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ABSTRACT 
Clustering is one of the most effective methods for 

summarizing and analyzing datasets that are collection of data 

objects similar or dissimilar in nature. Clustering aims at 

finding groups, or clusters, of objects with similar attributes. 

Most clustering methods work efficiently for low dimensional 

data since distance measures are used to find dissimilarities 

between objects. High dimensional data, however, may 

contain attributes which are not required for defining clusters 

and irrelevant dimension may produce noise and will hide the 

clusters that are required to be created. The discovery of 

groups of objects that are highly similar within some subsets 

of relevant attributes becomes an important but challenging 

task. In this paper we provide a short introduction to various 

approaches and challenges for high-dimensional data 

clustering. 
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1. INTRODUCTION  
With the proliferation of internet of things there is a 

formidable growth in the volume of information available on 

the Internet and also there is a ubiquity of data collection. Due 

to improved data acquisition techniques, low cost of data 

storage, organizations and researchers are investing a huge 

amount and interests on developing effective methods for 

analyzing and summarizing data. Document (text) data 

analysis requires more sophisticated techniques than 

numerical data analysis, which uses statistics and machine 

learning. 

Clustering has proven to be one of the most effective methods 

for analyzing datasets containing large number of objects with 

plentiful attributes. Clustering groups, or make clusters, of 

objects with similar attributes. A cluster is defined as a subset 

of objects of similar attribute and objects which are dissimilar 

to the objects in other cluster. Clustering is a data 

segmentation technique where results are determined by 

partitioning the data sets according to similarity between pairs 

of objects. Clustering algorithms have proven to be successful 

for low-dimensional data, where the number of attributes is 

less and can be represented in two or three dimensions. But 

often the data collected for research contains multiple 

dimension, is sparse and highly skewed, known as high 

dimensional data. Finding clusters in high dimensional data 

often poses challenges and require more sophisticated 

techniques. In all cases, the approaches to clustering high 

dimensional data must deal with the “curse of dimensionality” 

[1]. In this paper we would like to describe the challenges 

faced in analysing high dimensional data and the clustering 

techniques which tries to resolve these threats. 

 

2. THE CHALLENGE OF CLUSTERING 

HIGH DIMENSIONAL DATA 
Real-world datasets have very high dimensional feature space 

and is highly sparse. It becomes difficult to generate 

meaningful results from such redundant and sparse data 

through traditional clustering algorithm. This is due to the fact 

that when dimensionality increases, data becomes sparse since 

data points are located at different dimensional subspaces. 

Thus it requires greater computational power to compute 

clusters as distance measure to find similarities between data 

objects become meaningless and often noise becomes 

prevalent and masks the real cluster to be discovered. The 

various challenges posed by high dimensional data are 

described in the next sections. 

2.1 The Curse of Dimensionality 
As described by Bellman dimensionality curse is one of the 

major problems faced by high dimensional data. In high 

dimensional space the points are more scattered or sparse and 

all points are almost equidistant from each other. Clustering 

approaches become ineffective to analyse the data due to this. 

The phenomena of the curse of the dimensionality become 

more prominent when points are moved from one dimensional 

space to a higher dimensional space as we can see in Figure 1. 

Thus to form or search clusters using traditional clustering 

algorithms becomes very difficult. 
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(c) Objects in 3-dimension 

Figure 1: As the dimensionality goes higher, points in the 

space are more spread out. 

2.2 Incompetence of Distance Measures 
Clustering algorithms mainly finds dissimilarity between 

objects using distance functions like Euclidean distance, 

Manhattan distance, cosine distance, proximity measure etc. 

In low dimensional space distance measure seems to be more 

relevant to cluster objects but in high dimensional space , all 

pairs of points tend to be more or less equidistant from one 

another and therefore the discrimination of the nearest and 

farthest point in particular becomes meaningless. This can be 

expressed by the following equation [2] :  

 

lim
𝑑→∞

𝑑𝑖𝑠𝑡𝑚𝑎𝑥 -𝑑𝑖𝑠𝑡𝑚𝑖𝑛
𝑑𝑖𝑠𝑡𝑚𝑖𝑛

→ 0 

 

2.3 Presence of Noise and Outliers  
Datasets collected from real time applications like microarray 

data, pattern recognition often contains noise pertaining to 

measurement or because of the stochastic nature of systems 

involved in the process. 

In general, the noise present in real applications often hides 

the clusters to be selected from clustering algorithm and the 

problem is worsened in high dimensional data, where the 

number of errors increases linearly with dimensionality. 

Noise-tolerance in clustering is very important to understand 

the real cluster structures in the datasets. However, 

distinguishing noise from accurate and relevant values is hard 

and searching for noise-tolerant clusters is even harder since 

in order to identify real cluster large number of clusters are 

considered.  

2.3 Local Feature Relevance 
Clustering is classified as unsupervised learning, where most 

of the algorithms require clusters to be flat or hierarchical 

partitions. Thus, an object is not allowed to exist in multiple 

clusters (at the same level). However, high dimensional data 

provides much richer information regarding each object than 

low dimensional data. An object might have one subset of 

attributes belonging to one subset of cluster and at the same 

time will also be similar to a different subset of objects under 

another set of attributes. Therefore, an object may be a 

member of multiple clusters. However, multi-cluster 

membership is restricted by traditional clustering algorithms 

where disjoint clusters are made. 

2.4 Attribute Selection 
One of the major problems faced by clustering algorithm is to 

select appropriate and relevant attribute for making clusters. 

Since in high dimensional datasets the objects are very sparse 

it becomes very difficult to select important attributes along 

with no or less redundancy. Any optimization problem 

becomes more difficult and hard to tackle as the number of 

variables or attributes increases thus making traditional 

algorithm ineffective to produce correct results. 

3. HIGH DIMENSIONAL DATA 

CLUSTERING APPROACHES 
Due to high dimension of data space or feature space 

clustering approaches are required to be more refined and 

generalized as the computational cost of traditional clustering 

algorithms increases with increase in dimension of the data. 

High dimensional data clustering approaches can be classified 

into two types namely dimensionality reduction and subspace 

clustering. 

3.1 Dimensionality Reduction or Dimension 

Reduction  

It is the process of reducing the number of random variables 

under consideration, and is addressed through two popular 

approaches namely, feature selection and feature extraction . 

 Feature Selection (Variable Selection) – tries to 

construct a new feature space by transforming the 

original feature space into lower dimension. Feature 

selection filters out meaningful attributes from 

original data. Feature selection methods attempt to 

select a proper subset of features that best satisfies a 

relevant function or evaluation criterion. These are 

classified as Wrappers, Filters and Embedded [3]. 

 Feature extraction or feature transformation- 

transforms the data in the high-dimensional space to 

a space of fewer dimensions while generally 

preserving the novel relative distance between 

objects. The data transformation may be linear or 

non-linear. However these techniques do not 

actually remove any of the original attributes from 

analysis which may mask the real clusters, even 

after transformation. The popular algorithms used to 

transform the data are PCA (Principal component 

analysis) and SVD (Singular Value Decomposition). 

3.2 Subspace Clustering 
 Subspace clustering algorithms is a refinement of 

feature selection algorithm where the relevant 

subspaces for each cluster are selected 

independently from the given dataset. Subspace 

clustering can be under two perspectives i.e. top 

down or iterative subspace clustering algorithms 

and bottom up or grid based approaches [4] [5]. 

3.2.1. Subspace Clustering Approaches 
Some of the popular approaches for subspace clustering are- 

 Grid-based Subspace Clustering   

 Projection-based Subspace Clustering  

 Bipartitioning based Subspace Clustering 

 Pattern-based Subspace Clustering 

a. Grid-based Subspace Clustering: Existing subspace 

clustering algorithm often assumes a metric space, such as 

Euclidean space. Therefore, many clustering algorithms are 

grid-based. One of the pioneering subspace clustering is 

CLIQUE [6], which was followed by ENCLUS [7]. To 

approximate the density of the data points, CLIQUE partitions 

the data space using a uniform grid and counts the data points 
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that lie inside each cell of the grids. This is accomplished by 

partitioning each dimension into the same number of equal 

length intervals. 

b. Projection-based Subspace Clustering: The projection-

based algorithms generate clusters that are partitions of the 

dataset. These partitions best classify the set of points that are 

embedded in lower dimensional subspaces given some 

objective functions. Instead of projecting all the points into 

the same subspace, the algorithm allows each cluster to have a 

different subspace with variable dimensionality. 

c. Bipartitioning-based Subspace Clustering :  

Co-clustering is a branch of subspace clustering methods that 

usually generates partitions along both rows and columns 

simultaneously, which is the reminiscent of the k-means 

algorithms. 

One of the pioneering co-clustering algorithms based on 

information theory was proposed by Dhillon et.al. [8].  

d. Pattern-based Subspace Clustering: These algorithms 

finds pattern of interest in a subset based on some conditions 

[9]. One of the algorithm proposed, in this category aims at 

finding remarkable patterns by taking into consideration a 

subset of genes under a subset of conditions, by Cheng et al. 

[10] 

3.3. Projected Clustering 
In Projected clustering each point is assigned to a specific 

cluster, but clusters may exist in different subspaces. The 

general approach is to use a distinctive distance function 

along with a consistent clustering algorithm [11]. 

For example, the PreDeCon algorithm checks which attributes 

seem to support a clustering for each point, and adjust the 

distance function such that dimensions with low variance are 

amplified in the distance function [12].  

3.4. Hybrid Clustering Algorithms 
Algorithms that do not aim at uniquely assigning each data 

point to a cluster or at finding all clusters in all subspaces are 

called hybrid algorithms. Some hybrid algorithms offer the 

user an optional functionality of a pure projected clustering 

algorithm. Others aim at computing only the subspaces of 

potential interest rather than the final clusters. For e.g. DOC, 

MINECLUS Usually, hybrid methods that report clusters 

allow overlapping clusters, but do not aim at computing all 

clusters in all subspaces. 

Not all the algorithms above generate the complete set of 

patterns. Some take a greedy approach of finding one 

maximal pattern at a time [13]. These algorithms often carry a 

polynomial time complexity with regard to the number of 

objects and the number of attributes for searching one cluster. 

Such algorithms may not identify a globally optimal solution 

and they may miss many important subspace clusters as well. 

4. CONCLUSION 
Clustering real-world data sets often categorised as high 

dimensional data is often hindered by the “curse of 

dimensionality”. Clusters are embedded in subspaces since 

some features of the original space may be irrelevant. So most 

clustering algorithms fail to generate meaningful results for 

high dimensional data due to sparse nature of the data space. 

Research in data mining and related disciplines such as 

statistics, pattern recognition, machine learning, and also 

applied sciences like, for example, bioinformatics, has led to 

the emergence of a large variety of clustering techniques 

which can also address the specialized problem of clustering 

high-dimensional data. New approaches to this problem are 

proposed in numerous conferences and journals every year. 

However, it is a well-accepted opinion that there is no 

generalised clustering technique suitable to all problems and 

universally applicable to any random datasets. The aim of the 

task of data analysis affects the choice of the clustering 

algorithm and also the analysis of the results of the clustering 

process. 
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