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High-throughput molecular analysis in lung

cancer: insights into biology and potential

clinical applications
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ABSTRACT: During the last decade, high-throughput technologies including genomic,

epigenomic, transcriptomic and proteomic have been applied to further our understanding of

the molecular pathogenesis of this heterogeneous disease, and to develop strategies that aim to

improve the management of patients with lung cancer. Ultimately, these approaches should lead

to sensitive, specific and noninvasive methods for early diagnosis, and facilitate the prediction of

response to therapy and outcome, as well as the identification of potential novel therapeutic

targets.

Genomic studies were the first to move this field forward by providing novel insights into the

molecular biology of lung cancer and by generating candidate biomarkers of disease

progression. Lung carcinogenesis is driven by genetic and epigenetic alterations that cause

aberrant gene function; however, the challenge remains to pinpoint the key regulatory control

mechanisms and to distinguish driver from passenger alterations that may have a small but

additive effect on cancer development.

Epigenetic regulation by DNA methylation and histone modifications modulate chromatin

structure and, in turn, either activate or silence gene expression. Proteomic approaches critically

complement these molecular studies, as the phenotype of a cancer cell is determined by proteins

and cannot be predicted by genomics or transcriptomics alone.

The present article focuses on the technological platforms available and some proposed

clinical applications. We illustrate herein how the ‘‘-omics’’ have revolutionised our approach to

lung cancer biology and hold promise for personalised management of lung cancer.
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L
ung cancer is the leading cause of cancer-
related mortality worldwide among both
males and females, with .1 million deaths

annually [1]. Despite recent advances made in
diagnosis and treatment strategies, nonsmall cell
lung cancer (NSCLC) prognosis remains poor,
with a 5-yr overall survival of 15% [1]. More than
60% of patients are diagnosed with advanced or
metastatic disease, mainly due to a lack of early

diagnosis tools, and are subsequently not eligible
for surgical resection. Although surgery offers
the best chance for a cure, 5-yr overall survival
remains disappointing at 50% [2]. Recent studies
have shown that survival might be improved by
platinum-based adjuvant chemotherapy [3, 4],
but which patients might benefit from it is not
clear. In recent years, some new methods have
been developed for high-throughput molecular
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analysis of tumours and have provided markers as powerful
tools for the development of innovative diagnostic and
therapeutic strategies in cancer. Genomic studies have been
pioneering in providing information on lung cancer molecular
biology [5], followed by clear evidence that both genetic and
epigenetic alterations are driving carcinogenesis. More
recently, proteomic approaches were revealed to be crucial,
as the phenotype of a cell is determined by proteins and cannot
be predicted by genomics or transcriptomics alone. Indeed,
expression levels of proteins are poorly correlated with those
of messenger RNA [6], and proteins are commonly subject to
post-translational modifications (e.g. phosphorylation, glyco-
sylation) that may modify their functions. This article evaluates
the four main categories of high-throughput molecular
analysis (genomics, epigenomics, transcriptomics and proteo-
mics) and summarises lessons learned in lung cancer biology
and their upcoming new clinical applications.

METHODOLOGICAL ASPECTS
A summary of selected high-throughput methodologies is
presented in table 1.

Genomics
Genomics is the study of an organism’s entire genome. The
most important of the related technologies are high-through-
put capillary sequencing, comparative genomic hybridisation
(CGH) arrays and single-nucleotide polymorphism (SNP)
arrays.

Global genome sequencing
Global genome sequencing has made major improvements
from gel-based sequencing to automated reading of the TGCA
oligonucleotides [7–9]. A better separation system, called
capillary electrophoresis, allows DNA to be sorted inside

capillary tubes instead of in a gel, which allows the automation
of the DNA loading system, leading to an increase in
throughput and higher speeds. The new sequencers do not
use the old chain-termination paradigm; instead sequencing-
by-synthesis technology binds short fragments of DNA to
small beads that are dropped into wells in a fibreoptic chip.
The DNA adds another molecule to its chain. When that
happens, the sequencer identifies which wells used a T or G
molecule, indicating which base is next in the sequence. The
assembly of these pieces of DNA is a major challenge and may
require multiple runs through a sequencer before the complete
sequence of the genome can be assembled.

CGH arrays

CGH arrays are used to study genomic copy number
variations at high resolution [10–12]. Pieces of genomic DNA
(bacterial artificial chromosome, PCR products representative
of genomic sequences or cloned cDNA) with known chromo-
somal location and serving as target DNA are spotted on a
glass slide. Test (cancer) and reference (normal) DNA are
labelled with different fluorophores and simultaneously
hybridised to clone the target chromosomal fragments. The
ratio of fluorescence intensity of cancer to normal DNA is
calculated to measure the copy number changes for a
particular genomic location.

SNP arrays

SNP arrays allow accurate measurement of cancer-specific loss
of heterozygosity in a high-throughput manner. Detecting loss
of heterozygosity across the genome allows identification of
patterns of allelic imbalance with potential prognostic and
diagnostic utilities. It can also detect small regions of copy
number alterations by producing genomic maps of high

TABLE 1 Selected high-throughput technologies

Nature of analytes Number of analytes Detected abnormalities

Genomics

Global genome sequencing Genomic DNA Unlimited Mutations

CGH arrays Sequences of genomic DNA (bacterial artificial

chromosomes, PCR products or cloned cDNA)

Up to 2 million probes Copy number alterations

SNP arrays Oligonucleotides (sequences of 25 bases

characteristic of a gene)

Up to 2 million probes Polymorphisms, loss of heterozygosity,

copy number alterations

Epigenomics

DNA methylation arrays Oligonucleotides covering whole genome or CpG

islands +/- promoters

Up to 385000 probes DNA hyper- or hypo-methylation

Transcriptomics

Gene expression arrays Oligonucleotides or cDNA Up to 385000 probes Modification of gene expression levels

miRNA expression arrays Oligonucleotides (sequences of 8 to 9 bases) Up to 1300 probes Modification of miRNA levels

Proteomics

Two-dimensional gel electrophoresis Proteins, peptides 100–1000 proteins Modification of proteins relative

abundance and activityMALDI-TOF MS Proteins, peptides 100–300 features

Tandem MS Peptide sequences 500–5000 proteins

Protein arrays Lysates, proteins, peptides Hundreds of probes

Tissue microarrays Tissue biopsies Hundreds of tissue specimens

CGH: comparative genomic hybridisation; SNP: single-nucleotide polymorphism; miRNA: microRNA; MALDI-TOF MS: matrix-assisted laser desorption ionisation time-of-

flight mass spectrometry.
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resolution [13, 14]. SNP arrays are commercially available in
10,000, 100,000, 500,000 and up to 2 million SNP loci formats.
They are synthesised by photolithography and contain up to 40
separate oligonucleotide probes for each SNP locus, represent-
ing both mismatch and perfect match probes. After DNA
labelling and hybridisation, fluorescence intensities are mea-
sured for each allele of each SNP.

Epigenomics
Epigenomics is the large-scale study of epigenetic modifica-
tions, i.e. heritable changes in gene expression without DNA
sequence alterations, mainly DNA methylation and histone
post-translational modifications.

Different techniques are available for the detection of DNA
methylation, based on the ability to distinguish cytosine from
5-methylcytosine in the DNA sequence, as follows: DNA
digestion by a methylation-sensitive or -insensitive restriction
endonuclease, DNA chemical modification by sodium bisulfite
or metabisulfite, and 5-methylcytosine immunoprecipitation to
separate the methylated and unmethylated fractions of the
genome. All these techniques are now coupled to high-
throughput technologies. Early epigenomic approaches used
custom-made, slide-based arrays of CpG-rich regions corre-
sponding to methylated or unmethylated DNA [15]. Later,
because of their better precision and quantitative potential, the
commercially available high-density oligonucleotide arrays
were used [16].

So far, there is no high-throughput method to study histone
modifications. However, chromatin immunoprecipitation-on-
chip technology is a microarray platform upon which
immunoprecipitated DNA is hybridised against known
probes; it allows the assessment of chromatin states [17].

Transcriptomics
Transcriptomics or global analysis of gene expression is the
study of the transcriptome, the complete set of mRNA
transcripts produced by the genome. The most common
related high-throughput technologies are gene expression
arrays (oligonucleotide and cDNA arrays) and microRNA
(miRNA) expression arrays.

Gene expression arrays
Over the past 15 yrs, methods have been developed for the
purpose of measuring semiquantitatively the relative abun-
dance of transcribed genes in a given tumour sample [18].
Gene expression arrays mostly make use of matrix-bound
probes to which processed mRNA templates of the analysed
specimens will hybridise. Two major types of arrays have been
developed for that purpose: oligonucleotide and cDNA arrays.
While the former makes use of short oligonucleotides
synthesised on the array matrix, the latter type of array
employs probes of copy-DNA. Following hybridisation of a
pre-processed and fluorescently labelled mRNA sample
extracted from the tumour specimen, the arrays are scanned
and transcript abundance is measured as a direct correlate of
signal intensity. Following data normalisation, data can be
analysed using a virtually unlimited array of computational
and statistical methods. The two general approaches most
commonly used for the study of cancer specimens involve
methods for unsupervised clustering and supervised learning

methods. While unsupervised methods allow self-organisation
of data matrices according to similarity of features, supervised
learning methods can yield gene sets or signatures of genes
that can distinguish between a priori defined subsets of
tumours. For example, one may define two groups of tumours
according to clinical outcome (‘‘poor survival’’ and ‘‘good
survival’’ groups). Supervised learning methods, such as those
involving K-nearest neighbour-based prediction methods can
now help to identify those sets of genes whose transcriptional
levels can best distinguish between the two groups [19]. In
order to minimise the risk of overfitting the predictive
signature, such approaches typically involve validation of the
predictor in a separate dataset or by splitting the original
dataset into a learning and test set. In the latter case, the
predictor is built using the learning set and then validated in
the test set. Also, the stability of the predictor is typically tested
by random permutation of the data. By contrast, hierarchical
clustering methods can help identify subgroups of tumours not
known a priori that are characterised by a typical transcrip-
tional signature.

miRNA expression arrays

miRNAs are single-stranded, small (18 to 24 nucleotides in
length), noncoding RNAs that negatively regulate gene
expression by binding to and modulating the translation of
specific mRNAs. Each miRNA appears to regulate the
translation of multiple genes, and many genes appear to be
regulated by multiple miRNAs. miRNA microarrays enable
the comparison of miRNA expression profiles of different
tissues [20]. Total RNA from tumour and normal tissues are
isolated and then gel fractionated using an electrophoresis
system designed to speed up small RNA fractionation and
isolation. miRNA fractions for each sample are labelled with
different fluorophores. Labelled miRNAs are hybridised with
slides arrayed with up to 1,300 distinct probes of eight to nine
nucleotides. The ratio of fluorescence intensity of cancer to
normal miRNA is calculated to measure the changes in
expression levels for a particular miRNA sequence.

Proteomics
Proteomics is the large-scale study of proteins, particularly
their structure and functions. Several high-throughput tech-
nologies have been developed.

Two-dimensional gel electrophoresis

This technique relies on polyacrylamide gels that separate
proteins based first on their charge and then on their molecular
weight. Gels are scanned with laser densitometers and analysed
with software allowing the semiquantitative visualisation of
.500–1,000 proteins per gel [21]. Individual protein spots of
interest can be digested into peptides for sequence analysis by
mass spectrometry (MS). A recent modification of this technique
is the differential in gel-electrophoresis (DIGE), used to compare
two protein mixtures from two different cell types directly on the
same gel. The two pools are labelled with different fluorescent
dyes, mixed together and run on the same gel [22]. Identical
proteins from the two pools co-migrate and are independently
detected by quantitative fluorometry. Differentially expressed
proteins of interest are identified by alterations in the ratios of the
two fluorescent signals. When samples are run on different gels, a
third fluorescent dye is used as an internal standard allowing the
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normalisation of all spots across all gels. The standard is
composed of a pooled sample containing equal amounts of both
test and control samples.

Matrix-assisted laser desorption ionisation time-of-flight MS

Matrix-assisted laser desorption ionisation time-of-flight MS
(MALDI-TOF MS) is a high-throughput technique that
analyses with high sensitivity and specificity proteins
expressed in complex biological mixtures, such as serum,
urine and tissues [23, 24]. It requires sample co-crystallisation
with a matrix that absorbs laser energy and subsequently ejects
and ionises molecules into the gas phase. Ions are then
accelerated from the ion source by a fixed potential difference
and travel a fixed-length, field-free distance before reaching
the detector at a speed inversely proportional to their m/z
ratios (lighter ions are faster to reach the detector than heavier
ions with the same charge). The time taken by each ion to hit
the detector creates a signal and indicates an m/z ratio of a
given ion with a particular intensity. This methodology has
been extensively applied to proteomic profiling of biological
specimens as described below.

Liquid chromatography tandem MS

This technique combines high-performance liquid chromatogra-
phy (LC) with electrospray ionisation MS, ionising and vaporis-
ing proteins from liquid solutions [25]. The multidimensional
fractionation of biological samples coupled with this technique
allows deeper interrogation of the proteome. The shotgun
proteomic analysis platform uses digestion of the sample with
site-specific proteases, multidimensional separation of peptides
by strong cation exchange chromatography, such as in the
multidimensional protein identification (MudPIT) technology
[26–28] or isoelectric focusing [29, 30], followed by reverse phase
(RP) LC separation coupled directly to a tandem MS instrument
(MS/MS) (fig. 1). The most abundant peptides are sequentially
selected for MS/MS analyses. Resulting fragment ions are then
analysed in a second MS scan according to their m/z ratios. Based
on the fragments produced in the collision cell and their precise
molecular weight, the peptides sequence can be derived [31].
Through comparisons with predicted sequences of same nominal
mass in databases, peptides are identified and the proteins from
which they came are deduced.

Protein arrays

Protein arrays offer an efficient way of simultaneously
analysing multiple samples or proteins in a high-throughput
manner. The two main forms are forward- and reverse-phase
arrays. In forward-phase arrays, hundreds of specific anti-
bodies, or bait proteins, are arrayed on a glass slide and one
protein extract sample, representing one specific condition, is
placed on the array. Expression levels or post-translational
modifications of hundreds of proteins are analysed in a single
experiment [32]. In reverse phase arrays, hundreds of tissue
protein extracts or recombinant proteins are placed on glass
slides and probed with a single antibody [33] or a drug
candidate for drug development [34]. Expression levels of a
given protein are evaluated in multiple samples.

Tissue microarrays

In tissue microarrays (TMAs), up to 3,000 cylindrical tissue
biopsies (0.6 mm in diameter) from individual tumours are

distributed in a single paraffin block. Sections of the block
provide targets for parallel in situ detection of DNA, RNA and
proteins in each specimen on the array, and consecutive
sections allow the analysis of hundreds of molecular markers
in the same set of specimens [35, 36].

Considerations for tissue collection
The majority of the discovery efforts are based on the
collection, storage and processing of tissue specimens obtained
at the time of surgery, bronchoscopy or other diagnostic
procedures. After informed consent, all biological specimens
need to be collected under a standard operating procedure and
quality control strategies must be in place to guarantee
adequacy of the samples. This requires a concerted effort
between clinicians, pathologists and research coordinators.
Profiling using high-throughput technologies in biological
fluids or tissue samples is best served by the use of fresh
frozen materials. Tumour-derived markers are likely to be
present at lower levels in blood and other biological speci-
mens. Thus, the dynamic range of analytes concentration in
biological specimens adds a critical dimension of technical
considerations to the successful molecular analysis. Difficulties
related to the lack of standardisation of the methodology,
result in large variations between the results of different
studies and making the translation of most discovery efforts to
clinical practice difficult. To address these issues, huge efforts
have been undertaken [37, 38], including the one at the Office
of Biorepositories and Biospecimen Research (National Cancer
Institute, Bethesda, MD, USA).

The use of formalin-fixed, paraffin-embedded tissue has many
advantages. It allows the use of large collections of tissue
available, which are fully annotated and easier to handle.
Methods of extraction allow the recovery of quality DNA,
RNA and proteins for high-throughput discovery and valida-
tion strategies. However, issues around the methods of
preservation and the small amount of tissue available still
render these efforts challenging [39]. Promising single-mole-
cule sequencing and high-throughput oncogene mutation
profiling represent strategies that may be applicable to small
clinical samples in the future to address personalised medi-
cine. However, before the next generation of sequencing enters
clinical use, issues of cost, data analysis and interpretation will
have to be resolved.

BIOLOGICAL INFERENCES FROM HIGH-THROUGHPUT
MOLECULAR ANALYSES OF LUNG CANCER

Discovery of critical mutations by systematic re-sequencing
of genes in tumours
An area that has recently provided a rich source of clinically
relevant information is the systematic re-sequencing of genes in
tumour specimens. These studies were inspired by the
observation that genetically activated kinases represent excel-
lent therapeutic targets. Kinases were among the most heavily
sequenced genes in systematic cancer gene re-sequencing
efforts. Early discoveries from these projects include the
discovery of BRAF mutations in thyroid, colorectal and lung
cancers, as well as in a majority of malignant melanomas [40].
The fraction of BRAF-mutant lung cancers appears to be ,5%
and to be exclusively restricted to lung adenocarcinomas [41].
This observation has led numerous pharmaceutical companies
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to launch drug discovery programmes dedicated to specific
targeting of BRAF-dependent tumours. Trials investigating the
efficacy of these agents are ongoing in several tumour types [42].
Whether BRAF-mutant lung cancer can be successfully treated
with inhibitors targeting downstream pathway members of
BRAF remains to be established. In another study, mutations in
the gene encoding the catalytic subunit of the class-1a
phosphoinositide-(3,4,5)-kinase (PIK3CA), were found in a large
fraction of epithelial cancers [43]. While frequency of these
mutations was found to be ,5% in lung cancer, PIK3CA is the
most frequently mutated oncogene in breast cancer and is also
frequently mutated in colorectal cancer. In several functional
analyses, these mutations were found to be oncogenic by

activating the Akt survival pathway [44]. Most recently, pre-
clinical studies involving new generation phosphoinositide
(PI)3-kinase inhibitors suggest that tumours carrying these
mutations might be exclusively sensitive to such treatment
[45]. Since some of these agents are currently being developed in
early clinical trials, there is considerable hope that they might be
clinically efficient in multiple solid tumours. This hope is
supported by the observation that tumours driven by onco-
genically activated receptor tyrosine kinases frequently exhibit
activation of the PI3-kinase/Akt pathway.

The most groundbreaking discovery made in these projects
was the finding that the receptor tyrosine kinase epidermal
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(fragmentation spectrum)
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FIGURE 1. Schematic representation of ‘‘bottom up’’ or shotgun analysis. A protein mixture is first digested (by trypsin) and the resulting peptides are separated by

multidimensional liquid chromatography (typically strong cation exchange followed by reverse-phase separation) coupled online to a mass spectrometer. As they elute, the

m/z ratios of the peptides are first determined, followed by one or several mass spectrometry (MS)/MS scans from the most abundant peptide signals (y5, y6 and y7 are m/z

values for ‘‘y-ions’’ and b4 is the m/z value for a ‘‘b-ion’’. The fragment peaks that appear to extend from the amino terminus are termed "b’’ ions, and those that appear to

extend from the C-terminus are termed ‘‘y ions’’). This cycle is repeated until all of the peptides have eluted from the chromatography column. For each precursor peptide

selected for MS/MS, peptides of similar nominal mass are extracted from sequence databases and predicted fragmentation patterns are derived in silico. These patterns are

then compared with the experimental fragmentation spectrum to generate correlation scores. Positive identification of a protein is based on the observation of two or more

peptides issued from its sequence.
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growth factor receptor (EGFR) is mutated in ,10% of
Caucasian and up to 40% of East-Asian patients with NSCLC
[46–49]. These mutations were enriched in patients who were
of East-Asian ethnicity, who had never smoked and whose
tumours were of lung adenocarcinoma histology. These
features were closely related to those of patients who had
experienced responses when treated with the EGFR tyrosine
kinase inhibitors erlotinib or gefitinib. In fact, exon re-
sequencing revealed mutations in the EGFR kinase domain
in responders to gefitinib or erlotinib but not in nonresponders.
Thus, mutant EGFR appeared to be an additional example of
successful therapeutic targeting of oncogenically activated
tyrosine kinases. Unfortunately, all patients initially respond-
ing to EGFR inhibitors will eventually relapse. Systematic
genetic analyses of tumour biopsies obtained at the time of
relapse revealed a second site mutation of EGFR as the
causative mechanism. This mutation, T790M, is analogous to
the T315I mutation of ABL, causing acquired resistance in
chronic myeloid leukaemia patients who initially responded to
imatinib [50–52]. Functional cell and structural biology studies
have now proven, on a formal level, the causative nature of the
T790M mutation in acquisition of resistance. An additional
mechanism of acquired resistance is the de novo amplification
of the MET receptor tyrosine kinase gene [53, 54]. Importantly,
this mechanism was identified using in-depth cell biology and
cancer genome analyses in cell line experiments and subse-
quently validated in patient specimens. This discovery, there-
fore, further supports the use of cell line experiment as pre-
clinical proxies with substantive clinical relevance.

Numerous trials have been performed since the discovery of
EGFR mutations in lung cancer with the goal of defining the
role of EGFR mutations’ detection as a tool to select patients for
treatment with EGFR inhibitors. Although a detailed discus-
sion of the results from these trials is beyond the scope of this
review, we would like to highlight some central results.
Importantly, trials selecting patients based on the presence of
EGFR mutations or on clinical characteristics of EGFR muta-
tions (Asians, never-smokers, adenocarcinomas) consistently
yielded response rates exceeding 70% and led to median
overall survival exceeding 20 months [55–59]. Although these
results led to widespread excitement in the community, as they
suggested an effective treatment for a significant subgroup of
lung cancer patients, it was suggested that EGFR mutations
were prognostic rather than predictive. These results were
initially supported by a study by EBERHARD et al. [60]
suggesting that EGFR-mutant patients had a better overall
survival independent of treatment. The study by EBERHARD et
al. [60] was recently confirmed by findings of the Iressa Non-
small cell lung cancer Trial Evaluating REsponse and Survival
against Taxotere (INTEREST) trial [61], which failed to show a
benefit in overall survival for EGFR-mutant patients with
gefitinib. In fact, progression-free survival in this trial was
significantly better for EGFR-mutant patients receiving gefiti-
nib. Most recently, the results from the IRESSA Pan Asia Study
(IPASS) trial [62] comparing gefitinib and carboplatinum plus
docetaxel in East-Asian never- or ex light-smokers with
adenocarcinomas were reported. This trial not only confirmed
a clear survival benefit for EGFR-mutant patients treated with
gefitinib but also showed that EGFR mutation-negative
patients receiving gefitinib had the worst prognosis.

Altogether, these findings show that EGFR mutations are in
fact predictive for treatment outcome in patients receiving
EGFR inhibitors and that patients without EGFR mutations
should not be treated with these agents; thus, EGFR mutation
testing should be mandatory before treating lung cancer
patients with EGFR inhibitors.

In independent studies, EGFR copy number gain and amplifica-
tion were found to be better markers of treatment outcome in
patients receiving gefitinib or erlotinib than the presence of EGFR
mutations [55, 63–65]. However, concerns were raised with
respect to the methods used for mutation detection and for
criteria of copy number assessment. Furthermore, mutation
detection using conventional sequencing methods is hampered
by low sensitivity, in particular in samples with high admixture
of nontumoural cells (see following section). In contrast, detection
of chromosomal copy number gains is far less sensitive to sample
impurity. Given the fact that EGFR mutations are highly
correlated with EGFR copy number gains and amplifications
([66] and R.K. Thomas, Max Planck Institute for Neurological
Research, Köln, Germany; personal communication), it is tempt-
ing to speculate that findings suggesting a predictive role for
EGFR copy number gains/amplifications might be reflective of
the low sensitivity in EGFR-mutation detection.

One important issue to consider when interpreting results
from studies reporting the frequency and clinical relevance of
somatic oncogene mutations is the fact that the most widely
used method for mutation detection in cancer specimens, di-
deoxy nucleotide sequencing [67], is hampered by low
sensitivity. In particular, this applies to samples with an
admixture of nontumoural cells, a typical feature of most
biopsy specimens analysed in the clinic. For example, in a
patient series of 22 specimens enriched for the presence of
EGFR mutations that had been previously heavily sequenced
using the Sanger method [47], definite determination of EGFR
mutation prevalence showed that conventional sequencing
had missed three mutations [68]. By contrast, recently
developed genetic analyses methods that were originally
designed to enable rapid genome sequencing afford accurate
and independent sampling of all allele species present within a
given tumour specimen. Using the array-based picotitre
pyrosequencing-by-synthesis technology developed by 454
LifeSciences (Roche Diagnostics, Base, Switzerland), oncogene
mutations were discovered in samples where conventional
sequencing had failed to do so. This approach accurately
detected mutations in formalin-fixed, paraffin-embedded
tissue specimens [68]. Furthermore, it yielded accurate muta-
tion diagnosis at extreme sensitivity (e.g. down to allelic
representations of 1%) and allowed the identification of the
gatekeeper mutation T790M, associated with resistance to
EGFR inhibitors, in malignant pleural effusion specimen
(fig. 2). Thus, the dramatic limitations of conventional sequen-
cing can easily be overcome employing novel genome analytics
when used in the context of clinical genetic diagnostics.

In another project termed OncoMap, genotyping assays were
designed for .200 known oncogene mutations in 17 oncogenes
covering multiple classes (e.g. receptor tyrosine kinases,
intracellular tyrosine kinases, serine-threonine kinases and
small GTPases). A mass spectrometric genotyping method
(Sequenom) was applied to genotype this panel of oncogene
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mutations across 1,000 human cancer specimens, covering
multiple tumour types. This approach was highly accurate,
sensitive and specific. Most importantly, due to the scalability
and rapidity of this method, we were able to profile all 1,000
tumours within a few weeks of the time of the experiment and
at a reasonable cost [69].

The efforts to fully characterise the genomes of major human
cancer types [70–74] revealed that beyond known cancer-
related genes, many additional genes are mutated in indivi-
dual cancers. However, most of these mutations occurred only
in a single tumour, suggesting that each tumour is composed
of an individual set of mutations contributing to tumorigen-
esis. The average number of mutations per tumour of a given
entity ranged from 48 in pancreatic cancer to 101 in breast
cancer [71]. Ultimately, functional cell biology experiments will
be required to establish the individual contributions of these
mutations to oncogenic transformation. Such efforts will need
to afford assaying cell biology at high-throughput in order to
cope with the multitude of genetic lesions discovered by high-
throughput cancer genome profiling.

Finally, technologies are being developed that will help to
potentiate the throughput and sensitivity in genome sequen-
cing. When considering that in contrast to discovery-oriented
genome profiling projects that employ specimens enriched for
high tumour content, the prototypical diagnostic specimen in
the clinic is a small piece of formalin-fixed transbronchial
biopsy with large amounts of necrosis and numbers of
inflammatory cells. Technologies such as single-molecule
sequencing or high-throughput oncogene mutation profiling
represent good examples of how these problems can be tackled
in order to ensure accurate diagnosis and optimal patient
stratification for targeted therapy.

Stable genomic alterations in lung tumours measured by
array CGH tell us about tumour behaviour
Over the last 10 yrs, we have learned that somatic molecular
alterations in cancers yield signatures that can be used for

sub-classification [75–77], and that they provide information
relevant to predicting patient survival [75, 78], risk of recurrence
[79] and response to therapy [76, 80]. Nevertheless, NSCLC is
still largely managed as a single major entity using similar
preventive, diagnostic and therapeutic approaches. Chrom-
osome abnormalities often correlate with molecular abnormal-
ities and provide a starting point for gene discovery and
characterisation in the context of a specific disorder [81]. In
cancer biology, chromosomal abnormalities carry diagnostic,
prognostic and predictive value of response to treatment. The
Cancer Gene Consensus of the Cancer Genome Project at the
Sanger Institute [82] contains 363 cancer genes, among which 292
are oncogenes otherwise commonly activated by translocation.
Recent studies report 138 hot spots of genomic amplification
(across 104 human cancer cell lines) [83]. The authors identified
,50% of putative oncogenes in the previous study showing
genomic amplification. In lung cancer cell lines, an average of 32
regions of amplification was detected per genome. Taken
together, these data suggest that genomic amplification may be
a common mechanism of oncogene activation.

The use of array CGH based on high density of bacterial
artificial chromosome clones, cDNA microarrays, oligonucleo-
tide arrays or SNP arrays combined with mRNA expression
arrays has greatly improved the resolution of traditional CGH
and has facilitated identification of new candidate genes across
the genome [84–87]. Among the prevalent chromosomal
changes in lung cancer, chromosome 3q amplification is one
of the most frequent and is an early event in lung as well as in
aero-digestive tract tumours [88, 89]. The amplification of the
distal portion of chromosome 3q in lung cancer is a major
signature of neoplastic transformation [90]. It is found in early
stages of lung cancer development, including severe bronchial
dysplasia, and is maintained throughout the progression of
cancer as well as in metastatic stages [91]. A causal relationship
between smoking history and 3q amplification has been
suggested but has not yet been proven. The size of the
amplicon varies greatly between tumours and spans from
chromosome 3q22 to 3qter, with a most frequent region of
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amplification in squamous cell carcinoma between 3q26 and
3q29 (,35 Mb). High-throughput technologies will eventually
allow the integration of complex molecular analyses and shed
light on the role of this amplicon in lung cancer.

Airway epithelium in the field of carcinogenesis: the
oncogenic battleground
Carcinogen exposure induces diffuse epithelial injury, with
genetic changes and premalignant/malignant lesions in one
region of the field representing an increased risk of cancer
development in the entire field. The impact of smoking on airway
transcriptome has been the subject of recent investigations.

One of these investigations, using Affymetrix HG-U133A and
HG-U133 Plus 2.0 arrays (Affymetrix, Santa Clara, CA, USA) to
study small airway bronchial epithelium, found 300 genes
significantly up- or down-regulated in phenotypically normal
smokers (n516) compared to matched nonsmokers (n517),
including genes coding for response to oxidants and xenobio-
tics, immunity and apoptosis [92]. Moreover, variability in
small airway epithelium gene expression among phenotypi-
cally normal smokers was shown, suggesting a genetic factor
in response to smoking [93, 94].

Patterns of gene expression that occur in bronchial airway
epithelial cells obtained via bronchoscopy from healthy current,
former and never-smokers have also been explored by high-
density oligonucleotide microarray analysis [95]. Airway
epithelial cells were obtained by brushing of the main stem
bronchus. RNA was isolated, processed and hybridised onto the
Affymetrix HG-U133A array. In that study, Spira et al. [95]
identified gene expression changes that occur in response to
smoke exposure and demonstrated that the expression of a
number of genes correlated with cumulative tobacco exposure.
Using Affymetrix HG-U133A microarrays, the same group
performed gene expression profiling of histologically normal
large airway (main stem bronchus) epithelial cell brushings
obtained from current and former smokers undergoing flexible
bronchoscopy as a diagnostic study for the suspicion of lung
cancer at four medical centres [96]. Each subject was followed
until a final diagnosis of lung cancer or an alternate diagnosis
was made. In a training set of 77 samples, they identified an 80-
gene biomarker that distinguishes smokers with and without
lung cancer. The biomarker was tested on an independent test
set (n552), with an accuracy of 83% (80% sensitive, 84%
specific), and subsequently validated on prospective series
independently obtained from five medical centres (n535). These
results suggest that tobacco smoke induces a cancer-specific
field of injury throughout the airway epithelium, with potential
value as a marker of diagnosis and/or risk. More recently, the
same group used a clinical and combined genomic model that
proved the biomarker independence from other clinical factors
and showed its higher prediction accuracy (fig. 3) [97]. In
patients with suspicion of lung cancer, this marker may improve
the diagnostic sensitivity of histological assessment and reduce
the use of additional diagnostic tests that are invasive and
expensive. Moreover, it could be tested as a candidate
biomarker of risk of lung cancer development and as inter-
mediate end-point biomarker of response to chemopreventive
strategies.

Potential of gene expression profiles to analyse oncogenic
pathways
Carcinogenesis is a complex process characterised by the
accumulation of multiple independent genetic alterations,
often involving overexpression of oncogenes and loss of
tumour suppressor genes. These genetic alterations disrupt
the normal regulation of cell signalling pathways, essential for
the control of cell growth, differentiation and apoptosis.
Several studies have demonstrated the potential of gene
expression profiles to analyse oncogenic pathways and to
describe the complexity of cancer phenotype [98–102].

In a recent study, gene expression profiles characterising
activated pathways were found after infection of quiescent
primary mammary epithelial cells with adenovirus to express
relevant genes and artificially activate pathways of interest
[103]. The ability of each signature to accurately assess the
corresponding pathway status was verified by internal valida-
tion measures, by the use of three mouse tumour models
(mouse mammary tumour virus-Myc, Ras, E2F3) and by use of
adult mouse tumours in which Ras activity was activated by
homologous recombination. Pathway activities were then
evaluated in NSCLC samples. Ras pathway deregulation was
found in most adenocarcinomas as opposed to squamous cell
carcinoma, suggesting its role in adenocarcinoma develop-
ment. Tumours with high Ras activity were also predicted to
have low levels of Myc, E2F3, b-catenin and Src activity, and
vice versa. Patients with deregulation of Ras associated with b-
catenin, Myc and Src constituted a poor survival population.
Finally, investigators successfully used the pathway deregula-
tion signatures to predict sensitivity to therapeutic agents
targeting the corresponding pathways in cancer cell lines. This
study is a good illustration of how integrated pathway analysis
develops our understanding of carcinogenesis. Moreover, this
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approach may be helpful for a better categorisation of patients
with lung cancer, in terms of histology and also outcome, in an
attempt to address the need for personalised therapy. Finally,
this strategy represents a promising tool to guide the use of
combined targeted therapies.

Role of epigenetic events in tumour progression
Recently, it is becoming clear that epigenetic events, such as
DNA methylation and histone modifications, are also central to
tumour progression.

Genomic DNA hypomethylation, leading to genomic instabil-
ity, as well as aberrant promoter hypermethylation, leading to
inactivation of tumour suppressor genes [104], have been
shown to be common events in human cancers. In patients
with lung cancer, promoter hypermethylation has been
detected in blood [105], bronchial lavages [106], induced
sputum [107] and pleural fluid [108]. TP16 promoter methyla-
tion was found in sputum of smokers up to 3 yrs before their
clinical diagnosis of squamous cell carcinoma [109], and has
thus been proposed as a biomarker for early detection of lung
cancer and monitoring of prevention trials [110, 111].
Furthermore, methylation of the promoter region of four genes
(TP16, CDH13, RASSFIA and APC) in patients with stage I
NSCLC was associated with early recurrence (fig. 4) [112].
With the development of high-throughput technologies, novel
target genes for aberrant methylation have been identified
[113, 114]. Protein expression of one of them, OLIG1, correlated
significantly with survival in lung cancer patients [115].

Chromatin is an important player in gene expression regula-
tion, and alterations in its structure have been linked to cancer
development, through DNA methylation and also histone
hyper- or de-acetylation (depending on the target gene). The
acetylated state of histones is associated with transcriptional
activity, and it has been shown that active histone acetylation
plays a role in re-expression of silenced tumour suppressor

genes [116]. Recent studies indicate an antitumour activity of
histone deacetylase inhibitors against NSCLC [117–119].

Alterations of miRNA expression may deregulate cancer-
related genes
Through gene expression regulation, miRNAs seem to be
involved in diverse cellular functions, such as proliferation,
differentiation, death and stress resistance [120]. Expression
levels of miRNAs have been reported to be dysregulated in
human cancer, suggesting a role in oncogenesis.

In a study analysing 104 pairs of NSCLC and corresponding
normal lung tissues, an expression profile of 43 miRNAs
discriminated lung cancers from noncancerous lung tissues
[121]. Six miRNAs (hsa-mir-205, hsa-mir-99b, hsa-mir-203, hsa-
mir-202, hsa-mir-102 and hsa-mir-204-prec) were differentially
expressed in adenocarcinomas and squamous cell carcinomas,
with higher expression levels of hsa-mir-99b and hsa-mir-102 in
adenocarcinomas. Furthermore, high hsa-mir-155 and low hsa-
let-7a-2 expression correlated with poor survival in lung
adenocarcinomas (p50.033). This observation was confirmed
by RT-PCR analysis and cross-validated with an independent
set of adenocarcinomas. In another study of 143 surgically
resected NSCLC, low let-7 expression was also significantly
associated to shorter survival (p50.0003); and overexpression
of let-7 in A549 lung adenocarcinoma cell line inhibited lung
cancer cell growth in vitro [122].

Differentially expressed miRNA genes in NSCLC are fre-
quently located in fragile sites and/or chromosomal regions
with frequent copy number alterations, suggesting that
differences in miRNA expression may be induced by genomic
alterations. However, since.50% of miRNAs are located at
cancer-related chromosomal regions, miRNAs are also sus-
pected to play a role as oncogenes or tumour suppressor genes.
miRNA expression profiles represent potential markers for
lung cancer diagnosis, classification and prognosis. However,
inconsistencies between studies are observed, probably due to
technical and analytical differences, as well as lack of
standardisation.

Importance of proteomics to detect post-translational
modifications
Post-translational modifications of proteins, such as phosphory-
lation, glycosylation and proteolytic processing, are common
events and have the potential to significantly modify protein
functions as well as confer cellular or tissue specificity. Unlike
genomic analysis, proteomic analysis has the ability to detect
these modifications.

An illustration of the importance of post-translational modifica-
tions is provided by tyrosine kinase signalling, which is often
deregulated in cancer. In a study using a phosphoproteomic
approach based on phosphopeptide immunoprecipitation and
analysis by liquid chromatography-tandem mass spectrometry
(LC-MS/MS), the tyrosine kinase signalling was characterised
across 41 NSCLC cell lines and 150 NSCLC tumours [123].
Kinases already known as oncogenes (e.g. EGFR and c-MET), as
well as kinases never previously implicated in NSCLC (PDGFRa
and DDR1) were identified. In the actual era of tyrosine kinase-
based targeted therapies, the insights provided by this study are
particularly interesting.
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As discussed before, histone modifications represent another
example of post-translational modifications contributing to
carcinogenesis. Since post-translational modifications are
reversible, drugs inhibiting these modifications are developed
and hold great promise for lung cancer therapy. Proteomic
strategies have an important role by allowing not only the
identification of post-translational modifications, but also the
quantification and monitoring of the changes induced by their
inhibitors.

Involvement of glycans in cancer biology
The technique of glycomics addresses sugars, whether free or
present in complex molecules such as proteins or lipids. Sugars
drive a series of molecular processes that are related to cancer
development. The following few examples illustrate this point.

Mucins are highly O-glycosylated proteins synthesised by
epithelial cells, and their glycosylation patterns can be altered
during inflammation or neoplastic transformation.
Peritumoural epithelium and squamous metaplasia show an
abnormal pattern of mucin expression. However, squamous
cell carcinomas and adenocarcinomas display a similar pattern
of mucin gene expression, supporting the concept of a common
cellular origin [124]. Recent results have uncovered a new link
between death-receptor O-glycosylation and apoptotic signal-
ling. O-glycosylation of DR4 and DR5 promotes ligand-
stimulated clustering of DR4 and DR5, which mediates
recruitment and activation of caspase-8 [125].

N-glycans of receptors or adhesion molecules are considered to
be involved in cellular functions by altering their functions
such as cell signalling and cell adhesion, which are implicated
in cancer invasion and metastasis [126]. For example, lack of
core fucosylation of the EGFR leads to the suppression of
epidermal growth factor (EGF) signalling and cell growth
[127]. N-glycosylation profiling of blood proteins by MS has
been shown to be valuable in proof of concept studies in, for
example, pancreatic cancer [128]. Defining serum glycan
profiles for normal, invasive and preinvasive lesions might
have important diagnostic, prognostic and therapeutic impli-
cations. Lectins represent highly versatile carbohydrate-bind-
ing proteins that are employed for the profiling of
glycoproteins [129]. This is an emerging field that currently
suffers in its applications (for glycoprotein enrichment and
glycan profiling) from great variability across platforms and
laboratories.

Glycoproteins in human serum play critical roles in many
biological processes [126, 130, 131] and also have clinical value
as biomarkers for disease progression and treatment [132]. For
example, glycoproteins have been isolated from the sera using
multilectin affinity chromatography, digested first by
peptide-N-glycosidase F and then by trypsin. Peptides have
been analysed by nano-LC-MS/MS and the majority of
identified proteins were found to contain more than one
potential glycosylation site. Comparison of the serum glyco-
proteome of healthy and adenocarcinoma individuals revealed
38 cancer-selective proteins [133]. Their value as candidate
biomarkers needs to be tested in prospective studies. In
another dataset from 180 patients with unresectable and
metastatic NSCLC enrolled in six docetaxel phase II studies
at 100 mg?m-2, alpha1-acid glycoprotein was found to be an

independent predictor of response with an odds ratio of 0.44
(p50.0039) [134]. Sialylated glycoprotein IL-6 has been shown
to predict poor prognosis in patients with EGFR-mutated
NSCLC treated with gefitinib [135]. Tumours expressing a high
level of certain types of tumour-associated carbohydrate
antigens (TACA) exhibit greater metastasis and progression
than those expressing low level of TACA, as reflected in
decreased patient survival rate [136].

Glycomics is a new field of interest in lung cancer research,
holding great promise for the development of biomarkers and
therapeutic targets. However, this area of research is chal-
lenged by an inherent level of complexity and requires
improvements in molecular sequencing and bioinformatics.

Lipidomics as a promising area of cancer research
The progress made in genomics and proteomics has been led
by novel analytical approaches, which have been slower to
appear for the analysis of lipids and their biology. LC and MS
are now making this field a promising area of biomedical
research [137]. Lipids have a prominent biology in lungs as
surfactants [138] and prostanoids [139], and in phospholipid
signalling-related cancer biology (e.g. PI3-kinase [140]).
Immunohistochemical studies have shown that human bron-
chial dysplasia and atypical adenomatous hyperplasia express
high levels of fatty acid synthase (FAS) when compared with
normal lung tissues [141]. This suggests that FAS might be a
target for intervention in lung carcinogenesis. Thus, lipidomics
represents a promising area of biomedical research, with a
variety of applications in drug and biomarker development.

SELECTED APPLICATIONS OF HIGH-THROUGHPUT
TECHNOLOGIES TO ADDRESS CLINICAL QUESTIONS

Lung cancer risk assessment
While 80–90% of lung cancers are attributable to cigarette
smoking, only a minority of smokers will develop lung cancer
[142, 143]. In addition, 10–20% of cases occur among never-
smokers and a familial risk has been described [144]. This
suggests gene–environment interactions in disease develop-
ment, as well as different molecular mechanisms in smokers
and never-smokers. Selective expression of EGFR mutations in
never-smokers with NSCLC supports this hypothesis.

The familial occurrence of lung cancer has been investigated in
a genome-wide linkage analysis of 52 extended pedigrees of
lung cancer patients with several affected relatives, which
localised a lung cancer susceptibility locus at 6q23-q25,
containing many genes of interest (SASH1, LATS1, IGF2R,
PARK2 and TCF21) [145], some of which seem to be frequently
inactivated by methylation [146, 147]; however, no tumour
suppressor genes inactivated by mutation have been identified
in this locus.

Several case–control studies that focused on genes with
susceptibility to modify the risk were conducted to address
why only a minority of smokers develop lung cancer, and found
polymorphisms in carcinogen-metabolising enzymes [148] and
DNA repair enzymes [149, 150], as well as in genes with impact
on smoking behaviour [151]. Recently, a genome-wide associa-
tion study was conducted to identify common low-penetrance
alleles influencing NSCLC risk [152]. Investigators analysed
315,450 tagging SNP in 1,154 ever-smoker lung cancer patients
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and 1,137 matched ever-smoker controls. The 10 SNP most
significantly linked with lung cancer were tested in two
additional large datasets. They found two SNP significantly
associated with lung cancer risk, both of them located in the
chromosomal region 15q25.1, and homing three genes: CHRNA3
and CHRNA5 (nicotinic acetylcholine receptor alpha subunits 3
and 5) and PMSA4 (proteasome alpha 4 subunit isoform 1).
While there is no current evidence for a role of PMSA4 in lung
cancer, the nicotinic acetylcholine receptor pathway has been
implicated in lung cancer pathogenesis and progression [153–
155]. Two other large genetic epidemiological studies reported
very similar results, illustrating the gene–environment interac-
tion in lung cancer and further incriminating this genomic
region in the pathogenesis of lung cancer [156, 157]. Taken
together, these data suggest nicotinic acetylcholine receptors to
be potential chemopreventive targets.

Further studies are needed to elucidate the mechanisms
responsible for lung cancer development, and subsequently
permit the identification of patients at risk of developing lung
cancer. This selected population may benefit from chemopre-
vention and careful surveillance, which may ultimately
improve outcome.

Blood-based early detection and noninvasive diagnosis of
lung cancer
The discovery of biomarker signatures or panels for lung
cancer diagnosis is crucial, as a single biomarker is unlikely to
be specific and sensitive enough on its own to demonstrate
clinical utility. These new emerging technologies, combined
with the assumption that circulating proteins/peptides are
deriving from the perfusion of tumours, have revived a long-
term interest in analysing the blood proteome of cancer
patients. Since blood access is easy, fast and amenable to
repetitive measurements, this biospecimen appears very
attractive for the application of biomarkers to early diagnosis
of lung cancer, monitoring of disease status, development of
targeted therapies, evaluation of response to therapy and
survival. It may improve our diagnostic accuracy and decrease
the number of thoracotomies currently required for patholo-
gical evidence of malignant cells.

Several serum biomarkers have already been investigated in
lung cancer but have not been proven useful in clinical practice
because of their limited sensitivity and/or specificity, espe-
cially in early-stage disease [158–160].

A team of investigators assayed six serum proteins, four
discovered by proteomics (2DIGE and MALDI-MS) and two
previously known to be cancer-associated, on a training set of
sera from 100 patients (50 lung cancers, 50 controls) [161]. They
found that four of these proteins (carcinoembryonic antigen,
retinol binding protein, a1-antitrypsin and squamous cell carcinoma
antigen) were able to distinguish lung cancer cases from
controls with 89.3% sensitivity and 84.7% specificity. When
applied to an independent validation set (50 lung cancers, 50
controls), the four-protein signature achieved 77.8% sensitivity
and 75.4% specificity, while none of the four markers had
sufficient diagnostic power when used alone. MALDI-MS was
also used to analyse undepleted and unfractionated sera from
a total of 288 NSCLC patients and controls divided into
training (92 cases, 92 controls) and test (50 cases, 56 controls)

sets [162]. A seven-signal proteomic signature was found,
distinguishing lung cancer cases and controls with 78%
accuracy, 67.4% sensitivity and 88.9% specificity in the training
set; and 72.6% accuracy, 58% sensitivity and 85.7% specificity
in the test set. Moreover, the serum signature was associated
with lung cancer diagnosis independently of the smoking
history and levels of C-reactive protein, a marker of inflamma-
tion. Although MS-based proteomic analysis of lung cancer
allowed the discovery of novel diagnostic biomarkers, their
application is still limited to laboratory use. Therefore,
population studies are required for their translation into the
clinic.

Lung tumour class discovery and class prediction
Microarray analysis of NSCLC samples combined with a class
discovery approach showed that gene expression profiles were
able to accurately classify tumours into their classical histolo-
gical groups, and also to identify histological subgroups [163–
166]. This information is important as therapeutic options can
be different among the histological groups and even sub-
groups. Using Affymetrix U133A gene chips (Affymetrix,
Santa Clara, CA, USA) to analyse 129 squamous cell
carcinomas, a study defined two squamous cell carcinoma
subgroups, with different overall survival [167]. Three other
studies found adenocarcinoma subgroups [76, 164, 168]. Each
of these three studies defined a different number of adeno-
carcinoma subgroups, questioning the reproducibility and
consistency of tumour classification by gene expression
microarrays. Sample heterogeneity, sample size differences
and analytical platform differences can explain some of these
results [169].

Proteomics tumour profiling also allowed tumour class
prediction and discovery. When profiling 79 NSCLC and 14
normal frozen lung tissue sections by use of MALDI-TOF MS,
differentially expressed MS signals were selected and a class
prediction model using established methods was defined [170].
Investigators found a 75% accurate signature allowing lung
tumours classification by histology [171]. They extended this
approach to the analysis of preinvasive lesions to distinguish
low-grade from high-grade preinvasive lesions [172]. These
efforts have not yet lead to applications in clinical practice.
Validation of these biomarker candidates will require pro-
spective validation in larger studies, across institutions and
laboratories, and will have to prove clinical utility in the
current management of lung cancer.

Prediction of prognosis
Prediction of prognosis may improve the management of
patients with lung cancer by identifying those who are more
likely to benefit from treatment.

Gene expression profiles have shown the potential to predict
lung cancer patient survival. Indeed, in a study analysing 86
adenocarcinomas, 50 genes were differentially expressed
between low- and high-risk patient groups [75]. The results
were validated in an independent dataset made of 62
adenocarcinomas. Several stage I lung cancer patients were
clustered with stage III patients into the poor prognosis group,
showing that the gene expression profile was independent of
the pathological stage at time of diagnosis, therefore providing
an added prognostic value. A 37-gene signature predicting
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prognosis was also identified in a cohort of 86 adenocarcino-
mas [173]. When applied to an independent cohort of 84
adenocarcinomas, the signature separated patients into three
prognostic groups (good, moderate and poor) with 96%
accuracy. In another report using oligonucleotide microarrays
to define ratios of gene expression to evaluate risk of
recurrence in resected stage I adenocarcinomas (36 in the test
set and 60 in the validation test), a three-ratio test predicting
recurrence with .90% accuracy was found [174]. Moreover,
gene expression microarrays performed on 89 early-stage
NSCLC identified profiles predicting recurrence after surgical
resection better than the clinical predictor factors [80]. When
applied to two independent cohorts of 25 and 84 early-stage
NSCLC, the prediction accuracy was 72% and 79%, respec-
tively. A subgroup of stage IA patients at high risk for
recurrence was also identified, which is useful as these patients
are probably those who might best benefit from adjuvant
chemotherapy. Meta-analyses also identified predictive mar-
kers [169, 175]. In a cross-study comparison, gene expression
profiles correlated to prognosis were poorly reproducible,
altough 14 genes accurately predicted survival in the three
studies being compared [169].

Recently, a pooled analysis of 442 lung adenocarcinomas from
multiple institutions established the performance of gene
expression signatures across different patient populations
and different laboratories, which is necessary before consider-
ing any clinical application [176]. Investigators analysed
whether gene expression data either alone or combined with
clinical data could be used to predict overall survival in
patients with lung cancer; several models were tested. When
using gene expression data alone, only two models (out of
eight) performed with consistent statistical significance and
gave hazard ratios (HR) .1 for all pathological stages in the
two validation datasets. When combining clinical and gene
expression data the outcome prediction was improved, with
HR .2 in two models. This study identified predictors of
survival based on clinical and gene expression microarray
data, with a better accuracy to predict survival when
combining clinical and molecular data.

Proteomic studies have also been used to identify prognostic
markers [171, 177]. In the most recent study [177], MALDI-MS
was used to analyse protein profiles of surgically resected
NSCLC. In the training set (116 NSCLC and 20 controls), a 25-
signal signature differentially expressed between patients with
high and low risk of recurrence was found, associated with both
relapse-free and overall survival. In the independent validation
set (58 NSCLC and seven controls), the signature was also
significantly associated with overall survival and, among
patients with stage I disease only, to relapse-free survival. By
predicting more accurately than the prognostic factors currently
used (e.g. histology, and tumour, node, metatasis (TNM)
classification), this signature indicates which patients are likely
to relapse after surgery, and may help to decide when systemic
adjuvant therapy will be beneficial. Recently, protein members
of a candidate signature of prognosis previously identified by
MALDI-MS were validated by immunohistochemistry (IHC) on
lung cancer TMAs [178]. Combined IHC scores of calmodulin,
thymosin b4 and thymosin b10 were correlated to survival. This
combined strategy consisting of identification by MALDI-MS

followed by validation by IHC represents key steps prior to
bringing such candidates to the test in the clinical setting.

Prediction of response to therapy
The overall response to chemotherapy in NSCLC is ,30%.
Therefore, tremendous efforts are made to find biological
markers that could identify patients who will actually benefit
from a specific treatment and not suffer from its side-effects.
Such markers could help to identify the best therapeutic
strategies.

In a study using oligonucleotide microarrays to analyse 16
NSCLC specimens (eight in a training set and eight in a
validation set), lysosomal protease inhibitors Serpin B3 and
Cystatin C predicted clinical response to platinum-based
chemotherapy with 72% accuracy [179]. Another group
compared microarray data to in vitro drug sensitivity data of
various cancer cell lines and found gene expression profiles
predicting sensitivity to individual chemotherapeutic drugs
(topotecan, adriamycin, etoposide, 5-fluorouracil, paclitaxel,
cyclophosphamide), validated in an independent set with
.80% accuracy [180]. Using published datasets, investigators
showed that the in vitro-generated profiles were able to predict
clinical response to individual drugs with .81% accuracy, and
also to multidrug regimens. In lung cancer cases, docetaxel-
sensitive individuals were likely to be resistant to etoposide.
Investigators also linked gene expression signatures of
chemotherapy sensitivity to those of known oncogenic path-
ways and found a significant association between PI3-kinase
pathway deregulation and docetaxel resistance, suggesting a
potential benefit to use PI3-kinase inhibitors in this subgroup
(fig. 5).

To identify NSCLC patients likely to benefit from EGFR
tyrosine kinase inhibitors (TKI) treatment, MALDI-MS was
performed on pre-treatment sera of 302 patients treated with
gefitinib or erlotinib (139 patients from three cohorts assigned
into a training and 163 from two cohorts assigned into a
validation set), as well as sera from 158 patients not treated
with EGFR TKI [181]. An algorithm based on eight MS signals
successfully identified patients with improved survival and
time to progression after EGFR TKI treatment, independently
of clinical factors associated with sensitivity to EGFR TKI
(fig. 6). The algorithm did not accurately classify outcome of
patients not treated with EGFR TKI.

Several studies found markers predicting response to therapy.
However, for all of them, prospective validation studies are
required to confirm their utility in the clinical setting.

CONCLUSIONS AND FUTURE PERSPECTIVES
This review highlights the impact of new global molecular
approaches on our understanding of lung cancer biology and on
the personalised management of patients with lung cancer. The
studies presented here illustrate how the ‘‘-omics’’ era has
revolutionised our approach to cancer biology. Genomics has
been pioneering and has provided a solid base to our knowl-
edge. Most importantly, genomics has led to discoveries with
clinical implications. Even though genomics is still leading the
field, there are growing interests in epigenetics and proteomics.
Recently, the dynamics of proteins in response to anti-cancer
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drugs have been shown to differ between cancer cells according
to their outcome (either cell death or survival), highlighting the
importance of proteomics to help us understand the individual

molecular responses to drugs [182]. Early fields of glycomics
and lipidomics also hold promise to improve our understanding
of lung cancer biology.

However, multiple challenges lie ahead. While these high-
throughput technologies hold the promise of bringing person-
alised lung cancer care to the clinic, the field is in need of
careful validation of candidate biomarkers emerging from
large discovery strategies. The integration of these highly
dimensional and complex data will require major efforts in
bioinformatics and biostatistics. It will take time before models
showing how complementary these techniques are, are put to
the test. Another major challenge is to study disease process
rather than disease state and to do so in a high-throughput
manner. We need to refine our methods of approaching the
dynamics of the carcinogenic process. From the biomarker
point of view, repetitive measurements of biomarkers in
cohorts at risk will be critical in the future. For example, the
identification of plasma DNA [183], circulating tumour
antigens or their related auto-antibodies [184, 185] provides
attractive means for early cancer diagnosis as well as a lead for
therapy. A test based on the demonstration of auto-antibodies
to tumour antigens in the sera of patients could be of great
importance for early detection of cancer, since antibodies
against a carcinogen stimulus could be detected well before the
tumour phenotype arises. The future of a new area of
investigation such as metabolomics rests with its ability to
monitor subtle changes in the metabolome that occur prior to
the detection of a gross phenotypic change reflecting disease.
The integrated analysis of the ‘‘-omics’’ may provide more
sensitive ways to detect changes related to the disease process
and discover useful novel biomarkers.
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