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Abstract 

 

Data mining also known as knowledge discovery in database has been recognized as a promising new area for database research. 

Studying the patterns hidden in gene expression data helps to understand the functionality of genes. In General, clustering 

techniques are widely used for identification of partitioning from gene expression data. The proposed work in this paper is about 

optimizing the data with fuzzy C-Mean clustering algorithm and using multi-objective optimization method i.e. Non-Dominant 

Sorting Genetic algorithm-2. In the first phase it optimizes the data to reduce the number of comparisons using clustering. Fuzzy 

C-means algorithm is invoked on the data sets, based on the highest membership values of data points with respect to different 

clusters, labelled information are extracted . In each case only 10% class labelled information of data points are randomly 

selected which acts as supervised information. In the Second phase it is implemented with multi-objective genetic algorithm to 

find fitness function. 

Keywords: ARI-index, Coefficient Entropy index, Fuzzy C-means, Genetic Algorithm, Multiobjective optimization, 

Partitioning Clustering and non-dominant sorting 

_______________________________________________________________________________________________________ 

I. INTRODUCTION 

A DNA segment that constitutes a gene in the DNA molecules is transcribed into a single-stranded sequence of RNA, called 

messenger RNA (mRNA). Then, the mRNA is translated interested in an order of amino acids which finally become a protein 

after some modifications. In the biological experiment, at unusual time points, gene expression values are calculated. The DNA 

Microarray techniques by which measure the thousands of expression levels of genes. The discovery of DNA microarray 

technology [1], it becomes likely to inspect the expression level of thousands of genes at a time. Unlikely, the application areas 

of Microarray technology are gene expression profiling, medical diagnosis, bio-medical. In the biological experiment, at unusual 

time points, gene expression values are calculated. The DNA Microarray techniques by which measure the thousands of 

expression levels of genes. Common Problems regarding gene-expression are Problem of needing to find data, Data pre-

processing and missing value estimation for DNA microarrays. The Multiobjective optimization method is used to optimize the 

prearranged gene expression data through which in upcoming has a huge number of applications are there like Pattern 

Recognition, Document Classification, and Information Retrievals and in medical and bio-medicine filed has a great application 

for using this technique. A position represents an individual cluster which contains quite a lot of sub-clusters. Now, the four 

objectives function viewing the diverse value of cluster compute and are concurrently optimized by using NSGA-2 genetic 

approach. The unsupervised in sequence is occupied by the properties of first two objective functions and last is by some 

supervised information. First, the trendy fuzzy c-means clustering method is practical on an individual data set. The two steps of 

FCM, evaluation of fuzzy membership and re-compute of cluster canters are executed several times until there no modify in the 

cluster centres. Final membership  

values are obtained by bearing in mind each cluster based on their membership values. 

 
Fig. 1: A scheme of mRNA in gene transcription and protein   translation 
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The aim of data mining is to automatically or semi-automatically discover hidden knowledge, unexpected patterns and new 

rules from data. There are varieties of technologies involved in the process of data mining, such as statistical analysis, modelling 

techniques and database technology. During the last ten years, data mining is undergoing very fast development both on 

techniques and applications. Its typical applications include market segmentation, customer profiling, fraud detection, 

(electricity) loading forecasting, and credit risk analysis and so on. In the current post-genome age, understanding floods of data 

in molecular biology brings great opportunities and big challenges to data mining researchers. Successful stories from this new 

application will greatly benefit both computer science and biology communities. We would like to call this discovering 

biological knowledge “in silico” by data mining. 

II. SURVEY ON RELATED WORK 

In semi-supervised clustering performance, the problem is arises when we using some un- supervised information in our data set. 

So by the help of some distance rule like Euclidean or symmetry distance formula, we rise above the crisis. In clustering, 

moreover to determine the compactness between the clusters in term of Euclidean distance and cluster validity indices are used 

as inside and outside. Initially, the cluster seed at different points is put into dissimilar clusters using distance function. There are 

a variety of clustering methods and their validity techniques present in the literature. To enhance the characteristics of genes 

expression, optimization has to be performed properly. Based upon the clustering techniques and multi-objective optimization 

approach some literatures are discussed in this chapter which are already being utilised for the gene expression data sets. Use of 

Semi-supervised Clustering and Feature Selection Techniques for Gene-Expression Data [2015], Sriparna Saha, Abhay Kumar 

Alok and Asif Ekbal proposed semi-supervised clustering technique; Semi-FeaClustMOO is demonstrated on five gene 

expression datasets. A modern simulated annealing based Multiobjective optimization task namely AMOSA is utilized. The 

features and cluster centre are presented in the form of a string and based on symmetry distance. Feature selection is process in 

which to reduce the dimensionality. The feature selection technique and clustering is optimizing by the proposed MOO Semi-

FeaClusMOO. Encoding of strings and initialization of achieve : AMOSA is compare two items a) a set of real number and b) a 

set of binary number.Here six objective function are used and are simultaneously optimized by AMOSA. First four are XB-

index, FCM-index, I-index, and Sym-index is internal cluster validity indices. They are depending upon on Euclidean and point-

symmetry distance. After application of any MOO based technique, final Pareto optimal front is used to contain a large 

collection of non-dominant solution. Mining for optimised data using clustering along with fuzzy association rules and genetic 

algorithms [2014], G.V.S.N.R.V Prasad,Y.Dhanalakshmi , V.Vihaya Kumar, I.Ramesh Babu  proposed  about  optimizing  the  

data  with  clustering and fuzzy association rules using multi-objective genetic algorithms.   This algorithm is implemented in 

two phases.    In the first phase it optimizes the data to reduce the number of comparisons using clustering. In the  second  phase  

it  is  implemented  with  multi-objective  genetic  algorithms  to  find  the  optimum  number  of Fuzzy association rules using 

threshold value and fitness function. The degree of membership of each value of ik in any of the fuzzy sets specified for ik is 

directly based on the evaluation of the membership function of the particular fuzzy set with the specified value of ik as input. A 

fuzzy association rule is expressed as:If Q = {u1, u2, up} is F1 = {f1, f2, fp} then R = {v1, v2.  . . vq} is F2 = {g1, g2, .  . , 

gq},where Q and R are disjoint sets of attributes called item sets. For  a  rule  to  be  interesting,  it should  have  enough  support  

and  high  confidence  value,  larger  than  user  specified thresholds. 

 
Fig. 2: the concept of Pareto optimality 

III. EXISTING SYSTEM 

There is a concept of “Achieve” in AMOSA [12] where all the non-dominant solutions encountered during the execution are 

stored. Two limits are associated with archive: a hard or strict limit denoted by HL, and a soft limit denoted by SL. For better 
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comparison, quality metric defined which is replaced with the metric number of non-dominated solutions (N).However; the 

performance of AMOSA is not satisfactory in terms of spacing metrics in compare to constraint method. 

 
Fig. 3: Existing Methodology 

Under the Multiobjective framework, a new semi-supervised clustering technique. Semi-gene ClustMOO has been developed. 

To obtain the true partitioning results, five objective functions have been optimized simultaneously at a time. First four objective 

functions are some internal cluster validity indices, Sym-index, I-index, XB-index, and FCM index. The last fifth one ARI is 

external or supervised information based cluster validity. Here, the prior information only 10% of the whole data set is taken.The 

data set can be simplified as a matrix of G * I dimensions. G is number of genes and I is number of individuals. The aim is to 

cluster together genes for which the expression is highly correlated across all the individuals. The final result is a statistically 

based grouping of genes in such clusters from which the individual gene ID can be recovered. 

So, finding co-regulated genes is actually quite a difficult task, using straight clustering like k-means is in my base papers not 

that productive on expression data. As I am sure we are aware of k-means is by far and away the most commonly used clustering 

method. The drawback of this clustering algorithm in case of clustering of huge amount genes expression data is lack of 

associated statistics and statistically informed decision making when doing things like picking cluster numbers for the portioning 

are big problem. 

Cluster analysis, also called segmentation analysis or taxonomy analysis, creates groups, or clusters, of data. Clusters are 

formed in such a way that objects in the same cluster are very similar and objects in different clusters are very distinct. Measures 

of similarity depend on the application. K-means clustering is a partitioning method. The function k-means partitions data into k 

mutually exclusive clusters, and returns the index of the cluster to which it has assigned each observation. Unlike hierarchical 

clustering, k-means clustering operates on actual observations (rather than the larger set of dissimilarity measures), and creates a 

single level of clusters. The distinctions mean that k-means clustering is often more suitable than hierarchical clustering for large 

amounts of data .From the silhouette plot [14], you can see that most points in the second cluster have a large silhouette value, 

greater than 0.6, indicating that the cluster is somewhat separated from neighbouring clusters. However, the third cluster contains 

many points with low silhouette values, and the first contains a few points with negative values, indicating that those two clusters 

are not well separated. 
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IV. PROPOSED SYSTEM 

 Introduction: A.

The chapter explains a novel active clustering technique with the NSGA-2 genetic algorithm, which is appropriate for solving 

gene expression. Learning of dissimilar parameters like fuzzy c-mean algorithm, gene expression, and genetic algorithm are 

moreover discussed in this chapter. Four objective functions are used as the validity index of gene expression data. In general 

clustering algorithm is used to discover the normal patterns and draw together the vital same information in a set from the 

particular bunch of data in gene expression .The Multiobjective optimization is used to effort on the problem we faced by semi-

supervised classification. Consequently, we modelled the semi-supervised difficulty with Multiobjective optimization problems. 

There are several techniques to resolve the problem, like semi-cluster-MOO, Gene-cluster-MOO, and AMOSA. The concert of 

the Multiobjective sorting algorithm based semi-supervised clustering practice has been demonstrated on four publicly available 

gene expression data sets which are Yeast Sporulation, Arabidopsis Thaliana, and Yeast Cell Cycle. The worth of the projected 

technique it is compared with MOO-based MOGA clustering, FCM algorithm and a single genetic algorithm based on SGA. To 

find the compactness should be minimum value and reparability showing maximum value. 

 Proposed Approach: B.

The Overall Proposed Methodology The proposed work in my paper is about optimizing the data with FCM clustering using 

multi-objective genetic algorithms. Within two steps the overall methodology has taken place. In the first phase, it optimizes the 

data set by using fuzzy c-mean clustering algorithm. And in the second phase, it is implemented with multi-objective 

optimization genetic algorithm i.e. non-dominant sorting genetic algorithm-2(NSGA-2).This is very useful to find the minimum 

number of threshold value and fitness function. The block diagram of whole working process given below: 

1) Gene Expression Data Set - The data set has been downloaded from the site httt://anirbanmukhopadhyay.50webs.com. The 

data set which used in this project is Yeast Sporulation, Yeast Cell Cycle, and Arabidopsis Thaliana. Data are log 

transformed and easily downloaded from the above website.  

2) Clustering Algorithms- can be analysed in two ways. For gene based clustering, genes are treated as data objects, while 

samples are considered as features. Conversely, for sample-based clustering, samples serve as data objects to be clustered, 

while genes play the role of features. The third category of cluster analysis applied to gene expression data, which is 

subspace clustering, treats genes and samples symmetrically such that either genes or samples can be regarded as objects or 

features. Gene-based, sample-based and subspace clustering face very different challenges, and different computational 

strategies are adopted for each situation.  

 
Fig. 4: Block diagram of proposed methodology 

3) Clustering (Fuzzy C-Means clustering algorithm)-Clustering and gene selection are a good example of meaningful mining 

strategies which is needed for analysis of any kind of information related to mining. The process in which clustering term is 

used is sometimes called as an unsupervised learning process. It helps to group the k number of items into C1, C2....CK on 
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the basis of like and unlike patterns. Cluster validity is the process of determining the known cluster. Many clustering 

algorithms are proposed in the literature. In clustering, moreover to determine the compactness between the clusters in term 

of Euclidean distance and cluster validity indices are used as inside and outside. Initially, the cluster seed at different points 

is put into different clusters using distance function. Now we discuss more briefly about FCM algorithm which is used in 

this project and this function is inbuilt in MATLAB, which is very easy to understand.Fuzzy C-Mean Clustering (FCM) is 

simply based on only one objective function which should be minimized as follow: 

   ∑ ∑     
  

 
 
   (     )                                             ( ) 

Where, C= Compactness of fuzzy determined by using Euclidean Distance= Total number of genes, depend on the volume of 

gene expression data measured as 474,384 and 138 respectively for data, I= Total number of cluster, X= fuzzy membership and 

Y = fuzzy component, VC = represents the c
th 

gene and Ui is the centre of c
th

 cluster,   (     ) = is the distance between VC and 

Ui..Firstly, FCM algorithm randomly taken a K cluster centres. After that calculating the fuzzy membership value of each 

gene.Finally, plot the two cluster centres found by the fcm function. The large characters in the plot indicate cluster centres 

below: 

Fig.7.Every time you run, the fcm function initializes with different initial conditions. 

This behaviour swaps the order in which the cluster centres are computed and plotted. 

4) Xie-Beni Index (XB) 

 XB index which is used to determine the compactness and separability of clusters. From the below equation (2) shows the ratio 

of cluster compactness and separation of a cluster. Criteria: should be the Minimum value of cluster compactness and Maximum 

value of cluster separability. 
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5) Adjusted Rand Index (ARI)   

ARI value between [-1 +1], ARI is computed as follows: 
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It shows the compatibility between obtained cluster solution and supervised information based true solution. 

6) Dunn Index 

Dunn index is a metric for calculating clustering algorithms. This is part of a group of validity indices including the Davies–

Bouldin index or Silhouette index. It is an internal valuation method; the outcome is based on the clustered data itself. 
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The proposed method as compared to other clusters methods essentially because this is a Multiobjective clustering method. 

This is real-time optimization of various cluster validity trial helps to deal with unusual personality and leads to top quality 

solutions of different data properties. Secondly, the power of supervised learning has been included with the Multiobjective 

clustering powerfully. At last each solution in the non-dominated set getting some information regarding the clustering formation 

of the data set, finally, merger of fuzziness makes the proposed technique improved prepare in behaviour overlapping clusters.  

Genetic operators are Selection method select population members are selected. The selected individuals will be pooled with 

each other to from offspring. In the Fitness Proportionate Selection is capable of via the roulette wheel algorithm. Rank 

collection [9] every distinct one individual are sorted according in the direction of their fitness.  
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Fig. 5: Detailed proposed methodology and elitism process 

 
Fig. 6: the (a) Objective functions and crossover probability v/s Number of iteration for Yeast Sporultions data set 
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(a)  (b) 

Fig. 7: the graph (a), (b) showing the saturation level after some iteration. The total number of iteration i= 100, in (a) after 29 iteration it gets 

saturates optimize by only two objective functions whereas (b) it saturates after 90 iteration, optimize by four objective functions. 

V. CONCLUSIONS 

In this paper, the Multiobjective optimization technique proposes a new method for obtaining a final solution from the set of 

non-dominated solutions formed by an NSGA-II based real-coded Multiobjective fuzzy clustering idea, that optimizes Xie-Beni 

(XB) index and the Jm simultaneously. To meet the new requirements, researchers in the field of bioinformatics are working on 

the expansion of new algorithms (mathematical formulas, statistical methods and etc) and software tools are designed for 

assessing relationships among large data sets stored. Three objective functions have been optimized simultaneously at a time. 

During to make the labelled data, Fuzzy C-means (FCM) clustering technique is utilized. After that the proposed MOO technique 

is applied for solving gene expression data clustering problem. Subsequently, results obtained on three real life gene expression 

standard data sets have been explained. Lastly, to demonstrate the worth data in terms of fitness value.  
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