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Abstract: Adult T-cell leukemia/lymphoma (ATL) is a rare cancer of the immune system's own T-cells.
Human T cell leukemia/lymphotropic virus type 1 (HTLV-1) is believed to be responsible for it. ATL is
usually a highly aggressive non-Hodgkin's lymphomawith no characteristic histologic appearance except
for a diffuse pattern and a mature T-cell phenotype. Circulating lymphocyteswith an irregular nuclear
contour (leukemic cells) are frequently seen. ATL is frequently accompanied by visceral involvement,
hypercalcemia, Iytic bone lesions, and skin lesions. Most patients die within one year of diagnosis. Co-
regulated genes may share similar expression profiles, may be involved in related functions or regulated by
common regulatory elements. There are different approaches to analyse the large-scale gene expression data
in which the essence is to identify gene clusters. This approach has alowed us to (i) determine expression
profiles of previously described developmentally regulated genes: in this work raw data of patients infected
by HTLV-1 is used as a sample where three over-expressed genes such as LY N, were found. (ii) identify
novel developmentally regulated genes. here Co-expressed genes of these three over-expressed genes were
analyzed by using Insilico approaches such as Clustering (HCL, KMC) and phylogenetic analysis.
Keywords: Leukemia, histologic, T-cell phenotype, skin lesions, hypercalcemia, gene expression, HTLV-1,
phylogenetic analysis.

| ntr oduction:

Adult T-cell leukemia-lymphoma (ATLL)
is an HTLV-l-associated lymphoproliferative
malignancy that is frequently fatal [1]. ATLL isa
peripheral T-cell malignancy associated with
human T-cell lymphotropic virus type | (HTLV-1)
infection that develops after a very long latency
period. Clinicaly, ATLL is classified into four
subtypes: acute, lymphoma, chronic and
smoldering type. Although the prognosis of
chronic and smoldering-type ATLL is relatively
good, that of patients with acute- or lymphoma-
type ATL dill remains extremely poor [2].
Leukemia is preceded by oligoclona expansions

arising from a polyclona background of activated
HTLV-1-infected T cells as a result of the
expression of the vira transactivator protein Tax,
which activates various cellular genes [3,4] and
creates an autocrine loop involving IL-2, IL-15
and their cognate receptors. Patients with
aggressive ATL, either acute or lymphoma type,
generally have a poor prognosis because of
intrinsic chemoresistance of the malignant cells, a
large tumor burden frequently associated with
multiorgan failure, hypercalcemia and/or frequent
infectious complications due to profound T-cell
immune deficiency [5]. It isaunique T-cell cancer
first described in Japan. Chemoresistance is
considered to be due to multiple factors, including
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overexpresson of the multidrug resistance
protein, TP53 mutations and dysregulation of
various cellular oncogenes in ATL cells [6]. On
the other hand, patients with indolent ATL, either
chronic or smoldering type, have a better
prognosis.

Family studies showed that the routes of
natural infection of HTLV-l are from mother to
child and aso from husband to wife. The third
route is blood transfusion. The borderline between
the healthy carrier state and smoldering ATL
remains unclear. In the endemic areas smoldering
ATL is frequently diagnosed in patients with
fungus infection of the skin, chronic
lymphadenopathy, interstitial pneumonitis, chronic
rena failure, and stronglyloidiasis[7].

A microarray is an array of DNA
molecules that permit many hybridization
experiments to be performed in paraléel. It can
monitor expression levels of thousands of genes
simultaneoudly. Microarray emerged in late 90s as
a high-throughput technology for gene expression
analysis. It has become a powerful tool for
biomedical research [8]. In just a few years,
microarrays have gone from obscurity to being
amost ubiquitous in biologica  research.
Microarray Data Analysis is one of the best and
most widely used techniques in bioinformatics to
study gene expression, disease diagnosis, target
identification, gene screening, marker mapping
and other developmenta biology. Raw data of this
microarray work was available in Stanford
Microarray Database. At the same time, the
statistical methodology for microarray analysis has
progressed from simple visual assessments of
results to a weekly deluge of papers that describe
purportedly novel algorithms for anaysing
changes in gene expression [9].Various microarray
gene clustering algorithms like hierarchia
clustering, self organizing maps and k-means are
found useful for discovering groups of correlated
or co-expressed genes potentially co-regulated or
associated to the disease or conditions under
investigation.

Microarray Experiment:

Microarrays are a novel technology that
facilitates the simultaneous measurement of
thousands of gene expression levels [10]. The
DNA microarray is made out of a glass, plastic or
silicon chip. This chip has many microscopic
DNA spots on its surface which forms the array.
The DNA spots are known as probes, because they
are probing the sample which is hybridized to the
chip. The sample which contains cDNA is called
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the target since the probes are looking to match
these targets. Microarray experiments are typically
made to compare two or more samples which
represent two or more conditions, one being for
example a cell that has mutated into a cancer cell
and the other anormal cell [11].

We identified severa genes anomaloudly
over-expressed in the ATLL leukemic cells at the
MRNA level, including LYN, CSPG2, and LMO2,
and confirmed LMO2 expression in ATLL cells at
the protein level. In this report we performed gene
clustering on the raw microarray data sets
provided by Stanford Microarray Database for
LYN expression in various scenarios of T-cell
leukemia-lymphoma. Gene ontology gave a
further insight into celular and molecular
processes of LYN. Using GENESIS’s HCL
(hierarchial clustering) and K-means analysis, we
found 70 common genes in clusters, out of which
10 genes were considered to be harmful after
reading their literature in GeneCard and GENE
(NCBI). Further a phylogenetic analysis was done
on the 10 harmful genes using MEGA 5.05 which
gave us the 10 most closely related genes to our
target gene LYN. Thus, these closdly related 10
genes can also be considered as potential novel
targets for designing drugs for T-cell Leukemia-
Lymphoma in near future of biomedical research.

M aterials and M ethodology

Dataretrieval:

The Stanford Microarray Database (SMD;
http://genome-www.stanford.edu/microarray/)
serves as a microarray research database for
Stanford investigators and their collaborators. In
addition, SMD functions as a resource for the
entire scientific community, by making freely
available all of its source code and providing full
public access to data published by SMD users,
aong with many tools to explore and analyze
those data [12]. The SMD was used to obtain the
raw data for microarray data analysis. Under the
publications section of SMD, organism Homo
sapiens was selected. The data was taken from List
data for Publication for Homo sapiens. Citation:
Alizadeh AA, et a. (2010) Leuk Lymphom.
Topic: Expression profiles of adult T-cell
leukemia-lymphoma and associations with clinical
responses to zidovudine and interferon alpha. Raw
data was downloaded and saved. The data was
present in the form of excel sheets. Tota of
Eighteen excel sheets were present. These
contained data from eighteen different
experiments.
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Export datain Genesis

On SMD this raw data are provided in 18
excdl file sets each file contain expression data of
different time and different pH. The raw data files
are sorted and scaled by taking logarithm at base 2
of R/G normalized (mean) ratio. All excel files
were merged in one exce file. Then data is
normalzed by the rule if missing value in a row
more than 80% then delete that row. After
normalization we got 5222 genes in excd file.
Finally thisfile isimported in the genesis [13].

Genesis:

A versatile, platform independent and easy
to use Java suite for large-scale gene expression
analysis was developed. Genesis integrates various
tools for microarray data analysis such as filters,
normalization and visualization tools, distance
measures as well as common clustering algorithms
including hierarchical clustering, self-organizing
maps, k-means, principal component analysis, and
support vector machines. The results of the
clustering are transparent across all implemented
methods and enable the analysis of the outcome of
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different algorithms and parameters. Additionaly,
mapping of gene expression data onto
chromosomal sequences was implemented to
enhance promoter analysis and investigation of
transcriptional control mechanisms[14].
Clustering for data:

Here Hierarchica cluster (HCL) is
obtained as output by using microarray gene
expression data in cluster which can visudize in
tree-view as a hierarchicd tree. It has been found
that this tree contain all given datain a hierarchical
form. According to gene expression value, closdy
related (co-express) gene would in same cluster.
By using different correlation type it has been
found that the centered correlation is better and
suitable for hierarchical clustering and gives more
appropriate output for further process [15]. Then
through manual subclustering we got 34 clusters.
For the k means clustering numbers of clusters of
hcl is used (Fig 1 & Fig: 2). After that k means
clustering was done, parameter number of cluster
was 34 and maximum iteration of 2000 was
sel ected.
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Fig: 1 Clustersobtained by HCL method.
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Fig: 2 Clusters obtained by KM C method

Comparision of clusters

Genes which are evolutionary related can have

Each and every cluster of hcl is compared similar sequences and similar promoters. So we
with the k means clusters (34 clusters). It was done can exploit this property for preparing potential
manually by studying each and every gene drug targets against the proteins coded by those
independently. For clusters which were having genes.

same genes (by comparing hcl and k means
clusters), their gene list were obtained.

Phylogenetic analysis of our ten important

genes

Phylogenetic analysis is done to find the

evolutionary relationship between these genes.

Result and Discussion

Prediction of coexpressed genes

From the manual anaysis of k means
clusters and HCI clusters, 2 clusters were found
which were showing same gene contained, which
isshown in tablel.

Tablel: cluster of HCI matching with K means cluster and their expression pattern

Cluster no. of HCI

Cluster no of k means

Shown in figure

HCL 4

K24

Fig: 3

HCL 21

K22

Fig: 4
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Cluster'd- 30 Genes
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Cluster 24 - B5 Genes

0653
1289
1.442
138
2.044
1324
1801 -
0.818
1872
0855
1377
077
0944
0.803
0.798

: Expression Pattern of HCL4 & K24

Common genesin clusters

The genes of these selected clusters ‘seed
cluster’ can be used for further analysis. This both
cluster contains different number of gene which
shows same gene expression. By applying
clustered gene in genesis and some other plotting
option for gene expression pattern anaysis, plot by
them shows that according to time period and
provided environment condition, the expression of
gene become changed, and this change is
observable. This fluctuation seems same for most
of genes which are in same cluster Figure 4 & 5.

2
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0.705

0613

0653
5
1442 |
138 |
2044
1324
1.901
0818
1973
0391
a5
1377 |
[ Prr o
0944
0803

0.798

Gene expression pattern shows that, when we
going to calculate the variance for all gene at every
given condition, we found that at some point it is
very high for some gene. It is shows that after
clustering there is a chance of getting some false
positive gene in cluster. For those genes whose
function is tilled not known but are came in these
2 clusters we can conclude that they may
responsible for ATLL. By phylogenetic analysis
we have seen that 1KBKE gene is the closest to
our target gene (LYN) and a breast cancer
oncogene (Fig: 5).
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Fig 5: Phylogenetic analysis of 10 har mful genes

Conclusion

Clustering result from both the methods (HCL
clustering and K-means clustering) shows that
genes which are common in specific clusters of
Hierarchical Clustering and cluster of k-means

clustering( k24 HCI4 , k22 HC21) have similar
expressions pattern of the respective clusters
(which are present in both type of clustering) are
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