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Abstract The Rapid growth of data has provided us with more information, yet challenges the traditional techniques
to extract the useful knowledge. In this paper, MCMM, a Minimum spanning tree (MST) based Classification model
for Massive data with MapReduce implementation is proposed. It can be viewed as an intermediate model between the
traditional K nearest neighbor method and cluster based classification method, aiming to overcome their disadvantages and
cope with large amount of data. In this model, we treat the training set as weighted undirected complete graph. The vertices
are objects and the weight of an edge between two objects is their distance, which could be a certain distance metric other
than Euclidean distance. Then we find a minimum spanning tree forest of the graph, in which each tree represents a class.
In order to reduce the computing time, we extract the most representative points of each tree to represent that tree. The
shrunk point sets can be used for classification by computing the distances from unlabeled objects to them.MCMM model
is implemented on Hadoop platform, using its MapReduce programming framework. Since Hadoop supports data intensive
distributed applications and enables applications to work with thousands of nodes and petabytes of data, MCMM model
is scalable to deal with massive data. In addition, MapReduce and Hadoop work well on cluster composed of commodity

machines. Therefore there is no special need for particular hardware or architecture. This is actually the feature of cloud
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computing. MCMM model is used on cloud platform and could benefit from cloud computing by using Hadoop and

MapReduce. Experiments had been carried out on several data sets including real world data from UCI repository and

synthetic data, using Downing 4000 cluster, installed with Hadoop. The results show that MCMM model outperforms KNN

and some other classification methods on a general basis with respect to accuracy and scalability.

Keywords minimum spanning tree; classification; MapReduce; cloud computing; graph-based mining

1 Introduction

Classification is one of the most active research fields
in data mining and machine learning, which is widely
used in many application areas, including e-commerce,
WWW, bioinformatics, scientific simulation, customer
relationship management, business intelligence etc. With
the development of hardware and software, it is becoming
normal that the size of databases goes to Gigabytes or
even larger. This raises new challenge to data mining
techniques, including classification and so on.

There are many techniques for classification. If full
knowledge of underlying distribution is available,
Bayes analysis yields an optimal decision procedure
and minimum probability of error'®. Sadly this kind of
knowledge is always hard or impossible to get, in which
cases many algorithms make use of distance or similarity
among samples to classify them. The K nearest neighbor
technique™ falls into this category and is widely used in
a lot of areas for its simplicity to handle and generally
has high accuracy. However, KNN classifier faces the
problem that it may decrease the precision because of
the uneven density of training data. Also KNN has to
compute the distances between an unlabeled object and
every object in training set. When the size of data set
goes to several gigabytes, which is common in today’s
information explosive world, the time for classifying
becomes unacceptable. The cluster based classification
extends the basic idea of KNN". It first performs
clustering on the training set, and each cluster belongs to a
particular class, and then uses certain kind of center point
to represent each cluster. Classification stage is similar
to KNN. The only difference is that the training set is
composed of those clusters’ centers. Although this method

reduces the total points of training set, it may lose too

much information and is only suitable for convex group,
which can be sufficiently substituted by a center point.
What’s more, traditional clustering methods on huge
amount of data consume too much time or even can’t be
applied to massive data due to memory limitation.

In this paper, we present a classification model which
tries to find an intermediate model between the above two
extremes, aiming at benefiting from their advantages, and
removing some of the drawbacks. One direct and simple
way is to use a certain kind of subtree to represent each
cluster which is obtained by clustering on training set, and
then classify using idea similar to KNN. To achieve this
goal, we firstly use minimum spanning tree (MST) for
clustering, which is a simple and effective way compared
with other traditional clustering method. Each cluster we
get is actually a subtree, whose majority nodes are of the
same class. Next step, we extract the most representative
points of each subtree, and then get shrunk subtrees
(actually they are subsets of nodes. We use subtree for
convenience in the remaining text). By calculating the
distances between an unlabeled object and each shrunk
subtree, we can select the nearest subtree and classify the
object into this subtree. The reason why shrunk subtrees
are used is to reduce the quantity of training set which
overwhelms KNN, yet without losing too much useful
information. Using subtree is a vital feature when the
cluster is not convex or of irregular shape.

Another notable feature of our classification model
is that it can cope with a huge amount of data from
modeling to classification in an effective way, especially
in the period of clustering, because we use MapReduce
distributed programming framework, which has the
ability to processe huge amounts of data in parallel, using
hundreds of machines. We have done experiments on
Downing 4000 cluster installed with Hadoop, an open

source implementation of MapReduce. It shows that
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our model outperforms KNN and some other traditional
classification methods both in accuracy and efficiency.
And the nature of MapReduce’s distributed computing
ability endows our model with good scalability.

The rest part of this paper is organized as follows.
Section 2 presents the background knowledge and related
work. Section 3 describes our classification model in
details. How to implement the model with MapReduce is
presented in Section 4. Experiments and results are shown
in Section 5, and we conclude the paper in Section 6. Pay
attention that we may use minimum spanning tree and
MST interchangeably in this paper, and they mean the

same thing.

2 Background and Related Work

In this section, we give some background knowledge and
a brief description of existing classification algorithms
related to our model.

2.1 Hadoop and MapReduce

Hadoop is the Apache Software Foundation top-level
project. It provides and supports the development
of open source software that supplies a framework
for the development of highly scalable distributed
computing applications. The two fundamental parts of
Hadoop Core are MapReduce framework, the cloud
computing environment, and Hadoop Distributed File
System (HDFS). It also provides other projects, such as
HBase, Hadoop’s distributed, column-oriented database
efficiently storing and handling semi-structured data as
Google’s Big Table storage system, and PIG, a high level
language for data analysis"”. Hadoop is drawing more
and more attention due to its simplicity and power for the
development of distributed applications on cloud.

Hadoop MapReduce is a software framework for easily
writing applications which process vast amounts of data
(multi-terabyte data sets) in parallel on large clusters of
commodity hardware (e.g. cloud platform) in a reliable,
fault-tolerant manner™”. It is based on two distinct steps.
First step is map: the framework sequentially passes
over the input file and output (key, value) pairs, in which
individual input records can be processed in parallel.

Second step is reduce: it firstly groups all values by key,

then processes the values with the same key and outputs
the final result. The framework shields the programmer
from the details about the data distribution, replication,
fault-tolerance, load balancing, etc. So the programmer
only needs to provide two functions, a map and a reduce.
Yet it’s powerful enough to process more complicated
problems than just word counting. It can perform sorting,
joining and many other operations on massive data in an
efficient way"””. Kang et al. present PEGASUS in [13],
which is a tool for large scale graph mining applications.
The key functions of PEGASUS are all implemented
by MapReduce, including finding connect components,
calculating pageranks, estimating diameter. Karloff et
al. [15] prove that it is possible to find the minimum
spanning tree of a huge graph by using MapReduce when
traditional algorithms for computing MST consume
intolerable time or exceeds the limitation of single
machine’s memory.

2.2 Clustering Based Classification

Clustering methods have been applied to supervised
classification problems™” """, In [20], Mui et al. illustrate
building a cluster tree classification model using the
k-means clustering method. The problem with their
model is that only small numeric data could be classified
and every time only two sub-clusters are formed. In [10],
Huang et al. proposed a new interactive approach to
build a decision cluster classification model, in which the
k-prototypes clustering algorithm is used to partition the
training data. But the above two methods are not adequate
for high dimensional data with noise. In [18], a variable
weighting k-means algorithm to build cluster-based
classification models automatically is proposed, which
can reduce the impact of noisy attributes by assigning
smaller weights to them in clustering. However, all of
the above methods adopt the basic idea of traditional
k-means clustering to cluster. When data set goes beyond
Giga-, Tera- or Peta- bytes, those methods become too
much time-consuming or even can not be used because of
single memory’s limitation. While in our proposed model,
minimum spanning tree clustering can eliminate noise
by cutting long edges with the number of nodes under
a threshold. In addition, our MST clustering algorithm

benefits from distributed system and parallel computing
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by using MapReduce framework and Hadoop’s distributed

file system (HDFS).

2.3 Minimum Spanning Tree for Clustering and
Classification

Given an edge weighted graph, minimum spanning tree

(MST) is a tree spanning all the vertices, whose total

weight is minimal. It has been extensively researched and

is widely used in many areas. Here we briefly state its

usage in two branches of data mining.

MST for clustering Minimum spanning tree has been

29, 24, 22, 9] It iS a

used for clustering in some applications'
variation in the family of clustering algorithms based on
graph theory. The purpose of clustering algorithm based on
graph theory is to take advantage of the simplicity of tree
structure, which can facilitate efficient implementations
of much more sophisticated clustering algorithms. It is
widely used in the field of computer vision where the
data are all in very high dimension space. In general, the
idea of graph algorithm is as follows: firstly, it constructs
a weighted graph upon the points in the X-dimensional
space, with each point being a node, and the similarity/
distance value between two points being the weight of the
edge connecting the two points. Then, it decomposes the
graph into connected components (e.g. subtrees) in some
way, and calls those components as clusters. As MST
based clustering algorithm, it does not depend on detailed
geometric shape of a cluster, it overcomes many of the
problems faced by classical clustering algorithms. Figure
1 shows that the tree can represent a non-convex cluster

more accurately than a center.

(a) Center representation (b) Tree representation

Figure 1. White dots are objects. (a) Using the center (red dot) of these
objects to represent it. (b) Using MST to represent this cluster

MST for classification Minimum spanning tree can also

be used for classification. Piotr Juszczak et al. propose a
minimum spanning tree based one-class classifier in [11].
This classifier builds on the structure of the minimum
spanning tree constructed on the target training set only.
The classification of a test object relies on its distance to
the closest edge of that tree, hence the proposed method
is an example of a distance-based one-class classifier.

Our proposed model combines clustering based
classification with MST clustering and MST classification.
It aims to take advantage of them all. More importantly,
we use MapReduce distributed programming framework,
which enables our model to handle massive data

efficiently in a distributed way.

3 MST Classification Model for Massive
Data with MapReduce Framework

In this section, we present how to use MST clustering
algorithm to find clusters of the training set, shrink these
clusters to reduce the computational complexity and apply
these MST clusters to classification.
3.1 Definitions
For a training set, objects from the same class tend to
be spatially close in the data space. By clustering on the
training data, objects in the same cluster have similar
behaviors or properties and tend to be in the same class "'\
The distances between every two objects are calculated by
a distance metric function, which is also used in the final
classification phase. There are many distance metrics,
such as Euclidean distance, Cosine distance, Hamming
distance, Manhattan distance, Tanimoto distance, etc.
Usually the choice of distance metric has a great impact
on the classification accuracy.
Let X be a training set of n labeled objects. Each object
in X has m attributes and a label suggesting its class.
Without loss of generality, missing values of attributes are
permitted.
Definition 1. A MST-clustering forest of X is a partition
of X into k sets T},--, T}, where T is a minimum spanning
tree connecting all the nodes within it, which satisfies:
T#3,i=1-kwithUT, =X and T, T, =2
Definition 2. The dominant class of a MST is the class
that the majority of nodes are labeled to. And the tree is
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labeled by dominant class.

Definition 3. The first principal path of a MST is the path
between two vertices that yields maximum length. The
second principal path is obtained by excluding edges from
the first principal path and finding the longest path in the
remain, and so on "',

By using N principal paths, the tree representation of the
data can therefore be simplified by considering only a
few principle paths. Figure 2 shows the first and second

principal paths in a MST.

Figure 2. The first principal path of the MST is marked by red solid
line, and the second principal path is marked by orange dashed line

Definition 4. The key points of a MST are the
representative points in dense parts and backbone points.
Here dense part means that all nodes in this part can reach
each other within a predefined short distance and there
are a variety of ways of choosing representative points,
such as the one with most neighbors. Backbone points are

those whose neighbors are all far from them.

Key points

Figure 3.
can reach all their neighbors in a short distance; B or H is also a key
point, because the dense part can be confined within {BH}. (b)G is a
backbone point, since its neighbors are all far from it

(a)A,C,D,EF are in the dense part of the tree because they

By using key points, the tree representation of the data
can therefore be simplified by considering only key
points. Figure 3 shows the key points in a MST.

In general, a MST-clustering forest of train set can be
used for classification. It is actually a cluster based
classification model, only the representation of a cluster
is a tree. However for a training set of large quantity of
objects, it is time-consuming to include all the nodes for
classification. So using some kind of way to shrink every
MST is important. N principal paths or key points are the
choices which we select in our proposed model.

3.2 Generating MST-clustering forest

This is the most challenging part in our modeling process,
since the traditional algorithms for finding MST in a
graph are not applicable when the numbers of edges
are huge. We implement a distributed algorithm to find
MST and then construct MST-clustering forest with
MapReduce. The implementation details will be stated in
section 4. This section can be further decomposed into the
following parts:

Calculating similarity matrix For a training set X of n

objects, its similarity matrix is:

0 1 ... (n-1)
0 dy, dy, Aoy
1 o a, @y
(n-1) d(”fl)o a](n—l)l al(ﬂ—l)(n—l)

where d;; is the distance between objects i and j. The
function calculating d;; is determined by the chosen
distance metric.

Finding MST in the graph The cost of constructing
a minimum spanning tree with classical sequential
algorithms is O(mlog(n)) *", where m is the number of
edges in the graph, n is the number of vertices. More
efficient algorithms for constructing MST have also been
extensively researched in [16, 14, 7]. These algorithms
promise close to linear time complexity under different
assumptions. However there is no guarantee that they
can be efficient under any condition. With the increase
of vertex number, sequential algorithm also faces the
problem of memory limitation. To fix this, many parallel
or distributed algorithms are put forward *>°. But most

of them are too complicated to implement due to too
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many message-passings and perform well only on special
graph with regular structure”’. Moreover, traditional
parallel algorithms have specific requirements on the
machine they run on, such as SMP or supercomputer,
which is not always available. For a distributed algorithm
running on traditional distributed system, the overhead
of sending messages between processors, including
time cost and bandwidth limitation, facilities and time
for synchronization, may reduce the performance of
algorithm severely. Furthermore, programmer should
possess special knowledge when implementing parallel
algorithm in the above environment. The most prevalent
model for writing parallel algorithms is PRAM, in which
an arbitrary number of processors, sharing an unboundedly
large memory, operate synchronously on a shared input to
produce some output. However, building a large computer
with a large robust shared memory is rather difficult and
actually fully shared memory machines with large numbers
of processors do not exist today.

For all these reasons, there is still large room with respect
to optimizing the algorithm of finding MST, especially
distributed algorithms, as the data needed to be processed
has been growing rapidly. It has been demonstrated that
a large class of PRAM algorithms can be efficiently
simulated via MapReduce. In our classification model,
we adopt a novel distributed algorithm to generate MST

using MapReduce framework which is presented in

[15]. It can compute MST of a dense graph in only two
rounds, as opposed to log »n rounds needed in the standard
PRAM model"”. The strength of MapReduce lies in the
fact that it uses both sequential and parallel computation.
In addition, it runs on Hadoop cluster, which can be
set up by commodity machines with the installation of
Hadoop related software (actually it is a platform for
cloud computing). Therefore there is no need for SMP, or
supercomputer etc.

Denote the graph, vertex set, and edge set by G, V, and
E. The procedure of generating MST can be described as
follows "*':

Step 1: partition the vertex set V into k equally sized
subsets: V' =y, Ur,U--U¥,, with 7, ﬂVj = for
i#j and |V}|=N/k. For every pair (i), let E . cE

be the edge set induced by vertex set ¥; UV, | that is
E,, ={(u,v)e E|u,veV;UV,}, and denote the resulting

sub graph by G, , =(V;UV . E, ));

» compute the

Step 2: for each of the (’;j sub graphs G,

unique minimum spanning tree M, ;. Then let H be the
graph consisting all of the edges present in M, so
H=W.U;M,));

Step 3: compute M, the minimum spanning tree of H.
The correctness of the above algorithm is proved in [15].
Cutting long edges to get MST forest of the graph

In the case of clustering with MST, in order to produce

(a) There are objects of two classes and they have a clear boundary. If we cut the longest edge (on which we put a cross), we can get two clusters. Each

of them is composed of objects from the same class. This is the final result

(b) The objects from two classes have some overlap. So even there are only two classes, we can not build a model of only two MST clusters. More
edges should be cut to form purer clusters, on which we put a cross. And the truly mixed area E can be removed. We get A;B;C;D four MST clusters

finally

Figure 4. Two classes of objects with and without clear boundary
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clusters after MST of the whole graph is generated, we
can sort the edges of MST in descending order, and
remove the first k—1 longest edges '\ The value of k
should be preset and usually it is pretty difficult, because
the number of classes is unknown.
However, in the case of classification, k£ can be set to (C
—1) initially, where C is the number of classes. At best,
when each class is separated from each other by a clear
boundary, the cutting phase can stop (see Figure 4(a)).
However, in some cases, classes are mixed inherently,
such as the case in Figure 4(b). In order to adapt our
model to it, the cutting phase of our model is as follows:
Step 1: cut (k—1) longest edges to produce k subtrees,
where £ is the number of classes.
Step 2: for each subtree T, calculate its purity P, and total
count 7C; .
If P< Purity, store T; and remove it from clusters

Else if TC< IsolateNum, (it may be in an mixed

area, which is no good for classification),

delete this MST ;

Else cut the longest edge, and go to the

beginning of Step 2.
IsolateNum is a preset integer which denotes the vertex
number of the smallest subtree. Usually it’s a very small
value, i.e. one or two, for the purpose to eliminate truly
mixed MST. P, is calculated by Nmc,;/ TC,, where Nmc; is
the number of objects with majority class in 7;, and Purity
is a preset value to control the accuracy of the model. The
larger Purity is set, the less non-majority class objects in
a subtree will be. After the above operations, we get the
MST forest of the original graph. Note that the total count
of all MST forests’ vertices may be less than that of the
graph because of the elimination of mixed clusters in Step 2.
3.3 Shrink MST in the MST-clustering forest
MST clustering forest can describe clustering structure
of a graph, especially for a non-convex cluster. But
sometimes it’s unnecessary to include all the vertices
of the MSTs into the classification model. Some
representative vertices could be enough. Otherwise, a
model with complete vertices may reduce efficiency or
have the problem of over fitting to the training set. Thus
we can adopt either one of the following two methods

to shrink MST, with the goal of eliminating some

unnecessary vertices.

Using N principal path The definition of N principal path
has been given by definition 3. The tree representation of
data can be simplified by using a few principal paths. The
algorithms 1 and 2 can be used to find the first principal
path .

Let G=(V;E;w) be a graph. For a vertex v, the eccentricity
of v is the maximum of the distance to any vertex in the

graph, which can be computed by algorithm 1.

Algorithm 1 : Eccent(r)

Input T :atree T, =(V;E;w)rootedatr
Output Eccent(r): the eccentricity of rin T, ;
if 7 is a leaf then
return O;
end if
for each child s of » do
compute Eccent(s) recursively;
end for

return Eccent(r)=max(Eccent(s) + w(r, s)).

Lemma 1. Let » be any vertex in a tree 7. If v is the
farthest vertex to r, the eccentricity of v is the length of

the longest path (first principal path) of 7.

Algorithm 2 : First Principal Path
Input T, :atree T=(VE/w)

Output PPath: the first principal path of T;
root 7 at an arbitrary vertex r;
Use Eccent to find the farthest vertex v to r;
Root T at v;
Use Eccent to find the eccentricity path of v;
for each vertex vi along eccentricity of v do

PPath.add(vi);

end for
return PPath;

Lemma 1 has been demonstrated in [1]. Algorithm 2 uses
this property to find the first principal path of a tree.

The second principal path can be calculated by using
Algorithm 2 after deleting the edges in first principal path,
and so on.

Using Key Points Apart from N principal paths policy,
we also applied key points method (see definition 4)
to our classification model. The following procedure
describes how to find key points in a tree.

Denote the tree of which we want to find key points by 7,
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Figure 5. Process of finding key points

which has k vertices.

Step 1: label the T”s vertices with integers 1, 2 ---k.

Step 2: collect the edge of the tree whose weight
is smaller than a predefined value. These edges are
organized by neighborhood relationship, and then we get
several neighborhood lists. All vertices within a list are
neighbors and close enough to each other.

Step 3: for each neighborhood list, we preserve the vertex
with the smallest label.

Step 4: for edges whose weight is larger than the
predefined value, we preserve both ends.

Figure 5 illustrates this process. Figure 5(a): first label the
vertex of a tree by integers, suppose there are 21 vertices,
which are labeled by integer from 0 to 20. Figure 5(b):
collect edges whose weights are smaller than a threshold,
which are (0,1), (0,5), (2,7), (4,11), (4,19), (4,20),
(10,14), (10,15), (10,16), (6,8), (8,12), (9,13), (13,17),
(13,18), where an edge is presented by its two end nodes
in a bracket. We put the node with smaller label in the
front, just for consistency. These edges are organized by
neighborhood relationship: (0,1,5), (2,7), (4,11,19,20),
(10,14,15,16), (6,8,12), (9,13,17,18). Figure 5(c): within
each neighborhood relationship, use the node with the
smallest label is used to represent all its neighbors. Hence
we get 0,2,4,6,9,10. Node 3 is also collected. Although
it’s not collected in (b), it’s probably a representative node
of the tree since all of their neighbors are far.

If an algorithm needs a preset value, usually this is a
tricky part, such as the value of k in k-means clustering.
Recall in step 2, a preset value is required. There is no
strict standard on this setting, but we suggest it to be set
to 1/2 to 1/3 of the largest edge weight initially and later
to be adjusted to control the quantity of key points.

Note that the algorithm for finding key points proposed
above may not be an optimal one. However it’s

straightforward and can reflect the backbone of a tree

to some extent. In addition, it can be implemented with
MapReduce framework by simply adjusting the format of
input file which represents the tree. For each subtree in the
MST-clustering forest, either principal path or key points
policy can be adopted to shrink it. In our classification
model, we use both respectively and compare them. The
result can be viewed in section 5.

3.4 Classification

The basic idea of classification is inherited from KNN.
First, we compute the distance between unlabeled object
and each subtree in MST forest. These subtrees are
different from the ones which are directly generated by
MST clustering, because they have been processed by
the shrinking policy described previously. Then we find
the shortest distance and corresponding subtree 7;. The
unlabeled object is classified to the class of 7. Although
the classification idea is straightforward, there are
two parts needing further explanation: distance metric
selection and distance definition.

In our model, we decide to use Euclidean distance for
numerical attribute and Hamming distance for categorical
distance, after comparisons with several other distance
metrics, including Cosine distance, Manhattan distance
and Tanimoto distance. The distance from a point to a
tree can be defined as the smallest distance between the
point and all edges of the tree "), However, this distance
involves both the computing of projection and point-to-
point distance. Thus it is too complicated for practical use,
especially when the dimension is very large. We consider
the distance between x and tree 7; as the min (distance(x;
x;)), where x; is a node of tree 7;. And in order to speed up

the classification, we implemented it with MapReduce.

4 MapReduce Implementation

In this section, the details of how to use MapReduce
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framework to implement our model and classify objects are
presented. Since we have described the related algorithms in
previous sections, here we only focus on implementation.

4.1 Finding MST with MapReduce

This phase can be further divided into the following steps.
Step 1: Generating similarity matrix of the training set.
Step 2: Finding MST in the undirected complete graph
corresponding to the similarity matrix.

The power of MapReduce framework lies in its ability of
distributed computing. In order to benefit from this, as we
have illustrated in section 3, we should properly partition
the input file, allowing each map to operate on a partition
of more or less the same size. Considering a graph can be
expressed by a matrix, we can partition the matrix by row
and column to several blocks and control the size of each
block by defining the total number of the blocks. Assume
there are n objects in the training file and we labele them
by node IDs from 0 to (n—1). The matrix below shows
how each object is re-labeled with partition ID if the

training set is partitioned into & parts.

n/k---2n/ (k-Dyn/k--
k-1  nl
[0(1] < [o][
[1][0] [11[1] o [k-1]

(k-Dn/k--n-1  [k-1][0]  [k-1][1] [k-1][k-1]
The first row and column of the matrix is the node IDs. They

0--- n/k-1
(0][0]

0---n/k-1
n/k---2n/k-1

k-1]
k-1

are divided into & groups, and these groups are separated by
solid lines. Assume the intersection of a row and a column
is an edge induced by the row node and column node.
Then the solid lines between groups can partition the edges
into &° blocks, with the partition ID displayed in the above
matrix. The graph we use is an undirected complete graph,
so actually it is enough to consider the upper triangular part.
Denote partition ID by PID, which is in the form of [Row
Element][Column Element] as shown in the above figure,
then edge e; will go to partition pid, if pid. [RowElement]
= |ik/n] and pid. [ColumnElement] = |jk/n]. This can be
accomplished by one map method.
(Inputkey, Inputvalue) : (ID, information)
([ID * k=n]lj];

information)

(OutputKey, OutputV alue) : UD * k=n);
information)

=01,k

[Mapper| [Mapper]

[Reducer] [Reducer] | HDES

Split the train file Train file
Output by
L Map
partition ID intermediate
Collect objects with i

thesameID — § {1 T TS

Calculate objects’ distance v v
Reduce

output file
Return similarity matrix

Figure 6. Generating similarity matrix

FIRST ROUND|Mapper| [Mapper] ~ [Reducer| [Reducer] [ HDFS |
Simil
Split the matrix file P ‘//._—’:/ ml;rtlrliirﬁle
Output by Map
partition ID v v intermediate
Collect objects with; ———j
the sarJne 1D %\
Find partial MST
. ‘Reduce
Return partial MST output file
SECOND ROUND
Split first 7 —
round’s output. /
Output all with
the same key v R
. Ma
Collect objects S jmegmediate
Find global MST \ Y
Reduce
output file

Return global MST"

Figure 7. Finding MST

When generating similarity matrix, the corresponding
reduce method will calculate distances between nodes
with the same PID. One PID is processed by one reduce.
(OutputKey, OutputV alue) : (PID, (StartNodelD
EndNodelD Distance))

where (StartNodelD EndNodelD Distance) is actually
the edge in the undirected complete graph, which will be
used for finding MST in the following step (see Figure 6).
The next step is generating MST. It consists of two
rounds. During the first round, map method will pass
the key and value from previous job to the reduce
after certain processing, and the corresponding reduce
method will use Kruskal’s algorithm to find MST within
edges with the same PID. One PID is processed by one
reduce. (OutputKey, OutputV alue) : (PID, (StartNodelD
EndNodelD Distance)) where (StartNodelD EndNodelD
Distance)) is actually the MST edge. In the second
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round, map collects all the partial MSTs” edges by
setting the PID to the same value, and the reduce does
the same thing as the first round (see Figure 7).

4.2 Finding key points in the MST with MapReduce

[Mapper| [Mapper| ~ [Reducer][Reducer| | HDFS |
=

Split the — MST file
MST file /%

Output by

neighbor Map
relationship | Y intermediate
Collect by

node_ O
Eliminate objects

with larger ID ____ ...

Figure 8. Finding key points
Map
The input (key, value) pair is: (“MST”, (StartNodelD
EndNodelD Distance)), which is the output of the
previous MST generation job. The output (key, value)
pair is:
For the edge whose weight is smaller than a threshold:
(StartNodelD  EndNodelD)  and
StartNodelD)

(EndNodelD

For the edge whose weight is larger than a threshold:
(StartNodeID  EndNodelD) and ((EndNodelD,
MAX_VALUE))
Reduce
Only collect the key in the (key, List < value >) whose
key is smaller than all values in List < value >. The
complete job procedure can be seen in Figure 8.
4.3 Classification with MapReduce
Map
The input file is training set after modeling, i.e. the shrunk
MSTs, with the form of (nodelD nodelnformation&Class)

[Mapper| [Mapper]  [Reducer] [Reducer| [ HDFS |

Split the

unlabeled file //

Calculate distance
between unlabeled May
node and model node" P

Model file

Y intermediate

Collect distance
with the same ID

Return classification result

Figure 9. Classification

per line. By using Hadoop API’s Text Input Format,
input file is passed to map line by line. The distance
between this node and unlabeled node is calculated by
map. The output (key, value) pair is: (unlabeledNodelD
distance&Class)

Reduce

According to MapReduce framework, the output of
map with the same key is organized as a list, which is
passed to a reduce method. The task of reduce method
in classification is to select the smallest distance within
a list and hence get the class for the unlabeled node. The

complete job procedure can be seen in Figure 9.

5 Experiments and Results

In order to verify the accuracy and effectiveness of our
proposed model, we have done experiments using data
sets from UCI Machine Learning Repository **. A brief
description of the data sets chosen is listed in Table 1.
We try to select data sets of different type, such as with
numerical attributes only, with categorical attributes
only, with combined attributes, to get a comprehensive

conclusion.

Table 1 Data set information
Data Set Class attribute number attribute type(s) train/test number
Breast Cancer 2 10 Real 450/249
Car Evaluation 4 6 Categorical 1130/578
Credit Approval 2 15 Real, Categorical 450/240
Iris 3 4 Real 90/60
Letter Recognition 26 16 Real 14040/5960
Vote 2 10 Categorical 250/185

Our experiments are completed on Dawning 4000 cluster,
which is set up by 10 separate nodes. Each node has
eight 2 GHz Dual Core AMD Opteron Processors and 8 G

memory, running Linux. And we use the latest version of

Hadoop package, hadoop-0.20.2.
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5.1 Choosing Distance Metric

Since our classification model can be regarded as an
intermediate model between KNN and clustering based
classification method, whose accuracies both greatly rely
on the choice of distance metric, it’s necessary to select a
proper metric. Although most distance based algorithms
use Euclidean distance, there is no guarantee that it
performs well in every model. There has been a lot of

28,25

study on distance metric learning ****. But for simplicity

and practicability, we only choose several commonly used
basic metrics for numerical attributes. We use Hamming
distance for categorical attribute. The MST shrinking
policy we choose is principal path. The result is given
in Table 2. From above we can draw the conclusion that
Euclidean distance outperforms others on a general basis,
which can be chosen as the distance metric for our model.
The entry which is labeled as bad means that it’s very low

and there is no need to list it.

Table2 Accuracy for different distance metric

Data Set Euclidean Manhattan Cosine Tanimoto
Breast Cancer 0.9476 0.9679 0.6426 0.1454
Car Evaluation 0.6765 0.5882 0.5862 0.5862
Credit Approval 0.7750 07250 0.3312 0.6375
Iris 0.9167 0.9167 0.1245 0.1221
Letter Recognition 0.6970 0.7133 0.4213 0.3997
Vote 0.9459 0.9405 0.2326 0.2258

5.2 Comparison of Reduction Rates

By using the MST-shrinking methods we proposed in the
previous section, we can significantly reduce the number
of samples used for classification compared with the
case in KNN, which should include all of the samples

in training set. Table 3 shows the reduction rate of our

model compared with KNN. The first column of the table
indicates the shrinking policy. Each row lists the number
of remaining training samples and the reduction rates (in
brackets) in our models after shrinking policy. The row
begins with “KNN” actually lists the number of points in

the training set.

Table3 Reduction rates

Breas Cancer Car Evaluation  Credit Approval Iris Letter Vote
Key Point 110(75.6%) 102(91%) 81(82%) 32(64.4%) 3874(72.4%) 54(78.4%)
Principal Path 113(74.9%) 617(45.4%) 200(55.6%) 45(50%) 7423(47.1%) 50(80%)
KNN 450 1130 450 90 14040 250

5.3 Accuracy of MCMM

In Table 4, the accuracies of MCMM on six different data
sets are shown. The description of the six data sets and
how they are partitioned to training and test set are given
in Table 1. Note that MCMM adopts the idea of clustering
based classification method, which uses MST to clustering
the whole training set first and then cut long edges to form
MST clustering forest. However, as mentioned above,
at the best case all objects from the same class are in the
same MST because they are closer to each other than to

the ones of a different class. Since we know the class of

every object in the training set, an alternative to building
the model is constructing only one MST for all objects of
the same class, and then perform the similar operation as
MCMM. We call this mode SMCMM, meaning Separate
MCMM. In Table 4, the row begins with “Separate MST”
is the accuracy of SMCMM, and the row begins with
“Global MST” is the accuracy of MCMM.

In Table 4, we can see that for shrinking MST, the policy
of key points is better than principal path policy, but not
significantly. When it comes to the way of constructing

MST clustering forest, the accuracies of the two have no

Table4 Accuracy of MCMM and SMCMM

Key Points First Principal Path
Breast Car Credit Breast Car Credit
Evalua Appro Iris Letter Vote Evalua  Appro Iris Letter  Vote
Cancer . Cancer .
tion val tion val
Separate
MST 0.9438  0.8327 0.75 0.9333  0.9307 0.9243 | 0.9476 0.6765 0.775 09167 0.6970  0.9459
1(\}/[](3)?11 0.9759  0.7977 0.7857 0.95 0.8998  0.8919 | 0.9839 0.7093 0.8083 0.9333 0.8844 0.9081
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Table5 Accuracy of algorithms from Weka
Breast Cancer Car Evaluation Credit Approval  Iris Letter Vote

Naive Bayes 0.9759 0.5920 0.775 0.9833 0.6364 0.9081
KNN 0.9719 0.7676 0.7583 0.95 0.955 0.9005
BFTree 0.9871 0.7007 0.8167 0.95 - 0.9243
NNge 0.9839 0.5618 0.7917 0.9667 - 0.9459
StackingC 0.6345 0.6856 0.5542 - - -
FLR 0.9116 - - 0.95 - -

significant difference. This may be because that the data
sets we choose are inherently convex, and the advantage
of global MST clustering isn’t shown clearly. For
comparison, we apply some other common classification
algorithms in Weka "' to the six data sets, and result is

shown in Table 5.

Comparison of MCMM,KNN and BFtree

5 KeyPoint

IS Principal Path
3 BFTree

B KNN

BC CE CA Iris Letter Vote

Data Set

Figure 10. Horizontal axis lists the data set name (BA=Breast Cancer,
CE=Car Evaluation, CA=Credit Approval), and vertical axis represents
the accuracy

From the comparison of Table 4 and 5, we can draw
the conclusion that our model is better and has no
significant difference from the best algorithm which we
adopt from weka regarding to accuracy. Note that, the
BFTree algorithm and KNN outperform other traditional
classification algorithms in weka in general, and our
model has similar accuracy to it, if not better. From
Figure 10 we can get a more direct view of comparison.
However, BFTree is decision tree-based classification
algorithm. When the size of training set is very large, the
memory can not store the whole tree structure and hence

can not be used for classification, just as the case of “Letter

Comparison of reduction

B KeyPoint
O Principal Path
B KNN

Rate

BC CE CA TIris Letter Vote
Data Set
Figure 11. zzHorizontal axis lists the data set name (BA=Breast

Cancer, CE=Car Evaluation, CA=Credit Approval), and vertical axis
is the percentage of the object number in classification model against
whole training set. KNN use all objects in the training set, hence the
height of its rectangle is always 1

Recognition” data set. And from Figurell we can see that
our model has greatly reduced the number of objects used
for classification compared to KNN. For example, in the
case of “car evaluation”, 90% of the training objects have
been removed in our model, yet it yields higher accuracy
than KNN, which needs all of the training objects for
classification.

5.4 Testing on Large Data

So far, we have described the prototype of MCMM and
presented some of its features by analyzing experiment
results. However, we haven’t referred to one of its most
notable features—the ability to deal with massive data in
a distributed way by using MapReduce framework. In this
part, we will discuss it in detail.

To better test the scalability and efficiency of our model
on large data, we developed a data generator, as it can
produce data of various sizes. And the format of data is
similar to weka’s .arff file, which is one record per line,
and each line contains the record’s all attributes and label,
separated by commas. Here we generated data set record
of six real types and one class attribute and there are four
kinds of classes in all. For example:

1.647, 1.06, 1.78, 1.92, 1.57, 0.39, A

0.012, 0.278, 1.25, 0.453, 0.105, 0.843, B

First we show how the modeling time for MCMM
changes as we add more machines.

We construct MCMM using a training set of 20000
objects (equivalent to a complete graph with 200002 =
4x108 edges) on 3, 7, 11 machines. Figurel2 (a) shows
that the time of constructing MCMM decreases as we
add more machines. This benefits from the distributed
computing of MapReduce framework and indicates our
model’s scalability.

After the model is constructed, it then comes to its real
function — classification. Figure 12(b) shows how the
classification time changes with the input size of test set

using the MCMM model constructed above. In Figurel2
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(b) we also give the classification time of KNN using
the same training set. Note that we also implement KNN
with MapReduce and run it on our Hadoop cluster. It
is actually similar to MCMM classification. The only
difference is that KNN uses all the objects of training
set. However, our MCMM classification uses a subset
of training set. We can’t use traditional KNN algorithm,
since the data used and produced by KNN is too large to

fit in a single machine’s memory (e.g. we try to classify

3000 r
2500 |
2000 |
% 1500 |
F
1000 |
500 |
0 L
0 2 4 6 8 10 12
Number of Machines
(a) Modeling Time VS. Machines
20000 1
18000
~ 16000
g 14000
i 12000
% 10000 —-MCMM
:j:_’ 8000 & KNN
# 6000
O 4000
2000
0 |
0 200 400 600 800 1000
Number of unlabeled objects(k)
(b) Classification Time VS. Number of Objects
0.998
0.996
0.994
= 0.992
8 099 —+ MCMM
E 0.988 = KNN
g 0.986
0.984
0.982
0.98
0.978

0 200 400 600 800 1000
Number of unlabeled objects(k)

(c) Accuracy
Figure 12. (a) Modeling time decreases as we add more machines; (b)
MCMM outperforms KNN by a large margin, and achieves nearly the
same accuracy (shown in (c))

the same test sets using Weka’s KNN algorithm, but
always get “memory overflow” error). Figure 12 (b)
shows the classification time of MCMM is much better
than that of KNN, yet achieving nearly the same accuracy
(Figure12(c)).

6 Conclusion

In this paper, we present MCMM, a minimum spanning
tree-based classification model with MapReduce, which
is an intermediate model between k nearest neighbor and
cluster-based classification. MST of the training set is
computed and by cutting long edges several subtrees are
obtained, which are used to represent each cluster. We
propose two policies, key points and N principal paths,
to cut superfluous edges of the subtrees. Benefiting from
this, a more concise model is built and hence classification
speeds up.

Another contribution is that we implement the model in
a distributed way by using MapReduce framework. Thus
our model is capable of dealing with huge amount of data
in an efficient way. In addition, the classification phase
also uses MapReduce. We run our model on a cluster of
ten nodes, installed with the Hadoop package, to test on
several data sets from UCI machine learning repository **..
For comparison, we have also used weka " to classify the
same data sets. The experiment results show that MCMM
has advantage in classifying large data of multiple classes
and high dimension, both in accuracy and time. The
scalability of MCMM is proved by experimenting on
synthetic graphs of different sizes.

A tree based model can be altered by cutting, adding or
adjusting some of its edges, without complete information
of original data set. So MCMM has the ability of
incremental learning and hence may be suitable for stream
mining. With rapid growth of stream data and its widely
use in many areas, the application of MCMM to this field

deserves extensive study in the future.
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