressed genes in
CRC with pathway analysis tools. These tools show that the seem-
ingly unrelated genes often fall in the same or similar pathway(s)
suggesting that the numbers of affected pathways are less than
previously thought. This concept of a set of pathways governing
cell phenotype is important because pathway(s) can be therapeu-
tically targeted through any of numerous comprised components
irrespective of actual genetic defects in the intended target(s) [78].
This concept has been successful tested in renal cell carcinomas

using a class of mammalian target rapamycin (mTOR) inhibitors
that are effective for renal cell carcinomas. A common genetic
defect associated with renal carcinomas is the loss of Von-Hippel
Lindau tumor suppressor genes, a gene involved in degradation of
HIF1/2/3, rather than any mutations related to mTOR gene [88].
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Visualization of the complex pathways that represent a can-
er cell for an individual patient might revolutionize personalized
edicine. Herein, specific therapies can be designed to correct dys-

unctional pathway in individual patients. Often times, apparently
eterogeneous tumors of same type can be classified into smaller
ubsets based on the set of affected pathways. With such a clas-
ification system based on the system level would hopefully yield
elevant therapies and diagnostic tools. Examples of such possibil-
ties are minimal in the literature currently; but this is bound to
hange with time.

Therapeutic responses in breast and ovarian cancer to HER2-
argeting receptor tyrosine kinase (RTK) inhibitors, such as
rastuzumab and pertuzumab, are poorly correlated with HER2
rotein expression [89]. Successful prediction of the therapeutic
esponse can eliminate ineffective and expensive treatments with
oxic side effect. In fact, systems biology approaches have allowed
he stratification of patients based on PTEN expression thereby
liminating ineffective and potentially toxic treatment in approxi-
ately 25% of HER2+ cancer patients [89].
By studying pathway interactions in three kinds of Hodgkins

ymphoma, it was concluded that approximately 80% of 65,000
nteractions in these tumors were similar—indicating a network
ackbone [90]. It was also noted that dysregulated pathway inter-
ctions could arise without component gene mutations in the
athway [90]. Targeting the “tumor network bone” could techni-
ally be a valuable therapeutic strategy to combat all three types of
odgkins lymphoma. Such conclusions or approaches would have
een impossible with the standard reductionist approaches.

Despite these advances, there exist numerous rate limiting steps
n this field such as data collection, integration and assimilation
nto pathways and networks, and development of accurate model.
hese hurdles are being rapidly overcome by current technolo-
ies and strategies. In fact, in a recent joint EU-USA workshop on
dvancement of cancer research with systems biology had iden-
ified multiple areas that need work for the continued success
f the systems biology approach. Some of the identified areas
nclude “cell-context specific molecular interaction maps in can-
er (cancer interactomes, widely available experimental platforms
or rapid biochemical validation, cellular network based contexts
or the integration of orthogonal data modalities including gene
xpression, SNPs, gene copy number, epigenetic data, etc., infor-
ation on pathway synergy for therapeutic intervention, assembly

nd validation of cell-context specific molecular interaction maps
or cancer cells (genes, proteins, miRNA, lipids, metabolites, etc.)”
mong others [91].
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