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Abstract.

To cope with the huge quantity of data that fast development of sensoring, net-
working and inexpensive data storage has come, many distributed approaches have
been developed during the last years. The main reason is that, when dealing with
large datasets, most existing data mining algorithms do not scale well, and their
efficiency may significantly deteriorate. Thus, we present a distributed approach
by samples in which the original dataset will be divided into several nodes or pro-
cessors. For classifying a new test sample, first we compute the distance to the data
on each node, and then it will be classified by the model learned from the “clos-
est” data. The proposed method has proved to be useful, demonstrating important
savings in runtime and satisfactory performance.

1 Introduction

Traditionally, data mining algorithms have been designed to run in a centralized com-
puting environment. However, with the coming age of network technologies, during the
last few years many distributed methods have been developed instead of the centralized
approaches. Over 2.5 quintillion bytes of data are created daily, produced by every-
thing from photos uploaded to social media websites, to scientific data from surveys
and simulations, to the Curiosity rover currently exploring Mars. Big companies, such
as Facebook, collects 500 terabytes everyday, including 2.5 billion pieces of content,
2.7 billion “likes”, and 300 million photos. Google processes billion requests per day
meanwhile Amazon draws data from 152 million customers’ purchases to help users
decide on items to buy. In this scenario, where data size increases beyond capacity,
traditional machine learning techniques and, more specifically, data mining algorithms,
do not scale well —memory demands and impracticable running times—, damaging
performance and efficiency. Besides, data is often distributed across geographical and
organizational boundaries, and it is not legal or economic to gather it in a single loca-
tion. Therefore, a possible solution might be to distribute the data into several nodes,
run a data mining algorithm on each partition and then combine the results.

Although distributed learning is a fairly new field, there exist in the literature several
works to scale up large datasets. Lazarevic et al. [1] developed a general framework
for distributed boosting to integrate efficiently specialized classifiers learned over very
large and distributed homogeneous datasets that cannot be merged at a single location.
Tsoumakas et al. [2] presented a framework for constructing a global predictive model
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from local classifiers which scales up efficiently and achieves high predictive accuracy
with respect to a large number of distributed datasets. Zhang et al. [3] proposed a
general framework for designing online learning algorithms for large-scale distributed
data mining algorithms, which can flexibly balance among computational complexity,
communication cost and prediction accuracy.

This paper will be focused on the most common approach to distribute the data:
horizontal partitioning (i.e. by samples). We will present a methodology in which the
training dataset will be divided into several nodes. Then, each classification algorithm
is trained on each of these subsets of data, generating a corresponding model. At this
point, the test samples will be classified by one of the generated models according to a
certain metric distance. This distributed approach is proposed primarily for being able
to learn in a situation in which a huge dataset is partitioned into several disjoint nodes
for a more efficient analysis, although it can also be used for learning from several
disjoint data locations when the data cannot be merged together.

2 Distributed learning approach based on distance measures

The methodology that we propose in this work consists of a distributed framework for
classification by partitioning the data horizontally, that is, by samples. In the horizontal
partitioning, the dataset is divided into several nodes that have the same features as the
original dataset, each containing a subset of the original samples. Basically, our pro-
posed framework can be summarized in the three following stages: (1) partition of the
training dataset into several nodes, (2) calculate the distance between the test samples
and the different nodes and (3) classify each test sample using the model generated by
the partition with the minimum distance to that test sample.

The first step of our methodology is to randomly partition horizontally the training
dataset into a number of disjoint nodes. Since the partition is being made by sam-
ples, it is necessary to bear in mind that random distributions of the data might imply
that some of the classes are not represented exhaustively in all nodes. To solve this
problem, we divide the data maintaining the original class proportions in the training
dataset. Using the above framework, as we divide the dataset into p disjoint subsets, the
memory requirement will decrease by a factor of 1/p, which is a substantial reduction.
Then, for each test sample, we calculate the distance between these test instances and
the different nodes in which the original dataset has been divided. Among the exist-
ing distance metrics, we used Hamming and Hellinger since they measure differences
between distributions, described as follows.

e The Hamming distance (d,,,) between two vectors is the number of coeffi-
cients in which they differ [4]. Given an ma-by-n data matrix X, which is treated
as mx (1-by-n) row vectors x1, To, ..., Tz, and my-by-n data matrix Y, which
is treated as my (1-by-n) row vectors y1, ¥z, ..., Ymy, the distance between the
vector x5 and y; is defined as follows:

dHam = (#(Isj 7& ytj)/n)

Rows of X and Y correspond to samples, and columns correspond to features.
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e The Hellinger distance (dy.;) is a measure of distributional divergence [5]. Re-
cently, Hellinger metric has been receiving significant attention in the machine
learning area since it detects failures in classifier performance due to shifts in
data distributions [6]. It can be expressed as follows, where = and z; are dis-
crete probability distributions.

n
B = 5 (o — Vi)
j=1

At this point, we classify each test sample using the model generated by the partition
with the minimum distance to that test instance. If several partitions obtain the same
distance to a test sample, we take the least complex partition. In order to calculate
the complexity of the partitions, we use the data complexity measure Fisher’s multiple
discriminant ratio for C' classes [7], which is defined as:

Zgzl,jzl,i¢j pipj(pi — 117)?
> i1 Pio}
where y;, 02 y p; are the mean, variance, and proportion of the ith class, respec-
tively. In practice the inverse of F1 is preferred, such that a small complexity value
represents an easy problem. The distributed method is applied to the training dataset in
several rounds or iterations (10 in this work). Repeating the process in several rounds
ensures that we have gathered enough information.

F1=

An example. Imagine we divide the original dataset in 5 partitions (see Figure 1).
Each partition will have the same f features as the primary dataset and m /5 samples,
where m is the total number of instances of the original dataset. Then, the distance
(Hamming or Hellinger) between each test sample and the 5 partitions is calculated. In
this example, the minimum distance is obtained by the partitions 1 and 3. Therefore,
the model generated by the third partition will be used to classify this test sample, since
it presents the lowest complexity value F'1.

Partition 1

F1=0.36
Partition 2

F1=0.38

horizontal

— Partition 3

Data F1=0.32
Partition 4

F1=0.34
Partition 5

F1=0.41

Fig. 1: An example of the proposed distributed methodology.

features

classification
Model

Partition 3

samples

3 Experiments

In this section we present and discuss experimental results in terms of classification
accuracy and runtime over five datasets, comparing the centralized standard approach
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and the distributed method proposed in this work.

3.1 Setup

In order to evaluate empirically the proposed distributed framework, we used five da-
tasets, described in Table 1 in terms of the number of training and test samples, the
number of features, the number of classes and the imbalance ratio (IR), defined as the
number of samples in the majority class divided by the number of samples in the minor-
ity class, where a high score indicated a highly unbalance dataset. The number of nodes
in which each training dataset is partitioned was calculated trying to maintain a propor-
tion between the number of samples and the number of features, with the constraint of
dividing each dataset into at least three nodes.

#Samples
Dataset Training  Test  #Features #Classes IR #Nodes Download
Connect4 45,038 22,519 42 3 7.95 45 [8]
Isolet 6238 1559 617 26 1.01 5 [8]
Madelon 1600 800 500 2 1.03 3 [8]
Ozone 1691 845 72 2 26.27 11 [8]
Spambase 3067 1534 57 2 1.45 5 [8]

Table 1: Characteristics of the datasets used in the experimental study.

Two classifiers were chosen to evaluate the performance of the framework: k-
Nearest Neighbor (KNN) [9] and Support Vector Machine (SVM) using a linear kernel
[10], since they are based on distances. Both classifiers are executed in the Weka [11]
environment, using default values for the parameters.

3.2 Results

Table 2 displays the classification accuracy obtained by kNN and SVM classifiers both
with the centralized and distributed approaches. For the distributed approaches, the av-
erage of the ten repetitions is shown, as well as the standard deviation. Statistical tests
are not provided because the centralized approach has been validated using the hold-
out technique. Notice that, since we have the datasets divided into training and test sets,
the centralized approach obtains always the same result. In the case of the distributed
approaches, the accuracy varies because on each repetition the partition of the training
dataset. As can be seen, the results are very variable depending on the dataset. For
some datasets (Madelon and Spambase) the highest accuracies are achieved by cen-
tralized approaches. For other datasets (Connect4, Isolet and Ozone), the distributed
approach maintains or even improves in some cases with regard to the standard central-
ized process. However, the important conclusion is that by distributing the data there is
not a significant degradation in accuracy.

In terms of runtime, we have to take into account the time required by the classi-
fication algorithms for both centralized and distributed approaches. Notice that in the
distributed approach, considering that all the partitions can be processed at the same
time, the time is the maximum of the times required by the classifier in each subset
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Connect4 Isolet Madelon Ozone Spambase
C 57.97 54.30 57.40 95.62 78.46
% D-Hamming 54.554+1.72 57.884+0.65 56.58+1.82 95.52+0.28 73.85+1.17
=~ D-Hellinger 50.35+£2.07 55.43+0.52 57.1741.62 95.2940.54 73.61+£1.36
C 60.42 79.03 58.88 98.70 84.69
E D-Hamming 61.834+0.12 79.324+0.47 57.49+2.90 98.71+£0.07 81.88+1.49
“2 D-Hellinger 54.40+0.16 79.18£0.39 55.62+1.14 98.60+0.14 81.82+0.99

Table 2: Test classification accuracy. C stands for centralized approach, while D refers
to the distributed approaches.

generated in the partitioning stage. In these experiments, all the subsets were processed
in the same machine, but the proposed algorithm could be executed in multiple proces-
sors. Table 3 shows the speed-up values, which indicate the performance improvement
of the distributed approach with respect to the runtime of the centralized approach. For
the distributed approaches, the runtime is the sum of the time required by the classifier,
the time for calculating the distances (Hamming or Hellinger) and the partition com-
plexity. As expected, the time required by the distributed methods is drastically reduced
for all the datasets. It is worth mentioning the important reductions when the proportion
between samples and features of the dataset grows (see Connect4).

Connect4 Isolet Madelon Ozone Spambase

=z, Hamming 14.87 8.65 3.36 6.24 5.42
E Hellinger 13.78 6.60 3.38 6.56 5.77
= Hamming 19.17 5.18 4.66 7.20 6.53
5) Hellinger 17.87 4.49 4.56 7.38 6.82

Table 3: Datasets speed-up. Comparison of centralized and distributed approaches.

In light of the results, we can conclude that the distributed approaches performed
successfully, since the runtime was considerably reduced while classification accuracy
did not drop to inadmissible values.

Study case. Figure 2 shows the accuracy and the computational cost over the Made-
lon dataset using 1-5 nodes. We can obverse that the runtime decreases drastically using
the distributed approach (SVM classifier with Hamming distance) over the standard
method (1 node), but there is no significant reduction in the processing times using 2-5
nodes. According to classification accuracy, three nodes achieved the best performance
among the distributed methods (only 1.39% inferior to the centralized approach).

4 Conclusions and future work

In the era of Big Data, as data sizes grow and models become more complex, it is nat-
ural to consider replacing centralized classification by distributed methods, as a way to
reduce computational and memory costs. In this work, we present a methodology for
distributed classification over horizontally partitioned data. First, the original dataset
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Fig. 2: Classification accuracy and runtime over the Madelon dataset.

will be divided in several nodes. Then, we calculate the distance —using the Hamming
and Hellinger measures— between the test samples and the different partitions in which
the original datasets has been divided. Finally, each test sample will be classified using
the model generated by the partition with the minimum distance to that test instance.
From the experiments carried out in five datasets, we can conclude that the novel pro-
cedure has demonstrated important savings in runtime and satisfactory performance.
With respect to runtime, the behavior is excellent, being this fact the most important
advantage of our method. As future research, we plan to extend this study exploring
more data driven ways to split the data, as well as using other distance metrics.
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