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ABSTRACT: Microarray data play an important role in the development of efficient cancer diagnoses and
classification. However, micro array expression data are usually redundant and noisy, and only a subset of them
present distinct profiles for different classes of samples. Thus, selecting high discriminative genes from gene
expression data has become increasingly interesting in the field of bioinformatics. In
In this paper, a multi
multi-objective
biogeography based optimization method is proposed to select the small subset of informative relevant to the
classification. A typical microarray gene expression dataset is usually both extremely sparse and imbalanced. To
select
lect multiple highly informative gene subsets for cancer classification and diagnosis, a hybrid aalgorithm has
been proposed of statistical learning, Principle component analysis, PSO clustering, and granular computing
separately eliminates irrelevant, redundant,
undant, or noisy genes in different granules at different stages and selects
highly informative genes with potentially different biological functions in balance. To show the effectiveness of the
proposed approach, then compare the performance of this technique
techn
with the signal-to--noise ratio (SNR) and
consistency based feature selection (CBFS) methods. Using gene microarray datasets dataset from the adult stem
cell (including both binary and multi-class
multi class classification problems), demonstrate experimentally tthat our
proposed scheme can achieve significant empirical success and is biologically relevant for cancer diagnosis and
drug discovery in terms of performance factors like precision, recall and fmeasure.

I.

5) It can reduce the cost in a clinical setting.

INTRODUCTION

Recent advances in microarrays
technology allow scientists to measure the
expression levels of thousands of genes
simultaneously in biological organisms and have
made it possible to create databases of cancerous
tissues. It finally produces gene expression data
that contain useful information of genomic,
diagnostic, and prognostic to select informative
genes that contribute to a cancerous
cancer
state.
However, the gene selection process poses a
major challenge because of the following
characteristics of gene expression data: the huge
number of genes compared to the small number
of samples (high-dimensional
dimensional data), irrelevant
genes, and noisy data.
ata. To overcome this
challenge, a gene selection method is used to
select a subset of informative genes that
maximizes classifier’s ability to classify samples
more accurately. In computational intelligence
domain, gene selection
ion is called feature selection.
selecti
The gene selection has several advantages.
1) It can maintain or improve classification
accuracy.
2) It can reduce dimensionality of the data.
3) It can reduce computational time.
4) It can remove irrelevant and noisy genes.

In classification of gene expression data,
selecting a smaller subset of informative genes
from thousands of genes is a critical step for
accurate cancer classification. In the context of
cancer classification,, gene selection methods can
be classified into two categories. If a gene
selection method is carried out independently
from a classification procedure, it belongs to the
filter method. Otherwise, it is said to follow a
hybrid (wrapper) method. In the earl
early era of
microarrays analysis, most previous works have
used the filter method to select genes since it is
computationally more efficient than the hybrid
method. Many filter methods are usually
mentioned as individual gene
gene-ranking methods
such as t-test, signal-to-noise
noise-ratio, information
gain, etc. They evaluate a gene based on its
discriminative power for the target classes
without considering its correlations with other
genes. This mechanism may result in inclusion of
irrelevant and noisy genes in a gene subset for the
cancer classification. The irrelevant and nosy
genes reduce the classification accuracy.
Meanwhile, these genes also increase the
dimensionality of the gene subset and, in turn,
rise their computational time. At the moment,
several hybrid methods,
ethods, especially a combination
between particle swarm optimization (PSO) and a
classifier, have been implemented to select
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informative genes. The hybrid methods usually
provide greater accuracy than the filter methods
since the genes are selected by considering and
optimizing correlations among genes.
Recently, several gene selection methods
based on PSO have been proposed to select
informative genes from gene expression data.
PSO is a new population-based
based stochastic
optimization technique. This approach
appr
produced
100% classification accuracy in many datasets,
but it used a high number of selected genes (large
gene subset) to achieve the high accuracy. It uses
the high number because of the global best
particle is reset to zero position when its fitness
fitnes
values do not change after three consecutive
iterations.
A hybrid of PSO and PCA has best
classification
for
the
same
purpose.
Unfortunately, the accuracy result is still not high
and many genes are selected for cancer
classification since there are no direct
d
probability
relations between PCA and PSO. Generally, the
PSO-based
based methods are intractable to efficiently
produce a small (near-optimal)
optimal) subset of
informative genes for high classification
accuracy. This is mainly because the total number
of genes inn gene expression data is too large
(high-dimensional
dimensional data). The diagnostic goal is to
develop a medical procedure based on the least
number of possible genes that needed to detect
diseases.
II.

III.

The hybrid methods usually provide
greater accuracy than the filter methods since the
genes are selected by considering and optimizing
correlations among genes. Recently, several gene
selection methods based on PSO have been
proposed too select informative genes from gene
expression data. PSO is a new population
population-based
stochastic optimization technique.
System now permits scientists to screen
thousand of cells simultaneously and determine
whether those Cells are active or silent in normal
and cancerous tissues. With the advancement of
gene cell technology, new analytical Methods
must be developed to find out whether gene cell
have discriminative signatures of cell expression
over normal or cancerous tissues. In this paper,
we propose a unified
fied approach that combines
fuzzy preference based rough set (FPRS) Method
for feature (gene) selection with unsupervised
SVMs. To show the effectiveness of the proposed
approach, we compare the performance of this
technique with the signal-to
to-noise ratio (SNR)
and consistency based feature selection (CBFS)
methods.

Advantages of the Proposed System



RELATED WORK



DNA microarray data id used to screen
thousand of genes
nes simultaneously and determine
whether those genes are active or silent in normal
and cancerous tissues. With the advancement of
microarray technology, analytical methods have
used to find out whether microarray data have
discriminative signatures of genee expression over
normal or cancerous
ous tissues. Solution has
modeled
ed with techniques prediction scheme that
combines fuzzy preference based rough set
(FPRS) method for feature (gene) selection with
semi supervised SVMs.
It is difficult in profiling of the tumor
tissues through gene selection. Microarray dataset
is extremely sparse, so semi supervised classifier
will be overhead with performance through
increase in noise ratio and robustness. Signal to
noise ratio will be increasing due to high
dimensional data.

PROPOSED METHOD



Dimensionality
reduction
in
the
microarray cell dataset.
Computational cost is low compared with
microarray.
DNA
gene
analysis
improves
generalization of malignant cells.
Dominance relation and preference
equivalence will be obtained easily
IV. METHODS

1. Data Pre-processing
processing of DNA Microarray
Data
2. Extracting the Feature uusing the fuzzy
preference modeling
3. Deriving a Knowledge based on SVM
classification features
4. Performance Evaluation
5. Deriving a hybrid technique for cancer
classification using Principle component
analysis and SVM classification
6. Performance Analysis
Data Pre-processing
processing of DNA Microarray
Data
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DNA microarray data is pre-processed
pre
from Dataset downloaded from the repository,
since classification is a typical and fundamental
issue in diagnostic and prognostic prediction of
cancer, different combination of methods is
compared.
Data Pre-processing
processing is carried as follows for
both DNA Microarray








Data cleaning: fill in missing values,
smooth noisy data, identify or remove
outliers, and resolve inconsistencies.
Data integration: to combine multiple
databases, data cubes, or files.
Data transformation:
ansformation: normalization and
aggregation.
Data reduction: reducing the volume but
producing the same or similar analytical
results.
Data discretization: part of data
reduction, replacing numerical attributes
with nominal ones. 

Extracting the Feature using
sing the fuzzy
preference modeling
Fuzzy preference based rough set (FPRS)
is used for finding more relevant gene markers
from microarray gene expression data. Fuzzy
preference relations can reflect the degree of
preference quantitatively making it more
mor
powerful in extracting information from fuzzy
data than equivalence or dominance relations.
Features is obtained by the equivalence relation
between the two set obtained the fuzzy preference
extraction. In classification analysis for features,
the concepts
ts obtained by condition attributes are
used to approximately describe the decision.
Fuzzy Preference relations
In practice, fuzzy rough set models
address three key issues: i) inducing a granular
structure on the universe based on an attribute or
a criterion; ii) aggregating the granular structures
obtained from different. attributes or criteria, and
iii) determining
ng the lower and upper
approximations of decisions.
Two kinds of fuzzy preference relations
are used in practice for a variety of decisiondecision
making models: i) multiplicative preference
relation and ii) fuzzy preference relation. The
decision values of the manuscripts
anuscripts are accept,

revise and reject,, the task is to analyze the
consistency of the decision and to compute the
dependency between each criterion and decision.
It is also depends up to
1. Upwards conditional significance
2. Downwards conditional significanc
significance
Deriving Knowledge based SVM classification
through features
SVM is learning machine based on two
key elements: a general purpose learning
algorithm and a problem specific kernel that
computes the inner product of input data points in
a feature space. SVM was originally developed as
two class pattern reorganization problem which
has been extended to the multi
multi-class problem. To
alleviate the problem of small
small-size training set,
transductive support vector machine (TSVM) was
proposed. TSVMs seek largest sseparation in
presence of both labeled and unlabeled data
through regularization. At the initial iteration, the
standard SVMs are used to obtain an initial
discriminating hyperplane based on the labelled
data alone.
The pseudo labels are then assigned to
thee unlabeled samples. These are called
semilabeled samples. Subsequently, transductive
samples are selected from the semilabeled
samples according to a given criterion. A hybrid
training set is thus obtained consisting of the
original labeled set and transd
transductive set. The
resulting hybrid training set is used at the
following iterations to find a more reliable
separating hyperplane. Training the TSVM
algorithm can be roughly outlined as the
following steps:
Input:: An initial training set and an unlabeled set.
Output:: Transductive SVM classifier with initial
training set and a transductive set.
Step 1:: Specify and execute an initial inductive
learning using all labeled samples, and obtain an
initial SVM classifier.
Step 2:: Compute the decision function va
values of
all the unlabeled samples with the initial
classifier. Obtain label vector of all the unlabeled
examples. Select all the positive and negative
semilabeled points within the margin band as
transductive samples and add them to the initial
training set to obtain a hybrid training set.
Step 3:: Retrain the SVM using this hybrid
training set. Compute the decision function values
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of all the unlabeled samples. Obtain the label
vector of the unlabeled samples. Select all the
positive and negative semilabeled
ed points within
the margin band as transductive samples.
Step 4:: Select the resultant transductive samples
by intersecting the previous and current
transductive samples.
Step 5:: Remove the transductive set from the
initial training set and add the resultant
resulta
transductive set obtained from step 4.
Step 6 Repeat steps 3–5.
5. The algorithm finishes
after a finite number of iterations.
The algorithm is capable of reducing the
misclassification rate of the transductive samples
at each iteration through a process of
o successive
filtering between the transductive sets which
results in increased accuracy.
The SVMs play the role to separate
positive and negative samples, while the
transductive inference successively searches
more reliable discriminant functions employing
employin
additional unlabeled samples. Intuitively,
unlabeled patterns guide the linear boundary
away from the dense regions.
Designing and Applying Hybrid technique for
PCA
Cancer classification is initially classified
for features using SVM and results of the SVM
S
is
passed to Principle component analysis for the
classification and clustering of the data based on
dimensionality reduction, the possible maximum
variance is estimated by the multivariate analysis.
V. PERFORMANCE ANALYSIS
Performance of the SVM with Fuzzy
preference Modeling will yield good accuracy for
the microarray datasets. Microarray dataset
predicts the disease with less detection speed and
high accuracy with precision, recall and
fmeasure. The Proposed model yields better
b
solutions to the cancer classification using the
semi supervised technique with features of the
cancer cells. Performance of the system is
computed against the precision, recall and f
measures against the classification technique
SVM with fuzzy preferences,
rences, Hybrid technique
using PCA and SVM yields the better results the
classification and cluster formation of
multivariate data found in the dataset.
VI. CONCLUSION

A typical microarray gene expression
dataset is usually both extremely sparse and
imbalanced.
nced. To select multiple highly informative
gene subsets for cancer classification and
diagnosis, a hybrid algorithm has been proposed
of statistical learning, Principle component
analysis, PSO classification, and granular
computing separately eliminates irrelevant,
redundant, or noisy genes in different granules at
different stages and selects highly informative
genes with potentially different biological
functions in balance. To show the effectiveness of
the proposed approach, we compare the
performance of this technique with the signal
signal-tonoise ratio (SNR) and consistency based feature
selection (CBFS) methods. Using gene
microarray datasets dataset from the adult stem
cell the proposed scheme can achieve significant
empirical success and is biologically relevant for
cancer diagnosis and drug discovery in terms of
performance factors.
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