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Abstract: In recent years several approaches to knowledge discovery and data mining, and in particular to clustering, have been 
developed, but only a few of them are designed for distributed data sources. Distributed clustering model most closely related 
to statistics is based on distribution models. Clusters can then easily be defined as objects belonging most likely to the same 
distribution. A nice property of this approach is that this closely resembles the way artificial data sets are generated: by sampling 
random objects from a distribution. The aim of this paper is to explain Distributed Data Mining (DDM) started to gain attention 
during the late nineties. Al though it is still a young area of research, the body of literature on DDM constitutes a sizeable portion 
of the broader data mining literature. DDM in general deals with the problem of finding patterns in an environment where data 
is either naturally distributed, or could be artificially partitioned across computing nodes. It implies distribution of one or more 
of: users, data, hardware, or mining software. Centralized data mining systems do not address some the requirements of 
distributed environments, such as scalability and cooperation. Data mining in distributed environments is known as Distributed 
Data Mining (DDM), and sometimes as Distributed Knowledge Discovery (DKD).  
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I.INTRODUCTION 
The notion of a "cluster" varies between algorithms and is 

one of the many decisions to take when choosing the 

appropriate algorithm for a particular problem. At first the 

terminology of a cluster seems obvious: a group of data 

objects. However, the clusters found by different algorithms 

vary significantly in their properties, and understanding 

these "cluster models" is key to understanding the 

differences between the various algorithms. Typical cluster 
models include: Connectivity models, Centroid models, 

Distribution models, Density models, Subspace models, 

Group models and Graph-based models [1-3] and [9]. A 

"clustering" is essentially a set of such clusters, usually 

containing all objects in the data set. Additionally, it may 

specify the relationship of the clusters to each other, for 

example a hierarchy of clusters embedded in each other. 

Data Clustering is one of the challenging mining techniques 

exploited in the knowledge discovery process. Clustering 

huge amounts of data is a difficult task since the goal is to 

find a suitable partition in a unsupervised way (i.e. without 

any prior knowledge) trying to maximize the similarity of 
objects belonging to the same cluster and minimizing the 

similarity among objects in different clusters. Many 

different clustering techniques have been defined in order to 

solve the problem from different perspective, i.e. partition 

based clustering, density based clustering, hierarchical 

methods and grid-based methods etc. In this paper we 

represent a survey of recent clustering approaches for data 

mining research.  

1.1 Types of clustering algorithms 

Clustering algorithms fall into a number of categories 

depending on their various aspects. 

 Hard clustering, e.g. k-means, assigns each object 

exclusively to one cluster, thus creating a disjoint set of 

clusters. Probabilistic, e.g. expectation-maximization, 

and fuzzy clustering, e.g. fuzzy c-means, assigns for 

each object a degree of membership to each cluster, 

thus creating overlapping clusters. 

  Hierarchical clustering, e.g. hierarchical agglomerative 
clustering, creates a dendo-gram of clusters such that 

clusters can contain sub-clusters. It works either 

bottom- up by merging clusters into larger clusters on 

the next level of the hierarchy, or top-down by splitting 

clusters into sub-clusters. Flat clustering, on the other 

hand, produces a flat set of clusters with no ordering or 

subsumption between them.  

 Density-based clustering, e.g. DBSCAN [5], forms 

clusters by finding density-connected regions in the 

feature space. 

 Neural network-based clustering, e.g. SOM [6], utilizes 
a neural network approach that automatically tunes the 

network weights such that similar objects tend to be 

close to each other. 

II.DISTRIBUTED CLUSTERING 
Han and Kamber [12] describe the need for parallel and 

distributed mining algorithms:  

“The huge size of many databases, the wide distribution of 
data, and the com- putational complexity of some data 

mining methods are factors motivating the development of 

parallel and distributed data mining algorithms. Such 

algorithms divide the data into partitions, which are 

processed in parallel. The results from the partitions are then 

merged.”  With the continuous growth of data in distributed 

networks, it is becoming increasingly important to perform 

clustering of distributed data in-place, without the need to 

pool it first into a central location.  

Table 2.1: Types of data and clustering process distribution 

Centralized data   Distributed data 
 

Centralized clustering             CD-CC DD-CC 

Distributed clustering             CD-DC DD-DC 
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1) Centralized Data - Centralized Clustering (CD-CC) 

this is the standard approach where the clustering process 

and data both reside on the same machine. Other distributed 

models can be mapped to CD-CC by pooling the distributed 

data into one location and performing centralized clustering 

on it.  

2) Distributed Data - Centralized Clustering (DD-CC) 
Data is dispersed across a number of nodes, while the 

clustering process runs on a single machine. Web mining is 

an example of DD-CC, where a single machine crawls and 

mines web pages from a large number of remote web sites.  

3) Centralized Data - Distributed Clustering (CD-DC) 
Data is stored in one location, while clustering processes run 

on different machines accessing the same data. This is a 

typical case of parallel processing, such as in compute 

clusters and grid computing. 

4) Distributed Data - Distributed Clustering (DD-DC) 
The highest level of distribution, where both the data and the 
clustering process are distributed.  

 

In general, centralized clustering usually implies high 

computational complexity, while distributed clustering 

usually aims for speedup but suffers from communication 

overhead. The general goal of distributed clustering is 

achieving a level of speedup that outweighs communication 

overhead. Adopting distributed clustering introduces another 

factor affecting algorithm scalability: number of nodes. Data 

privacy is also an issue in distributed clustering, since the 

participating sites may not be willing to share their data with 

peers. In general, there are two architectures in distributed 
clustering: peer-to-peer and facilitator-worker.  

 In the peer-to-peer model all nodes perform the same 

task and exchange the necessary information to perform 

their clustering goals. 

 In the facilitator-work model one node is designated as 

a facilitator, and all others are considered worker nodes. 

The facilitator is responsible for partitioning the task 

among the workers and aggregating their partial results. 

 

The goal of distributed clustering can be either to produce 

globally or locally optimized clusters. Globally optimized 
clusters reflect the grouping of data across all nodes, as if 

data from all nodes were pooled into a central location for 

centralized clustering. As a result, at the end all nodes 

acquire the same clustering solution, but local data stays the 

same. Globally optimized clustering is suitable for speeding 

up clustering of large data sets by partitioning the data 

among many nodes. Both the peer-to-peer [7, 8, 10] and the 

facilitator- worker [11, 12, 13] models can be used to 

achieve globally optimized clustering.  

 

On the other hand, locally optimized clusters create a 

different set of clusters at each node, taking into 
consideration remote clustering information and data at 

other nodes. This implies exchange of data between nodes 

so that certain clusters appear only at specific nodes. Locally 

optimized clusters are useful when whole clusters are 

desired to be in one place rather than fragmented across 

many nodes. It is also only appropriate when data privacy is 

not a big concern. Both the peer-to-peer model [14] and the 

facilitator-worker [15] models can be used to achieve locally 

optimized clustering. 

 

 

 

III.DISTRIBUTED DATA MINING 
Distributed Data Mining (DDM) started to gain attention 

during the late nineties. Al-though it is still a young area of 

research, the body of literature on DDM constitutes a 

sizeable portion of the broader data mining literature. DDM 

in general deals with the problem of finding patterns in an 
environment where data is either naturally distributed, or 

could be artificially partitioned across computing nodes. It 

implies distribution of one or more of: users, data, hardware, 

or mining software [16]. Centralized data mining systems do 

not address some the requirements of distributed 

environments, such as scalability and cooperation. 

 

Data mining in distributed environments is known as 

Distributed Data Mining (DDM), and sometimes as 

Distributed Knowledge Discovery (DKD). The central 

assumption in DDM is that data is distributed over a number 
of sites, and that it is desirable to derive, through data 

mining techniques, a global model that reflects the 

characteristics of the whole data set. 

 

Applications of DDM are numerous, and are usually 

manifested as distributed comput- ing projects. They often 

try to solve problems in mathematics and science. Specific 

areas and example projects include: astronomy 

(SETI@home), biology (Folding@home, Predic- 

tor@home), climate change (CPDN), physics 

(LHC@home), cryptography (distributed.net), and 

biomedicine (grid.org). Those projects are usually built on 
top of a common platform providing low level services for 

distributed or grid computing. Examples of those platforms 

include: Berkeley Open Infrastructure for Network 

Computing (BOINC), Grid.org, World Community Grid, 

and Data Mining Grid. 

A number of challenges (often conflicting) arise when 

developing DDM methods: 

 Communication model and complexity 

 Quality of global mode 

  Privacy of local data 

It is desirable to develop methods that have low 
communication complexity, especially in mobile 

applications such as sensor networks, where communication 

consumes battery power. Quality of the global model 

derived from the data should be either equal or com- parable 

to a model derived using a centralized method. Finally, in 

some situations when local data is sensitive and not easily 

shared, it is desirable to achieve a certain level of privacy of 

local data while deriving the global model. Although not yet 

proven, usually deriving high quality models requires 

sharing as much data as possible, thus incurring higher 

communication cost and sacrificing privacy at the same 
time. 

3.1 HOMOGENEOUS VS. HETEROGENEOUS 

DISTRIBUTED DATA 

We can differentiate between two types of data distribution. 

The first is homogeneous, where data is partitioned 



  International Journal of Contemporary Research in Computer Science and Technology (IJCRCST)              e-ISSN: 2395-5325 
Volume 4, Issue 5 (October ’2018) 

 

 
 IJCRCST © 2018 | All Rights Reserved  www.ijcrcst.com 

 37 

horizontally among the sites; i.e. each site holds a subset of 

the data. The second is heterogeneous, where data is 

partitioned vertically; i.e. each site holds a subset of the 

attribute space, and the data is linked among sites via a 

common key.  

3.2 EXACT VS. APPROXIMATE DDM 

ALGORITHMS 
A DDM algorithm can be described as either exact or 

approximate. Exact algorithms produce a final model 

identical to a hypothetical model generated by a centralized 

process having access to the full dataset. Figure 3.2 

illustrates the hypothetical process that is modeled by an 

exact distributed clustering algorithm. The exact algorithm 

works as if the data subsets, Di, from each node were 

brought together into one data set, D, first; 

 
Figure 3.2: Exact Distributed Clustering Model 

then a centralized clustering algorithm, A, had performed 

the clustering procedure on the whole data set. The 
clustering solutions are then distributed again by intersecting 

the data subsets with the global clustering solution. 

Approximate algorithms, on the other hand, produce a 

model that closely approximates a centrally-generated 

model. Most DDM research focuses on approximate 

algorithms as they tend to produce comparable results to 

exact algorithms with far less complexity [22]. 

3.3 COMMUNICATION MODELS 

Communication between nodes in distributed 

clustering algorithms can be categorized into three classes 

(in increasing order of communication cost) 

 Communicating models, which involves calculating 
local models that are then sent to peers or a central site. 

These models often are comprised of cluster centroids, 

e.g. P2P k-means [17], cluster dendograms, e.g. 

RACHET [18], or generative models, e.g. DMBC [20]; 

 Communicating representatives, in which nodes select a 

number of representative samples of the local data to be 

sent to a central site for global model generation, such 

as the case in the KDEC distributed clustering 

algorithm [19], and the DBDC algorithm [21]; and 

 Communicating data, in which nodes exchange actual 

data objects; i.e. data objects can change sites to 
facilitate construction of clusters that exist in certain 

sites only, such as the case in the collaborative 

clustering scheme in [4], and the distributed signature-

based clustering in [6].  

3.4 DISTRIBUTED TEXT AND WEB MINING 

Applications of DDM in the text mining area are rare, but 

usually employ a form of distributed information retrieval. 

Distributed text classification and clustering have received 

little attention. PADMA is an early example of parallel text 

classification [6]. The work presented by Eisenhardt et al [3] 

achieves document clustering using a distributed peer-to-

peer network. They use the k-means clustering algorithm, 

modified to work in a distributed P2P fashion using a probe-

and-echo mechanism. They report improvement in speed up 

compared to centralize clustering. Their algorithm is an 

exact algorithm, although it requires global synchronization 

at each iteration. A similar system can be found in [6], but 
the problem is posed from the information retrieval point of 

view. In this work, a subset of the document collection is 

centrally partitioned into clusters, for which “cluster 

signatures” are created. Each cluster is then assigned to a 

node, and later documents are classified to their respective 

clusters by com- paring their signature with all cluster 

signatures. Queries are handled in the same way, where they 

are directed from a root node to the node handling the 

cluster most similar to the query. Centralized mining can 

hardly scale to the magnitude of the data on the Web. 

Google, for example, is able to index the Web daily and 
respond to millions of queries per day because it employs a 

farm of distributed computing nodes that apply distributed 

algorithms for content indexing and query processing. 

 

IV.CONCLUSION 
Distribution-based clustering is a semantically strong 

method, as it not only provides you with clusters, but also 
produces complex models for the clusters that can also 

capture correlation and dependence of attributes. However, 

using this clustering method puts an extra burden on the 

user: to choose appropriate data models to optimize, and for 

many real data sets, there may be no mathematical model 

available the algorithm is able to optimize. 
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