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Abstract— Data Mining is the process of extracting the information from a dataset and transforms it into an
understandable structure. An essential problem in microarray data analysis is to discover phenotype structures.
The existing techniques for phenotype structure discovery are singleton discriminability based approach and
combination discriminability based approach.The goal is to discovery groups of samples equivalent to
different phenotypes (such as disease or normal). Novel sequence dissimilarity is to be proposed for
systematic expression values among genes. This is important for the subsequent analysis by the biologists.
The sequence model is that only a small number of genes are needed to achieve high phenotype
discriminability.A g* sequence model to characterize the phenotype structure.This property helps to improve
the robustness of the proposed model and enables to identify the highly discriminative signatures with only a
small number of genes.
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I.

INTRODUCTION

Data Mining has great potential for exploring the meaningful and hidden patterns in the data
sets at the medical domain. Discovery of hidden patterns and relationships often goes unexploited.
Advanced data mining techniques is a remedy to this situation. Data mining functions include
clustering, classification, prediction, and associations. One of the most important data mining
applications is that of mining association rules. Association rules, introduced in 1993, are used to
identify relationships among a set of items in databases. These relationships are not based on inherit
properties of the data themselves, but rather based on co-occurrence of the data items. Emphasis in
this research work is analysis of medical data. Medical profiles such as patient name, age, sex,
disease name, address, time, date, etc., can be used to mining the frequent disease of patients in
different geographical area at given time period.
Focus on the topic of learning phenotype structure discovery. The introduction of DNA
microarray technologies has reformed the experimental learning of gene expression. Thousands of
genes are routinely explored in a parallel way, and the expression levels of their transcribed mRNA
are stated. By repeating such tests under altered circumstances(e.g.,differentpatients,differenttissues
,or variation of the cells’ environment), data from tens to hundred softest scan be collected. The
investigation of the subsequent huge datasets poses frequent algorithmic tasks. Sofar, the chief
method occupied for examining gene expression data is clustering( and variants there of). There is a
very huge form of works on clustering in over all and on applying clustering methods to gene
expression data in specific.Gene expression data are typically organized in a matrix, with each row
equivalent to one gene, each column to one state, and every entry in the matrix signifying the

@IJMTER-2014, All rights Reserved

664

International Journal of Modern Trends in Engineering and Research (IJMTER)
Volume 02, Issue 02, [February - 2015]

expression level of a gene below an exact state. In the area of gene expression study, an important
research problem is to discover sub matrix patterns in the gene expression matrix.
The existing methods for phenotype structure discovery can be classified into two types:
singleton discriminability based approach and combination discriminability based approach. The
existing singleton or combination discriminability based methods cannot separate the two
phenotypes. The existing bi-clustering algorithms, the order-preserving sub matrix (OPSM) model
also combines the order information of the gene expression values.
II.

RELATED WORK

First process is the input selection. Select the input dataset with different data streams
(attributes). Then input dataset has been loaded into the database. After the dataset has been loaded
into the The datasets are preprocess including eliminate null symbols. The values are calculated into
standard deviation. Then compute the relevance values. These values are formed into sequence
model. The datasets are classified into cluster1 and cluster2 values for to predict the malignant and
benign values. Finaly the performance are evaluated.

Figure 1 system architecture

An important task in microarray data analysis is phenotype structure discovery . Given a
microarray dataset of m samples and n genes, a phenotype structure refers to a group of “blocks” (or
submatrices), each of which consists of a subset of samples and a subset of genes such that the
samples from all the blocks make up a partition of m samples, and the samples in a block correspond
to a phenotype (such as a disease subtype); and the gene expression pattern within a block can be
used as the signature to distinguish this group of samples from others. The genes in a signature may
suggest the potential biomarkers related the disease. In particular, phenotype structure discovery is
an unsupervised learning problem. It is more challenging than the problem of biomarker selection
with known class labels
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A microarray data set D is an m _ n matrix, with m samples S={s1, s2, . . . , sm} and n genes
G={ g1, g2, . . . , gn }. A real value dij in D represents the expression value of gene gj on sample si.
A microarray data set D is an mn matrix, with m samples S ¼f s1, s2, ..., sm and n genes G ¼f g1,
g2, ..., gn. A real value dij in D represents the expression value of gene gj on sample si. An example
microarray data set with nine genes and four samples. Microarray data are often noisy. We introduce
the concept of equivalent dimension group which represents a set of genes with similar expression
values. An EDG encloses a group of genes with the similar expression values together. The
sequences of genes in which any pair of genes are not contained by the same EDG is robust to noise
the group threshold. Moreover, only considering such genes makes the maximum size of the
sequences is far less than that of the original ones. Thus, the time taken by sequence mining is
greatly reduced while keeping the significant results. For a sample si, a sliding window approach can
be applied to find all EDGs. First, all genes are sorted by their expression values in ascending order.
Second, we slide a window from left to right.
A block (or submatrix) is the basic element of a phenotype structure, which consists of a
subset of samples and the corresponding p-signature. Thus, phenotype structure discovery can be
naturally divided into the following three components: candidate p-signatures generation, block
derivation from candidate p-signatures, and quality test of block combinations.
In biology community, discriminative sequential patterns involving the ordered gene
expression values have been shown effective in distinguishing phenotypes. Such patterns have an
intuitive biological interpretation. Complex diseases often involve the cooperation of multiples
genes. These genes work together as a system to keep the cell in a specific state, for example, disease
or normal. In such a state, some special interrelationship among genes will exhibit. Once such
relationship is disrupted, the state may change, for example, from normal to disease. Another
advantage of the sequence model is that only a small number of genes are needed to achieve high
phenotype discriminability.

III.

SCOPE OF THE PAPER

A g*-sequence model to characterize the phenotype structure. It introduces the concept of
significant chain to ensure that there is a significant difference between the expression values of any
pair of genes. This property helps to improve the robustness of the proposed model, and enables to
identify highly discriminative signatures with only a small number of genes. To measure the quality
of a candidate phenotype structure, we propose a novel sequence dissimilarity metric, namely
projection divergence. Based on this metric, the difference between a pair of blocks. (submatrices)
can be quantified based on the discriminative power of the signatures within the blocks.
The problem of phenotype structure discovery is NP-complete. Given n genes, the total
number of subsequences (candidate signatures).We prove that the prohibitively large search space
can be reduced to a much smaller scale. An efficient algorithm, FINDER, is developed to find the
optimal phenotype structure. By incorporating the cross projection into a progressive exploring
framework, candidate phenotype structures are searched in a quality-guaranteed way. We conduct
extensive experiments on both real and synthetic data sets. The results show that FINDER
dramatically improves the efficiency of the mining process. With very few genes, the discovered
signatures are able to unravel phenotype structures that are both statistically and biologically
significant.
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Phenotype structure discovery involves two key elements ,i.e., the partition of samples and
the selection of genes. Correspondingly, we conducted two sets of experiments to compare FINDER
with ESPD and HARP. In the first set of experiments, precision, recall, and accuracy are used to
evaluate the correctness of the partition of samples, the computations of which follow a common
evaluation framework proposed in]. In the second set of experiments ,we use gene selection rate
(GSR, the ratio between the number of the selected genes and the total number of genes) to evaluate
the succinctness of the selected genes.
The proposed algorithm is evaluated in several experiments to simulate scenarios, involving
different types of changes. In the following sections, we describe all of the used datasets. In the top
subfigure, 4 genes are expressed over 25 samples. Samples 16 are cancerous (labeled as “C”) and
samples 25 are normal (labeled as “N”). In the bottom subfigure, another set of three genes are
expressed over the same set of samples. The existing singleton or combination discriminability based
methods cannot distinguish the two phenotypes. Since most genes are of similar average expression
values in the two phenotypes, they will not be selected by the singleton approach. Moreover, all
genes are expressed in both phenotypes. Thus, the combination approach based on the co occurrence
of genes will not select them either. Both of the methods ignore the hidden inter- relation among
genes.
The gene order over the samples of cancerous phenotype “C” is always gene4, gene3, gene2,
gene1. Such order is disturbed in normal phenotype “N”, the gene order in normal phenotype “N” is
gene5, gene6, gene7, while in cancerous phenotype “C” such order does not exist. Based on the
ordered expression values, a perfect phenotype structure (consisting of the two shadowed “blocks”)
is identified. In biology community, discriminative sequential patterns involving the ordered gene
expression values have been shown effective in distinguishing phenotypes. Such patterns have an
intuitive biological interpretation. Complex diseases often involve the cooperation of multiples
genes. These genes work together as a system to keep the cell in a specific state, for example, disease
or normal. In such a state, some special interrelationship among genes will exhibit. Once such
relationship is disrupted, the state may change, for example, from normal to disease. Another
advantage of the sequence model is that only a small number of genes are needed to achieve high
phenotype discriminability. Intuitively, this is because it exploits more information ignored by other
models, i.e., the interrelation among the genes beyond the cooccurrence. Finding fewer but more
powerful discriminative genes is crucial for interpretation and validation in the subsequent wet-lab
experiments . Biclustering algorithms have been studied to analyze gene expression data. Among the
existing biclustering algorithms, the order-preserving submatrix (OPSM) model also incorporates the
order information of the gene expression values. An OPSM consists of a subset of genes and a subset
of experimental conditions such that the expression profiles of the genes.

IV.

CONCLUSION

A g* sequence model to find extremely accurate phenotype structure with a small number of
genes. The problem of phenotype structure discovery is NP-complete and develop a progressive
exploring strategy to tackle the computational challenge. In the FINDER algorithm, a novel sequence
dissimilarity measurement and a cross projection approach allow to try discovering candidate
phenotype structures in a quality-guaranteed technique. Various effective techniques are developed
to additional improve the efficiency.General experimental outcomes on real and synthetic datasets
show that our technique intensely improves the accuracy of the discovered phenotype structure even
though using much less genes compared to the existing methods.
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