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ABSTRACT

Lung cancer is the leading cause of cancer assdciftaths Worldwide and has one of the poorestps®Es among
all cancer types. It is a disease which causehiseditover the world and is rapidly increasingnibmber. Lung cancer
is the most common cause of cancer-related magrtatiridwide, with >16@00 deaths in the United States in 2008
and a poor 5-year survival rate, which remainsistalb 15% .Analysis of the genetic alterations odng in lung
cancer has shown that histopathological differerazesin line with genetic heterogeneity of the dg®e .Consistent
with the genetic heterogeneity, expression stubi@ge not only unveiled profound differences betw&&1.C and
NSCLC but also within different NSCLC subtypes ,wéwer, until recently all NSCLC lung cancer forne/é been
treated with similar approaches regardless of th@fogical differences. Microarray studies in cancompare
expression levels between two or more sample grompghousands of genes. Data analysis follows tpraach
comparison of sample mean to identify differenyi@kpressed genes. This leads to the discovepopilation-level'
markers, i.e., genes with the expression patternBfand B > AThese tests and the gene expression pattern gyid ma
be useful for the identification of therapeuticgits and diagnostic or prognostic markers thatpaesent only in
subsets of cancer patients, and provide a more letenportrait of differential expression in cancéarious tests and
experimental parameters were set up and from thisharacterized about 8 differentially expressatkgeand finally
tested/validated using statistical tests.

Key Words: Lung cancer, Microarray data analysis, gene esgioe.

1. INTRODUCTION

Microarray data analysis technologies are a powerfu values for tens of thousands of genes in one
approach for genomic research. The multistep, dateexperiment. [49,32,14] Studies of differential
intensive nature of this technology has created arexpression of individual genes often find genes tha
unprecedented informatics and analytical challetige. are up-regulated in some tumors, and down-regulated
is important to understand the crucial steps tlat ¢ in others. Microarray studies typically seek tonitifgy
affect the outcome of the analysis. These techiegog differentially expressed genes using use fold-ckang
have provided a contemporary trend on various[14] t-tests [3] and models. [27,54,6,21]

analytical steps in the micro array data analysishy ~ Micro array are used to assay gene expressionrwithi
includes experimental design, data standardization@ Single sample to compare gene expression in two
image acquisition and analysis, normalization, different cell types or tissue samples. Because a
statistical significance inference, exploratory adat Mmicroarray can be used to examine the expression of
analysis, class prediction and pathway analysis adwndreds or thousands of genes at once, it prortuses
well as various considerations relevant to their revolutionize the way scientists examine gene
implementation.[30]. Micro array technologies permi expression.

the simultaneous monitoring of gene expression
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The methods of analysis for identifying differefijia In the field of cancer research, the set of
expressed genes in data from microarray experimentslifferentially expressed genes represents a patenti
vary widely, but all are focused on the question of goldmine of markers for molecular medicine.
whether genes are over-expressed or under-expressefpecially, studies have  demonstrated the vast
in samples in group A (e.g., tumor, or treatmemt, o potential of differentially expressed genes as
metastatic, or responder) compared to samples irbiomarkers for molecular diagnosis [13] including
group B (e.g., normal, or control, or quiescent, or stage and grade.[37,42,1,23,45,34], prognosis [4],
nonresponder). These patterns can efficiently betherapy outcome prediction [28,39,36], malignancy
referred to as AB (over expressed in A) and BA and metastasis [31,51,17,41] and tumour
(under expressed in A) patterns. Typically, aggressiveness [9]. With the ability to detect drug
researchers use study designs that favor biologicaftesistant tumour using a drug response index that
replication to maximize the ability to detect summarize signature profiles (positive and negative
reproducibly genes that are differentially expresse  physician will be able to prescribe drugs thatlass

a patient population, at a sacrifice of the ability likely to fail and thus generate more individuatize
detect individual-specific patterns of differential prescriptions that have higher positive respongasra
expression with technical replication. Most cancers Eventual uses of this information will extend begon
are diseases with heterogeneous etiologies; mareove profiling.

the development of every primary tumor in different Tests for identifying differentially expressed gene
individuals is a unique biological event. Thus, the should be as powerful (sensitive) and yet as specif
expression levels of genes in the individual patien as possible. There is a growing demand for easy- to
are also important; some important gene use tools for the analysis and interpretation obgl
dysregulation may be highly specific to each patterns of gene expression from microarray
individual experiments. While commercial platforms are
Nevertheless, the study of gene expression repgresenavailable, most are specially designed for datanfro
an important and necessary first step under in ourone platform[24].

understanding and cataloguing of the human genomeGenome wide micro array technologies which are
As more information accumulates, Scientists will be widely used to monitor global gene expression in
able to use micro arrays to ask increasingly comple cancer have identified numerous differentially
questions and perform more intricate experiments.expressed genes. [10,19].

With new advances, researchers will be able tainfe These studies shows a strong association of
probable functions of new genes based on simiariti  differentially expressed genes which is signifitant

in expression patterns with those of known genes.more expressed in tumors as opposed to normal
Ultimately these studies promises to expand the siz tissues from lung cancer patients and have
of existing gene families reveal new patterns of demonstrated that it can also be a strong Prognosti
coordinated gene expression across gene familges anindicator. [2,20,26]

uncover entirely new categories of genes. 2> MATERIALSAND METHODS

Furthermore, because the product of any one genel_h q |
usually interacts with those of many others, our e gene expression datasets on lung cancer gene
|expre33|on by Garber et. al were done using

understanding of how these genes coordinate wil

become clearer through such analyses and precis ffymetrix chips and the expression levels measured

knowledge of these inter relationships will emerge. " the present study the number of samples useel wer
72, the number of genes were 916 and sample

The use of micro arrays may also speed the e o
identification of gene involved in the developmeht  Cclassification was down by giving group (1) abnorma
(2) normal genes.

various diseases by enabling the scientists to Exam : . : :
The expression of microarray data from pilot stadie

a much larger number of genes. basi h and | le clinical trials i

Taking all pros and cons into consideration, thislg haSK(; reslearc an ; arge scale clinical trials |Irequ|

has been initiated with the objective to identigngs the development of integrative computational tools
that can not only analyze gene expression butctrat

which may be responsible for Lung cancer using I I hods of vsis. The mi vsi
microarray data in-silico approach, so that this &S0 evaluate methods of analysis. The microarslysi
steps include the experimental design and

information could be used to identify the genesalvhi : . e
implementation, data collection and archival image

are differentially expressed during lung cancer S Wsis. d inta d
conditions and to understand the behavior of gene?cqu's't'on’ Image analysis, data pre-processiath

and the same could be utilized for drug designing ,normalizqtion and identifying differentially expees] .
[25] therapy and advance diagnosis of cancer. genes with exploratory data analysis. To tackle thi
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problem, @GEDA format 1 was used which than the maximum value of that gene of group B, N
facilitates post analysis translation interpretatio as the number of samples in group B for which the
Global correction of sample mean, mean versesexpression value for thg, gene is less than the
variance graph, MA plot, score histogram of genes,minimum value of that gene of group A; anglds the
mean histogram expression pattern grid, test fornumber of samples in group B for which the
differential expressed genes, permutation test, K-expression value for thigh gene is greater than the
mean clustering etc were used to normalize the, datamaximum value of that gene of group A . This is
their correction and finding out significantly equivalent to the proportion of non-overlap between
expressed genes to ultimately marking the geneghe two distributions.

which may be possible potential candidates for
causing the Lung cancer. Various tests and
experimental parameters were set up. The output Wag "\ ice versa: and whens&Ns, then N=0, or vice
generat_ed which has gn_aphlcal output, Classversa. Our score Si, which is:

comparison output, expression pattern output and
various tests output, these outputs were analyadd a  _

a detailed analyses of each of the graphical 01;|tputS - (II\\II;I\T 4)/[S|NiK|NB) or (No+Ng)(Na+Na) or
was done in order to get gene expression analysis. (N#N3)(Na+Ns)
Gene expression results were studied for the
differentially expressed genes and the putativeean
causing genes were identified.

2.1. Dataformats

Currently, caGEDA accepts data in two formats,
caGEDA format 1 and caGEDA format2. They are
identical with one difference: format2 includes the
accession number to facilitate post-analysis
translational interpretation we are using caGEDA
formatl.

2.2. Missing Values

Missing values are encoded as ‘NA’ or'?’ and can b
estimated using k-nearest neighbours. A total of
three neighbours in Euclidean space are used;ef on
of the neighbours also has a missing value, thé nex
neighbour is found.

2.3. Finding differentially expressed genes

Differentially expressed genes (DEGs) are genes ;. qer weighted separability, the scor@@ome v
whose expression levels are significantly different 5nq has a lower limit of O and an upper limit of

between two groups of experiments. The genes arey,+N;
relevant for discovering potential pharmaceutical

targets and diagnostic or prognostic markgsg]. 24.3. J5test
Identification of differential gene expression tset

The counts N N, and N, Ny are paired such that in
the perfectly separable case whejxN,, then N=0,

(Whichever is greater), has an upper limit of hé t
threshold, T, ranges from 0 to 1. Genes with Sescor
greater than or equal to T are retained (1= perfect
separability, no overlap in the distribution).

2.4.2. Weighted Separability

Clearly, simple separately is not as informativetas
might be, especially in the comparison of two sampl
distributions that are perfectly separated, oneaby
large magnitude and the other by a smaller
magnitude. Under weighted separability, the score f
each gene is weighted using information on the
magnitude of the difference between the group
means. Specifically, the weight of each of m given
genes is:

Wi-(mean;-mean;) / (1/m)sum(-meaq-mean;)

first task of an in depth microarray analy$i] The J5 test is a gene-specific ratio between thenme
difference in expression intensity between two gsou

These ihglude a. number of ne\./v. tests J5, DI, simpIeA and B, to the average mean group differencelof al
separability, weighed separability, the permutation y genes.

percentile separability test (PPST) and the ABA tes A-B;
2.4. Satistical data Bi——
2.4.1. Simple separ ability test lyg,_]m
m/ o
f_

We define N as the number of samples in group A
for which the expression value for thih gene is less
than the minimum value of that gene of group B (the The 35 test is likely to be useful in pilot studies
subscripti in Ny has been omitted for ease of \yhere due to high variance, t-test are likelystbikit

reading) ; Nas the number of samples in group A for nacceptably low specificity (high false discovery
which the expression value for ttie gene is greater rates).
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2.4.4. Permutation per centile separ ability test
PPST examines whether a gene is over expressed (¢
under expressed) in the test group compared wih th
control group and vice versa. This is achieveditsy f
counting the number of individuals in a group that
exhibit an expression intensity that is greaterléss
than) than the upper (or lower)'9percentile of the
alternate group. This number is compared with a
distribution of counts that results when an arhigra
large number of permutations of sample class labels
are performed. PPST identifies genes with AB (i.e.,
where A>B) and BA (i.e., where B>A) patterns of
differential expression.
2.4.5. ABA test
The ABA test is a special form of the PPST
(Permutation percentile separability test) and rspo
genes that show both a surprisingly large number| &Gmors
genes that are over expressed compared with theigi: Conceptual representation of AB, BA, and ABA patterns
alternate group and a surprisingly large number ofof differential expression. The colored tails regemt the
samples that are under expressed compared with thglacement of expression values of a given genariotrs when
alternate group. The test is called ABA to refldat compared to the distribution of expression valuesnormal
pattern in which genes from the A group are found i samples. Standard AB and BA patterns are represbgitesti and
the tails of the B group, and it reports genes thatblack, respectively.
exhibit either significant ABA or BAB patterns. The result of user defined group classification
caGEDA provides output for both, and an expressionrevealed group (1) as abnormal and group (2) as
pattern grid for the ABA pattern genes (tumour- normal. Performance evaluation was conducted for
normal —tumour). number of times bipartition recovered at 0.0. The
3. RESUL TS AND DI SCUSSION genes retained were 64. 'I_'he correlation bgtween
micro array after normalization was 0.172 (Fig. 2).
The goal of our paper was analysis of microarragda The red portion in Fig. 2 indicates the differelyia
on Lung cancer. The main task of our analysis wasexpressed genes. To evaluate the relationship
the identification of up- and down-regulated genes.petween means of both the groups and their
With the solution of the main task we also resolved respective variances, the means and variances were
others: presented graphically where means ranges from-51 to
«  Comparison of different subtypes of lung cancer 54 on X-axis and variances from 0 to 12325 on Y-
+ Estimation of the number of genes differentially axis (Figure.3).

expressed in different subtypes of lung cancer

« Identification of wup- and down-regulated
biological processes according to Gene Ontology a4
» Detection of putative targets for some known
chemical compounds.

The differentially expressed genes can be idedtifie

using statistical testing. We find an abundancaBf
and BA pattern genes, with roughly the same number
of genes called significant under the paramettest-
We also find large numbers of genes with significan
ABA test scores, and some with 'BAB' pattern genes.
There is a marked tendency in most data sets foe mo
ABA (cancer-normal-cancer) type genes than BAB

AB pattern
(A > B)
(tumeors > normal)

| tumaors

BA pattern
(B > A)
(normals > tumors)

ABA pattern
(A1 > B > Az)

normals

M2=0172

pattern genes. These patterns are also reflected i Mean (Group1}
‘'expression pattern grids' of gene with significsit W Dinerentially Expressed
(ABA) statistics (Fig.1) [24] Fig.2: Global correction graph of means of differentiapessed

genes of lung cancer
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genes on the basis of scores depicts the under
1% : expressed and over expressed genes.

e The confounding indexes of 64 retained genes before

il - = normalization and after normalization were -9.029
i ; - and -2.027 respectively.

$or - L The next output of the result was picture showhey t

] d mean histogram based on the mean of the data
(Figure 6). The mean values were obtained based on
the gene values. The means of group 1 and group 2
were grouped into two groups, i.e. under expressed
and over expressed genes.

The most important of all outputs is the expression
pattern grid (Figure 7) which depicts the genescihi
et are differentially expressed in a manner which ceve
Boopt  Wooup? i i
Fig. 3: Relationship between means of both the groups of the entlrere.glon of genes._ . .
differentially expressed genes and genes not esgde& their 3.1. Expression Pattern Grid: The Gene Expression

respective variances Pattern Grid, which is generated for any set of

The coefficient of variation between arrays before differentially expressed genes with the GEDA web
normalization was 17.577 and after normalization @Pplication, summarizes the types of differential
was 0.172. This is a very important graphical outpu €XPression in a way that is related to the PPST tes
as this helps in calculating the differentially Black signifies that the expression intensity afieen
expressed genes. get?e in a given sample is within the upper and fowe
MA plot was constructed by depicting M= log 95" percentile t.)ou.n.danes of the alternqte group. On
(meanl/mean2) on Y-axis and A= log (meanl x meanSCréen green signifies that. the expression intemsit

2) on X- axis (Figure.4). The values of M rangeniro below the _Iovygr 98 percentile of the_ alternate group,
-7 to -5 and the values of a range from -1 toTig and red signifies that the expression value is abov
correlation between these two variables was 0.38the upper 95 percentile of the alternate group (red =

The red region depicts the differentially expressedOVerexpression; green = underexpression).
genes. This representation includes information on bota th

population-level informativeness as well as which
individuals appear to exhibit uniquely differenlyal
expressed profiles. Samples within sample group are
arranged according to their relative position in a
hierarchical agglomerative clustering with pair evis
e — distance = 1-Pearson's correlation coefficient.t No
e expressed' is a hypothesis generated in these graph
e g iy g when the expression intensity value of that geme fo
that individual falls in the lower 95th %tile of éh
AR entire data set. Expression pattern grids were
produced online with the Gene Expression Data
Analysis web application
http://bioinformatics.upmc.edul/.
3.2. Differentially expressed genes. After using
the different steps discussed above, here we name
some genes which are differentially expressed and i
the putative cancer causing genes:
Fig. 4. MA values of differentially expressed genes 3.2.1 EPASIL: Endothelial pas domain protein 1
The score histogram is a bar chart graphicwhich is also designated as HIF-1 alpha like factor
representation of the score distribution report (HLF) is a recently identified Bhlh-PAS protein tha
(Figure.5). The scores are converted to a percentagshares 48% sequence identity with HIf-1 ALPHA.
on the horizontal axis and the frequency is plotted The EPAS1 provides novel insight into the regulator
the vertical axis. It represents the J5 test sadrieh mechanisms of EPAS1 gene expression that may
varies from -3.94 to 3.94. The score histogram of contribute to the adaptation of tumor cells undher t

E
i
S

4108

s

1369 -

o= Log{Mennt ienndl
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hypoxic environment. [15] EPAS1 activates its own activity. This protein is rich in sulphydryi groupsid
promoter and seems to be regulates. EPAS1 has bedhus is an excellent candidate for attacks by
identified as a member of the basic helix -loodixhe electrophiles, such as the platinum drugs, resultin
(bHLH) PAS protein family and plays a critical role drug resistance. The protein MT plays an important
in the regulation of hypoxia inducible genes. role in Cd detoxification and it has been suggested
3.22. Poalo like Kinase (PLK 1): PLK is involved that differential inducibility of pulmonary may lddo

in targeting cyclin B1, to the nucleus (Toyoshima- interspecies susceptibility. Receim vitro studies
morimoto et.al.) PLK 1 is over expressed in human have suggested that modulation of MT synthesis in
tumors and has prognostic potential in cancer,certain tumors may provide a promising protocol to
indicating its involvement in carcinogenesis & its enhance the efficacy of drugs in patients undeggoin
potential as a therapeutic target. The first ididti chemotherapy for malignant diseases.[46,48]s
PLK 1 family member was Polo, which is a also have an important role in carcinogenesis lscau
serine/threonine kinase, in Drosophila melanogasterof their over expression in variety of tumors. Aylni
PLK 1 is associated with tumorigenesis and belongscancer of MT occurs during early development in
to a family of disease relevant protein kinaseg tha variety of tissues, including liver, lung tissuegth

can be targeted by different drugs. It represents devels declining to very low concentrations adivel
promising approach for the development of novel MT expression in lung tumors has not been evaluated
anticancer therapies. PLK1 activity is suppressstl  adequately and there is only one published study in
cell cycle arrests to repair the damaged DNA wisch the literature. [18]

considered as novel prognostic marker for several3.2.6. Pleoitrophin (PTN): Pleoitrophin is a
tumors. NSLC patients whose tumour showed thatheparin binding growth factor involved in the
high PLK1 expression had poorly curative effect] an differentiation & proliferation of neuronal tissue
were resistant to chemotherapy, which implied thatduring embryogenesis, and also secreted by
PLK 1 might be associated with drug resistance. melanoma & carcinoma cells. Pleoitropin is very
3.2.3. Metallo proteinase domain 12: These are a basic protein of an apparent mass of 1&kda, wkich
family of proteolytic enzymes with over 20 members differentially expressed during pre-and post natal
that break down proteins in the extracellular matri development .During embryogenesis PTN is strongly
MMPs are regulated by specific inhibitors known as expressed in brain, liver, Spleen , lung, bone &
the tissue inhibitors of metallo proteinases (TIMPs tongue is strongly expressed in human lung cancer
These are highly expressed in many different cancelines, particularly in those are lines derived from
types including lung cancer. The importance of small lung cancer . PTN might be a prognostic facto
MMP12 in human lung has however been shown byfor lung cancer and larger prospective further istid
its role in the development of emphysema caused bydo required to confirm this hypothesis.

cigarette smoke The MMP12 polymorphism is 3.2.7. Thrombomodulin: Thrombomodulin which
located in the coding region of the hemopexinis a receptor for thrombin on the surface of the
domain that is responsible for MMP12 activity vascular endothelial cells neutralizes thrombin and
3.24. Trophinin (TRo-tastin):  Trophinin was  the formed thrombin- TM complex activates protein
identified as one of the best correlated genes. TheC. TM is not only a thrombin receptor but also an
trophinin expression in lung cancer specimens wereonco developmental antigen, which is found in lung
examined by immunohistochemical staining. The role cancers.[22M plays an important role in the
of trophinin in cancer metastasis was further regulation of intravascular coagulation by exerting
investigated by approaches of over expression andhe inhibitory activity on thrombin induced platide
knock down with small interfering RNA (siRNA). aggregation. TM expression in the lung cancer cells
Over expression of trophinin increases cell invasio appears to vary depending on the cellular condition
ability and knock down with siRNA inhibits cell It can be roughly speculated that functionally \ati
invasion trophinin could enhance cell invasion as aTM on lung cancer cells may modulate the biological
novel prognostic factor for early stage lung cancer behaviors of these cells, such as invasiveness and
Trophinin expression is high in human embryonic metastatic potential.

tissue as well as lung cancer and is undetectable i3.2.8. GPRC5A: GPRC5A is a member of G-
normal adult tissue. coupled receptors, which was originally identifiasl
3.25. Metallothionien:  Metallothioniens are a an all trans-retinoic acid-induced gene. Although
group of low molecular weight (6000-7000 Da), recent studies reported that this gene was highly
cysteine rich (30%) intracellular proteins with Imig expressed in the cancer cell lines and that GPRC5A
affinity for certain metals but no known enzymatic might positively regulate cell proliferation, its
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mechanism remains unknown, GPRCSA gene, whichthe analysis of microarray gene expression dattaeis

is under expressed in human lung cancer, suppressedentification of differentially expressed genesthe

lung tumors in mouse models & could provide a key comparison of different types of cell or tissue
to attacking lung cancer in humans. The researchersamples. In order to control the biological and
compared 186 lung tumors to 17 normal tissues usingexperimental variability of the measurements,
gene expression profiling with a micro array. The statistical inference has to be based on an adequat
four tumor types all had a fraction of GPRC5A gene number of replicate experiments. Microarray based
expression shown in the normal cells: adenoexperiments are frequently seen as the strongtfold o
carcinoma 46.2. In the end they inserted the GPRC5Ahypothesis-free genome research. While debatable in
gene back into lung cancer lines in a laboratory itself, this assertion simply shifts the resporigibto
experiment & suppressed colony formation of humanthe computational scientist analyzing the datahin
lung cancer by 91% into cell lines. [52,29)rther absence of a clear hypothesis much of the analysis
study substaining the role of GPRC5A gene in humanwill be of an exploratory nature. Once this leadsat
lung cancer could lead to the development of novelhypothesis further independent verification is rezkd
approaches for lung cancer prevention diagnosis &This embeds microarray experiments and statistical

treatment. analysis into a feedback cycle producing new
33.  PUTATIVE CANCER CAUSING experiments.
GENES: Gene expression profiling provides insight into the

In the previous section we named only a few genesfunctions of genes at a molecular level. Microarray
which may be responsible for development of thetechnology measures the relative activity of
disease. A large series of evidence has conclysivel previously identified target genes. For understagdi
demonstrated that the development and progressiothe disease network fundamentals of lung cancer,
of cancer are due to the accumulation of a number oanalysis of gene expression profiling data derived
genetic alterations which finally result in a final from micro-array technology was done. DNA
malignancy states one of the main point emergingmicroarray technology has been widely hailed as a
from the investigations is that most tumor typesveh  powerful tool to study the global gene expression i
genetic aberrations modified in the protein engine organisms or tissues. Microarray can be applied to
which allows cells to divide correctly. wide range of studies including gene regulation,
One of the basic goals in the analysis of micrgarra disease diagnosis and prognosis, cancer clasgficat
gene expression data is the identification of bio-marker discovery and drug development. The
differentially expressed genes in the comparison ofmicroarray’s capacity to compare gene expression
different types of cell or tissue samples. In ortter  patterns in different tissues or conditions threst
control the biological and experimental variabilafy change the way biology is practiced and understood.
the measurements, statistical inference has to beé\lso we know that cancer is not the effect of singl
based on an adequate number of replicategene translocations. It involves the fusion of the
experiments. genes which is a result of translocations of the
For the following, we assume that the data arergive chromosomes. These include finding out the analysis
either as absolute intensities or as relative \&aWi¢h of the genes in consideration and find out thesbaki
respect to a common reference sample, and have bedhese translocations. If we get to the core of éhes
calibrated. To identify differentially expressedngs translocations and chromosomes aberrations we will
with respect to a certain biological question, a be able to generate a putative method for findiag o
suitable statistical test may be performed for eachthe targets for the drug discovery.

gene [12]The choice of the test statistic depends onWith the help of our procedure using the microarray
the biological question and on the nature of the method we are able to identify genes that may be th
available experimental data. Microarrays have anpossible cause of the disease and thus would i&s$tabl
important role in finding novel drug targets; the the basis of drug designing in our next step of
thinking that guides the design and interpretatbn  analysis.

such experiments has been expressed by (LonnstedRecently two extensive studies on different
and Speed, 2002.) [33] histological types of lung cancer using high-dgnsit
The number of genes selected would depend on thenicroarrays were published. [5,19 both of these
size, aim, background and follow-up plans of the studies the different types of lung cancer could
experiment." Often, interest is restricted to sllech  clearly be separated according to gene expression
'druggable’ target classes, thus thinning out éte@f  profiles by hierarchical clustering. Different siva
eligible genes considerably. One of the basic gmals for patients in different clusters was also
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demonstrated. Besides, a number of smaller arrayavailable, most are specially designed for datanfro
studies have also been published which are condlucteone platform.

mostly on cell culture level and investigate diflet  This study had been a stepping towards the analysis
aspects of lung cancer, including metastatic p@tkent of data by using micro array technology which is a
and classification [11]. powerful approach for genomics research. It is
A better framework of significance inference inadsd important to understand the crucial steps that can
calculation of a statistic based on replicate adatp ~ affect the outcome of the analysis of the
for ranking genes according to their possibilitifs  contemporary trends on various main analysis steps
differential expression and selection of a cut- off in the microarray data analysis process which
value for rejecting the null —hypothesis that tleme  includes experimental design, data standardization,
is not differentially expressed [38,40]. image acquisition and analysis, normalization,
Micro array experiments are the most abundant formstatistical significance inference, exploratory adat
of gene expression data. In summary, we proposeanalysis class prediction and pathway analysis, as
some of the differential expressed genes like ERAS1well as various considerations relevant to their
Polo like Kinase (PLK 1) , Metallo proteinase domai implementation. By carrying out this analysis we ar
12, Trophinin  (TRo-tastin), Pleoitrophin able to find out the putative drug targets for the
(PTN),GPRC5A. [8] .The EGFR pathway is one of disease and this approach will be increasinglyulsef
the most extensively studied signalling pathways and this work can be taken further for purpose of
relevant to cancer and the EGFR interactome is onenalysis.

of the most well-described interactomes, both

biochemicallyand theoretically . Thus, it is likely that 4. CONCLUSlON

the poor lung cancer response rates may be due, athis study shows that a total of 916 genes are
least in part, to a too homogeneous treatmentéXpressed in Iupg cancer sam_ples studied. The 64
approach used in the past for a highly heterogeneoudenes are retained for showing under and over
disease [7]. Only recently, lung cancer heteroggnei €Xpression under (_jlsease conditions. Thes_e genes
has started to gain therapeutic relevance, adVere segregated using J5 Test, T-test, and calmulat
documented by the attempt to propose preferential©f P values. An interesting potential applicatidrie
chemotherapeutic  options  for each  tumor €Xpression pattern' grlq and the study of mpdes of
histotype[53,47]. differential expression is the search of potergehe

By harnessing the power of genomic research, thisdéletions (samples in group A down regulated
pioneering work has painted the clearest and mosompared with samples in group B) . Crossed-out
complete portrait yet of lung cancer's molecular POXes in the expression pattern grid provide us a
complexities. “This big picture perspective wilp ~ Vvisual aid in formulating hypothesis about deletion
to focus our research vision and speed our eftorts €vents. Furthermore the gene expression pattedn gri
develop new strategies for disarming this common S useful in identifying false positives that ocalue
and devastating disease. Microarray data projectdC outliers. Various features of the analysis earri
include data from pilot studies, basic research (in©ut by CAGEDA are described, and more information
vitro and model animal), pre-clinical studies and O0 it ~ implementation is ~ available  on
large-scale clinical trials. Cancer microarray data (http:/bicinformatics.upme.edu/Help/GEDADescripti
normally contains a small number of samples which ©n-html). Using the generalized micro-analysis, we
have a large number of gene expression levels a§létected a number of putative targets for some know
features. To select relevant genes involved inchemical compounds. — Lung Cancer is a
different types of cancer remains a challenge Widespread disease and finding out the genes which
[55].Each new study reporting results from microarray M2y be responsible for its effect is one of the
experiments is accompanied by new methods ofPréliminary steps of investigation. It is possitsego
analysis. These creative efforts have led to attvea @bout with the process of drug designing and thus
of methods but a dearth of comprehension on the€Stablishing remarkable step for the treatment of
comparative performance of these methods. cancer.

Tests for identifying differentially expressed gene
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Fig. 5 Score histogram of over and under expressed genes

=.oa

B Undor Expre oo

25 suszosze
P e )
=5 TeEFOS=

IMmunogioBUln IaMmBbds Iocus
IMrmunogIoBUnn ISMBbOdS I0cus
IMmmunoglobulin lambda locus
i maalinbalin larahds lnes 25 TRRMas
TESTs, Highhy sirmilar to 1ILL1 | A RA L DS LD B L] LA B Con LE P
tcollagen, trpe 1, mlpha 1 (Ehlers-Danlos syndrorms trps I, sutosormal dorminsn
tcollagen, tvpe 1, mlpha 1 (Ehlers-Danlos syndrorms brps I, sutosormal dorminsn
o disintoorin and meotalloproteinase dormain 12 dGmclrin alphal Ho. 2250 HrSs2 7
chrormosorme 20 open reading frarme 1 1 IS 9929 1 173029
ESTs H= . 203259 ~a971 866
HSFC 150 prolein Pl Lo aBiGguilin-corjuaaling e Hs.S5 199 Anaas0aS1
CTESTS, wweakly Sirmllar to AF 1SS 35 1 nowel retinal plgrment epithellal cell protein
SBUMIN HS. roaa | HaEna
"serine dor cwsteinel proteinase inhibitar, clade & dalpha-1 antiproteinas e, antitre
Cwnlin AT He RSl AT AaRNaSES
CTESTs, wweakly Sirmilar to DS-a4 protein H.oeapiens] He. 1271 4 waa=1 20
trophinin associated protain asting Hs. 171955 HaA999
S transmermbrans spithelial antigen of the prostate He 51535 san=2231

on cwvele B, S P

CSDSE deoll divi

LUl iU Solransierase Sl Hs 1589907 Al S23548
= protein-coupled recepIor KINase-INTeractor 1 HS 4055 Sl SS90 2
CIpRTREera I0XIN rEceRTor (NEPanN-BINGING SRIderrmal Qrowth Tactor- ke orowth T=d
G ProlEIN-couUBIed FECcCERTOrN KINaSSe-INTEractor 1 HS_ AUSs Sal BELis
Artivating franscriptinn factne =3 Hs AaRn H>1nan
LIk dorm=sin binding 2 H=S.4920 HFY 2914
E=STs H=.1 320220 2a011 705
fHoMmo sapisns cDMa: FLIZZEES Ais, clons HSIOS020 Hs. 172470 T2 ¥F0a
cpitholial mermbrans protoin 2 Hs 261591 TSa4240
endothelial MAS dormain protein 1 11s.01906 24002
endothelin receptor tvps B Hs SZO02 =991 4
Terdultie ol dimerenlislion, SpRinaolipid Soprolein-couapled receplor, 1 Hs 15421
CTath Scid BIAGING PrOTeln 3, mUsScle and Reart CMEamman-oderved growtn Inaieito
STAETY Scid BINCING Proteln 3, mMUScle ano Reart OMEanmmar-oervec growwtn Innieito
ENCothelln receptor wpe B HS SU0Us HYsS 10
Endnthelial PAaS dormain protein 1 Hs 21536 saamsn=nn
KIlaAn=00 protein He. 1 720325 asansass
E=Ts H=. 59771 As0as22s
Slpha- 2 HS_glvcoprotein Hs. FS420 Tsyosz

A0z6s a1 a02zaq

4 (ool Hs Fa3a4 Hasees
Tl uling 1, Coweoloe prolein, 23R0 HS . TA05a anaSTSe0

Cecidual proteln Induced by PrOogesSIerone Hs. 9367FS R333632

SovaNnced OVcoSWISNoNn eNd PrOdUcTE-SPecITIc receptor HS 1S4 wurasS3e

Cecidual ProTeIn INduced by PFOQEeSISrone HS Y956 F5 Mo sy

frur Aand @ halfl I darmains 1 Hs 2RA069 sasdssass

Hormn sapiens miRha chna DIKE PR SRARNTR ororm clnne MEETRSRamnT ey Hs >
wasomctive intestinal peptide receptor 1 H=.1 92726 HF2=a1

< el OS5 toot Score

immunoglobulin lambda locus Hs. 181125 AIB20826
immunoglobulin lambda locus Hs. 181125 AIBEEEE2

immunoglabulin lambda locus Hs.1681125 TRFD53
four and & half LIM domains 1 Hs 239069 42455825
immunoglabulin lambda 1ocus Hs.1681125 TE3045

intestinal peptide receptar 1 Hs.198726 H73241
Homa sapiens mRNA; cDNA DKFZpS64B076 from clone DIKFZpsB4B07E) He.3

"ESTs, Highly similar ta ILLT_HUMAN IMMUNOGLOBULIN LAMBDA-LIKE POL
“zallagen, trpe Ill, alpha 1 (Ehlers-Danios syndrome type IV, autasomal dominan
“eallagen, type Ill, alpha 1 (Ehlers-Danlos syndrome type ¥, autasomal dominan
decidual protein induced by progesterone Hs 93675 NG5268

advanced end product-sp receplor Hs.1 84 74536

a disinteqrin and metalloproteinase domain 12 {meltrin alpha) Hs.8850 H7537
decidual protein induced by progesterone Hs 93675 RI3362
chromosome 20 open reading frarme 1 Hs.9320 H73329
“wavenlin 1, caveolae protein, 22kD Hs. 74034 A8487560 "
Kruppeklike factor 4 (gul) Hs.7934 H45668
ESTe Hs.203280 44971868
HEPC1 50 protein similar to ukiguitin-conjugating enzyme Hs.5198 244450431
"ESTs, Weakly similar to AF155135 1 nowel retinal pigment epithelial cell protein
alburmin Hs 75443 Ta5854

tplasrir binding proteing Hs 65424 W7 3889

ESTs H3.49266 A1 40241
alpha-2-HS-glyepratein Hs. 75430 T57082

ESTs Hs.69771 24045825

KIA40300 protein Hs. 173035 AA05458

"serine (ar cysteine) proteinase inhihitor, clade A {alpha-1 antiprateinase, antitryk
cyclin A2 Hs 85137 AABIB5ES

"ESTs, Weakly similar to 0S-4 protein [H.sapiens] Hs 18714 1493120

PAS domain protein 1 Hs.8136 AA680300

trophinin associated protein tasting Hs 171955 Ha4a49
receptor type B Hs.82002 H28710

sixtransmembrane epithelial antigen ofthe prostate Hs 61635 A2032221
“fatty acid binding pratein 3, muscle and heart (mammany-derived grawth inhikito
“fatty acid binding pratein 3, muscle and heart (mammany-derived grawth inhikito
"COCE (cell division cyele B, S. cerevisiag) homalog Hs 69563 H59203
“endothelial differentiation, sphingolipid G-protein-coupled receptor, 1 Hs.15421
receptor tipe B Hs.82002 N29914

CD79A antigen (mmunoglobulin-associated alpha) Hs.79630 TE6I34
PAS domain protein 1 Hs.8136 R24882

epithelial membrane pratein 2 Hs.29191 T84249
"Homa sapiens cDM&: FLI22663 fis, clone HSIN20S0 Hs.178470 TE2704 "
ESTe Hs.130228 44811705

LiM domain binding 2 Hs.4980 H73814

polo (Drosophia)-like kinase Hs. 77507 44629263

activating transcription factar 3 HS.460 H21041

G protein-coupled receptar kinase-interactor 1 Hs.4055 AA41 6628

diphtheria toxin receptor (heparin-binding epidermal growth factor-like growth fac
G pratein-coupled recentar kinase-interactor 1 Hs.4055 A1 35912

A1 e sk e o

M mre HH.H ..

glutathione S-transferase A4 Hs 168307 AA152346

131 [i]

1
£4.31 X ayis: Mean Values

B Mean of Group 1: Under Expressed B Mean of Group 1: Over Expressed
I Mean of Group 2: Under Expressed (] Mean of Graup 2: Over Expressed

Fig. 6 Mean histogram based on the mean of the data of over
expressed and under expressed genesof group 1 & 2.
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Fig. 7 Expression pattern grid of lung cancer
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