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An Algorithms for Tournament-based Big Data Analysis

Hyunjin Lee*

Abstract

While all of the data has a value in itself, most of the data that is collected in the real world is
a random and unstructured. In order to extract useful information from the data, it is need to use
the data transform and analysis algorithms. Data mining is used for this purpose. Today, there is
not only need for a variety of data mining techniques to analyze the data but also need for a
computational requirements and rapid analysis time for huge volume of data. The method
commonly used to store huge volume of data is to use the hadoop. A method for analyzing data in
hadoop is to use the MapReduce framework. In this paper, we developed a tournament-based
MapReduce method for high efficiency in developing an algorithm on a single machine to the
MapReduce framework. This proposed method can apply many analysis algorithms and we showed
the usefulness of proposed tournament based method to apply frequently used data mining
algorithms k-means and k-nearest neighbor classification.
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(Figure 1) Representation of MapReduce
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<3 1> % k-means €118 &

Create current_centroids and new_centroids in

the filesystem
Write new_centroids with the first 4 points in
the input files
repeat
delete current_centroids
rename new_centroids to current_centroids
create empty new_centroids
for all map tasks do
read the data points from the input files
read curren_centroids
for all data points do
calcuate the distances between the
data point and each centroid

n = identity of the cluster with the




closest centroid
v = coordinates of the data point
output the <z, v> (assign data point v
to cluster m)
end for
end for
Run the combine function to sum the
values of data points assigned to the same
cluster and output <n, V> for each distinct n
where V is a composite value of the
coordinates of the centroid of thd data points
being combined and the number of data points
associated with n
for all reduce tasks do
mean all the values generated by the
map task for new cluster centroids
write the new centroids to new_centroids
end for
until the difference between the centroids in
current_centroids and new_centroids is less
than a threshold or the number of iterations

reaches the maximum value.

<Table 1> Distributed k-means algorithm
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Create current_centroids and new_centroids in
the filesystem
Write new_centroids with the first & points in
the input files
repeat
delete current_centroids
rename new_centroids to current_centroids
create empty new_centroids
for all map tasks do
read the data points from the input files
read current_centroids
for all data points do
calculate distances between data points
and each centroid
n = identity of the cluster with the
closest centroid
v = sum of the coordinates of the data
point

n, = number of data points which

-
assigned to the cluster

output the <m, v> (assign data point v
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to cluster n)

output the <z, n,> (assign number of

data point m, to cluster n)
end for
end for
for all reduce tasks do
for each cluster
sum v and N,
calculate new centroids
new_centroids = n/ n,
end for
end for
until the difference between the centroids in
current_centroids and new_centroids is less
than a threshold or the number of iterations
reaches the maximum value.

<Table 2> Tournament based k-means

algorithm
33 k24 ol &F
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<3# 3> kNN< 93 vy izl

k-NN Mapper
Create testList in the filesystem to
maintain data points in the testing
data-set
for all map tasks do
Create trainList in the filesystem to
maintain data points in the training
data-set
for all testList do
calculate distances between data
points and each trainList
n = identity of the test data
coordinates of the distance and

its class
output the <n, v>
end for
end for

<Table 3> Mapper design for k-NN

<¥E 4> kNN= 93 274 bRl

k-NN Reducer
Load the value of 'K’
for all reduce tasks do
for each test data n
Initialize counters for all class labels
num_classlk]l = 0
for top k distance do
num_classlk;1++
end for
class = classLabel(max(num_class

)

end for
end for

<Table 4> Reducer design for k-NN
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<E 5> EUYE KNNE 918 6% )
tournament k-NN Mapper
Create testList in the filesystem to

maintain data points in the testing
data-set
for all map tasks do
Create trainList in the filesystem to
maintain data points in the training
data-set
for all testList do
calculate distances between data
points and each trainList
sort distances
for top k distance do
n = identity of the test data
v = coordinates of the distance
and its class
output the <n, >
end for
end for
end for

<Table 5> Mapper design for tournament
k-NN
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