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ABSTRACT 
Clustering techniques are applied to partition the transaction data values. High dimensional support, prior knowledge usage and 
equal membership priority are the key factors in the traditional cluster ensemble approach. Incremental Semi Supervised Cluster 
Ensemble (ISSCE) approach is built to solve the limitations of conventional cluster ensemble approaches. The ISSCE approach uses 
the steps in random subspace technique, the constraint propagation approach, the incremental ensemble member selection 
process and the normalized cut algorithm to perform high dimensional data clustering. The random subspace technique is 
effective for handling high dimensional data. The constraint propagation approach is useful for incorporating prior knowledge. 
The incremental ensemble member selection process is applied to judiciously remove redundant ensemble members based on a 
local cost function and a global cost function.The normalized cut algorithm is adopted to serve as the consensus function for 
providing more stable, robust and accurate results. A measure is applied to quantify the similarity between two sets of attributes, 
and is used for computing the local cost function in ISSCE. The incremental semi supervised clustering ensemble framework 
(ISSCE) approach is enhanced to support structure based parameter selection process.  Datasets complexity is also integrated with 
the parameter selection process. Membership rearrangement mechanism is adapted to handle the incremental membership 
selection process. Member and ensemble weight measure is also applied to discover the importance of the cluster ensembles. The 
cluster ensemble model is integrated with the Partition Around Medoids (PAM) clustering scheme. The system also increases the 
clustering accuracy and scalability levels. 

 
KEYWORDS: clustering, Incremental Semi Supervised Cluster Ensemble, algorithm, microcluster, Partition Around 

Medoids.  
 

INTRODUCTION 

 

Clustering is an important technique of exploratory data mining, which divides a set of objects into several 

groups in such a way that objects in same group are more similar with each other in some sense than with the 

objects in other groups. It has been widely used in different disciplines and applications, such as machine 

learning, pattern recognition, data compression, image segmentation [8], time series analysis [7], information 

retrieval, spatial data analysis [11] and biomedical research [13]. Moreover, as data’s variety and scale increase 

rapidly, and the prior knowledge about the data is usually limited, clustering has been a challenging task. 

The most popular example of density-based clustering is DBSCAN in which only the objects whose density 

is greater than the given thresholds are connected together to form a cluster. However, the proper threshold 



118 M. Suganya and D. Dennis Ebenezer., 2017/Advances in Natural and Applied Sciences. 11(3) March 2017, Pages: 117-123 

 

setting varies with different data sets, there is still no effective method to preassign these thresholds. The 

spectral clustering based algorithm does not make assumptions on the forms of the clusters; it utilizes the 

spectrum of the similarity matrix of the data to map the data into a lower dimensional space in which the objects 

can be easily clustered by traditional clustering techniques. Comparing to the traditional algorithms, such as k-

Means and single-linkage, this kind of clustering algorithm is useful in non-convex boundaries and performs 

empirically very well [14]. The first few eigenvalues can be used to determine the number of clusters and reduce 

the dimension of data these first eigenvectors cannot successfully cluster objects that contain structures with 

different sizes and densities. 

 

Related Works: 

Generally, data stream mining refers to the mining tasks that are conducted on a sequence of rapidly 

arriving data records. As the environment where the data are collected may change dynamically, the data 

distribution may also change accordingly. This phenomenon, referred to as concept drift [3], [4], is one of the 

most important challenges in data stream mining. A data stream mining technique should be capable of 

constructing and dynamically updating a model in order to learn dynamic changes of data distributions, i.e., to 

track the concept drift. 

Concept drift is formally defined as the change of joint distribution of data, i.e., p(x, y), where x is the 

feature vector and y is the class label. Over the past few decades, concept drift has been widely studied [5]. The 

majority of the previous works focus on the concept drift caused by the change in class-conditional probability 

distribution, i.e., p(xjy). In comparison, class evolution, which is another factor that induces concept drift, has 

attracted relatively less attention. Briefly speaking, class evolution is concerned with certain types of change in 

the prior probability distribution of classes, i.e., p(y) and usually corresponds to the emergence of a novel class 

and the disappearance of an outdated class. Class evolution occurs frequently in practice. For example, new 

topics frequently appear on Twitter and outdated topics are forgotten with time. 

The number of classes may change when class evolution happens; the model needs to be adapted not only 

to capture the distribution of existing classes, but also to identify that of the novel classes. At the same time, the 

effects of disappeared classes need to be removed from the model. Hence, in comparison to the change of class-

conditional probability, class evolution brings additional challenges to data stream mining. In literature, a few 

approaches have been proposed to address class evolution problems, e.g., Learn++.NC, ECSMiner [12] and 

CLAM [6]. Although they have shown promising performance, they implicitly assume that classes emerge or 

disappear in a transient manner. 

The ensemble clustering technique has recently been drawing increasing attention due to its ability to 

combine multiple clusterings to achieve a probably better and more robust clustering [1], [2], [9], [10], [15]. The 

relationship between objects lies not only in the direct connections, but also in the indirect connections. The key 

problem here is how to exploit the global structure information in the ensemble effectively and efficiently and 

thereby improve the final clustering results. An ensemble clustering approach is constructed with sparse graph 

representation and probability trajectory analysis. 

Microclusters are applied as a compact representation for the ensemble data, which is able to greatly reduce 

the problem size and facilitate the computation. How are the relationships between x1 and x2 and between x2 

and x3 in the context of (a) a graph with three nodes, (b) a graph with six nodes and (c) a graph with eight 

nodes? To deal with the uncertain links, the k-nearest neighbor like strategy termed elite neighbor selection 

(ENS) is employed to identify the uncertain links and build a sparse graph termed K-elite neighbor graph (K-

ENG) that preserves only a small number of probably reliable links. Two microclusters are elite neighbors if the 

link between them has a large weight. The use of a small number of probably reliable links is capable of 

reflecting the overall structure of the graph and may lead to much better and more robust clustering results than 

using all graph links without considering their reliability.  

Microcluster Similarity Graph (MSG) is constructed with the MCA matrix. Then, the ENS strategy is 

performed on the MSG and the sparse graph K-ENG is constructed by preserving a small number of probably 

reliable links. The random walks are conducted on the K-ENG graph and the PTS similarity is obtained by 

comparing random walk trajectories. Having computed the new similarity matrix, any pair-wise similarity based 

clustering methods can be used to achieve the consensus clustering. Typically, the system uses two novel 

consensus functions, termed PTA and PTGP, respectively. Note that PTA is based on agglomerative clustering, 

while PTGP is based on graph partitioning. The PTA and PTGP methods exhibit a significant advantage in 

clustering robustness over the baseline methods.  

 

Cluster Ensemble Approaches: 

Cluster ensemble approaches are gaining more and more attention, due to its useful applications in the areas 

of pattern recognition, data mining, bioinformatics and so on. When compared with traditional single clustering 

algorithms, cluster ensemble approaches are able to integrate multiple clustering solutions obtained from 

different data sources into a unified solution and provide a more robust, stable and accurate final result. 
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Conventional cluster ensemble approaches have several limitations: (1) they do not consider how to make 

use of prior knowledge given by experts, which is represented by pairwise constraints. Pairwise constraints are 

often defined as the must-link constraints and the cannot-link constraints. The must-link constraint means that 

two feature vectors should be assigned to the same cluster, while the cannot-link constraints means that two 

feature vectors cannot be assigned to the same cluster. (2) Most of the cluster ensemble methods cannot achieve 

satisfactory results on high dimensional datasets. (3)  Not all the ensemble members contribute to the final 

result. 

The random subspace based semi-supervised clustering ensemble framework (RSSCE) integrates the 

random subspace technique the constraint propagation approach and the normalized cut algorithm into the 

cluster ensemble framework to perform high dimensional data clustering. The incremental semi-supervised 

clustering ensemble framework (ISSCE) is designed to remove the redundant ensemble members. When 

compared with traditional semi supervised clustering algorithm, ISSCE is characterized by the incremental 

ensemble member selection process based on a global objective function and a local objective function, which 

selects ensemble members progressively. 

The local objective function is calculated based on a newly designed similarity function which determines 

how similar two sets of attributes are in the subspaces. Next, the computational cost and the space consumption 

of ISSCE are analyzed theoretically. Multiple semi-supervised clustering ensemble approaches are analyzed 

over different datasets. The experiment results show the improvement of ISSCE over traditional semi supervised 

clustering ensemble approaches or conventional cluster ensemble methods on 6 real-world datasets from UCI 

machine learning repository and 12 real-world datasets of cancer gene expression profiles. 

The contributions of the system are fourfold. An incremental ensemble framework for semi-supervised 

clustering in high dimensional feature spaces. A local cost function and a global cost function are applied to 

incrementally select the ensemble members. The similarity function is adopted to measure the extent to which 

two sets of attributes are similar in the subspaces. Non-parametric tests are used to compare multiple semi 

supervised clustering ensemble approaches over different datasets. 

 

Problem Statement: 

The data partitioning methods are applied to group the relevant records. The transactions are compared with 

attribute values. The ensembles are constructed to improve the cluster results. The ensemble members are 

identified with relationship information. The ensemble member based relationship analysis for the transactions 

are used in the clustering process. The Incremental Semi-Supervised Cluster Ensemble (ISSCE) framework is 

employed to perform data clustering with ensembles.  The Incremental Ensemble Membership Selection (IEMS) 

scheme is adapted to fetch the ensemble members for the clusters. The Similarity Function (SF) is applied to 

compute the similarity values between the transactions. The following issues are identified from the ISSCE 

Scheme. Structure independent ensemble selection is not supported. Data type complexity levels are not 

considered in the system. The system produces limited clustering accuracy levels. Dynamic membership 

selection process is not supported. 

 

Adaptive Ensemble Construction And Analysis Scheme: 

The cancer data clustering system is designed to perform data partitioning on the cancer diagnosis data 

values. The Incremental Semi-Supervised Cluster Ensemble (ISSCE) scheme is applied for the clustering 

process. Incremental Ensemble Membership Selection (IEMS) scheme is used for the cluster ensemble selection 

process. The relationship levels are estimated with the similarity functions. The Dynamic Ensemble 

Membership Selection (DEMS) is used to perform the ensemble selection for structure and complexity 

independent data values. The DEMS scheme is integrated with Partition Around Medoids (PAM) clustering 

algorithm.  

The system is designed to perform multi model data clustering with efficient similarity analysis model. The 

link based similarity model is tuned to analyze multi model data values. Ensemble based clustering approach is 

used in the system. The system consists of six modules. They are Data cleaning process, Ensemble selection, 

Local Similarity Analysis, Global Similarity Analysis, ISSCE Clusters and PAM Clusters with DEMS. 

The data cleaning module is designed to update noise data values. The ensemble selection module is 

designed to identify the cluster initial ensembles. The local similarity estimation process is carried out with the 

ensembles that are identified with the incremental model. The global similarity estimation process is carried out 

with the dynamic ensemble member selection model based data values. The Incremental Semi-Supervised 

Cluster Ensemble (ISSCE) approach is used in the ISSCE clustering process. The DEMS based PAM clustering 

approach is adapted in the dynamic membership based clustering process. 

The cancer diagnosis details are imported from textual data files.  The textual data contents are parsed and 

categorized with its property. Redundant and noise records are identified and maintained separately.  The data 

values are parsed and transferred into the Oracle database. Redundant data values are removed from the 

database. Missing elements are assigned using aggregation based substitution mechanism. Cleaned data values 
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are referred as optimal data sets. Cluster ensembles are selected from the transaction collections. Cluster count is 

collected from the user. The ensemble selection is carried out with the Incremental Ensemble Membership 

Selection (IEMS) scheme.  The Similarity Function is used to compare the transactions. The ensembles are 

identified for each cluster levels.  

The local similarity analysis module is designed to perform the transaction similarity estimation process. 

Incremental ensemble based model is adapted to the similarity estimation process. The continuous data values 

are converted into categorical data. Median values are used in the conversion process.  Similarity function is 

used in the relationship analysis. The similarity values are updated into the dissimilarity matrix. The similarity 

analysis is performed to estimate the transaction relationship. Independent data similarity is designed for binary, 

categorical and continuous data types. Similarity function is tuned to find similarity for all type of data values. 

Vector and link models are integrated for relationship analysis.  The Dynamic Ensemble Membership Selection 

(DEMS) scheme is used in the ensemble member identification process. The similarity estimation is performed 

with the finalized ensemble values. Structure independent ensemble membership selection is used in the system.  

The Incremental Semi-Supervised Cluster Ensemble (ISSCE) approach is adapted to perform the data 

clustering process. The Incremental Ensemble Membership Selection (IEMS) algorithm is used in the ensemble 

member selection process. The Similarity Function (SF) is applied to estimate the transaction similarity values. 

Local relationships are considered in the similarity estimation process. The Similarity matrix is composed with 

incomplete similarity details. The similarity intervals are used to partition the data values.  The clustering 

process is performed with the user provided cluster count values. The cluster list shows the list of clusters with 

the transaction count. The cluster details form shows the cluster name and its associated transactions. 

The Partition Around Medoids (PAM) algorithm is used for the clustering process. The dissimilarity is 

minimized in the PAM algorithm. The Dynamic Ensemble Membership Selection (DEMS) scheme is employed 

to select the ensemble members with structure independent mechanism. Data set complexity is also considered 

in the DEMS scheme. The Similarity functions are also tuned for the dynamic ensemble member selection 

process. The Dynamic Ensemble Membership Selection (DEMS) scheme is integrated with the PAM clustering 

algorithm. The clustering process is carried out with the cluster count specified by the user. 

 

Performance Analysis: 

The medical data analysis system is developed to partition the breast cancer patient diagnosis details. The 

Incremental Semi-Supervised Cluster Ensemble (ISSCE) approach is used for the data clustering process. The 

Incremental Ensemble Membership Selection (IEMS) mechanism is used to select the members for the cluster 

ensembles. The Similarity Function (SE) is used to find out the relationship between the transactions. The 

Dynamic Ensemble Membership Selection (DEMS) scheme is build to identify the ensembles with structure and 

complexity independency. The DEMS scheme is integrated with the Partition Around Medioids clustering 

algorithm to produce better cluster results. The system performance is evaluated with Incremental Semi-

Supervised Cluster Ensemble (ISSCE) and Dynamic Ensemble Membership Selection based Partition Around 

Medoids (DEMS based PAM) clustering schemes. The system is tested with three performance parameters to 

measure the cluster quality levels. They are F-measure, purity and separation index levels. The system is tested 

with different data intervals. 

 

A.  Datasets: 

The clustering system is analyzed using the breast cancer patient data sets collected from the University of 

California Irwin (UCI) machine learning repository. The dataset is downloaded from 

http://archive.ics.uci.edu/ml/datasets.html.  The diagnosis details are collected from patients from different 

countries. The dataset contains 1000 transactions with 15 attributes. Missing values are replaced in preprocess. 

Aggregation based data substitution mechanism is used for the data preprocess. Redundant transactions are 

removed from the datasets during the preprocess.   

 

B.  F-measure: 

The F-measure is a harmonic combination of the precision and recall values used in information retrieval. 

Each cluster obtained can be considered as the result of a query, whereas each pre classified set of documents 

can be considered as the desired set of documents for that query. Thus, the system can calculate the precision 

P(i, j) and recall R(I, j) of each cluster j for each class i.  

If ni is the number of members of the class i, nj is the number of members of the cluster j and nij is the 

number of members of the class i in the cluster j, then P(i, j) and R(i, j) can be defined as 
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The corresponding F-measure F(i, j) is defined as 
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Then, the F-measure of the whole clustering result is defined as 
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where n is the total number of documents in the data set. In general, the larger the F-measure is, the better 

the clustering result is (2). 

The F-measure analysis between the Incremental Semi-Supervised Cluster Ensemble (ISSCE) and Dynamic 

Ensemble Membership Selection based Partition Around Medoids (DEMS based PAM) clustering schemes is 

shown in figure 6.1.. The analysis result shows that the Dynamic Ensemble Membership Selection based 

Partition Around Medoids (DEMS based PAM) scheme increases the f-measure level 15% than the Incremental 

Semi-Supervised Cluster Ensemble (ISSCE) clustering scheme. 

 

 
Fig. 1: F-measure Analysis of ISSCE and DEMS based PAM Schemes 

 

C.  Purity: 

 The purity of a cluster represents the fraction of the cluster corresponding to the largest class of documents 

assigned to that cluster; thus, the purity of the cluster j is defined as 
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The overall purity of the clustering result is a weighted sum of the purity values of the clusters as follows: 
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In general, the larger the purity value is, the better the clustering result is (6). 

The Purity analysis between the Incremental Semi-Supervised Cluster Ensemble (ISSCE) and Dynamic 

Ensemble Membership Selection based Partition Around Medoids (DEMS based PAM) clustering schemes are 

shown in figure 6.2.. The analysis result shows that the Dynamic Ensemble Membership Selection based 

Partition Around Medoids (DEMS based PAM) scheme increases the purity level 10% than the Incremental 

Semi-Supervised Cluster Ensemble (ISSCE) clustering scheme. 

 
Fig. 2: Purity analysis of ISSCE and DEMS based PAM Schemes 



122 M. Suganya and D. Dennis Ebenezer., 2017/Advances in Natural and Applied Sciences. 11(3) March 2017, Pages: 117-123 

 

D. Separation Index: 

Separation Index (SI) is another cluster validity measure that utilizes cluster centroids to measure the 

distance between clusters, as well as between points in a cluster to their respective cluster centroid. 

It is defined as the ratio of average within-cluster variance to the square of the minimum pairwise distance 

between clusters: 
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Where mi is the centroid of cluster ci, and distmin is the minimum pairwise distance between cluster 

centroids. Clustering solutions with more compact clusters and larger separation have lower Separation Index, 

thus higher values indicate better solutions. This index is more computationally efficient than other validity 

indices, such as Dunn’s index, which is also used to validate clusters that are compact and well separated. In 

addition, it is less sensitive to noisy data.  

The Incremental Semi-Supervised Cluster Ensemble (ISSCE) and Dynamic Ensemble Membership 

Selection based Partition Around Medoids (DEMS based PAM) clustering schemes are shown in figure 6.3.. 

The analysis result shows that the Dynamic Ensemble Membership Selection based Partition Around Medoids 

(DEMS based PAM) scheme increases the inter cluster distance level 30% than the Incremental Semi-

Supervised Cluster Ensemble (ISSCE) clustering scheme. 

 

 
 

Fig. 3: Separation Index Analysis of ISSCE and DEMS based PAM Schemes 

 

Conclusion: 

The cancer data clustering system is built to partition the breast cancer diagnosis data values. The 

Incremental Semi-Supervised Cluster Ensemble (ISSCE) approach is used for the data clustering process with 

ensemble models. The ensemble identification process is performed with Incremental Ensemble Membership 

Selection (IEMS) scheme. The Similarity Function (SF) is applied to estimate the relationship values. The 

Dynamic Ensemble Membership Selection (DEMS) mechanism is applied to identify the cluster ensembles with 

structure and data complexity independent models. The Partition Around Medoids (PAM) clustering scheme is 

integrated with Dynamic Ensemble Membership Selection (DEMS) mechanism. 
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