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Abstract— Microarray technology has become one of the 

vital tools that many biologists use to monitor genome wide 

expression levels of genes in a given organism under a 

particular condition. A microarray is typically a glass slide 

on to which DNA molecules are fixed in an orderly manner 

at specific locations called spots (or features). This data can 

be represented as gene expression which can be constructed 

as table where each row corresponds to one particular gene, 

each column to a sample, and each entry of the matrix is the 

measured expression level of a particular gene in a sample, 

respectively. The main problem is analyzing gene 

expression to classify samples based on particular patterns 

among large amount genes. So in this paper, monitor large 

amount gene expression according to their gene expression 

profiles. This can be done using clustering approach with 

finite mixture of learning data to mine meaningful patterns 

from the gene expression data using Spatial EM algorithm. 

It can be used to calculate spatial mean and rank based 

scatter matrix to extract relevant patterns and further 

implement KNN (K- nearest neighbor classification) 

approach to diagnosis the diseases. The experimental results 

prove that Spatial EM based classification approach 

provides improved accuracy rate in disease diagnosis. 

Key words: Microarray, Gene Expression, Spatial EM, 

Scatter Matrix, Disease diagnosis 

I. INTRODUCTION 

A Microarray is a collection of microscopic DNA symbols. 

A microarray may contain thousands of spots and each spot 

may contain a few million copies of identical DNA 

molecules that uniquely correspond to a gene.   

A microarray database is a repository containing 

microarray gene expression data. The key uses of a 

microarray database are to store the measurement data, 

manage a searchable index, and make the data available to 

other applications for analysis and interpretation. Usually, 

gene expression data is arranged in a data matrix, where 

each gene corresponds to one row and each condition to one 

column.  

 
Fig 1: Genetic Code Transcription 

Each element of this matrix represents the 

expression level of a gene under a specific condition, and is 

represented by a real number, which is usually the logarithm 

of the relative abundance of the mRNA of the gene under 

the specific condition. In this paper, we first analyze existing 

survey of microarray technology and discuss the basic 

elements of clustering on gene expression data. In particular, 

we divide cluster analysis for gene expression data into three 

categories. Genetic transcription is described in fig 1:  

II. RELATED WORK 

S. Bashir et.al.., [1] proposes mixture models that include 

the parameters estimates obtained are the maximum 

likelihood estimators of the location vectors and the 

common covariance matrix. In the presence of outliers, 

these estimators are non-robust. 

M. P. Brown et.al.., [4] specifies Support Vector 

Machine (SVM) which contains mathematical features that 

make them attractive for gene expressions analysis and 

including their flexibility in choosing a similarity function, 

sparseness solution when dealing with large datasets, the 

ability to handle large feature spaces and the ability to 

identify the outliers. 

Y. Chen,et.al…, [7] propose a novel statistical 

depth, the kernelized spatial depth (KSD) that generalizes 

the spatial depth via positive definite kernels. By choosing a 

proper kernel, the KSD can capture the local structure of a 

data set while the spatial depth fails 

X. Dang, et.al…,[8] propose a framework that 

applies to a one-class learning problem as well as to a 

missing label problem provided that an upper bound on the 

ratio of normal observations to outliers is given. Implement 

new statistical depth function which defines the spatial 

depth in a feature space induced by a positive definite 

kernel. 

Y. Chueng, et.al…,[9] propose to learn the model 

parameters via maximizing a weighted likelihood, which is 

developed from the likelihood function of inputs with a 

designable weight. Under a specific weight design, then give 

out a maximum weighted likelihood (MWL) approach 

named Rival Penalized Expectation-Maximization (RPEM) 

algorithm, which makes the components in a density 

mixture compete with each other, and the rivals intrinsically 

penalized with a dynamic control during the learning. 

R. Serfling,et.al…, [10] derive and compare MBPs 

for four affine invariant outlyingness functions, based on the 

well-established Mahalanobis distance, half space (or 

Tukey), and projection depths, and on a new ―Mahalanobis 

spatial‖ depth recently treated. Then use transformation-

retransformation representation in terms of the well-known 

―spatial‖ outlyingness, which is only orthogonally invariant.  

III. EM BASED GENE CLUSTERING 

In molecular biology, micro arrays are employed in 

monitoring the expression levels of genes simultaneously. 

Arrays are used in the domains of gene expression, genome 

mapping, toxicity, pathogen identification and other 
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biological applications. Clustering is a useful technique for 

grouping gene expression data. In clustering, similar gene 

expression data will be grouped together for identifying 

relationships between the genes. Clustering of gene 

expression data is a useful tool for identifying co-expressed 

genes and biologically relevant grouping of genes, which is 

an important research area in Bioinformatics. Existing 

methodology includes Expectation Maximization (EM) 

algorithm has been applied for clustering gene expression 

data. EM is used to initialize the cluster centroids. With 

these centroids, EM is used to group the data efficiently. 

Expectation Maximization is used to compute maximum 

likelihood estimates given incomplete samples. Silhouette 

refers to a method of interpretation and validation of 

clusters. This measure provides a representation of how well 

each object lies within its cluster. 

IV. SPATIAL EM BASED GENE CLUSTERING 

A gene-based clustering shall abstract genes as objects and 

samples as features, while sample-based clustering would 

perceive vice-versa. A third category of clustering type also 

exists, subspace clustering. Subspace clustering, unlike 

gene-based or sample-based clustering techniques, is not 

―global‖ rather it aims to cluster genes based on their 

indulgence in any disease, being a part of one or more 

biological pathways. The proposed methodology includes 

Spatial EM that can be used to calculate spatial mean and 

rank based scatter matrix to extract relevant patterns and 

further implement KNN (K- nearest neighbor classification) 

approach to diagnosis the diseases. An important finding is 

that the proposed semi supervised clustering algorithm is 

shown to be effective for identifying biologically significant 

gene clusters with excellent predictive capability. The 

proposed methodology defined in Fig 2. 

 
Fig 2: Proposed System Framework 

V. EXPERIMENTAL RESULTS 

In this paper, we can evaluate the performance of the system 

and compare EM and Spatial EM approach using accuracy 

metrics. Performance can be done in real time medical gene 

datasets. The Accuracy rate formulas and graph is defined 

below in Fig 4 

Accuracy =
     

           
 

TP – True positive rate 

FN- False negative rate 

TN- True negative rate 

FP – False Positive rate 

 
Fig 4: Accuracy Rate 

VI. CONCLUSION 

Recent DNA microarray technologies have made it possible 

to monitor transcription levels of tens of thousands of genes 

in parallel. Gene expression data generated by microarray 

experiments offer tremendous potential for advances in 

molecular biology and functional genomics. This paper 

reviewed both classical and recently developed clustering 

algorithms, which have been applied to gene expression 

data, with promising results. The proposed semi-supervised 

spatial EM clustering algorithm is based on measuring mean 

values and scatter matix using the new quantitative measure, 

whereby redundancy among the attributes is removed. The 

clusters are then refined incrementally based on sample 

categories. The performance of the proposed algorithm is 

compared with that of existing supervised EM gene 

selection algorithm with accuracy rate. An important finding 

is that the proposed semi-supervised clustering algorithm is 

shown to be effective for identifying biologically significant 

gene clusters with excellent predictive capability 
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