
                                                                                                    P-ISSN: 2347-4408 

           E-ISSN: 2347-4734 

76| Page                                      December 2016, Volume - 3, Issue - 6 

 

A SURVEY ON DATA PARTITIONING AND CLUSTER ENSEMBLE 

TECHNIQUES 
 

 

D. Dennis Ebenezer
1
 and M. Suganya

2
 

 
1
Assistant Professor, Computer Science and Engineering, Christian College of Engineering and Technology, 

Oddanchatram. 

 
2
PG Scholar, Computer Science and Engineering, Christian College of Engineering and Technology, 

Oddanchatram. 

 

 
Abstract- Data mining methods are used to discover the 

knowledge from the databases. Association rule mining, 

classification and clustering techniques are applied for the 

knowledge discovery process. The data clustering method is 

also called as data partitioning method. The similar data 

values are partitioned under the clustering process. The data 

similarity is measured with distance or similarity measures. 

The data partitioning process is carried out with the 

partition and hierarchical models. High dimensional data 

clustering is a complex task. The cluster ensemble 

approaches are adapted to reduce the complexity level of 

high dimensional data clustering process. K-means, K- 

Medoids and Partion around Medoids (PAM) clustering 

algorithms are applied for the data clustering process. The 

survey is conducted to analyze the various techniques and 

cluster ensemble methods. Cluster results evaluation 

methods are also analyzed in the survey. 

 

Index Terms: Data Clusters, Data Partitioning Techniques, 

Cluster Ensembles and Similarity Measures 

 

1. INTRODUCTION 

 

Clustering is the organization of objects into diverse 

groups, or more specifically, the partitioning of a data set into 

subsets, so that the data in each subset share some common 

characteristics - often proximity according to some defined 

space gauge. Data clustering is a widespread method for 

arithmetical data study, which is used in many fields such as 

data mining, machine learning, prototype recognition, image 

investigation and bioinformatics. 

It is possible to guarantee that similar clusters are 

created by breaking apart any cluster that is dissimilar into 

smaller clusters that are similar. 

1. Used mostly to consolidate data into a high-level view 

and general grouping of records into like behaviors. Space is 

defined as evasion n-dimensional space, or is distinct by the 

user, or else predefined space driven by part. 

2.  Besides data clustering, there are many terms with 

similar meanings, including cluster study, automatic 

classification, arithmetical taxonomy, botryology and 

typological analysis. 

3.  The clustering technique is called an unsupervised 

learning technique. It is a technique that when they are run, 

there is not a fastidious cause for the creation of the models to 

perform predication. In clustering, there is no exacting sense 

of why definite reports are close to each other or why each 

and every report goes down into the similar cluster. 

 

1.1 Use of Clustering in Data Mining  

Clustering is regularly one of the initial steps in data 

mining analysis. It recognizes collections of relevant reports 

that can be used as an initial point for discovering additional 

affiliations. This method hold up the expansion of population 

segmentation models, such as demographic-based customer 

segmentation. Further investigations using regular methodical 

and other information mining methods can resolve the 

individuality of these sections with admiration to some 

preferred results. For example, the trading behavior of 

numerous population sections might be linked to decide 

which of the sectors to aim for a new sales movement.  

A company that sale a variety of products may need 

to know about the sale of all of their products in order to 

check that what product is giving extensive sale and which is 

deficient it can be completed by data mining method. But if 

the structure clusters the products that are giving lesser sales 

then only the collection of such goods would have to be 

verified fairy than evaluating the selling value of all the 

goods. This is actually to facilitate the mining process. 

  

1.2 K-Means Algorithm 

 The clustering algorithm K is applied for the 

postulated in the nineteen sixties. In a m attribute problem, 

each instance maps into a m factor space. The cluster centroid 

describes the cluster and is a point in m dimensional space 

around which instances belonging to the cluster occur. The 

expanse from an occurrence to a cluster axis is classically the 
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Euclidean distance though variations such as the Manhattan 

distance are common. As most performances of K-Means 

clustering use Euclidean distance. 

Strength of the K-Means:  

 

1. Relatively efficient: O (t kn), where objects (n), clusters 

(k) and iterations (t). Normally, k, t << n  

2. Frequently stops at confined optimum 

 

Weakness of the K-Means:  

1. Pertinent merely when presage is defined; what 

about definite data?  

2. Need to stipulate the figure of groups k, in 

advance. 

 

2. TYPES OF CLUSTERING METHODS 

 

There are numerous clustering techniques existing 

and every one of them might provide a diverse alignment of a 

dataset. The option of an exacting technique will depend on 

the type of output preferred, the known facilities of technique 

with specific types of data, the hardware and software 

services accessible and the magnitude of the dataset. In 

general, two categories based on the cluster arrangement 

which they create and the non-hierarchical techniques divide a 

dataset of N objects into M clusters, with or without overlie. 

  These techniques are occasionally divided 

into partitioning methods, in which the classes are 

communally restricted and the unfamiliar clumping method 

overlap is permitted. Each entity is affiliated to the cluster 

with which it is analogous the threshold of relationship has to 

be definite. The hierarchical techniques create a set of nested 

clusters in which every brace of items is gradually nested in a 

larger cluster until only one cluster leftovers. The hierarchical 

methods can be further divided 

agglomerative or divisive techniques. 

In agglomerative methods, the hierarchy is constructed up in a 

sequence of N-1 agglomerations, or Fusion of pairs of objects, 

starting with the un-clustered dataset. The uncommon divisive 

technique begin with all components in a sole cluster and at 

each of N-1 steps divide some clusters into two smaller 

clusters, until every entity exist in its confess cluster. Various 

significant data clustering techniques are illustrated below. 

 

2.1. Partitioning Methods 

  The partitioning methods usually consequence in a 

set of clusters (M), everything fit in to one cluster. Each 

cluster may be denoted by a centroid or a cluster envoy; this is 

some kind of outline report of all the objects present in a 

cluster. The exact form of this depiction will depend on the 

type of the entity which is being clustered. In some casing 

where actual-valued data exist the arithmetic mean of the 

characteristic vectors for all objects within a cluster provides a 

suitable representative; optional types of centroid may be 

necessary in other cases, e.g., a cluster of credentials can be 

symbolized by a list of those keywords that arise in some least 

number of documents within a cluster. If the number of the 

clusters is huge, the centroids can be further clustered to 

generate hierarchy inside a dataset. 

Single Pass: Awfully easy partition method, it generates a 

partitioned dataset as: 

1. Make the initial object of the centroid as the primary 

cluster. 

2. For the subsequent object, compute the resemblance, 

S, with every accessible cluster centroid, using some 

relationship coefficient. 

3. If the premier calculated S is superior to precise 

threshold value, add it to the corresponding cluster 

and re determine the centroid; or else use it to begin 

a new cluster. If anything rest to be clustered, return 

to step 2. 

  As its name, this method needs merely one pass 

through the dataset; the occasion necessity are classically of 

order O(NlogN) for order O(logN) clusters. This composes it a 

very competent clustering method for a sequential processor. 

The drawback is that the resultant clusters are not sovereign 

of the order in which the documents are routed, with the 

initial clusters formed typically being superior to those 

created later in the clustering run. 

 

2.2 Hierarchical Agglomerative methods 

  The method is most commonly used. The edifice can 

be attained by the subsequent common algorithm. 

1. Locate the 2 bordering items and combine them. 

2. Find and combine the subsequent two nearby points, 

where a point is also an entity thing or a cluster. 

3. If more clusters remains, return to step 2. 

  Individual methods are distinguished by the 

description used for recognition of the nearby duo of points 

and by the means used to explain the new cluster when duo 

clusters are combined. There are some common approaches to 

completion of this algorithm, these being saved matrix and 

saved data, are discussed below 

 In the following matrix loom, an N*N matrix 

encloses all pair wise distance values are initially 

formed and rationalized as new clusters are formed. 

This approach has at least an O(n*n) time constraint, 

rising to O(n
3
) if a effortless serial scan of 

divergence matrix is used to recognize the points 

which need to be combined in each agglomeration, a 

serious restraint for large N. 

 The saved data approach need the recalculation of 

pair wise contrast values for each of the N-1 

agglomerations and the O(N) space requirement is 

therefore achieved at the outlay of an O(N
3
) time 

requirement. 
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2.3 The Single Link Method (SLINK) 

  This process is perhaps the excellent identified of the 

hierarchical methods and functions by joining, at every step, 

the two most like objects, which are not in the same cluster. 

The name single link thus refers to the union of pairs of 

clusters by the single shortest link between them. 

 

2.4 The Complete Link Method (CLINK) 

  This method is analogous to the SLINK method 

except this employ the least comparable pair between two 

clusters to determine the inter-cluster similarity. This method 

is characterized by small, tightly bound clusters. 

 

2.5 The Group Average Method 

  This method relies on the standard value of the pair 

wise in a cluster, rather than the greater or smaller 

resemblance as with the SLINK or CLINK methods. Given 

that all objects in a cluster contribute to the inter–cluster 

resemblance object is average more like eqach other member 

of its own cluster. 

 

2.6 Text Based Documents 

  In this, the clusters may be prepared by taking in to 

account the similarity as some of the key words that were 

found for a least numeral of times in a document. Now when 

inquiry arises concerning a classic word then instead of 

examining the complete database, only cluster is scrutinized 

which has that word in the list of its key words and the result 

is given. The order of the documents received in the result is 

dependent on the numeral of times that key word appears in 

the document. 

 

3. CLUSTER ENSEMBLE SELECTION PROCESS 

  Ensembles are most effectual when assembles from a 

set of analysts whose inaccuracy are different. To a greater 

level, diversity among ensemble affiliated is established to 

improve the results of an ensemble. Mainly for data 

clustering, the results found with any lone algorithm over 

much iteration are usually very similar. In such conditions 

where all ensemble members concur on data set must be 

partitioned, collectively the pedestal clustering results will 

show no improvement over any of the constituent members. 

Several heuristics has been applied to establish artificial 

instabilities in clustering algorithms, giving variety in a 

cluster ensemble. Homogeneous ensembles, Random-k, Data 

subspace/sampling, Heterogeneous ensembles and mixed 

heuristics methods are adapted to fetch the ensembles. The 

ensemble cohort techniques yield diverse clustering’s of 

similar data, by developing diverse cluster models and 

dissimilar data partitions. 

  In Homogeneous ensembles model base clustering’s 

created using repetitive runs of a sole clustering algorithm, 

with numerous sets of factor initializations, such cluster 

centers of the k-means clustering method. Random-k 

ensemble technique is one of the major successful methods 

for arbitrarily selecting the number of clusters (k) of each 

ensemble member. Data subspace/sampling in a cluster 

ensemble can be attained by creating pedestal clusterings 

from diverse subsets of initial data. It is instinctively implicate 

that each clustering algorithm will offer diverse levels of 

presentation for different partitions of a data set. Basically, 

data partitions are acquired by projecting data onto diverse 

subspaces, choosing different subsets of features, or data 

samples. 

  In Heterogeneous ensembles model a number of 

diverse algorithms are used mutually to produce base 

clusterings. Use of one of the aforementioned methods, any 

combination of them can be applied as well.  The combination 

of the mode is denoted as mixed heuristics model. 

 The cluster ensemble transforms the problem of 

definite data clustering to the ensembles by taking in to 

account each definite elemental values as a cluster in an 

ensemble. Let X = {x1, . . . , xN} be a set of N data points, A 

={a1, . . . , aM} be a set of definite elements and П = 

{ 1,….. M} be a set of M partitions. Each partition i is 

generated for a specific categorical attribute ai € A. Clusters 

belonging to a partition i = { } correspond 

to different values of the element ai = { }, 

where  = ai and ki is the number of values of element 

ai. With this formalism, categorical data X can be directly 

transformed to an ensemble П, without essentially employ 

any base clustering. While single-element partitions may not 

be as precise as those attained from the clustering of all data 

elements, they can fetch about great variety within an 

ensemble. Besides its competence, this ensemble cohort 

technique has the potential to lead to a high-quality clustering 

result. 

 

4. INCREMENTAL SEMI-SUPERVISED 

CLUSTERING ENSEMBLE FRAMEWORK 
 

This approach was gaining more and more attention, 

due to its helpful applications in the areas of pattern 

recognition, data mining, bioinformatics and so on. When 

evaluated with conventional single clustering algorithms, 

these approaches were able to incorporate numerous 

clustering results obtained from diverse data causes into 

united solutions and provide a more robust, stable and 

accurate final result. 

These approaches have several limitations: (1) they 

do not consider how to make use of preceding information 

given by experts, which is represented by pair wise 

constraints. Pair wise constraints are often distinct as the 
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must-link constraints and the cannot-link constraints. The 

must-link constraint means that two feature vectors must be 

allocated to the same cluster, while the cannot-link constraints 

means that two feature vectors cannot be dispensed to the 

same cluster. (2) Most of the methods cannot achieve 

satisfactory results on high dimensional datasets. (3)  Not all 

the ensemble members are a factor to the final result. 

The random subspace based semi-supervised 

clustering ensemble framework (RSSCE) integrates the 

arbitrary subspace method, the control proliferation approach 

and the stabilized cut algorithm into the 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 

evaluated with conventional semi supervised clustering 

algorithm, ISSCE is differentiated by the incremental 

ensemble member selection process based on a global 

intention purpose and a local intention purpose, which selects 

ensemble members progressively. 

The local intention purpose is calculated based on a 

recently designed similarity function which decides how two 

related 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 were analyzed over diverse 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. Limited cost 

function and a comprehensive cost functions are applied to 

incrementally select the ensemble members. The similarity 

function is assumed to measure the extent to which pair of 

attributes was similar in the subspaces. Non-parametric tests 

were used to evaluate multiple semi supervised clustering 

ensemble approaches over different datasets. 

 

5. EVALUATION OF CLUSTERING RESULTS 

 This can be referred as cluster validation. There have 

been various proposals for quantification of relations between 

two clusterings. Such quantification can be used to evaluate 

how well dissimilar data clustering algorithms perform on a 

pair of data. This quantification is typically fixed to the type 

of standard being measured in evaluating the worth of a 

clustering technique. 

 

5.1. Internal Evaluation 

  When a clustering result is estimated based on the 

data that were clustered itself, and it is known as internal 

evaluation. These techniques generally dispense the best score 

to the algorithm that generates clusters with high similarities 

within a cluster and low similarities between clusters. 

Limitation of using internal criteria in cluster assessment is 

that high scores attained on an interior determinant do not 

essentially result in effectual in sequence reclamation 

applications. This development is partial towards algorithms 

that use the similar cluster model. For example K-means 

clustering logically optimizes object distances and a distance-

based internal criterion will likely overrate the resulting 

clustering. The following techniques can be used to evaluate 

the eminence clustering algorithms based on internal criterion: 

 Davies–Bouldin index  

  The Davies–Bouldin index can be analyzed by the 

following equation:  
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  Where the number of clusters (n), centroid of cluster 

x (cx), average distance of all elements in cluster x to centroid 

cx (σx) and the distance between centroids ci and cj (d (ci-cj)). 

Since algorithms that generates clusters with low intra-cluster 

distances (high intra-cluster similarity) and high inter-cluster 

distances (low inter-cluster similarity) will have a low 

Davies–Bouldin index, the clustering algorithm that produces 

a collection of clusters with the smallest Davies–Bouldin 

index is considered the best algorithm based on this criterion.  

 Dunn index (J. C. Dunn 1974)  

  The Dunn index aims to identify dense and well-

separated clusters. It is defined as the ratio between the 

minimal inter-cluster distances to maximal intra-cluster 

distance. For each cluster partition, the Dunn index can be 

calculated by the following formula:  
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  Where d(i,j) represents the distance between clusters 

i and j and d
'
(k) measures the intra-cluster distance of cluster 

k. The inter-cluster distance of two clusters may be any 

number, such as the distance between the centroids of the 

clusters d(i,j). Likewise, the intra-cluster distance d
'
(k) may be 

measured in a numerous ways, such as the largest distance 

between any pair of elements in cluster k. Since internal 

criterion look for clusters with high intra-cluster similarity 

and low inter-cluster similarities, algorithms that produce 

clusters with larger Dunn index are more desirable. 

  

5.2. External Evaluation 

  In this clustering results were calculated based on 

data that were unused for clustering class labels and exterior 

level. Such benchmarks consist of a pair of pre-classified 

objects and these pairs were regularly formed by human. The 

point of reference pairs can be considered as a gold standard 

for estimation. These types of estimation techniques calculate 
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how close the clustering is to the fixed point of reference 

classes. It has recently been conferred whether this is 

sufficient for real data, or only on artificial data pairs with a 

accurate ground truth, since classes can contain internal 

structure, the attributes present may not allow division of 

clusters or the classes may contain anomalies. Additionally, 

from a knowledge discovery point of view, the reproduction 

of known knowledge may not necessarily be the intended 

result. Several types to the compute the quality of a cluster 

algorithm using external criterion comprises of: 

 Rand measure (William M. Rand 1971)  

  The Rand index computes how similar the clusters 

are to the benchmark classifications. One can also view the 

Rand index as a measure of the percentage of correct 

decisions made by the algorithm. It can be computed using 

the following formula:  

  
TNFNFPTP

TNTP
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  Where TP is the number of true positives, TN is the 

number of true negatives, FP is the number of false positives 

and FN is the number of false negatives. One issue with the 

Rand index is that false positives and false negatives are 

equally weighted. This may be an undesirable characteristic 

for some clustering applications. The F-measure addresses 

this concern.  

 F-measure  

  The F-measure can be used to balance the 

contribution of false negatives by weighting recall through a 

parameter .0  Let precision and recall be defined as 

follows:  
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  Where P is the precision rate and R is the recall rate. 

F-measure can be calculated by using the following formula:  
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  Notice that when   = 0, F0 = P. In other words, 

recall has no impact on the F-measure when   = 0 and 

increasing β allocates an increasing amount of weight to recall 

in the final F-measure.  

 Pair-counting F-Measure is the F-measure applied to 

the object pairs, where objects are paired with each 

other when they are part of the same cluster. This 

measure is able to compare clusterings with different 

numbers of clusters.  

 Jaccard index  

  The Jaccard index is used to quantify the similarity 

between two datasets. The Jaccard index takes on a value 

between 0 and 1. An index of 1 means that the two dataset are 

identical and an index of 0 indicate that the datasets have no 

common elements. The Jaccard index is defined by the 

following formula:  

BA

BA
BAJ




),(  

  This is simply the number of unique elements 

common to both sets divided by the total number of unique 

elements in both sets.  

 Fowlkes–Mallows index (E. B. Fowlkes & C. L. 

Mallows 1983)  

  The Fowlkes-Mallows index computes the similarity 

between the clusters returned by the clustering algorithm and 

the benchmark classifications. The higher the value of the 

Fowlkes-Mallows index the more similar the clusters and the 

benchmark classifications are. It can be computed using the 

following formula:  

FNTP

TP

FPTP

TP
FM


 .  

  where TP is the number of true positives, FP is the 

number of false positives and FN is the number of false 

negatives.  

 Confusion matrix  

  A confusion matrix can be used to quickly visualize 

the results of a classification algorithm. It shows how 

different a cluster is different from the gold standard cluster.  

  The Mutual Information is an information theoretic 

measure of how much information is shared between a 

clustering and a ground-truth classification that can detect a 

non-linear similarity between two clusterings. Adjusted 

mutual information is the corrected-for-chance variant of this 

that has a reduced bias for varying cluster numbers. 

 

6. CONCLUSION 

 The survey on data partitioning and cluster ensemble 

techniques is conducted to analyze the different clustering 

types and ensemble models. The task of similarity measure 

and centroid identification is also studied in the survey. The 

Incremental Semi Supervised Cluster Ensemble (ISSCE) 

approach is constructed with cluster ensemble technique to 

perform high dimensional data partitioning process.  Cluster 

results were validated with different evolutionary techniques. 
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