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Abstract: The need to redesign and convert the traditional clustering technique has paved a
way to analyze and refine a new clustering algorithm that address the challenges like
efficiency and scalability when dealing with Big Data. Clustering deanonmizes block chain
data. It links various blocks that belongs to the same entity. It ensures secure transaction and
reduces the cost. Also, it speeds up data processing. This paper aims in refining the
clustering technique for block chain data that can process huge volumes of data using the
Power Method. In addition, the block chain system helps to secure and interpret the

information.
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1. INTRODUCTION (Heading 1)

Clustering is an unsupervised Learning
Algorithm that splits data into several subsets. It
makes a group of abstract objects into classes of
similar object. cluster analysis works as a means to
achieve understanding into the distribution of data to
detect characteristics of each cluster. There exist many
clustering algorithms [4,7] that can handle outliers
easily and can handle high dimensional datasets, but
most of them are not suitable for larger datasets [5,11].
Though clustering is an efficient tool to analyze big
data there come an issue on applying clustering
techniques to Big Data [1,6,8,9,16,17]. They have high
computational cost and consumes much time. Hence,
existing algorithms has to be refined to handle Big
Data.

Block chain is a distributed database that shares and
processes data over a network in a secure manner.
There is no any central authority over the network. The
main disadvantage of using block chain is massive
energy consumption. Each block chain contains a
timestamp, a hash value and a link to the previous
block. The ledger records the transactions and
manages the assets. A block chain network is the

infrastructure through which the applications can
access the ledger and the smart contracts. Block chain
network [21,22] are classified into four types as shown

in Table 1.

Table 1. Types of Block Chain Network
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Block chain helps to secure the information and also
interpret them correctly. It uses the consensus
algorithm that verifies all transactions hence assuring
correctness and integrity. Block chain [23] can be used
in various applications like communication,
healthcare, finance, banking etc.

In this paper we have designed and clustering
algorithm that uses the power method [2,18] and it is
refined in such a way that it can handle huge dataset
with low computational cost. The algorithm designed
is efficient and implemented using the block chain
SHA 256 algorithm [19] since it adds to secure and
privacy of the information.

2. POWER METHOD

Power method is a simple iterative method to find
the dominant eigen value and eigen vector for a matrix
A where A is the largest of eigen value and v° is the
largest of eigen vector. The power method is found
using [2]

vt+1 - CWUt

where vt is the vector at iteration t.
W is the Square matrix
¢ is the normalizing constant to keep v* from
getting too large or too small.

Since the power method for approximating the eigen
value is iterative the initial approximation x, of the
dominant eigen vector is chosen.

2.1 DRAWBACKS OF THE POWER METHOD

e If the initial column vector x©@ is an
eigenvector of A other than corresponding to
A;the dominant eigen value, then it fails or
converges to a wrong value [2].

e The convergence of the power method
depends on the magnitude of the dominant
eigenvalue %;and the magnitude of next
largest eigenvalue. If the ratio is small then
convergence become slow or can even fail if
1A ] = |7i—1|

e |t gives only one pseudo eigenvalue and its
difficult when it happens to be more than one
dimension.

e |t is complicated in the case of many eigen
values.

e The power method needs an initial guess.

3. POWER ITERATION CLUSTERING (PIC)

Spectral Clustering is a method based on eigen
value decomposition of a matrix [12]. It solves
problems of different cluster shapes. Compared to
many other clustering algorithms, spectral clustering
has better performance. The most important
disadvantage of this technique is its time and space
complexity. The time complexity of spectral clustering
is O(n3) because of eigen value decomposition of a
NxN matrix. Power Iteration Clustering is a family of
spectral clustering, designed by Lin ad Cohen [13] to
address the drawbacks of spectral clustering. PIC uses
the power method to compute the largest eigen vector.
Power lIteration is an iterative method that starts with
an arbitrary vector and continuously performs its
update. Given, a set of data points x 1,x 2....... X 1
where x is a d dimensional vector, the similarity
function [13] is given by

S(xl-,x,-) = exp

where o is the parameter that controls the width.
The affinity matrix is built using a_ij =S(x_i,x_j ).
The diagonal matrix is given by D_ii=).
Laplacian matrix L is defined as L=A-D”*(-1) A, here
A is the identity matrix. The normalized affinity matrix
is given by W=D"(-1) A. Instead of finding n eigen
vectors PIC finds only one pseudo eigen vector that is
a combination of eigen vectors.

A pseudo eigen vector is actually not the eigen
vector but it is created linearly from it. The method of
computing the eigen vectors of a matrix is as follows.
First, the iterative vector is set equal to the random
initial vector v0. This iteration vector is multiplied by
matrix W. Then it is normalized to prevent the vector
from becoming too small or too large. The power
method is given as [2]

vt = yWpt1

where W is a square matrix, v/t is the vector at iteration
t, and y is the normalizing constant to prevent the
vectors from becoming too small or too large. The
vector is made to converge if the difference between
the iterations has no change. At this point the local
convergence is achieved but there is no global
convergence or it may be slow. The procedure for PIC
[13] is shown in Algorithm 1
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Algorithm 1 Power Iteration Clustering

Stepl. Input the dataset and similarity function

Step 2. Construct the similarity matrix A € R™"

Step 3. Normalize the matrix W=D"14

Step 4. Generate the initial vector using its norm
function

Step 5. Find its new vector and velocity by setting

vt = Wt and 511 « |pttl — pi|

Step 6. Repeat the process until the convergence
criteria are met.

Step 7. The convergence is decided when the
difference between the two iterations is
reduced.

Step 8. Obtain the vectors and cluster the resulting
vectors using K- means algorithm

Step 9. Output the clustered results.

The computational complexity of PIC is O(n2)
since, it requires matrix vector multiplication. PIC does
not distribute the original data distribution and hence
there is no loss in information. It is computationally fast
and effective. It can be used for solving larger datasets.
But, it becomes infeasible for matrices where its
dimension is very large. Hence, new algorithms like
IPIC and HPIC are proposed and are implemented on a
distributed framework like Hadoop.

4. INFLATED POWER ITERATION
CLUSTERING ALGORITHM (IPIC)

Spectral Clustering [12] consumes more time as it
computes many eigen values and vectors. PIC uses the
power method to find the largest eigen vector. But, it
suffers from achieving global minima. i.e. it has slow
global convergence hence Lagrangian constraints are
introduced. This constraint induces an inflation [3] to
obtain an optimal solution. Lagrangian multiplier is
used to regulate the inflation where the lowest eigen
vector grows exponentially fast relative to their
neighbors. The Lagrangian approach is given by [3,14]

L =in2 —le'Ai’ij +A<le2 - 1)
i ij i
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where, A is the Lagrangian multiplier that enforces
normalization. The corresponding Euler equation is

5C.'i=—Zin’jxj+A(t)xi, i=1.,2,.....,n.
Integrating with time ot gives,

x;(t + 6t) = x;(t) + p;(t + 6t)6t  where,

pi(t +6t) = p;(t) — Z[Ai,j - A(t)fsij] x;(t)6t
J

Assume A (t) be a constant for small time step we have,
§i(t) = a; cos(w;t + 6y),

If &> A, where & is a real phase shift & w; =V A - e;
for low eigen value ej< A, they coordinate as

§(6) = (ajew; +biew;")

The eigen modes with eigen values ei < A(t) gets
inflated exponentially at a time t. A(t) standardizes
inflation by handling the inflated and the non-inflated
states. The need for eigen pair and accuracy can be
adjusted based on the convergence constraints.
Algorithm shows the steps involved in Inflated PIC.
Based on the convergence factor, in this paper the
computational time and accuracy is improved. The
Algorithm 2 given below describes the steps for
Inflated PIC [14].
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Algorithm 2. Inflated Power Iteration Clustering

Input: Converted Normalized similarity matrix W

Step 1. Generate the initial vector v° using its row
sum.
Step 2. Find the new vector v* from wt using the
power method vt = yWvt™1 where

1

Y ]

Step 3. Inflate the vector and perform update
through iteration and normalize it from
getting too large for the time &t using

vt = /e, —egt
Step 4. Calculate the new acceleration using
Ot~ _fﬁ_:;gg_
€max — €o
Step 5. Check the acceleration |6¢ — 8§71 | and
increment the value of t.
Step 6. On incrementing the value of t repeat steps
2 to 5 on incrementing the value of t and
calculate the rate of convergence of the
inflated algorithm using the constraint

Umax — V

0
| =
—1=0)

(I8t =67 = 0&&

Step 7. Cluster the points vt on a k-dimensional
subspace using K- Means algorithm.

Output: Clusters cl, c2....ck.

4.1 ADVANTAGES OF IPIC

. IPIC uses the Lagrangian constraint that
makes the algorithm converge a faster rate.

. IPIC is computationally better than other
spectral algorithms.

. IPIC uses both the objective function and the
Lagrangian  constraints to  find its
convergence.

»  The number of iteration in IPIC is lesser than
DPIC and PIC.

. IPIC is highly scalable and suitable for
handling larger datasets.

. IPIC is fast and easy for implementation.

»  Though IPIC do not increases the accuracy it
maintains the accuracy for most of the
datasets.

4.2 IMPLEMENTATION OF IPIC

To evaluate the performance of IPIC the execution
time is compared with the existing traditional
algorithms. Experiments were carried out using an
Intel core i3 processor, with 2.5 GHZ of processor
speed, 4 GB RAM and 320 GB HDD. We compare the
execution time of proposed IPIC with K- means
[10,15] and PIC. The dataset includes IRIS, WINE,
BREAST, HOUSE, BIRCH, and MNIST taken from
the UCI machine learning repository database. The
execution time is measured in milliseconds. Fig. 1
shows the graph comparing the execution time of
various datasets. The datasets are given along the X-
axis and the execution time measured in milliseconds
(ms) are given along the Y- axis.
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Fig 1. Execution time for IPIC
5. DATA CLUSTERING USING SHA 256

The refined algorithm is to be implemented using
the SHA 256 algorithm. It is a popular hash algorithm.
The hash or the digest is a unique string of characters
that generates the hash value. The output of the hash
will always be unique.

Hash G ted

Input [ ®| Function [— eﬂerie
(SHA 256) as

Value

Fig 2. Hash Function

Hash function -The input can be either numbers,
videos, string etc. the variable length is first
transformed to a fixed length depending on the hash
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function [20] that is being used. The procedure is
shown in Fig 2. The use of hash functions ensures
integrity and security. They can be used in digital
signature the authentication the block chain
transaction. Apart from it, hash function can be used
as Merklee Tree to ensure integrity, chain to avoid
modification.

6. BLOCK CHAIN AND BIG DATA CLUSTERING
IN HEALTH CARE

Block chain can be used in healthcare with respect
to drug traceability, clinical trials, supply chain
management,  medication  monitoring,  fraud
prevention and data management. The proposed Big
Data clustering algorithm [14] the IPIC was tested
with a health record dataset that is collected from the
Primary Health Centre nearby. IPIC algorithm is
highly efficient when compared to the existing
clustering algorithm. It has high execution speed and
maintains its accuracy. The algorithm is to be
implement using the block chain technology using
SHA256 algorithm to prove its effectiveness and
privacy of the data. Using block chain the users can
control access and can authorize sharing of
information. Records can be stored and permissioned
block chain can be used by Individuals or even third
party access. Information can be stored on a block
chain and can be allowed to accessed using trusted
environment.

7. CONCLUSION AND FUTURE WORK

In this paper a simple Big Data Clustering
algorithm based on the power method has been
discussed. The power iteration clustering is refined to
handle huge datasets using the inflation technique.
Finally, the clusters are grouped using the K means
algorithm. IPIC algorithm has higher and groups data
quickly when compared to existing clustering
algorithm. This algorithm has been implemented on
health care dataset as well as UCI machine learning
datasets to check its performance. IPIC seems to be
highly efficient and fast. In future work has to be done
to improve the accuracy of the algorithm. Also, several
case studies are to be done to prove its applicability for
Big Data.
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