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ABSTRACT 

                                                                                                               
Lung cancer is the leading cause of cancer associated deaths Worldwide and has one of the poorest prognoses among 
all cancer types. It is a disease which causes deaths all over the world and is rapidly increasing in number. Lung cancer 
is the most common cause of cancer-related mortality worldwide, with >160 000 deaths in the United States in 2008 
and a poor 5-year survival rate, which remains stable at 15% .Analysis of the genetic alterations occurring in lung 
cancer has shown that histopathological differences are in line with genetic heterogeneity of the disease .Consistent 
with the genetic heterogeneity, expression studies have not only unveiled profound differences between SCLC and 
NSCLC but also within different NSCLC subtypes , However, until recently all NSCLC lung cancer forms have been 
treated with similar approaches regardless of their biological differences. Microarray studies in cancer compare 
expression levels between two or more sample groups on thousands of genes. Data analysis follows the approach 
comparison of sample mean to identify differentially expressed genes. This leads to the discovery of 'population-level' 
markers, i.e., genes with the expression patterns A > B and B > A. These tests and the gene expression pattern grid may 
be useful for the identification of therapeutic targets and diagnostic or prognostic markers that are present only in 
subsets of cancer patients, and provide a more complete portrait of differential expression in cancer. Various tests and 
experimental parameters were set up and from this we characterized about 8 differentially expressed genes and finally 
tested/validated using statistical tests. 
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1. INTRODUCTION     
Microarray data analysis technologies are a powerful 
approach for genomic research. The multistep, data 
intensive nature of this technology has created an 
unprecedented informatics and analytical challenge. It 
is important to understand the crucial steps that can 
affect the outcome of the analysis. These technologies 
have provided a contemporary trend on various 
analytical steps in the micro array data analysis which 
includes experimental design, data standardization, 
image acquisition and analysis, normalization, 
statistical significance inference, exploratory data 
analysis, class prediction and pathway analysis as 
well as various considerations relevant to their 
implementation.[30]. Micro array technologies permit 
the simultaneous monitoring of gene expression  

 
values for tens of thousands of genes in one 
experiment. [49,32,14] Studies of differential 
expression of individual genes often find genes that 
are up-regulated in some tumors, and down-regulated 
in others. Microarray studies typically seek to identify 
differentially expressed genes using use fold-change 
[14] t-tests [3] and models. [27,54,6,21] 

Micro array are used to assay gene expression within 
a single sample to compare gene expression in two 
different cell types or tissue samples. Because a 
microarray can be used to examine the expression of 
hundreds or thousands of genes at once, it promises to 
revolutionize the way scientists examine gene 
expression. 
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The methods of analysis for identifying differentially 
expressed genes in data from microarray experiments 
vary widely, but all are focused on the question of 
whether genes are over-expressed or under-expressed 
in samples in group A (e.g., tumor, or treatment, or 
metastatic, or responder) compared to samples in 
group B (e.g., normal, or control, or quiescent, or 
nonresponder). These patterns can efficiently be 
referred to as AB (over expressed in A) and BA 
(under expressed in A) patterns. Typically, 
researchers use study designs that favor biological 
replication to maximize the ability to detect 
reproducibly genes that are differentially expressed in 
a patient population, at a sacrifice of the ability to 
detect individual-specific patterns of differential 
expression with technical replication. Most cancers 
are diseases with heterogeneous etiologies; moreover, 
the development of every primary tumor in different 
individuals is a unique biological event. Thus, the 
expression levels of genes in the individual patient 
are also important; some important gene 
dysregulation may be highly specific to each 
individual 
Nevertheless, the study of gene expression represents 
an important and necessary first step under in our 
understanding and cataloguing of the human genome.  
As more information accumulates, Scientists will be 
able to use micro arrays to ask increasingly complex 
questions and perform more intricate experiments. 
With new advances, researchers will be able to infer 
probable functions of new genes based on similarities 
in expression patterns with those of known genes. 
Ultimately these studies promises to expand the size 
of existing gene families reveal new patterns of 
coordinated gene expression across gene families and 
uncover entirely new categories of genes.  
Furthermore, because the product of any one gene 
usually interacts with those of many others, our 
understanding of how these genes coordinate will 
become clearer through such analyses and precise 
knowledge of these inter relationships will emerge. 
The use of micro arrays may also speed the 
identification of gene involved in the development of 
various diseases by enabling the scientists to examine 
a much larger number of genes.   
Taking all pros and cons into consideration, this study 
has been initiated with the objective to identify genes 
which may be responsible for Lung cancer using 
microarray data in-silico approach, so that this 
information could be used to identify the genes which 
are differentially expressed during lung cancer 
conditions and to understand the behavior of genes 
and the same could be utilized for drug designing , 
[25] therapy and advance diagnosis of cancer. 

 In the field of cancer research, the set of 
differentially expressed genes represents a potential 
goldmine of markers for molecular medicine. 
Specially, studies have  demonstrated the vast 
potential of differentially expressed genes as 
biomarkers for molecular diagnosis [13]  including 
stage and grade.[37,42,1,23,45,34], prognosis [4], 
therapy outcome prediction [28,39,36], malignancy 
and metastasis [31,51,17,41] and tumour 
aggressiveness [9]. With the ability to detect drug-
resistant tumour using a drug response index that 
summarize signature profiles (positive and negative), 
physician will be able to prescribe drugs that are less 
likely to fail and thus generate more individualized 
prescriptions that have higher positive response rates. 
Eventual uses of this information will extend beyond 
profiling.  
Tests for identifying differentially expressed genes 
should be as powerful (sensitive) and yet as specific 
as possible. There is a growing demand for easy- to –
use tools for the analysis and interpretation of global 
patterns of gene expression from microarray 
experiments. While commercial platforms are 
available, most are specially designed for data from 
one platform. [24]. 
Genome wide micro array technologies which are 
widely used to monitor global gene expression in 
cancer have identified numerous differentially 
expressed genes. [10,19]. 
These studies shows a strong association of 
differentially expressed genes which is significantly 
more expressed in tumors as opposed to normal 
tissues from lung cancer patients and have 
demonstrated that it can also be a strong Prognostic 
indicator. [2,20,26] 
 

2. MATERIALS AND METHODS 
The gene expression datasets on lung cancer gene 
expression by Garber et. al were done using 
Affymetrix chips and the expression levels measured. 
In the present study the number of samples used were 
72, the number of genes were 916 and sample 
classification was down by giving group (1) abnormal 
(2) normal genes. 
The expression of microarray data from pilot studies, 
basic research and large scale clinical trials require 
the development of integrative computational tools 
that can not only analyze gene expression but that can 
also evaluate methods of analysis. The microanalysis 
steps include the experimental design and 
implementation, data collection and archival image 
acquisition, image analysis, data pre-processing, data 
normalization and identifying differentially expressed 
genes with exploratory data analysis. To tackle this 
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problem, caGEDA format 1 was used which 
facilitates post analysis translation interpretation.  
Global correction of sample mean, mean verses 
variance graph, MA plot, score histogram of genes, 
mean histogram expression pattern grid, test for 
differential expressed genes, permutation test, K-
mean clustering etc were used to normalize the data, 
their correction and finding out significantly 
expressed genes to ultimately marking the genes 
which may be possible potential candidates for 
causing the Lung cancer. Various tests and 
experimental parameters were set up. The output was 
generated which has graphical output, class 
comparison output, expression pattern output and 
various tests output, these outputs were analyzed and 
a detailed analyses of each of the graphical outputs 
was done in order to get  gene expression analysis. 
Gene expression results were studied for the 
differentially expressed genes and the putative cancer 
causing genes were identified. 
2.1. Data formats 
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 
format1. 
2.2. Missing Values 
 Missing values are encoded as ‘NA’ or’?’ and can be 
estimated using k-nearest neighbours. A total    of 
three neighbours in Euclidean space are used; if one 
of the neighbours also has a missing value, the next 
neighbour is found. 
2.3. Finding differentially expressed genes 
Differentially expressed genes (DEGs) are genes 
whose expression levels are significantly different 
between two groups of experiments. The genes are 
relevant for discovering potential pharmaceutical 
targets and diagnostic or prognostic markers [50]. 
Identification of differential gene expression is the 
first task of an in depth microarray analysis. [44]  
These include a number of new tests J5, D1, simple 
separability, weighed separability, the permutation 
percentile separability test (PPST) and the ABA test.      
2.4. Statistical data  
 

2.4.1. Simple separability test  
We define N1 as the number of samples in group A 
for which the expression value for the ith gene is less 
than the minimum value of that gene of group B (the 
subscript i in N1i has been omitted for ease of 
reading) ; N2 as the number of samples in group A for 
which the expression  value for the ith gene is greater 

than the maximum value of that gene of group B, N3 
as the number of samples in group B for which the 
expression value for the ith gene is less than the 
minimum value of that gene of group A; and N4 as the 
number of samples in group B for which the 
expression value for the ith gene is greater than the 
maximum value of that gene of group A . This is 
equivalent to the proportion of non-overlap between 
the two distributions. 
 

The counts N1, N2, and N3, N4 are paired such that in 
the perfectly separable case when N1=NA, then N2=0, 
or vice versa; and when N3=NB, then N4=0, or vice 
versa. Our score Si, which is: 
 
Si = (N1+N4)/(NA+NB) or (N2+N3)(NA+NB) or 
      (N2+N3)(NA+NB) 
 
(Whichever is greater), has an upper limit of 1.0 the 
threshold, T, ranges from 0 to 1. Genes with S scores 
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 informative as it 
might be, especially in the comparison of two sample 
distributions that are perfectly separated, one by a 
large magnitude and the other by a smaller 
magnitude. Under weighted separability, the score for 
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-(meanAi-meanBi) / (1/m)sum(-meanAi-meanBi)   
 
Under weighted separability, the score Si become wiSi 
and has a lower limit of 0 and an upper limit of 
NA+NB 
 
2.4.3. J5 test  
 
The J5 test is a gene-specific ratio between the mean 
difference in expression intensity between two groups 
A and B, to the average mean group difference of all 
m genes. 

                                
 
The J5 test is likely to be useful in pilot studies 
where, due to high variance, t-test are likely to exhibit 
unacceptably low specificity (high false discovery 
rates). 
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2.4.4. Permutation percentile separability test 
PPST examines whether a gene is over expressed (or 
under expressed) in the test group compared with the 
control group and vice versa. This is achieved by first 
counting the number of individuals in a group that 
exhibit an expression intensity that is greater (or less 
than) than the upper (or lower) 95th percentile of the 
alternate group. This number is compared with a 
distribution of counts that results when an arbitrarily 
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 reports 
genes that show both a surprisingly large number 
genes that are over expressed compared with the 
alternate group and a surprisingly large number of 
samples that are under expressed compared with the 
alternate group. The test is called ABA to reflect the 
pattern in which genes from the A group are found in 
the tails of the B group, and it reports genes that 
exhibit either significant ABA or BAB patterns. 
caGEDA  provides output for both, and an expression 
pattern grid for the ABA pattern genes (tumour-
normal –tumour).  
 

3. RESULTS AND DISCUSSION 

The goal of our paper was analysis of microarray data 
on Lung cancer. The main task of our analysis was 
the identification of up- and down-regulated genes. 
With the solution of the main task we also resolved 
others:  
• Comparison of different subtypes of lung cancer  
• Estimation of the number of genes differentially 
expressed in different subtypes of lung cancer  
• Identification of up- and down-regulated 
biological processes according to Gene Ontology  
• Detection of putative targets for some known 
chemical compounds.  
The differentially expressed genes can be identified 
using statistical testing. We find an abundance of AB 
and BA pattern genes, with roughly the same number 
of genes called significant under the parametric t-test. 
We also find large numbers of genes with significant 
ABA test scores, and some with 'BAB' pattern genes. 
There is a marked tendency in most data sets for more 
ABA (cancer-normal-cancer) type genes than BAB 
pattern genes. These patterns are also reflected in 
'expression pattern grids' of gene with significant s3 
(ABA) statistics (Fig.1) [24]  

 
Fig.1:  Conceptual representation of AB, BA, and ABA patterns 
of differential expression. The colored tails represent the 
placement of expression values of a given gene in tumours when 
compared to the distribution of expression values in normal 
samples. Standard AB and BA patterns are represented by red and 
black, respectively. 

The result of user defined group classification 
revealed group (1) as abnormal and group (2) as 
normal. Performance evaluation was conducted for 
number of times bipartition recovered at 0.0. The 
genes retained were 64. The correlation between 
micro array after normalization was 0.172 (Fig. 2). 
The red portion in Fig. 2 indicates the differentially 
expressed genes. To evaluate the relationship 
between means of both the groups and their 
respective variances, the means and variances were 
presented graphically where means ranges from-51 to 
54 on X-axis and variances from 0 to 12325 on Y-
axis (Figure.3). 

 
 
Fig.2: Global correction graph of means of differential expressed 
genes of lung cancer 
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Fig. 3: Relationship between means of both the groups of 
differentially expressed genes and genes not expressed & their 
respective variances 
 

The coefficient of variation between arrays before 
normalization was 17.577 and after normalization 
was 0.172. This is a very important graphical output 
as this helps in calculating the differentially 
expressed genes. 
MA plot was constructed by depicting M= log 
(mean1/mean2) on Y-axis and A= log (mean1 x mean 
2) on X- axis (Figure.4). The values of M range from 
-7 to -5 and the values of a range from   -1 to -3. The 
correlation between these two variables was 0.38. 
The red region depicts the differentially expressed 
genes. 

 
 
Fig. 4: MA values of differentially expressed genes 
The score histogram is a bar chart graphic 
representation of the score distribution report 
(Figure.5). The scores are converted to a percentage 
on the horizontal axis and the frequency is plotted on 
the vertical axis. It represents the J5 test score which 
varies from -3.94 to 3.94. The score histogram of 

genes on the basis of scores depicts the under 
expressed and over expressed genes. 
 
The confounding indexes of 64 retained genes before 
normalization and after normalization were -9.029 
and -2.027 respectively. 
The next output of the result was picture showing the 
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 genes which 
are differentially expressed in a manner which covers 
the entire region of genes. 
3.1. Expression Pattern Grid: The Gene Expression 
Pattern Grid, which is generated for any set of 
differentially expressed genes with the GEDA web 
application, summarizes the types of differential 
expression in a way that is related to the PPST test. 
Black signifies that the expression intensity of a given 
gene in a given sample is within the upper and lower 
95th percentile boundaries of the alternate group. On 
screen green signifies that the expression intensity is 
below the lower 95th percentile of the alternate group, 
and red signifies that the expression value is above 
the upper 95th percentile of the alternate group (red = 
overexpression; green = underexpression). 
This representation includes information on both the 
population-level informativeness as well as which 
individuals appear to exhibit uniquely differentially 
expressed profiles. Samples within sample group are 
arranged according to their relative position in a 
hierarchical agglomerative clustering with pair wise 
distance = 1-Pearson's correlation coefficient.' Not 
expressed' is a hypothesis generated in these graphs 
when the expression intensity value of that gene for 
that individual falls in the lower 95th %tile of the 
entire data set. Expression pattern grids were 
produced online with the Gene Expression Data 
Analysis web application 
http://bioinformatics.upmc.edu/. 
3.2. Differentially expressed genes: After using 
the different steps discussed above, here we name 
some genes which are differentially expressed and is 
the putative cancer causing genes: 
3.2.1.       EPAS1: Endothelial pas domain protein 1 
which is also designated as HIF-1 alpha like factor 
(HLF) is a recently identified Bhlh-PAS protein that 
shares 48% sequence identity with Hlf-1 ALPHA. 
The EPAS1 provides novel insight into the regulatory 
mechanisms of EPAS1 gene expression that may 
contribute to the adaptation of tumor cells under the 
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hypoxic environment. [15] EPAS1 activates its own 
promoter and seems to be regulates. EPAS1 has been 
identified as a member of the basic helix -loop -helix 
(bHLH) PAS protein family and plays a critical role 
in the regulation of hypoxia inducible genes. 
3.2.2. Polo like Kinase (PLK 1): PLK is involved 
in targeting cyclin B1, to the nucleus (Toyoshima- 
morimoto et.al.) PLK 1 is over expressed in human 
tumors and has prognostic potential in cancer, 
indicating its involvement in carcinogenesis & its 
potential as a therapeutic target. The first identified 
PLK 1 family member was Polo, which is a 
serine/threonine kinase, in Drosophila melanogaster. 
PLK 1 is associated with tumorigenesis and belongs 
to a family of disease relevant protein kinases that 
can be targeted by different drugs. It represents a 
promising approach for the development of novel 
anticancer therapies.  PLK1 activity is suppressed and 
cell cycle arrests to repair the damaged DNA which is 
considered as novel prognostic marker for several 
tumors.  NSLC patients whose tumour showed that 
high PLK1 expression had poorly curative effect, and 
were resistant to chemotherapy, which implied that 
PLK 1 might be associated with drug resistance.                              
3.2.3. Metallo proteinase domain 12:  These are a 
family of proteolytic enzymes with over 20 members 
that break down proteins in the extracellular matrix. 
MMPs are regulated by specific inhibitors known as 
the tissue inhibitors of metallo proteinases (TIMPs). 
These are highly expressed in many different cancer 
types including lung cancer. The importance of 
MMP12 in human lung has however been shown by 
its role in the development of emphysema caused by 
cigarette smoke The MMP12 polymorphism is 
located in the coding  region of the hemopexin 
domain that is responsible for MMP12 activity  
3.2.4. Trophinin (TRo-tastin):  Trophinin was 
identified as one of the best correlated genes. The 
trophinin expression in lung cancer specimens were 
examined by immunohistochemical staining. The role 
of trophinin in cancer metastasis was further 
investigated by approaches of over expression and 
knock down with small interfering RNA (siRNA). 
Over expression of trophinin increases cell invasion 
ability and knock down with siRNA inhibits cell 
invasion trophinin could enhance cell invasion as a 
novel prognostic factor for early stage lung cancer. 
Trophinin expression is high in human embryonic 
tissue as well as lung cancer and is undetectable in 
normal adult tissue.   
3.2.5. Metallothionien:  Metallothioniens are a 
group of low molecular weight (6000-7000 Da), 
cysteine rich (30%) intracellular proteins with high 
affinity for certain metals but no known enzymatic 

activity. This protein is rich in sulphydryi groups and 
thus is an excellent candidate for attacks by 
electrophiles, such as the platinum drugs, resulting in 
drug resistance. The protein MT plays an important 
role in Cd detoxification and it has been suggested 
that differential inducibility of pulmonary may lead to 
interspecies susceptibility. Recent in vitro studies 
have suggested that modulation of MT synthesis in 
certain tumors may provide a promising protocol to 
enhance the efficacy of drugs in patients undergoing 
chemotherapy for malignant diseases.[46,43] MTs 
also have an important role in carcinogenesis because 
of their over expression in variety of tumors. A high 
cancer of MT occurs during early development in 
variety of tissues, including liver, lung tissues, with 
levels declining to very low concentrations adult live 
MT expression in lung tumors has not been evaluated 
adequately and there is only one published study in 
the literature. [18] 
3.2.6. Pleoitrophin (PTN): Pleoitrophin is a 
heparin binding growth factor involved in the 
differentiation & proliferation of neuronal tissue 
during embryogenesis, and also secreted by 
melanoma & carcinoma cells. Pleoitropin is very 
basic  protein of an apparent mass of 1&kda, which is 
differentially expressed during pre-and  post natal 
development .During embryogenesis PTN is strongly 
expressed in brain, liver, Spleen , lung, bone & 
tongue is strongly expressed in human lung cancer 
lines, particularly in those are lines derived from 
small lung cancer . PTN might be a prognostic factor 
for lung cancer and larger prospective further studies 
do required to confirm this hypothesis. 
3.2.7. Thrombomodulin: Thrombomodulin which 
is a receptor for thrombin on the surface of the 
vascular endothelial cells neutralizes thrombin and 
the formed thrombin- TM complex activates protein 
C. TM is not only a thrombin receptor but also an 
onco developmental antigen, which is found in lung 
cancers.[22].TM plays an important role in the 
regulation of intravascular coagulation by exerting 
the inhibitory activity on thrombin induced platelets 
aggregation. TM expression in the lung cancer cells 
appears to vary depending on the cellular conditions. 
It can be roughly speculated that functionally active 
TM on lung cancer cells may modulate the biological 
behaviors of these cells, such as invasiveness and 
metastatic potential.  
3.2.8. GPRC5A: GPRC5A is a member of G-
coupled receptors, which was originally identified as 
an all trans-retinoic acid-induced gene. Although 
recent studies reported that this gene was highly 
expressed in the cancer cell lines and that GPRC5A 
might positively regulate cell proliferation, its 
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mechanism remains unknown, GPRCSA gene, which 
is under expressed in human lung cancer, suppresses 
lung tumors in mouse models & could provide a key 
to attacking lung cancer in humans. The researchers 
compared 186 lung tumors to 17 normal tissues using 
gene expression profiling with a micro array. The 
four tumor types all had a fraction of GPRC5A gene 
expression shown in the normal cells: adeno 
carcinoma 46.2. In the end they inserted the GPRC5A 
gene back into lung cancer lines in a laboratory 
experiment & suppressed colony formation of human 
lung cancer by 91% into cell lines. [52,29].Further 
study substaining the role of GPRC5A gene in human 
lung cancer could lead to the development of novel 
approaches for lung cancer prevention diagnosis & 
treatment.  
3.3. PUTATIVE CANCER CAUSING 
GENES: 
In the previous section we named only a few genes 
which may be responsible for development of the 
disease. A large series of evidence has conclusively 
demonstrated that the development and progression 
of cancer are due to the accumulation of a number of 
genetic alterations which finally result in a final 
malignancy states one of the main point emerging 
from the investigations is that most tumor types show 
genetic aberrations modified in the protein engine 
which allows cells to divide correctly. 
One of the basic goals in the analysis of microarray 
gene expression data is the identification of 
differentially expressed genes in the comparison of 
different types of cell or tissue samples. In order to 
control the biological and experimental variability of 
the measurements, statistical inference has to be 
based on an adequate number of replicate 
experiments. 
For the following, we assume that the data are given 
either as absolute intensities or as relative values with 
respect to a common reference sample, and have been 
calibrated. To identify differentially expressed genes 
with respect to a certain biological question, a 
suitable statistical test may be performed for each 
gene [12].The choice of the test statistic depends on 
the biological question and on the nature of the 
available experimental data. Microarrays have an 
important role in finding novel drug targets; the 
thinking that guides the design and interpretation of 
such experiments has been expressed by (Lonnstedt 
and Speed, 2002.) [33] 
The number of genes selected would depend on the 
size, aim, background and follow-up plans of the 
experiment." Often, interest is restricted to so-called 
'druggable' target classes, thus thinning out the set of 
eligible genes considerably. One of the basic goals in 

the analysis of microarray gene expression data is the 
identification of differentially expressed genes in the 
comparison of different types of cell or tissue 
samples. In order to control the biological and 
experimental variability of the measurements, 
statistical inference has to be based on an adequate 
number of replicate experiments. Microarray based 
experiments are frequently seen as the stronghold of 
hypothesis-free genome research. While debatable in 
itself, this assertion simply shifts the responsibility to 
the computational scientist analyzing the data. In the 
absence of a clear hypothesis much of the analysis 
will be of an exploratory nature. Once this leads to a 
hypothesis further independent verification is needed. 
This embeds microarray experiments and statistical 
analysis into a feedback cycle producing new 
experiments. 
Gene expression profiling provides insight into the 
functions of genes at a molecular level. Microarray 
technology measures the relative activity of 
previously identified target genes. For understanding 
the disease network fundamentals of lung cancer, 
analysis of gene expression profiling data derived 
from micro-array technology was done. DNA 
microarray technology has been widely hailed as a 
powerful tool to study the global gene expression in 
organisms or tissues. Microarray can be applied to a 
wide range of studies including gene regulation, 
disease diagnosis and prognosis, cancer classification, 
bio-marker discovery and drug development. The 
microarray’s capacity to compare gene expression 
patterns in different tissues or conditions threatens to 
change the way biology is practiced and understood.  
Also we know that cancer is not the effect of single 
gene translocations. It involves the fusion of the 
genes which is a result of translocations of the 
chromosomes. These include finding out the analysis 
of the genes in consideration and find out the basis of 
these translocations. If we get to the core of these 
translocations and chromosomes aberrations we will 
be able to generate a putative method for finding out 
the targets for the drug discovery.  
With the help of our procedure using the microarray 
method we are able to identify genes that may be the 
possible cause of the disease and thus would establish 
the basis of drug designing in our next step of 
analysis. 
Recently two extensive studies on different 
histological types of lung cancer using high-density 
microarrays were published. [5,19]. In both of these 
studies the different types of lung cancer could 
clearly be separated according to gene expression 
profiles by hierarchical clustering. Different survival 
for patients in different clusters was also 
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demonstrated. Besides, a number of smaller array 
studies have also been published which are conducted 
mostly on cell culture level and investigate different 
aspects of lung cancer, including metastatic potential 
and classification [11]. 
A better framework of significance inference includes 
calculation of a statistic based on replicate array data 
for ranking genes according to their possibilities of 
differential expression and selection of a cut- off 
value for rejecting the null –hypothesis that the gene 
is not differentially expressed [38,40].  
Micro array experiments are the most abundant form 
of gene expression data. In summary, we propose 
some of the differential expressed genes like EPAS1, 
Polo like Kinase (PLK 1) , Metallo proteinase domain 
12 , Trophinin (TRo-tastin), Pleoitrophin 
(PTN),GPRC5A. [8] .The EGFR pathway is one of 
the most extensively studied signalling pathways 
relevant to cancer and the EGFR interactome is one 
of the most well-described interactomes, both 
biochemically and theoretically . Thus, it is likely that 
the poor lung cancer response rates may be due, at 
least in part, to a too homogeneous treatment 
approach used in the past for a highly heterogeneous 
disease [7]. Only recently, lung cancer heterogeneity 
has started to gain therapeutic relevance, as 
documented by the attempt to propose preferential 
chemotherapeutic options for each tumor 
histotype[53,47]. 
By harnessing the power of genomic research, this 
pioneering work has painted the clearest and most 
complete portrait yet of lung cancer’s molecular 
complexities.  “This big picture perspective will help 
to focus our research vision and speed our efforts to 
develop new strategies for disarming this common 
and devastating disease. Microarray data projects 
include data from pilot studies, basic research (in 
vitro and model animal), pre-clinical studies and 
large-scale clinical trials.  Cancer microarray data 
normally contains a small number of samples which 
have a large number of gene expression levels as 
features. To select relevant genes involved in 
different types of cancer remains a challenge. 
[55].Each new study reporting results from microarray 
experiments is accompanied by new methods of 
analysis.  These creative efforts have led to a wealth 
of methods but a dearth of comprehension on the 
comparative performance of these methods. 
Tests for identifying differentially expressed genes 
should be as powerful (sensitive) and yet as specific 
as possible. There is a growing demand for easy- to 
use tools for the analysis and interpretation of global 
patterns of gene expression from microarray 
experiments. While commercial platforms are 

available, most are specially designed for data from 
one platform. 
This study had been a stepping towards the analysis 
of data by using micro array technology which is a 
powerful approach for genomics research. It is 
important to understand the crucial steps that can 
affect the outcome of the analysis of the 
contemporary trends on various main analysis steps 
in the microarray data analysis process which 
includes experimental design, data standardization, 
image acquisition and analysis, normalization, 
statistical significance inference, exploratory data 
analysis class prediction and pathway analysis, as 
well as various considerations relevant to their 
implementation. By carrying out this analysis we are 
able to find out the putative drug targets for the 
disease and this approach will be increasingly useful 
and this work can be taken further for purpose of 
analysis.  
 

4. CONCLUSION 
This study shows that a total of 916 genes are 
expressed in lung cancer samples studied. The 64 
genes are retained for showing under and over 
expression under disease conditions. These genes 
were segregated using J5 Test, T-test, and calculation 
of P values. An interesting potential application of the 
expression pattern grid and the study of modes of 
differential expression is the search of potential gene 
deletions (samples in group A down regulated 
compared with samples in group B) . Crossed-out 
boxes in the expression pattern grid provide us a 
visual aid in formulating hypothesis about deletion 
events. Furthermore the gene expression pattern grid 
is useful in identifying false positives that occur due 
to outliers. Various features of the analysis carried 
out by caGEDA are described, and more information 
on its implementation is available on 
(http://bioinformatics.upmc.edu/Help/GEDADescripti
on.html). Using the generalized micro-analysis, we 
detected a number of putative targets for some known 
chemical compounds.            Lung Cancer is a 
widespread disease and finding out the genes which 
may be responsible for its effect is one of the 
preliminary steps of investigation. It is possible to go 
about with the process of drug designing and thus 
establishing remarkable step for the treatment of 
cancer.     
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Fig. 5 Score histogram of over and under expressed genes  

 
 

Fig. 6 Mean histogram based on the mean of the data of over 
expressed and under expressed genes of group 1 & 2. 

 
 
 
 
 

 

 
 

 
Fig. 7 Expression pattern grid of lung cancer 

 


