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Abstract— Data clustering is a process of putting similar 

data into groups. Hierarchical clustering builds a cluster 

hierarchy or, in other words, a tree of clusters, also known 

as a dendrogram. Every cluster node contains child clusters; 

sibling clusters partition the points covered by their common 

parent. Such an approach allows exploring data on different 

levels of granularity.   The importance of efficient access to 

concise and integrate the gene data to support data analysis 

anddecision making. The purpose of this paper is to analyze 

hierarchical clustering in genomic data. 
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I. INTRODUCTION 

Clustering is a data mining technique to group the similar 

data into a cluster and dissimilar data into different clusters. 

Clustering can be considered the most important 

unsupervised learning technique so as every other problem 

of this kind; it deals with finding a structure in a collection 

of unlabeled data. Clustering is ―the process of organizing 

objects into groups whose members are similar in some 

way. A cluster is therefore a collection of objects which are 

―similar‖ between them and are ―dissimilar‖ to the objects 

belonging to other clusters. Clustering is the unsupervised 

classification of patterns (observations, data items, or feature 

vectors) into groups (clusters). Hierarchical clustering 

methods are categorized into agglomerative (bottom-up) and 

divisive (top-down) [Jain & Dubes 1988; Kaufman & 

Rousseeuw 1990]. An agglomerative clustering starts with 

one-point (singleton) clusters and recursively merges two or 

more most appropriate clusters. A divisive clustering starts 

with one cluster of all data points and recursively splits the 

most appropriate cluster. The process continues until a 

stopping criterion (frequently, the requested number k of 

clusters) is achieved. While distinct clusters may be 

recognizable by visual inspection, computational cluster 

definition by a static cut does not always identify clusters 

correctly.  

II. RELATED WORK  

Some researchers have been improved clustering algorithms. 

Some were presented new algorithms. And some other 

studied and compared clustering algorithms. In this section, 

we will review previous studies that presented influence of 

different factors on efficiency of a hierarchal clustering 

algorithm in genome data 

MadjidKhalilian
[2]

 with using of divide and 

conquer method improves the K-Means algorithm for use in 

high-dimension data sets. Rui
[3]

 presented the survey of 

clustering algorithms for data sets including in statistics, 

computer science, and machine learning, and explained their 

applications in some benchmark data sets, the traveling 

salesman problem, and bioinformatics and also subjects like 

adjacent measures and evaluating clustering were discussed. 

HE Ling 
[4] 

provided a detailed survey of current clustering 

algorithms in data mining at first, then it makes a 

comparison among them, presented their scores (merits), 

and identified the problems to be solved and the new 

directions in the future according to the application 

requirements in multimedia domain. Treshansky
[5]

 presented 

a survey of clustering algorithms and paid particular 

attention to those algorithms that require less amount of 

knowledge about the domain being clustered.  

Abe et al. 
[6]

 proposed an integrated time-series 

data mining environment for mining huge amount of 

medical data for extracting more valuable rule-sets.  

Francisco Azuaje et al. [7] implemented a Case 

Based Reasoning (CBR) system based on a Growing Cell 

Structure  (GCS) model. Data can be stored in a knowledge 

base that is indexed or categorized by cases; this is what is 

called a Case Base. Each group of cases is assigned to a 

certain category. Using a Growing Cell Structure (GCS) 

data can be added or removed based on the learning scheme 

used. Later when a query is presented to the model, the 

system retrieves the most relevant cases from the case base 

depending on how close those cases are to the query. 

III. PROPOSED WORK  

In this section, we proposed enhanced hierarchal methods by 

analysis them to protein–protein interaction network data 

and to a simulated gene expression data set.The first variant, 

called the divisive, are a top-down algorithm that relies 

solely on the dendrogram. This variant has been used to 

identify biologically meaningful gene clusters in microarray 

data from several species such as yeast (Carlson et al., 2006; 

Dong and Horvath, 2007) and mouse (Ghazalpour et al., 

2006). The algorithm implements an adaptive, iterative 

process of cluster decomposition and combination and stops 

when the number of clusters becomes stable. It starts by 

obtaining a few large clusters by the static tree cut. The 

joining heights of each cluster are analyzed for a 

characteristic patternof fluctuations indicating a sub-cluster 

structure; clusters exhibiting this pattern are recursively 

split. To avoid over-splitting, very small clusters are joined 

to their neighboring major clusters.  The second variant, 

called the aggressive approach, is a bottom-up algorithm 

that improves the detection of outlying members of each 

cluster. The detection proceeds in two steps. First, the 

method identifies preliminary clusters as branches that 

satisfy the following criteria: (1) they contain a certain 

minimum number of objects; (2) objects too far from a 

cluster are excluded from it even if they belong to the same 

branch of the dendrogram; (3) each cluster must be distinct 

from its surroundings and (4) the core of each cluster, 

defined as the tip of the branch, should be tightly connected. 

In the second step, all previously unassigned objects are 

tested for sufficient proximity to preliminary clusters; if the 
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nearest cluster is close enough, theobject is assigned to that 

cluster.  

 

Fig. 3.1: Protein–protein interaction network of Drosophila 

In Fig 3.1 Average linkage hierarchical clustering 

using the divisive approach on Topological Overlap Matrix 

(Yip and Horvath, 2007) and the applied to the protein–

protein interaction network of Drosophila (PPI data from 

BioGRID, www.thebiogrid.org). Module assignment 

isdepicted by the row of color immediately below the 

dendrogram, with gray representing unassigned proteins. A 

functional enrichment analysis has shown that the clusters 

are significantly enriched with known geneontologies (Dong 

and Horvath, 2007). Note that a fixed height cutoff would 

not be able to identify many of the shown clusters. 

 

Fig. 3.2: A simulated gene expression data set 

In Fig 3.2 shows Hierarchical cluster tree and 

various cluster detection methods applied to a simulated 

gene expression data set. The color bands below the 

dendrogram show the cluster membership according to 

different clustering methods. The color gray is reserved for 

genes outside any proper cluster, i.e., the tree cut methods 

allow for unassigned objects. The first color band 

„Simulated‟ shows the simulated true cluster membership; 

the color band „Static @ 0.92‟ shows the results of the 

standard, constant height cut-off method at height 0.92. The 

height refers to the y axis of the dendrogram. The color band 

„PAM 11‟ shows the results of k=11 medoid clustering 

IV. CONCLUSION  

The study shows thatmany clustering procedures have been 

developed for the analysis of microarray data. Our divisive 

approach and agglomerative approach could be useful for 

any procedure that results in a dendrogram. In Figure  3.2 

shows  a simulated gene expression data set (detailed 

description can be found in the Supplementary Material). 

The 10 nested gene clusters labeled by different colors, 

shown in the first color band underneath the dendrogram. 

The results of the methods presented here are shown in 

correspondingly labeled color bands. Visual inspection 

shows the Divisive outperforms the Static height cutoff 

method whose clusters either contains too few genes or are 

too coarse. PAM forces all genes into clusters and favors 

membership in large clusters at the expense of small ones. A 

quantitative analysis of this example is presented in the 

Supplementary Material. The height and shape parameters 

of the agglomerative provide improved flexibility for tree 

cutting. It remains an open research question how to choose 

optimal cutting parameters or how to estimate the number of 

clusters in the data set.  
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