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Abstract 
 

The k-means algorithm is a popular algorithm for clustering data, but it is not appropriate for clustering big data. In this paper the authors 

modify the existing k-means algorithm to develop a new algorithm called by (N,α)-means algorithm. The proposed (N,α)-means algo-

rithm is developed to cluster N number of big data into α number of clusters. In our approach by (N,α)-means algorithm the result is 

achieved in n number of sequential steps, in each step executing k-means algorithm twice.The method provides wide opportunity to 

many data points to stand as leaders and to justify their leadership with the progress of time. This new algorithm, if incorporated in the 

existing popular data mining tools (viz. Rapid Miner, Orange, Weka, Knime, Oracle Data Mining, etc.), is expected to play a better role 

in case of data mining of big data. 
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1. Introduction 

Clustering is a technique in Machine Learning which is an im-

portant action for grouping of data points. The data points which 

belong to a group [15], [31] should have similar properties and/or 

features, whereas the data points falling in different groups should 

have dissimilar properties and/or features [11], [15], [31].For a 

given multiset [3] of data points, we use to apply a clustering algo-

rithm to classify each data point into a specific group. Some of the 

important and popular clustering algorithms [11], [15] are: k-means 

algorithm, k-medians algorithm, DBSCAN cluster-

ing,Agglomerative Hierarchical Clustering, Mean-shift clustering, 

EM-Clustering (using GMM), etc.However, one of the most useful 

existing algorithms is k-means algorithm for clustering structured 

data. The k-means algorithm aims to partition N data into k number 

of clusters,in which each data belongs to the cluster with the near-

est mean, serving as a prototype of the cluster. This belongingness 

is unique, i.e. 

One data will surely belong to some cluster out of these k cluster-

sand will not belong to more than one cluster.  

A large number of applications of the k-means algorithm are 

reported by various authors in diverse areas for clustering data 

or information or text for various analysis. Consider few recent 

applications, their merits and demerits. In [26] an under sampled 

k-means approach for handling imbalanced data has been pro-

posed. However, in [20] the authors have proposed k-nearest 

neighbor distance based under sampling for improved opinion 

mining for positive or negative options only. The K-Means clus-

tering method using ArtificialNeural NetworkBackPropagation 

(ANN-BP)has been applied in [8] to predict the minimum wage 

to workers in their own business environment. An enhanced of 

K-Means algorithm is proposed in [28] to achieve better and 

meaningful result of ranking-based clustering that eventually 

accelerates the clustering process. The phishing becomes con-

siderably bigger issues in online networking, for example, Face-

book, twitter and Google+, etc.A novel approach for phishing 

emails real time classification using k-means algorithm is pro-

posed in [18]. In [9] the authors proposed an enhanced algorithm 

for the prediction of chronic, autoimmune disease called Sys-

temic Lupus Erythematosus(SLE). TheHybridK-

meansJ48DecisionTreealgorithm(HKMJDT)hasbeenproposedfor

theeffectiveandearly prediction of the SLE. The use of social big 

data analysis for social media is increasing rapidly. The authors 

in [14] proposed a method to apply text clustering for analysis 

by related topics of texts extracted using text mining of social 

big data. The Privacy pre-serving data mining (PPDM) has 

emerged as a main research area [24] for data confidentiality and 

knowledge sharing in between the communicating parties. An 

Information Network is the network formed by the interconnec-

tivity of the objects formed due to the interaction between them. 

In [16] the authors made a good survey of data mining tech-

niques on Information Network, and network size is considered 

by the number of nodes and/or edges.Forest based clustering for 

gene classification reported in [22] is also quite interesting.  

But none of the above techniques and methods can be applied 

for clustering big data. There are a number of challenges and 

issues in real life environment while dealing with big data [1-5], 

[7], [17], [21], [23],[32]. There are difficulties for applying clas-

sical clustering algorithms/techniques to big data due to its 4Vs 

or 5Vs challenge [4], in particular the security aspects [19], 

mainly because of the fact that the big data deals with terabytes 

and petabytes of data. There are few methods proposed by the 

researchers [10], [12], [13], [25], [33],[34] for clustering big 

data but there is still a lot to do to find better methods. We con-

sider here the classical and probably the most popular clustering 

algorithm which is k-means clustering algorithm. The k-means 

algorithm is not suitable for clustering Big Data even if be struc-

tured. One of the significant reasons is that the value of k could 

be too small compared to the massive size N of big data. For 

example, consider the following two problems:- 

Problem-1: 

A problem for classical data set 
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Fig. 1: K-Means Algorithm Is Applicable. 

 

Problem-2: 

A problem for Big Data 

 

 
Fig. 2: K-Means Algorithm Is Not Suitable. 

 

In such a case (as in Figure 2), k-means algorithm if directly be 

applied in big data in just one go for clustering, then clusters may 

have significant deviation from the basic properties of ‘likely 

similardata’, unlike the situation of Figure 1.  

1.1. The major demerits of k-means algorithm if applied 

to problem-2 

It is known to the researchers that the following are the demerits 

of the k-means algorithm if applied to cluster data, even if the 

number N be not large.But for the Problem-2,the demerits are 

much more significant and alarming because of the reason that k 

<< N. The major demerits in case of Problem-2 are: 

i) How to initially choose k number of leaders where k is too 

too small compared to the large value of N? 

ii) Ifthe initial k leaders or most of them be too close (being 

almost close neighbors), then the situation will be worse as 

k << N. 

iii) The number of tie cases of d(x,C) during execution of k-

means algorithm could be many in count.  

1.2. Problem statement 

Consequently, in this research work we pose the following im-

portant problem of big data: 

“How to have α number of clusters out of N (very large amount) 

structured data, where α << N?” 

The solution for this problem is proposed in the next section by 

developing a new algorithm called by “(N,α)-means Algorithm” 

which is a slightly modified version of the k-means algorithm.In 

the notation “(N,α)-means Algorithm”, N stands for the size of 

Big Data and αstands for the desired number of clusters.  

2. (N, α)-means algorithm 

In our theory, we regard the collection B of the N number of big 

data as a ‘multiset’ (or bag) because it is a collection of data points 

where repetition of data may sometimes exist;and we regard the 

object (B,d) as a multiset space [3] with respect to the metric d 

over the multiset B (see [3], [6], [27], [30]).Any cluster of the 

multiset space (B,d) is also a multiset space being a sub-multiset 

of the universe B. For details of multiset (and bag structure) and of 

multiset space theory of a population data, one could see [3]. 

We use the following notations, all-through in our work here:  

i) B = the collection of N big data (which forms a multiset i.e. 

bag) 

ii) CL(Cj)=the latest cluster in our steps constructed from the 

leader Cj. 

iii) CL(Cij)=the newly formed cluster by union of two existing 

clusters Ci and Cj.Here Cij denotes the mean of the data of 

the cluster CL(Cij). Once the cluster CL(Cij) is formed, the 

old clusters Ci and Cjare no more existing as clusters in this 

latest status. 

iv) Any cluster CL(Ci)is shown by drawing a circle. However, 

a figure of circle with centre at Ci with dash border means 

the cluster CL(Ci) is under construction. 

The proposed method of “(N,α)-means Algorithm” consists of 

several sequential steps. There are n = Floor(logαN)number of 

sequential steps as described below, where the notation ‘Floor’ 

denotes the mathematical Floor function.At each of the n steps in 

this method the classicalk-means algorithm will be applied twice, 

except in Step-1 where the classicalk-means algorithm will be 

applied once only.The value of k will be different for different 

steps, reducing at each step, and at the last step (i.e. at the nth step) 

the value of k is α producing finally α number of clusters of the 

big data multiset B.  

Step-1: 

Consider the N number of big data which is here the multiset B. 

We now apply k-means algorithm withk = αn = N1to cluster the 

N number of data multiset B starting with the randomly choosen 

N1 number of leaders, say, C1
1 , C2

1,  C3
1, … CN1

1 .  

Suppose that on completion of the execution of the k-means algo-

rithm the result clusters are : CL( 1

1
C ), CL( 1

2
C ), CL( 1

3
C ), …… , 

CL(
1

1

N
C )and the new centers at the result are: 

newC1
1, newC2

1,  newC3
1, … . … , newCN1

1 .If there is no confusion, 

let us rename them again by the same nota-

tionsC1
1, C2

1 ,  C3
1, … … , CN1

1  respectively, the new set of N1 leaders 

after this second time execution of k-means algorithm in this step. 

Thus at the end of step-1, the N number of big data B are clustered 

into N1 number of clusters as shown in Figure 3. 

 

 

 
Fig. 3: Clustering of B IntoN1Number of Clusters In Step-1. 

 

Step-2: 

In each step from Step-2 onward the k-means algorithm will be 

applied twice to two different data sets.In this step, first we apply 

k-means algorithm with k = αn−1 = N2 to cluster the N1  centers 

C1
1, C2

1 ,  C3
1, … CN1

1 as the data points.Suppose that on completion of 

the execution of the k-means algorithm the new centers at the 

result are:C1
2, C2

2,  C3
2, … CN2

2 . 

Next we apply k-means algorithm to cluster B into N2 number of 

clusters starting with the new leaders :C1
2, C2

2,  C3
2, … CN2

2 .Suppose 

that on completion of the execution of the k-means algorithm the 

result clusters are : CL( 2

1
C ), CL( 2

2
C ), CL( 2

3
C ), …… , CL(

2

2

N
C

)and the new centers at the result 

are:newC1
2, newC2

2, newC3
2, . . … , newCN2

2 .If there is no confusion, 

let us rename them again by the same notationsC1
2, C2

2,  C3
2, … CN2

2  

respectively, the new set of N2 leaders after this second time exe-

cution of k-means algorithm in this step. 

Thus at the end of step-2, the N number of big data B are clustered 

into N2 number of clusters as shown in Figure 4. 

 

Clustering 

N = 50 Peta data 

With k = 10 

Clustering 

N = 1000 data 

With k = 10 
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Fig. 4: Clustering of B IntoN2Number of Clusters in Step-2. 

Step-3: 

In this step, first we apply k-means algorithm with𝑘 = 𝛼𝑛−2 =
𝑁3 to cluster the 𝑁2  centers 𝐶1

2, 𝐶2
2, 𝐶3

2, … 𝐶𝑁2

2  as the data points. 

Suppose that on completion of the execution of the k-means algo-

rithm the new centers at the result are:𝐶1
3, 𝐶2

3, 𝐶3
3, … … , 𝐶𝑁3

3 . 

Next we apply k-means algorithm to cluster B into N3 number of 

clusters starting with the new leaders 

:𝐶1
3, 𝐶2

3, 𝐶3
3, … … . , 𝐶𝑁3

3 .Suppose that on completion of the execu-

tion of the k-means algorithm the result clusters are : CL( 3

1
C ), 

CL( 3

2
C ), CL( 3

3
C ), …… , CL(

3

3

N
C ),and the new centers at the re-

sult are:new𝐶1
3, 𝑛𝑒𝑤𝐶2

3, 𝑛𝑒𝑤𝐶3
3, … … , 𝑛𝑒𝑤𝐶𝑁3

3 .If there is no confu-

sion, let us rename them again by the same nota-

tions𝐶1
3, 𝐶2

3, 𝐶3
3, … … . , 𝐶𝑁3

3 respectively, the new set of N3 leaders 

after this second time execution of k-means algorithm in this step. 

 

 
Fig. 5: Clustering of B IntoN3Number of Clusters. 

 

Thus at the end of step-3, the N number of big data B are clustered 

into 𝑁3  number of clusters as shown in Figure 5.And so on,till 

Step-n (n number of steps will be continued). 

Step-(n-1): 

This is the last but one step.In this step, first we apply k-means 

algorithm with 𝑘 = 𝛼2 = 𝑁𝑛−1 to cluster the Nn-2centers 

𝐶1
𝑛−2, 𝐶2

𝑛−2, 𝐶3
𝑛−2, … 𝐶𝑁𝑛−2

𝑛−2 as the data points. Suppose that on 

completion of the execution of the k-means algorithm the new 

centers at the result are:𝐶1
𝑛−1, 𝐶2

𝑛−1, 𝐶3
𝑛−1, … 𝐶𝑁𝑛−1

𝑛−1 .  

Next we apply k-means algorithm to cluster B into Nn-1 number of 

clusters starting with the new lead-

erss:𝐶1
𝑛−1, 𝐶2

𝑛−1, 𝐶3
𝑛−1, … 𝐶𝑁𝑛−1

𝑛−1 .Suppose that on completion of the 

execution of the k-means algorithm the result clusters are : CL(
1

1

nC  ), CL( 1

2

nC  ), CL( 1

3

nC  ), …… , CL(
1

1

n

n

N
C



 ),and the new centers 

at the result are:𝑛𝑒𝑤𝐶1
𝑛−1, 𝑛𝑒𝑤𝐶2

𝑛−1, 𝑛𝑒𝑤𝐶3
𝑛−1, … … , 𝑛𝑒𝑤𝐶𝑁𝑛−1

𝑛−1 .If 

there is no confusion, let us rename them again by the same nota-

tions 𝐶1
𝑛−1, 𝐶2

𝑛−1, 𝐶3
𝑛−1, … … , 𝐶𝑁𝑛−1

𝑛−1  respectively, the new set of 

Nn-1 leaders after this second time execution of k-means algorithm 

in this step. 

At the end of Step-(n-1), the N numbers of big data B are clustered 

into𝑁𝑛−1 number of clusters (see Figure 6).  

 

 
Fig. 6: Clustering of B IntoNn-1 Number of Clusters. 

 

Step-n: 

This is the last step.In this step, first we apply k-means algorithm 

with 𝑘 = 𝛼 = 𝑁𝑛 to cluster the Nn-

1centers 𝐶1
𝑛−1, 𝐶2

𝑛−1, 𝐶3
𝑛−1, … … , 𝐶𝑁𝑛−1

𝑛−1 as the data points.Suppose 

that on completion of the execution of the k-means algorithm the 

new centers at the result are:𝐶1
𝑛, 𝐶2

𝑛, 𝐶3
𝑛 , … 𝐶𝑁𝑛

𝑛 .  

Next we apply k-means algorithm to cluster B into Nn number of 

clusters starting with the new lead-

ers:𝐶1
𝑛 , 𝐶2

𝑛, 𝐶3
𝑛, … … . , 𝐶𝑁𝑛

𝑛 .Suppose that on completion of the exe-

cution of the k-means algorithm the result clusters are : CL(
2

nC ), 

CL(
3

nC ), …… , CL( n

k
C ),and the new centers at the result 

are:newC1
n, newC2

n,  newC3
n, …  newCNn

n .If there is no confusion, 

let us rename them again by the same notations 

C1
n, C2

n,  C3
n, … . … , CNn

n  respectively, the new set of Nn leaders after 

this second time execution of k-means algorithm in this step. 

At the end of Step-n, the N numbers of big data B are clustered 

into α number of clusters (see Figure 7). 

 

 
Fig. 7: Clustering of B Into Α (= K) Number of Clusters. 

 

It may be noted that in Step-n here, apparently it seems that we 

apply k-means algorithm directly to cluster B. but a careful obser-

vation will reveal that it is not so in reality. A lot of demerits are 

reduced in prior steps before arriving at Step-n in our proposed 

(N,α)-means Algorithm.  

Summary Diagram of“(N,α)-means Algorithm” for big data: 

The complete process (all the steps) is shown in Figure 8 below.  

 

 
Fig. 8: All the N Steps of (N, Α)-Means Algorithm for Clustering Big 
Data B. 

 

The algorithm is presented below, for which the inputs are B, N 

and αas introduced above, and the output is the collection CL of α 

number of clusters of B.  

(N-k)-Algorithm (B, N, α, CL)  

1) n=Floor(logαN) 

2) N1=αn 

3) C=any sub-multiset of Bof cardinality N1(to be treated as 

initial leaders)  
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4) Apply k-means algorithm to cluster the leader-set C into k 

number of clusters  

5) CL=collection of all the k clusters 

6) C=collection of revised leaders 

7) Fori=2 to n,Dofrom Step-8 to Step-13 

8) Ni=α(n+1)-i
 

9) k=Ni 

10) Apply k-means algorithm to cluster the leader-set set C into 

k number of clusters 

11) C=collection of revised leaders of Step-10 

12) Apply k-means algorithm to cluster Binto k number of clus-

ters starting with the leaders of C  

13) C=collection of revised leaders of Step-12 

14) CL=Collection of all the k clusters of B 

15) Stop 

3. Inappropriateness of k-means algorithm for 

clustering big data: a justification  

In subsection 1.1 earlier, it is mentioned about the demerits of k-

means algorithm. Although these are well known demerits, but for 

our problem (subsection 1.2) here the consequences of these de-

merits are much more significant. In this section we consider one 

issue only out of many issues. For this we present a simple justifi-

cation to show that the k-means Algorithm is not always appropri-

ate for big data, but the philosophy of our proposed (N,α) algo-

rithm can well address the situation in many cases.It is known that 

k-means algorithm [11]updates the placement of a data point x 

during its execution, placing x from one cluster to another newly 

formed cluster according to its revised closeness. In this section 

our issue is not only about updation of the placement ofx, but 

about more appropriateness too. 

For the sake of presentation here, we consider a very simple prob-

lem:“to partition N big data into two clusters (here 2 << N)”. 

It is obvious that the possibility of tie cases of the value d(x,C) to 

occur in big data is more. For clarification we present here two 

cases, Case-1 and Case-2 independently.In Case-1 we apply k-

means algorithm directly and form two clusters. In Case-2 we 

apply the philosophy of our proposed (N,α)-means algorithm to 

justify that clustering of big data can be done in a better way. 

However, in this simple problem we will show the merit of our 

philosophy by applying two steps only in Case-2 here;i.e.in step-1 

of Case-2 we initially make three clusters and then in step-2 of it 

we finally make two clusters, which is our desired goal here.  

One major advantage in (N,α) algorithm is that a large number of 

data points are initially given opportunity to become leaders, and 

because of variable but reducing nature of the parameter k (whose 

value become equal to α at the last step only) the leaders loose 

their appropriateness to lead. In this sense this method can be re-

garded to be more democratic.  

Case-1:Clustering of big data by direct application of k-means 

algorithm. 

In this case, k-means algorithm is applied directly so that in one 

go, all the N data are clustered into two clusters CL(C1) and 

CL(C2).But there is a possibility that during the execution of the 

k-means algorithm tie-up cases have occurred corresponding to 

few data points. For example (see Figure 9), for the data x a tie-up 

case has occurred during the construction of the clusters CL(C1) 

and CL(C2), because of the reason that  

 

d (x, C1) = 7 = d (x, C2) 

 

 
Fig. 9: A Tie Case Where CL (C1) and CL (C2) are Under Construction. 

 

Hence x is put in any one (not in both) of the clusters CL(C1) and 

CL(C2).With no loss of generality, let us consider that x is in 

CL(C1).Consequently, the final result of k-means algorithm ap-

plied directly on N big data yields in two clusters CL(C1) and 

CL(C2)as shown in Figure 10 below.  

 

 
Fig. 10: The K-Means Algorithm Yields the Above Two Clusters CL(C1) 
and CL(C2) If Applied to N Big Data Directly. 

 

Case-2:Clustering of big data using the philosophy of (N,α)-means 

algorithm. 

We consider the same problem as above, a very simple problem, 

whichis“to partition N big data into two clusters (here 2 << 

N)”.The case-2 consists of two steps as stated below.  

Step-1: 

 

In this step, we apply the k-means algorithm to cluster N big data 

initially into three (3) clusters CL (C1),CL(C2) andCL(C3).The 

Figure 11 shows the three clusters under-construction, and sup-

pose that at this very moment the belongingness of the data point 

x is under consideration.  

 

 
Fig. 11: Three Clusters CL (C1), CL (C2) and CL (C3) are Under-

Construction. 

 

See Figure 11 above.During execution, x being closest to C3, the 

element x thus going to belong to CL(C3) in step-1. At the end in 

step-1 the three clusters are formed which are CL(C1), CL(C2) and 

CL(C3)as shown below in Figure 12.  
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Fig. 12: Result of Step-1 Yielding Three Clusters CL (C1), CL (C2) and 
CL (C3). 

 

However, consider now an alternative (see Figure 13) for another 

situation.During execution, x being closest to C1 and C2 both, the 

element x thus may belong to CL(C1) or CL(C2) but not in both in 

step-1. With no loss of generality, let us put x in CL(C1). 

 

 
Fig. 13: Initially Three Clusters CL (C1), CL (C2) and CL (C3) are Under-
Construction. 

 

At the end in step-1 for this situation too, the three clusters are 

formed which are CL(C1), CL(C2) and CL(C3)as shown below in 

Figure 14 below. Obviously, the three clusters CL(C1), CL(C2) 

and CL(C3) of Figure 12andof Figure 14need not be same. 

 

 
Fig. 14: Result of Step-1 Yielding Three Clusters CL (C1), CL (C2) and 
CL (C3), (Different from Figure 12). 

 

Step-2: 

We begin our action in Step-2 from Figure 12 (or from Figure 

14).This step consists of sub-steps, where too we deviate from the 

existing k-means algorithm. 

Substep-2.1: 

We begin with three data which are the three centers C1, C2 and 

C3; and then apply k-means algorithm to yield two clusters of 

them. Automatically the data points C2 and C3 jointly form a clus-

ter whereas the other cluster is the data point C1 only. 

Substep-2.2: 

Next we initialize with two new centres C1 and C23, where C23 is 

the calculated mean of the data points of the multiset {CL(C2)

CL(C3)}. 

Substep-2.3: 

While considering the revised belongingness of the element x, it is 

now observed that (see Figure 15) the data point x is not going to 

belong to the new cluster CL(C1). This shows very precisely and 

without any tie-up case that the element x has been the non-

resident of the cluster CL(C1)unlike in Case-1 above. and it is thus 

obvious that the (N,α)-means method can provide more appropri-

ate placement of the data element xcompared to the Case-1.  

 

 
Fig. 15: The Data Point X Does Not Happen to Belong to the Cluster CL 

(C1); The Two Clusters Under-Construction are CL (C1) and CL (C23). 

 

Thus, the Case-2 is more appropriate for clustering N number of 

big data, instead of applying the k-means algorithm directly (as 

done in Case-1 above).Final result is shown in Figure 16 where 

the data point x is not in the cluster CL(C1).  

 

 
Fig. 16: Final Result of (N, Α) Algorithm Yielding Two Clusters of N Big 

Data. 

 

It is obvious that in this case the final result of Case-2 is not same 

as the final result of Case-1, although in both the cases we have 

clustered N big data into two clusters.  

4. Conclusion 

The existing k-means algorithm, which is an excellent algorithm 

to cluster data, is not always suitable to cluster big data if k is too 

small compared to the size N of big data B.The demerits are stated 

in subsection 1.1.One justification is given by a simple example 

by discussing one of the many issues. Consequently, a slightly 

modified version of it is developed by developing a new algorithm 

called by ‘(N,α)-means Algorithm’ which can play a better role to 

cluster big data. Even for classical data sets (if not big data), 

wherever k-means algorithm is applicable the‘(N,α)-means Algo-

rithm’ is also applicable and more appropriately, but the converse 

is not true. All the merits of k-means algorithm are in-built in 

‘(N,α)-means Algorithm’ and the demerits are reduced by its way 

of construction. A sufficient number (>α) of data points are initial-

ly provided scopes to become leaders, and in this sense the ‘(N,α)-

means Algorithm’is much more democratic. There are a number 

of popular data mining tools viz. Rapid Miner, Orange, Weka, 

Knime, Oracle Data Mining, etc. existing in the market which are 

being fluently used by the researchers, scientists, analysts around 

the world. It is claimed that an improved version of these can be 

well developed by incorporating the ‘(N,α)-means Algorithm’ to 

support big data deals. However in our future research work we 

will go for implementation of this algorithm and for its complexity 

analysis using Hadoop, Cassandra and Quantcast File Systems [1], 

but under the ADS distributive system [4] using the exclusive data 

structures [5] for big data. Optimizing the performance of Hadoop 

clusters through efficient cluster management techniques has been 

proposed in [29]. We will extend the notion Hadoop clustering 

using our proposed ‘(N,α)-means Algorithm’in our next work.  
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