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Integrative System Biology Strategies for Disease Biomarker Discovery
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Abstract: Biomarkers are currently widely used to diagnose diseases, monitor treatments, and evaluate potential drug
candidates. Research of differential Omics accelerate the advancements of biomarkers’ discovery. By extracting
biological knowledge from the ‘omics’ through integration, integrative system biology creates predictive models of cells,
organs, biochemical processes and complete organisms, in addition to identifying human disease biomarkers. Recent
development in high-throughput methods enables analysis of genome, transcriptome, proteome, and metabolome at an
unprecedented scale, thus contributing to the deluge of experimental data in numerous public databases. Several
integrative system biology approaches have been developed and applied to the discovery of disease biomarkers from
databases. In this review, we highlight several of these approaches and identify future steps in the context of the field of

integrative system biology.
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1. INTRODUCTION

The Human Genome Project (HGP) and Model Organism
Genome Project lead biological research to a new area of
genomics. Since the accomplishment of HGP, the current
goal of biological research focuses on integrative functional
genomic studies on newly identified genes and crosstalk
between genes and proteins and regulatory mechanisms,
which can be defined as post-genomics. Based on this,
‘omic’ studies have become powerful tools for the analyses
of genome; transcriptome, which measures mRNA transcript
levels; proteome, which quantifies protein abundance and
metabolome, which determines abundance of small cellular
metabolites. With various highly developed ‘omic’
approaches and integration of these omic-data, system
biology was set up as a powerful new paradigm for research
in the life science.

A biomarker is in general substance used as an indicator
of a biological state, which implicates an alteration in the
expression state of a protein or other substances that
correlate with the risk or progression of certain diseases. For
most diseases, malignant tumors in particular, early
diagnosis has the potential to significantly improve patients’
outcomes. The recent progress of high-throughput
approaches has brought an exciting promise of biomarker
discovery such as cDNA microarray; serial analysis of gene
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expression (SAGE), mass spectrometry (MS) and nuclear
magnetic resonance (NMR) based gene and metabolome
profiless as well as integration with immunological
technologies, biochemical technologies and bioinformatics
(Table 1). We endeavored to highlight some of these
approaches used for biomarker discovery, thus making
possible deeper understanding of human physiology and
pathology through determination of the variations between
pathologic cells and normal phenotypes.

2. THE ORIGIN OF SYSTEM BIOLOGY

At the turn of the 21th century, the word ‘system’ was
highly popularized. Based on ‘genetics’ proposed in 1980s
and then ‘proteomics’ in 1990s, a promising subject focused
on ‘system biology’ was built up. Science presented a
special issue with emphasis on system biology in 2002 and
put the concept of ‘system’ to the peak, leading to a global
understanding of ‘system biology’. However, the notion of
‘system’ was not completely understood for decades. In fact,
the concept was taken as rather emerging in Ludwig von
Bertalanffy’s book which was completed in 1940. In the
meantime, Norbert Weiner also raised the understanding of
‘system-level’, and thus ‘system theory” has existed for more
than 70 years [1]. Nevertheless, it was late in the 20th
century that ‘system theory’ was applied to biology science
recurrently owing to the progression of molecular biology,
particularly in genome sequencing and high-throughput
approaches. This provided the science community a large
scale of data and will be likely to build up a more
comprehensive map of whole cell system’s structure and
dynamics.

© 2012 Bentham Science Publishers
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A system study on biology is not a simple assembly of
various genes or proteins. It is not just a beautiful but static
painting, so merely a diagram of interactions is insufficient
to display the real activities that a cell conducted. To
understand this concept, Hiroaky gave a vivid example in
which he drew an analog image on an organism and a plane
[2]. Suppose that all the genes and proteins are like each
standalone part of an airplane. It is not sufficient for us to
understand the complexity underlying the engineered object
just listing all of the individual components. However, when
these components were constituted as an integral whole with
dynamic connections with each other, a structural and
functional airplane was formed. Similarly, explorers have
finished the first step in the system-level studies since the
accomplishment of Human Genome Project (HGP), and the
current goal of biological research will focus on dynamic
integrative ‘omics’ studies in assessing newly defined genes,
crosstalk between genes or proteins, epigenetic
modifications and regulatory mechanisms. An integral
system-level understanding of biology mainly includes four
key properties.

1) System structure. This is a basic knowledge for
system biology as the purpose of this is to establish a
network of gene interactions and biochemical pathways.
After sequencing the whole genome of human and other
model organisms and with the rapid development on
technologies combined chemistry, physics and establishment
of various bioinformatics website such as KEGG [3],
GenMAPP [4], and Reactome [5], it is a far more achievable
knowledge even though further improvements might be
needed.

2) System dynamics. To understand how a system
behaves over time under certain condition, metabolic
analysis such as NMR might be utilized. With an isotope
model, NMR can be conducted to quantify metabolite
concentration as well as metabolic flux and this may
elucidate  essential mechanisms underlying specific
behaviors.

3) Modeling construction. Biological and functional
modules provide the conceptual framework from which
models may be constructed and simulation tools then can be
able to perform a mathematical simulation on a model
retrieved from a file, database or graphic user interface and
output the simulation results.

4) Data integration. Either with assembling various data
resources into a single database or building an environment
around distributed data sources, both of them are ideal ways
for integration of diverse data which enable multiple features
of a biological system to be analyzed and incorporated into a
testable dynamic model (reviewed in Ref. [2, 6]).

3. HIGH-THROUGHPUT ANALYSIS FOR PROFI-
LING OF CANCER TRANSCRIPTOME FOR BIO-
MARKER DISCOVERY

Throughout the twentieth century, much of cancer
research has been devoted to analyses of genes that are
expressed differently between cancer cells and their normal
counterparts. However, it was not until the application of
advanced technologies to gene expression analysis when a
more comprehensive understanding of complex differences
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between the two types of cells was achieved. The high-
throughput gene expression profiles, such as cDNA
microarray and serial analysis of gene expression (SAGE)
allows simultaneous analysis of thousands of genes (Table
1). One important difference between these two methods lies
in whether it is possible to identify unknown genes.
Microarray analysis selects ‘probes’ directly from databases
including GenBank, dbEST and UniGene. In contrast, SAGE
undertakes a gene expression profiling without prior
knowledge of the presence and sequence of genes to be
analyzed [7].

Using cDNA microarray, Ray et al. identified 260
candidate genes and 259 ESTs which showed aberrant
expression under HBx induction and played key roles in
various aspects of intracellular activities [8]. The genes
analyzed by array method demonstrated a close interaction
between each other. For example, it has been already proved
that altered expression levels of many MAPK family
members were responsible for HBV-related
hepatocarcinogenesis [9] and in this study Map4k3 and
Map4k4 were up-regulated whereas Map2k4 was down-
regulated. As correlated with other studies, showing that
sustained activation of Ras-Raf-MAPK pathways led to
hepatocyte transformation in differentiated HBx-expressing
AML12 cell line [10] and that Map2k4 functions as a
metastasis suppressor gene in many types of cancers [11].
Additionally, STAT members were also found to be
deregulated as well. Down-regulation of STAT1 can be in
favor of cancer proliferation while in contrast, up-regulation
of STAT6 can make animals become immuno-deficient and
tumor sensitive. Proteins related to cell cycle regulation
pathways were also found differentially expressed as a result
of HBx interaction. Among these candidates, cyclin D1 and
Dmtfl showed an interesting link in the progression of HCC
as HBx can cause cyclin D1 gene over-expression and then
lead to the promotion of G1 to S phase transition.
Furthermore, Dmtfl, which can bind and interfere with
cyclin D1, was found to be down-regulated, emphasizing the
critical function of cyclin D1 in HBx-mediated transfor-
mation process. Hajjou et al. identified a functional category
of up-regulated genes correlated with lipid synthesis using
cDNA microarray analysis, including ATP citrate lyase
(ACL), fatty acid synthase (FASN), sterol-responsive
element-binding protein 2 (SREBP2) and retinol binding
protein 1 (RBP1). It was the first trial to specifically identify
enzymes involved in fatty acid pathways that were altered by
HBYV replication [12].

It has been reported that patients with type 2 diabetes
mellitus suffer from increased risks of colorectal cancer
development [13]. As the Wnt signaling pathway has been
identified to play a critical role in initiation and progression
of colorectal cancer (CRC), it raised a hypothesis that
molecular crosstalk between insulin and Wnt signaling
pathway might exist [14]. A cDNA microarray was utilized
to assess the effect of insulin on gene expression profiles in
rat intestinal non-cancer IEC-6 cell line before and after
insulin treatment [15], finding that insulin up-regulated Wnt
receptor Fzd-4 and TCF-4, effectors of Wnt signaling
pathway. This study renewed the understanding of insulin-
Whnt signaling pathways crosstalk, including not only the
stimulation of B-catenin nuclear translocation [16], but also
up-regulation of certain Wnt receptors and effectors.



288 Combinatorial Chemistry & High Throughput Screening, 2012, Vol. 15, No. 4

For gastric cancer, microarray analysis was also applied
for biomarker discovery and anticancer drug discovery.
Arginine has been demonstrated to modulate cell growth and
proliferation in different cancer cell lines but functions
specifically due to the types of cancer. For example, it was
reported that arginine stimulated cell growth in lung cancer
while played a contradictory role to inhibit cell growth in a
breast cancer cell line. Shayanthan et al. evaluated the effects
of arginine on the growth of a human gastric cancer cell line
AGS through cDNA microarray analysis [17]. The study
found that arginine caused a decrease of AGS cell growth via
increasing the expression of caspase 8, which is one of the
important proteins involved in apoptosis at both mRNA level
and protein level. The relative low-level of caspase 8 may be
regarded as a biomarker but not so typical, however, arginine
may act as a potent antineoplastic. Similarly, using cDNA
microarray-based comparative genomic hybridization
(GCH), one group selected 43 statistically significant
differentially expressed genes and several of them were also
previously reported as being deleted or being tumor
suppressor or highly homologous to known oncogenes [18].
For instance, GATA4, MAOA, CCNC mRNA synthesis
were diminished dramatically in this study, correlated with
other diseases such as ovarian cancer, Norrie disease, and
lymphoblastic leukemia respectively, suggesting these genes
may be candidate tumor suppressors. Likewise, MASLI,
truncated form of HMGAZ2, PPARBP and GRB7 were
shown to be candidate oncogenes. This study provided a list
of several disease biomarkers for further exploring the
development and progression of gastric cancer.

In addition to mRNA-based profiling methods for
quantifying mRNA level, the non-coding RNAs such as
microRNAs have also been suggested as potential
biomarkers for tissue classification and identification [19,
20]. One microarray analysis applying to microRNAs was
performed to distinguish hepatocellular carcinoma from
metastatic tumors in the liver [21]. The study demonstrated
that two microRNAs, hsa-miR-141 and hsa-miR-200c had
significant higher level in non-hepatic epithelial tumors to
promote epithelial phenotypes while endothelial-associated
hsa-miR-126  showed higher expression levels in
hepatocellular carcinomas in contrast. Thus, the expression
patterns of microRNAs can be regarded as useful biomarkers
for diagnosis of liver malignancies.

As mentioned at the beginning, SAGE can analyze
thousands of genes simultaneously even though the function
of them is totally unknown. The principle of SAGE is to
quantify a ‘tag” which represents the transcription product of
a gene rather than measuring the intact gene of interest (Fig.
1). A tag, for purpose of SAGE, is a nucleotide sequence of a
defined length, directly 3’-adjacent to the 3’-most restriction
site for a particular restriction enzyme. Using this method,
Felix and coworkers identified 46 up-regulated genes from
multiple myeloma compared with normal plasma cells [22].
Among them, four genes (p53csv, ddx, maokapk2 and
ranbp2) were considered to be critical for myeloma
tumorigenesis and could potentially be used as biomarkers
for the diagnosis of this disease. SAGE also contributed to
distinguish intrahepatic cholangiocarcinoma (ICC) from
hepatocellular carcinoma (HCC) and metastatic adeno-
carcinoma by identifying three specific genes as markers for
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ICC:biglycan, insulin-like growth factor-binding protein 5
(IGFBP 5) and claudin-4 [23]. It is widely known that DNA
is read from 3’ to 5’ during transcription; mean-while, the
complementary RNA is created from 5’ to 3’ direction and
there exists heterogeneity in human mRNA start sites [24],
leading to alteration of transcription start sites in different
types of cells.

Cancer cells may also possess a similar phenomenon and
benefit for cancer development and progression. Recent
advances in molecular biology have enabled genome-wide
analysis of the 5’-end region of mRNA that revealed the
variation in transcriptional start sites based on 5’-end serial
analysis of gene expression (5’SAGE) [24, 25] rather than
traditional 3’SAGE. With the help of this strategy, Yuli
Hodo et al. identified transcripts initiated from introns of a
gene which encoded acyl-coenzyme A oxidase 2 (ACOX2)
and it was confirmed that the level of ACOX2 was increased
with these transcript variants compared with background
non-tumor tissues. ACOX2 is a rate limiting enzyme
involved in the degradation of long branched fatty acid and
bile acid intermediates in peroxisomes [26]. It is down-
regulated in several types of cancers [27, 28]. However,
HCC cells generate the same consequence via a distinct
approach through over-transcription of intronic-ACOX2
genes because it encoded the C-terminal of canonical
ACOX2, lacking the active sites to bind FAD and substrate,
thus functionally departed [29].

4. PROTEOMICS BASED APPROACHES FOR
BIOMARKER VALIDATION

Global comparative proteomics has long been used for
new biomarker identification that improves early diagnosis
and contributes to potential therapeutic targets [30, 31]
(Table 1). The main strategies of proteomics comprise:
traditional 2-DE to 2D difference gel electrophoresis (2D-
DIGE) and stable isotope labeling by amino acids in cell
culture (SILAC); quantitative comparative proteomics such
as isotope-coded affinity tagging (ICAT), isobaric tags for
relative and absolute quantitation (iTRAQ), non-isotope
quantitative proteomics strategies and multiple-reaction
monitoring (MRM) based proteomics (reviewed in Ref.
[32]). Several examples are given below.

4.1. 2-DE-MS/2D-DIGE/Based Comparative Proteomics

2-DE is a form of gel electrophoresis commonly used to
separate proteins by two properties in two dimensions on 2D
gels. Coupled with MS, chemical structures of the separated
proteins are determined. 2-DE-MS is the most widely used
proteomic approach for bioresearch. With 2-DE-MS/MS
profiling of HepG2-HBx cell line and control cell lines,
Tong’s group found differential expressed proteins between
the two lines. Among them, three major protein clusters
including calcium homeostasis, retinol metabolism and
proteolysis system-related proteins regulated by HBx were
identified [33]. As it has been shown that increased cytosolic
calcium, mediated by HBXx protein or replicating HBV virus,
was a fundamental requirement for HBV replication and core
viral particle assembly [34-37]. Cytosolic calcium (Cat)
may act as a key biomarker of HBV infection. Three other
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proteins retinal dehydrogenase 1 (RDH 1), plasma retinol-
binding protein (pRBP) precursor and cellular retinol-
binding protein I (CRBP 1), involved in retinol (vitamin A)
metabolism were strongly up-regulated via promoter
hypomethylation due to down-regulation of DNA
methytransferases (DNMTSs) and the proteins responsible for
proteolysis pathways showed alterations as well. It is
worthwhile to notice that deregulation of DNMTs at the
early stage of cancer development including hepatocarci-

noma may also be an area of interest for biomarker
identification [38-40]. The interaction between HBXx and
DNA methyltransferase (DNMT) or histone deacetylase
(HDAC) facilitated epigenetic modification via regional
hypermethylation or hypomethylation, such as silencing by
DNA hypermethylation of several tumor suppressor genes,
including IGFBP, RASSF1A [41], p16™K**, E-cadherin [42,
43], GSTP [44] and DLECL1 [45]. This protein-protein
interaction may be determined through many classic
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methods such as yeast two-hybrid system, GST pull-down
assay and immuno-precipitation [46].

As for bladder, 2-DE coupled MS/MS indicated seven
proteins were down-regulated and three up-regulated in
grade Il transitional cell carcinoma (TCC) as compared with
those of grade Il [47]. Of these deregulated proteins, fatty
acid binding proteins (FABP), annexinV, heat-shock protein
(HSP) 27 and lactated dehydrogenase were shown to be
relevant to bladder cancer. Besides, some newly-identified
proteins that were not documented previously were also
found in bladder, including annexin I, 15-hydroxyprostag-
landin dehydroge-nase, galectin-1, lysophospholipase and
mitochondrial short-chain enoyl-coenzyme A hydratase 1
precursor.

Applied to gastric cancer research, 2-DE-MS/MS
identified a novel thyroid hormone-mediated gastric carcino-
genic signaling pathway [48]. Concretely, a total of 107
proteins were identified as differentially expressed, and of
these 57 were up-regulated whereas 50 were down-regulated
and by further validation, four proteins (transthyretin (TT
HY), pyruvate kinase muscle isozyme (KPYM), fumarate
hydratase (FUMH), hypoxia up-regulated protein 1 (HYOU))
led to fumarate accumulation and then induced HIF1-a
expression. The up-regulation of HIF1-o plays an essential
role in sustaining glycolytic metabolism [49-51] which is
mainly adopted by most cancer cells [52]. Thus, targeting
these four proteins may exert anti-tumor effect.

2D-DIGE, a new generation of 2DE, dramatically
improves the sensitivity and accuracy by adding a highly
accurate gquantitative dimension. By means of this technique,
Langereis et al. discussed about proteins involved in ‘inside-
out’ signaling which is essential for adequate migration of
leukocytes to inflammatory sites [53]. Compared with two
variants of a mouse acute lymphocytic leukemia cell line
(L1210), a suspension (L1210-S) and an adherent (L1210-A)
variant, gelsolin, L-plastin, and Rho GTPase dissociation
inhibitor 2 were demonstrated as regulatory proteins
functioned in integrin inside-out control and alteration of
these three proteins may indicate early pathological state of
lymphocytic leukemia cells.

4.2. SILAC/ICAT/ITRAQ Based Quantitative Compara-
tive Proteomics

SILAC is a popular method for quantitative proteomics
that detects differences in protein abundance among samples
using non-radioactive isotopic labeling based on mass
spectrometry [54]. Protein abundance is then calculated as
ratios of the peak intensity of the fragment ions from the
labeled versus unlabeled peptides. With high-throughput and
quantitative features of SILAC, Ren et al. identified
phosphoglycerate mutase 1 (PGAML1) as a novel therapeutic
target in hepatocellular carcinoma [55]. On the other hand,
SILAC was also applied in human pancreatic cancer [56], it
not only validated proteins which were previously reported
as deregulation in cancerous pancreatic cells, but also found
several proteins that have not been correlated previously
with pancreatic cancer such as perlecan (HSPG2), CD9
antigen, fibronectin receptor (integrin Bl) and a novel
protein designed as predicted osteoblast protein (FAM3C).
These newly identified proteins were subsequently validated
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by other techniques such as western blot analysis, tissue
microarray and further pursued as potential biomarkers.

ICAT and iTRAQ are both non-gel based techniques that
can well circumvent the limitations of SILAC, furthermore,
iTRAQ reagents even allow for the identification and
quantitation of up to four different samples simultaneously
[57]. With the help of these two high-throughput approaches,
several achievements on biomarker discovery were
accomplished, such as determination of the over-expressed
vitamin D-binding protein in tumor-bearing breasts by using
ICAT labeling [58] as well as identification of SI00A6 and
Annexin A2 by iTRAQ-coupled 2-D LC/MS-MS which
acted as target of HBV-mediated epigenetic regulation and
accelerated HCC development [59].

5. SYSTEM-LEVEL METABOLOMICS FOR THE
IDENTIFICATION OF DISEASE BIOMARKER

Metabolomics is an emerging field which globally
analyzes all or a large number of cellular metabolites and
profiles the entire metabolome of a cell. Metabolomics is a
potent approach for identifying pathways that are perturbed
in a given pathology (Table 1). Similar to other ‘omics’
approaches, it generates large amount of data and has been
used for aging [60], immunology [61], toxicology [62, 63],
nutrition [64], diabetes [65, 66], and, most importantly,
cancer [67-69]. Analytical techniques that are most often
used for metabolite profiling include nuclear magnetic
resonance (NMR), gas chromatography-mass spectrometry
(GC-MS), liquid chromatography-mass spectrometry (LC-
MS), fourier-transform infrared (FT-IR) spectrometry and so
forth (reviewed in [70]).

Since metabolomics is a comprehensive method and it
can be expected that alterations in compound structures
would disable metabolites target-driven  analytical
approaches. Hence, an unbiased way is needed to achieve
through detecting as many metabolic features as possible and
many software packages are commercially available for this
purpose and biomarker detection as well [71]. As disease
biomarkers is in favor of early diagnosis which has the
potential to markedly improve patient survival [72] and due
to the fact that the urine contains metabolic signatures of
many biochemical pathways, it is ideal for metabolomic
analysis serving as biomarker discovery tools. Of the human
malignancies, urologic cancers seem to be most suitable for
developing a urinary diagnostic assay given that this organ
system is in intimate contact with this biofluid.
Correspondingly, a study used hydrophilic interaction
chromatography (HILIC-LC-MS), reversed-phase ultra
performance liquid chromatography (RP-UPLC-MS), and
gas chromatography time-of-flight mass spectrometry (GC-
TOF-MS) to synthetically detect renal cell carcinoma (RCC)
in urine of affected patients [73]. Although the glomerular
pores might be too small to allow potential metabolites to be
filtered into the urine, it is still readily appreciated that urine
in RCC patients may contain abundant candidate metabolites
as potential tumor markers. As a result, several significant
components were generated, although still needed to be
further validated, to lead to discrimination between RCC
patients and the control.
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Another case is closely related to RCC as well, in which
LC-MS/MS was performed to discriminate the disparity
among different grading systems as well as to acquire grade-
specific mechanistic information [74]. As opposite to the
study we showed above, the sample of this study was 50
clear cell kidney cancers equally distributed among normal
tissues and Fuhrman grades. A total of 1,470,313 spectra
were analyzed, resulting in the identification of 777 proteins
containing two or more peptide fragments and in 777
proteins, 105 showed significant differences among the four
Fuhrman grades and the normal kidney tissue. Among these
proteins, several glycolytic enzymes were up-regulated, for
example, phosphoglycerate kinase 1 (PGK1) and its
elevation mainly occurred in grades 1 and 2, suggesting it is
a relative early event in cancer progression. Additionally,
grade-dependent changes in RCC were also associated with
altered expression level of proteins involved in apoptosis
pathway. One typical protein was apoptosis-inducing factor
(AIF), a mitochondrial membrane —associated protein whose
translocation from permeabilized mitochondrial to nucleus
causing DNA fragmentation but its magnitude decreased in
an opposite manner in terms of grades of the cancer.
Intriguingly, the study also identified proteins of
dehydrogenase class that had a significant high degree and
these proteins played an important role in xenobiotic
metabolism which is a marker for oncogenesis of kidney
cancer [75]. The greatest contribution this study made for
RCC was the generation of a heat map consisted of altered
proteins. Since an individual marker cannot be well used for
cancer prognosis and unable to be applied to regular clinical
use for pathological classification either, this map of grade-
specific protein SOM clusters will definitely contribute to
prediction of tumor behavior.

Though researchers can monitor all the protein or
metabolites  alterations with  these high-throughput
approaches, many properties of the complex network still
can not be understood extensively. Albeit extremely
informative, the static component concentrations still lack of
information per se. Instead, these components exert their
functions through interacting with each others across
multiple metabolic and regulatory layers and this dynamic
activity will be able to reflect what is actually taking place in
a living cell. Thus new approaches toward biomarker
discovery have been proposed, where pathways instead of
individual proteins should be monitored and targeted.

By means of LC-MS applying to secretome analysis of
six cell lines in a pathways-based biomarker search study
[76], 300 proteins and about 1500 unique peptides were
generated. Among them, 71proteins out of the 300 were
identified to be secreted or plasma membrane proteins and
then integrated into a cellular signaling context. In the case
of breast cancer cell lines of this research, several proteins
linked to canonical signal pathways can be candidates for
biomarkers and may be potential drug targets, including
cathepsins and insulin growth factor binding protein
(IGFBP) etc. Cathepsins are proteases located in lysosomes
and shift to plasma membrane or extracellular space during
neoplasia. This translocation is responsible for apoptosis,
angiogenesis, cell proliferation and invasion [77, 78].
Meanwhile, overexpression of IGFBP can also result in a
more aggressive breast cancer phenotype.
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As to intracellular reaction, detection of metabolic fluxes
is the functional end points of metabolic networks though the
reaction rates can not be measured directly. Thus, there must
be a need to establish an isotope model for dynamic
metabolism interpretation. Take *°C-based metabolic flux
analysis as example, we will give a simple view below how
high-throughput approaches quantify concentration of
massive metabolites and try to provide a comprehensive
under-standing of specific metabolic alteration caused by
viral infection and cancer cells.

The study concerning virus infection developed a high-
throughput measurement method based on liquid
chromatography-tandem mass spectrometry to quantify
changes and Kkinetics in metabolic fluxes of MRC-5
fibroblasts infected by human cytomegalovirus (HCMV)
compared with uninfected cells [79]. We shall introduce the
principle of this research first in prior of stating the result
and contribution of it to biomarker discovery of HCMV-
induced diseases and drug screening. As mammalian cells
presented a complex metabolism and complicated metabolic
input such as glucose, glutamine or essential amino acids,
this complexity rendered analysis of steady-state labeling
pattern inadequate for resolving fluxes in viable cells. Based
on this, an isotope model was built by feeding cells with *C-
labeled forms of glucose and glutamine. Through
determination of labeled intermediates in HCMV-infected
than in mock-infected cells, the data of metabolite
concentration change can be generated. Take glycolysis and
PPP as an example, lactate is the end product of glycolysis
pathway, however, lactate can also be formed when glucose
is metabolized by the non-oxidative PPP instead of
glycolysis. Moreover, the composition of carbon atom of
lactate derived from glucose through these two pathways is
different, more specifically, when fed with [1, 2-**C]
glucose, nonoxidative PPP flux yields lactate containing just
one '*C atom, whereas, glycolysis flux does not. So,
PPP/glycolytic flux ratio can be captured and this is
meaningful since the two pathways are both important for
cell metabolism and any alteration can lead to an abnormal
condition of cells. HCMV infection increased the uptake of
glucose and glutamine, enhanced glycolytic flux and TCA
cycle fluxes. Most notably, efflux of citrate for fatty acid
biosynthesis was approximately 20 fold elevated, consistent
with upregulation of malonyl-CoA---a high regulated
molecule in fatty acid synthesis from undetectable levels to
amounts greater than ten-fold above the detecting limit.
Given to this, fatty acid biosynthesis may be regarded as an
antiviral target. Some pharmacological inhibitors of fatty
acid biosynthetic enzymes were also proposed (i.e. TOFA,
ACC inhibitor, C75, FAS inhibitor) and shown to be a safe
and effective human therapeutics. Since there exists a
potential link between cancer and viral infection and cells
infected by virus (at least by HCMV), a parallel presentation
of metabolism transformation such as elevated glycolysis is
an analog of the Warburg effect and upregulation of lipid
biosynthesis also shared between cancer cells and viral
infection. Because of these considerations, understanding the
mechanisms of virus-induced alteration in metabolic flux
will not only help in viral infection, but also be beneficial to
inform cancer research.

As described in the beginning of this part, NMR is the
most often used metabolomic approach since it allows for
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simultaneous detection, identification and quantification of a
large scale of smaller-molecular-weight molecules and will
facilitate monitoring of metabolite concentration. Unlike MS
based metabolomics, NMR is non-selective, non-destructive,
more robust, and able to be used for liquid and solid samples
with minimal sample preparation (reviewed in Ref. [80]).
Isotope-labeling based NMR can be used for metabolic flux
detection which may directly serve as specific biomarker.
Recently, a stud%/ was conducted by employing noninvasive
hyperpolarized >CNMR to investigate on the metabolic flux
of pyruvate to lactate [81]. Being well maintained by
continuous perfusion method under controlled physiological
conditions, kinetics and mechanisms of conversion of
hyperpolarized pyruvate to lactate in human breast cancer
cells were reliably characterized. Data generated in this
perfused model indicated that the rate of hyperpolarized
pyruvate did not reflect the activity of LDH, but rather the
activity of monocarboxylate transporters (MCTs). It
highlighted that lactate transportation would be the rate
limiting step in converting glucose to lactate, resulting in
altered process of glycolysis. That was to say that elevated
expression of MCTs in cancers were highly associated with
high-levels of glycolysis. The accumulation of lactated in
extracellular microenvironment led to hypoxia conditions,
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thus, induced HIFla, MCTs were over-expressed in a HIF-
dependent manner and then fed back to this cycle [82].
Overall, these results suggested the Kkinetics of *C-
pyruvate’s conversion to lactate, shown to be a new
biomarker for the up-regulation of MCTs in malignant breast
transformations.

Additionally, Chen et al. introduced *C labeling NMR
spectroscopy strategy for a comprehensive analysis of
metabolic fluxes including glycolysis, pentose phosphate
pathway, tricarboxylic acid cycle, anaplerotic reactions and
biosynthetic pathways of fatty acids and amino acids in
cancer cells [83] (Fig. 2). As mentioned above, cancer cells
harbor a unique metabolic phenotype compared with non-
proliferated cells, which has been confirmed for decades.
However, to date, the cause-effect relationship between this
metabolic alteration and flux determination remains elusive,
furthermore, increasing evidence indicated that various types
of cancer cells associate with diverse substantial rewiring of
metabolic networks. From these considerations, it is of
importance to track metabolic dynamics of cancer cells to
uncover specific cancer-related biomarkers. Chen's work
mainly used human breast cancer as models to elucidate
metabolic profiles of cancer metabolome, yet it was not
clear, however, whether this global flux dysregulation was a
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pathway, the 13C labeling data of C2 of UTP or UDP that was converted from R5P was used. An intact C5 fragments were generated by R5P
through oxidation of glucose-6-phosphate (Oxidative PPP pathway), however, in non-oxidative steps of PPP, the process catalyzed by the
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result of over-expression of glycolytic enzymes or ther
effects. When compares MCF-10A cell line (a spontaneously
immortalized non-malignant cell line) with MCF-10AT cell
line (derivative of MCF-10A and mildly hyperplastic), the
result showed a significant increase of glycolysis in the
transformed MCF-10AT, however, the total flux from
glucose from pyruvate is similar in both lines, indicating this
glycolytic elevation in breast cancer is not caused by
enzymes directly involved in glycolysis, instead, molecules
in PPP might be candidate possibilities.

Before setting up the determination, there was a need to
acquire a marker that can make a distinction between
glycolysis and PPP. Alanine seemed to be a good candidate.
Since pyruvate derived from these two pathways carried
different carbon fragment, specifically, pyruvate converted
from PPP vyielded alanine with a distinct fraction Ala-C2,
therefore, the result of a relative high intensity of the doublet
of alanine C-2 was indicative the use of PPP for pyruvate
synthesis, demonstrating that a change carbon flow from
PPP to glycolysis present in breast cancer cells.

More accurately, The PPP pathway has two branch,
namely oxidative and non-oxidative branch, they are
generates ribose-5-phosphate from glucose-6-phosphate and
glyceraldehydes-3-phosphate respectively and the difference
between them mainly lies on the synthesis of NADPH. As
ribose C-2 signal shows a sharp increase in oxidative PPP
flux and in line with the result of a high intensity of alanine
C-2, the increased level of glycolysis in MCF-10AT cells
was achieved by passing through PPP, indicating the
analysis of Ala-C2 could serve as a new biomarker for breast
cancer (at least in this model).

As with glycolysis, *C NMR was also used for detecting
the truncated TCA cycle. Upon low oxygen tension, hypoxic
cells are surmised to suppress metabolism through the TCA
cycle [82, 84] and anaplerotic reactions will allow
intermediates to enter into TCA cycle and replenish fuel for
cell proliferation [85]. There are two ways: first is to
generate two 3¢ isotopomers of ([1, 2, 3-°C] and [2, 3, 4-
*C]) oxaloacetate from **C; pyruvate and unlabeled CO,
through pyruvate carboxylase. The second is glutamine, an
important energy fuel in cancer cells (known as
glutaminolysis [86]). According to rearrangement of carbon
in the two pathways above, the ratio of [1, 2, 3-*C]/[2,3-°C]
and non-labeled glutamate can determine which pathway the
breast cancer cell line MCF-7 actually take. Since '*C
isotopomer NMR analysis performed in this study
demonstrated the existence of two compartmental pools of
glutamate in MCF-7 cells. One is directly derived from 2-
ketoglutarate which could generate from oxaloacetate
through TCA cycle, another is a non-enriched carbon source
(i.e. glutamine). Glutamine can be converted into glutamate
and then 2-ketoglutarate gets involved in TCA cycle. The
cancer cells use a truncated TCA cycle from 2-ketoglutarate
to malate, then malate is converted to pyruvate and complete
oxidation. If glutamine was fed into TCA cycle, an isotopic
dilution of TCA cycle intermediates would be observed.
Among these intermediates, y-glutamyl moiety of
glutathione seemed to be most appropriate to determine
which or whether both ways cancer cell would choose for its
development because it is an irreversible one-way reaction
from glutamate to glutathione. It is notable that y-glutamyl
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moiety of glutathione are solely derived from acetyl-CoA.
This phenomenon showed no dilution occurred at the level
of TCA cycle-derived 2-ketoglutarat; hence, the malic
enzyme activity is absent, together, indicating the lack of
glutaminolysis and glucose as the only energy source in
MCEF-7 and also in MCF10 cells lines. This conclusion might
run slightly against previous study which reported that
glutamine acts as an important energy fuel in cancer cells
and such a contravention may act as a specific biomarker for
this case.

6. BIOINFORMATICS FOR INTEGRATIVE SYSTEM
BIOLOGY

A comprehensive understanding of pathophysiology and
disease biomarker detection requires a system level view
based on the human genome, which is contrary to the
reductionist approach focusing on individual molecules used
to address complex biological system [87]. With rapid
developments in high-throughput methodologies, massive
amounts of data are generated and thus lead to establishment
of numerous public databases. Based on different ‘omic’
study, these databases can be categorized into several layers
and contribute to system biology (Fig. 3). For gene
expression data, several public repositories including Gene
Expression Omnibus (GEO), Array Expression, CIBEX,
Stanford Microarray Database (SMD) and Oncomine were
built up and can be shared by anyone with internet. As
referred to proteomic data, SWISS-2DPAGE, DCTB 2D-
PAGE, GELBANK and 2D-PAGE/DIFF were developed
based on the data generated by 2DE, while,
ProteinProspector, Mascot, X!Tandem and Peptide-Atlas
based on MS. The databases related to metabolomics
embodies the Human Metabolite Database whose
metabolites contained have a linkage to other public
databases such as KEGG, PubChem, MetaCyc, ChEBI,
PDB, SwissProt and GenBank and several other databases
which were established with data generated from different
technology platform, for example, the Golm Metabolome
Database (GMD) is specific to data derived from GC-MS
profiling experiments (details for above see Ref. [6])

7. CHALLENGES AND FUTURE PROSPECT

In order to obtain a useful understanding of diseases, it is
necessary to take a systematic view of diseases with
development of these high-throughput techniques.
Identification of disease biomarkers can be achieved in
multiple layers from genome to metabolome of abnormal
cells. With the support of bioinformatics and numerals
mathematical models, the mass of experimental data can be
acquired and integrated.

However, new challenges have unavoidably emerged.
Since alteration in transcriptional level can not fully
represent a real change which can lead to phenotype
transformation for a cell upon extracellular stresses or
intracellular metabolism alteration, thus the techniques
applied to measure mRNA levels may be not sufficient.
Proteomics allows enhanced protein identification and
represents a potentially powerful technique for large-scale
qualitative and quantitative proteome research. Although it
has been proven a promising tool for biomarker discovery,
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can be detected.

further work is still required to improve performance and
reproducibility. On the other hand, most proteomic
technologies are based on complex instrumentation, critical
computing power and expensive consumables and this may
be expensive. Actually, with the help of these high-
performance instruments, a large quantity of data can be
generated [88]. However, an exhaustive search on these
multifarious data can not be really implemented. Most data
were neglected by researchers and treated as waste in
academic studies.

As for metabolomics, there are also many challenges. To
better understand global changes in cancer metabolome, it is
essential to identify and quantify metabolites during cancer
development and the need for measuring metabolic flux and
integration of flux data is clearly recognized. Based on this
requirement, the isotope model was built up and among
them, *C labeled glucose metabolism seemed to be an ideal
model to elucidate cancer cells’ metabolic activities.
However, the available experimental flux methods
themselves suffer from some limitations calling for
improvement. For a tracer experiment, a metabolic steady
state is a prior matter [89] and the microenvironment in
cancer cells is kept changing, leading to interference of
metabolic flux analysis. Furthermore, direct measurement of
isotope-labeling distribution of the metabolites was impeded
by their high turnover rates and low concentrations [90]. To
resolve this problem, NMR or MS based measurements can
detect the isotope patterns of primary metabolites in order to
reduce the time which is needed for steady-state condition

and this concept is well applicable to LC-MS compared to
NMR-and GC-MS based isotope-labeling analysis [91].
However, this may raise another problem, which is, as many
intermediates were inferred from the measurements of
primary metabolites via known or assumed pathways, thus
there is a need to complete all the possible multicellular
networks in which the tracer atom is involved. Another
challenge is to acquire and integrate the data of the
metabolome in cancer cells. As this would be achieved
through mathematical modeling, we are eagerly looking
forward to a great progression on computational methods
that will contribute to improve the current situation on data
integration and processing.

But there are more than technical challenges for system
biology. Because it is a discipline that requires a global
insight into biological function from phenotype down to the
molecular or even atomic level, the intense data integration
[92] needs the concerted efforts made by not only experts of
biology, but also talented chemists, physicists, computer
scientists, mathematicians, software engineers. It could be
anticipated that system biology will definitely take a lead in
life science, unavoidably including disease biomarker
discovery.

ACKNOWLEDGEMENTS

This work was supported by the National 973 Program of
China (2010CB529900) and the National 863 High Tech
Foundation (2007AA021205).



Integrative System Biology for Discovery of Disease Biomarker

Combinatorial Chemistry & High Throughput Screening, 2012, Vol. 15, No. 4 295

Table 1. Disease Biomarkers Discovery by Different ‘Omics’ Studies
Biomarkers Types of Disease Methods Advantages Disadvantages
Transcriptomics
Map4k3, Map4k4, Map2k4, STATS,
cyclin D1, Dmtfl HCC [8]
ACL, FASN, SREBP 2, RBP 1 HBV-infection [12] 1) high-throughput, analysis 1) extremely large tata cannot
Fzd-4 and TCF-4 CRC [15] many genes simutaneously; 2) sp?eadsheetS' 2) dpifficult to
microarray ngh—sp(fee_d; ?I relat'%ely cheap; distinguish from the same gene
Arginine gastric cancer [17] ) user-iriendly, neither family 3) rarely expressed genes
radioactive nor toxic; 5) (im grtant re )Lilatop enegwill
GATA4, MAOA, CCNC, MASL1 . adaptable and comprehensive P 9 v
PPARBP. GRB7 ' ' gastric cancer [18] be overlooked
hsa-miR-141, hsa-miR-200c Epithelial cancer [21]
p53csv, ddx, maokapk2, ranbp2 Myeloma [22] SAGE 1) Test the expression of 1) length of a tag is short 2) the
- - thousands of gene restriction enzyme does not
biglycan, IGFBP 5, claudin-4 IcC (23] simutaneously 2) identify the always yield same length
ACOX2 HCC [26] 5'SAGE gene of interest automatically fragments
Proteomics
Ca’, RDH 1, pRBP precursor, CRBP I, NE.
DNMTs HCC [33] 2-DE-MS
FABP, annexinV, HSP-27, annexin |, 1) 2-DE-MS is most widely
galectin-1 etc. bladder cancer [47] 2-DE- used simultaneously profiles
MS/MS hundreds of proteins; 2) 2D- .
TTHY, KPYM, FUMH, HYOU gastric cancer [48] DIGE high sensitivity and 1) 2-DE-MS, relative low
accuracy; 3) SILAC, sr(]ensm\;lty, 2) Needdto enhance
L-plastin, Rho GTPase dissociation ALL [53] 2D-DIGE quantitative proteomic the per 0!’”_1'3_“0.9 an
inhibitor 2 - s reproducibility; 3) Instruments
technologies with higher p
sensitivity: 4) ICAT, apply to and reagents can be expensive;
PGAM1 HCC [55] WO indiv)gaual popu’IatFi)gnz' 5) 4) Difficult to fully use the large
- - - - SILAC . - o amounts of data
HSPG2, CD9 antigen, integrin 1, pancreatic cancer iTRAQ simultaneously quantify
FAM3C [56] protein samples from 4
— — - individual groups
vitamin D-binding protein breast cancer [58] ICAT
S100A6, Annexin A2 HCC [59] iTRAQ
Metabolomics
EI(;SP:L AIF, proteins of dehydrogenase RCC [74] LC-MS/MS
1) high-sensitivity; 2) robust and .
cathepsins, IGFBP breast cancer [76] LC-MS reproducible; 3) wide analytical .1) more cost!y, 2) suffer from
range ion suppression
o : HCMV-infection Bc-
fatty acid biosynthesis (such as ACC) [79] LC/MS/MS
MCTs breast cancer [81] 1) nondestructive; 2) sample e
BCNMR preparation is straight-forward 1 I(IJV;/.seInsnlvnyZand smal!
Ala-C2 etc. breast cancer [83] and automated analytical range; 2) expensive
TTHY = Transthyretin
ABBREVIATIONS
FUMH = Fumarate hydratase
SAGE = Serial analysis of gene expression . .
y g P HYOU = Hypoxia up-regulated proteinl
MS = Mass spectrum . .
P KPYM = Pyruvate kinase muscle isozyme
NMR = Nuclear magnetic resonance .
g MCT = Monocarboxilate transporters
HCC = Hepatocellular carcinoma .
P ACL = ATP citrate lyase
ICC = Intrahepatic cholangiocarcinoma oo .
P g SREBP = Sterol regulatory element binding protein
ALL = Acute lymphocytic leukemia
RCC = Renal cell carcinoma REFERENCES
RDH = Retinal dehydrogenase 1 [1] Weiner, N. Cybernetics or Control and Communication in the
. L . Animal and the Machine. MIT Press: Cambridge, 1948.
pRBP = Plasma retinol-binding protein [21 Kitano, H. Systems biology: a brief overview. Science, 2002,
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