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Abstract
Main problem with high dimensional datasets is that not all the 
measured entities are “significant” for gaining knowledge about the 
data during data mining process. High dimensional datasets have 
many mathematical challenges but there are many opportunities 
for the same. While many computationally expensive methods 
can construct predictive models with high accuracy for such as 
data but it is still of interest for many applications to reduce the 
dimension of the original data prior to modeling of the data. This 
work is about Dimensionality Reduction, which in turn is about 
converting data of very high dimensionality into data of much 
lower dimensionality such that each of the lower dimensions 
conveys much more information. 
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I. Introduction
Clustering is the classification of similar objects into different 
groups, or more precisely, the partitioning of a data set into subsets 
(clusters), so that the data in each subset share some common 
trait. Data mining techniques can be implemented rapidly on 
existing software and hardware platforms to enhance the value 
of existing information resources, and can be integrated with 
new products and systems as they are brought on-line. .  It is a 
distinctive approach or attitude to data analysis. The emphasis is 
not so much on extracting facts, but on generating hypotheses.  
The aim is more to yield questions rather than answers.  

II. Clustering Data
Clustering techniques are used for combining observed objects 
into clusters (groups), which satisfy two main criteria:

Each group or cluster is homogeneous; objects that belong 1. 
to the same group are similar to each other. 
Each group or cluster should be different from other clusters, 2. 
that is, objects that belong to one cluster should be different 
from the objects of other clusters. 

Fig. 1: Clustering of Data

In this case we easily identify the 2 clusters into which the data 
can be divided, rest is identified as noise i.e. outliers, missing, 
unknown, or erroneous data. The similarity criterion is distance: 
two or more objects belong to the same cluster if they are “close” 
according to a given distance (in this case geometrical distance). 
This is called distance-based clustering. Another kind of clustering 
is conceptual clustering: two or more objects belong to the same 
cluster if one defines a concept common to all that objects.

III. Cluster Analysis
Cluster analysis is a collection of statistical methods, which 
identifies groups of samples that behave similarly or show similar 
characteristics. In common parlance it is also called look-a-like 
groups. Cluster analysis is an important human activity. Early 
in childhood, one learns how to distinguish between cats and 
dogs, or between animals and plants, bye continuously improving 
subconscious clustering schemes. The data stream model has 
recently attracted attention for its applicability to numerous types 
of data, including telephone records, Web documents, and click 
streams.
Cluster analysis can be used to discover structures in data without 
providing an explanation/interpretation. In other words, cluster 
analysis simply discovers structures in data without explaining 
why they exist. 
We deal with clustering in almost every aspect of daily life. For 
example, a group of diners sharing the same table in a restaurant 
may be regarded as a cluster of people.

IV. Present Work
The extraction of hidden descriptive or predictive information from 
large high dimensional databases, is a powerful new technology 
with great potential to help companies and data analysts focus 
on the most important information in their data repositories. 
Class identification, the grouping of the objects of a database 
into meaningful subclasses such that similarity of objects in the 
same group is maximized and similarity of objects in different 
groups is minimized, is called clustering. By representing data 
by minimum clusters necessarily loses certain fine details but 
achieves simplification. Hence the objects are clustered or grouped 
based on the principle of “maximizing the intra class similarity and 
minimizing the interclass similarity”. Various clustering algorithm 
are available today including partition based, model based, non-
parametric density estimation methods, graph theoretical, and 
hybrid approaches. Every clustering algorithm works on underlying 
some concept about data organization and cluster characteristics 
to find interesting patterns or clusters in the given dataset. 
In enterprises as data keeps on increasing everyday it required 
to change the clusters over the time as the new data arrives. Due 
to the huge size of new dataset, it is not feasible to store all of 
the data. After surveying the literature we have found that the 
partition-based algorithms are more suitable for clustering large 
datasets as they can be easily implemented and are most efficient.  
So if we partition the data within the fixed number of clusters then 
it can’t work life long as data keeps on increasing. So we need a 
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dynamic method which can be used effectively. In future we will 
be propose an algorithm for clustering data in high dimensional 
vector space for representing enterprise documents.

V. Dimensionality Reduction Algorithm
Dimensionality reduction can also be seen as the process 
of deriving a set of degrees of freedom which can be used to 
reproduce most of the unpredictability. Dimensionality Reduction 
is about converting data of very high dimensionality into data of 
much lower dimensionality such that each of the lower dimensions 
conveys much more information. Reducing Data is a significant 
problem across a wide variety of information processing fields 
including pattern recognition, data compression, machine learning, 
and database navigation. In many problems, the measured data 
vectors are high dimensional but we may have reason to believe 
that the data lie near a lower-dimensional manifold. In other words, 
we may believe that high-dimensional data are multiple, indirect 
measurements of an underlying source. which typically cannot 
be directly measured.
Input: //Set of n Documents to cluster
 D= { d1, d2, d3,……..dn}
Output: //C is set of subsets of D as final clusters 
 C= {k1, k2, k3….kk}
 V = {v1, v2,…….,vc} be the set of centers.
Algorithm:

Select ‘c’ cluster centers randomly.1. 
Find out the distance between each data point and cluster 2. 
centers.
Assign the data point to the cluster center whose distance from 3. 
the cluster center is minimum of all the cluster centers.
Recompute the new cluster center using:  4. 

 
where, ‘c5. i’ is the number of data points in ith cluster.
Recalculate the distance between each data point and new 6. 
obtained cluster centers.
If no data point was reallocated then stop, otherwise repeat 7. 
from step 3.
Initialize dim array = size(data)8. 
For each row successfully clustered using K-means, 9. 
Find Cluster c to which the row r belong 10. 
Dim[i] =c;11. 

 //the c cluster center can now represent all the data   
 points
 // A, B, C .. with single value c

Return Dim12. 

Fig. 2: Dimentionality Reduction Flowchart
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The fig. 2 shows the flow chart of proposed k-Means clustering 
algorithm. This method clusters n data objects in to k number 
of clusters. It asks from the user to enter data set and number of 
clusters to be formed. 
Initially, Assign first k objects as k individual clusters. As each 
cluster has single data object so centroid of cluster is data object 
itself. In next step find the distance of each data object to each 
centroid and then cluster the data objects according to minimum 
distance. Now, clusters are updated with addition/deletion of 
data objects due to which centroid of each cluster is recalculated. 
Repeat last two steps until objects changes their clusters.
After clustering of data the centroid information can be used by 
algorithm to reduce the dimensionality as; M x N data can be 
represented by M x 1 matrix. M x N x P data can be represented 
by M x P matrix a more general example, would be: 
Suppose we have a list of 100 movies and 1000 people and for 
each person, we know whether they like or dislike each of the 
100 movies. So for each instance (which in this case means each 
person) we have a binary vector of length 100 [position i is 0 if 
that person dislikes the i’th movie, 1 otherwise

0 1 0 0 0 1 0 0 0 1 0 0 0 0 0 0 … 0 0 0

But we can perform machine learning task on these vectors 
directly. instead we could decide upon 5 genres (clusters in our 
case) of movies and using the data we already have, figure out 
whether the person likes or dislikes the entire genre and, in this 
way reduce whole data from a vector of size 100 into a vector of 
size 5 [position i is 1 if the person likes genre I] i.e., the cluster 
id will represent the 

Table 1: Classification of 150 Records of Different Dataset With 
Actual Classes

 Student Fisher’s iris Glass identification

Time 15 15 36

Classes 2 4 7

Fig. 3: Time vs Classes of Different Dataset With Actual 
Classes

Fig. 4: Reduction of Dataset in 18 ms

VI. Conclusion
High dimensional datasets have many mathematical challenges 
but there are many opportunities for the same. High dimensional 
datasets are bound to give rise to new theoretical developments. 
Main problem with high dimensional datasets is that not all the 
measured entities are “significant” for gaining knowledge about 
the data during data mining process. While many computationally 
expensive methods can construct predictive models with high 
accuracy for such as data but it is still of interest for many 
applications to reduce the dimension of the original data prior to 
modeling of the data.
This research work was about reducing N-Dimensional datasets, 
this work adopted the infamous K-means the algorithm for 
the Dimensionality reduction of datasets. The algorithm can 
successfully reduce any numeric high dimensional dataset thus 
reducing the complexity of underlying data. The Algorithm can be 
repeatedly applied to multi dimensional dataset to further reduce 
its dimensions. 

VII. Future Scope
In future we would like to investigate many other dimensionality 
reduction methods such as Multifactor dimensionality reduction 
(MDR), MDR is a data mining approach for detecting and 
characterizing combinations of attributes or independent variables 
that interact to influence a dependent or class variable. We would 
also like to adopt the algorithm for MDR and Feature subset 
selection. Many other algorithms can also be studied such K-PCA, 
MD-Scaling, Stochastic Neighbor Embedding and Large-Margin 
Nearest Neighbor.
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