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ABSTRACT

The main objective of data mining is to acquire information from a set of data for prospect applications
using a measure. The concerning issue is that one often has to deal with large scale data. Several
dimensionality reduction techniques like various feature extraction methods have been developed to
resolve the issue. However, the geometric view of the applied measure, as an additional consideration,
is generally neglected. Since each measure has its own perspective to the data, different interpretations
may achieved on data depending on the used measure. While efforts are often focused on adjusting the
feature extraction techniques for mining the data, choosing a suitable measure regarding to the nature
or general characteristics of the data or application is more appropriate. Given a couple of sequences, a
specific measure may consider them as similar while another one may quantify them as dissimilar. The
goal of this research is twofold: evincing the role of feature extraction in data mining and revealing the
significance of similarity measures geometric attributes in detecting the relationships between data.
Differrent similarity measures are also applied to three synthetic datasets and a real set of ECG time

series to examine their performance.

doi: 10.5829/idosi.ije.2015.28.12c.05

1. INTRODUCTION

Data mining is essential in a wide range of applications
including machine learning [1], data visualization [2],
classification [3], and clustering [4]. Analyzing data to
discover similar patterns, unfamiliar events, or
relationship between data is the undertaken task in data
mining [5]. As a case in point, examining
electrocardiogram (ECG) signals to clarify the
difference between normal and abnormal activities of a
patient in medicine [6]. One concerning issue is the
undesirable excessive running time in dealing with
lengthy time series [7].

Dimensionality reduction techniques like feature
extraction approaches are solutions to enhance both the
accuracy and the speed. There are various types of
feature extractions methods in the literatures such as
singular value decomposition (SVD), the discrete
fourier transform (DFT), and the discrete wavelet
transform (DWT) [7-9]. Pattern recognition and
machine learning systems are highly influenced by the
quality of the derived values of the raw data in the
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feature extraction approach from preprocessing phase.
There is another fundamental issue in performance of
the desired tasks, choosing an appropriate similarity
measure.

Similarity measures are mathematical functions to
score the relevance between two sequences. Designated
measure in the typical systems is usually mishandled by
choosing conventional metrics like the Euclidean
distance. Although, various metrics, such as the distance
measures and the proximity measures, may exist to
analyze the characteristics of data, their perspectives on
the same pair of sequences are not alike. Two time
series might be considered dissimilar by a certain
measure such as Cosine while another measure like
Jensen considers the same pair as similar [10]. As a
deduction, there should be an effective consideration on
the measures perspicuity, their geometric point of view.
The characteristic of data presumably varies spatially in
different applications. On the other hand, measures
categorize data regarding their own geometric attributes.
Therefore, if a measure can cope with the data
characteristic, its interpretation would be more accurate.
In order to clarify the geometric view of a measure like
the Euclidean in a 3D space, consider a vector (e.g.
R=[x,y,z]) as a reference point, an infinite number of
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vectors (R1,R2,...,Rn) located on the surface of a
sphere are evaluated as the same similar to the origin
due to taking merely the location of points into account.
An intuitive understanding of this concept can be seen
in Figure 1. This is the perspective of the Euclidean
which may not be suitable in some applications.

This study aims to emphasis the importance of
similarity measures role in data mining. It is argued that
according to the type of data, a proper measure should
be chosen to reveal the relationship between samples
more precisely. However, the majority of applications,
such as sorting the agricultural products, appeal speed in
addition to the accuracy [11, 12]. Therefore, the time
consumption should be regularly considered. To
enhance the speed, reduction in the dimensionality is
carried out by feature extractions which may develop
the precision as well.

The rest of the paper is organized as follows. First, a
set of similarity measures geometry are investigated by
drawing their structures of region classifications in
section 2. Section 3 summarizes two regular feature
extraction approaches which are wused in the
experiments, the Piecewise Aggregate Approximation
(PAA) and the Discrete Wavelet Transform (DWT).
Then, the measures performance are evaluated in the
clustering problem of three synthetic datasets- CBF
(Cylinder, Bell, and Funnel), SCC (Synthetic Control
Charts), and MCW (Multi Component Waves) and one
real-world case study of ECG. In section 4, the attained
results are discussed. Finally, section 5 offers some
conclusions and possible future research.

2. THE GEOMETRY OF MEASURES

This section attempts to present an intuition behind the
similarity measures geometry. The shapes of clustering
data preferred by various measures are depicted. A
number of methods have been introduced to measure the
similarity between time series or discrete signals [10,
13-17], each of which has a different view on the data
due to their geometric attributes. Given two sequences,
X = {Xy.ox} and Y = {y,..on}, their
distance/similarity can be defined by the three group of
measures categorized in the Table 1. Details on these
measures can be found in literatures [18-20]. Each of
the functions implies a different interpretation on data.
The various geometric sights of the above mentioned
measures are illustrated using plots of the classification
regions sketched as follows.

Figure 1.Vectors with the same Euclidian distance in a three-
dimensional coordination.
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a. The measures perspective is simply drawn by

considering only two features and computing the
distance/proximity of points in the space using a
selected measure from a reference point such as R=
[X0,Yo]. As a metaphor, standing on the origin, the
world around through the eye of the selected
measure would look like the corresponding
constructed structure. The lines of the constant
contour in the plots of Figure 2 show the type of
geometric construct that suits the focus of the quest
for structure. For example, it can be seen from
Figure 2. (a,b) that the Euclidean and the Chebychev
distances favor circular and square shapes of data
cluster, respectively.

(b)

b. The measures preferred shapes of geometry can be

represented by constructing points with a certain
distance or proximity from the origin (e.g. R=
[Xo0,Y0.:20]) in space. It is quite a decent illustration for
such a basic concept that if the above measures are
employed as an excavating tool in a mine of a 3D-
space data, the extracted minerals of information
clusters would be in similar shapes of the measures
corresponding structure in Figure 3. At a glance on
the expressive plots, a meaningful difference can be
assumed between measures perception of space. In
addition, regarding the plots of each measure in
Figures 2 and 3, these differences become more
obvious as the dimension grows. Thus, the more
quantity of features in a dataset, the higher the
divergence of measures perception.

(d)

(k)

Figure 2. Geometry of the measures in Table 1 by sketching the distance of points in 2-D space from [0 0] using: a. Euclidean, b.
Chebychev, c. Hamming (city block) d. Murkowski (p=3) e. Murkowski (p=8) f. Cosine from [-0.5 0.95], g. Correlation from [1 0],
h. Jensen from [1 1], i. DTW from [0 0], j. ORL from [1 0], k. Combinational Measure from [0 0].

(b) (© (d) () 1 V)

P e ¢ @
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Figure 3. The geometry of the measures from Table 1 by constructing the points in a 3-D space having the distance: lower than 2
from [0 0 0] using a. Euclidean, b. Chebychev, c. Hamming (city block) d. Murkowski (p=20) e. Murkowski (p=-20), f. Higher than
0.95 from [1 1 1] by the Cosine, g. Lower than 0.7 from [1 0 O] by the Correlation, h. Higher than 0.1 from [1 1 1] by the Jensen,
lower than: (i) 1, (j) 10 by DTW, k. Higher than 0.95 from [1 0 0] by ORL, I. Lower than 1 from [0 0 0] by Combinational Measure.
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3. EVALUATION

As mentioned earlier, a measure perspective diverges
significantly from that of other measures as dimensions
raise. In order to gain an insight into the various
perceptions in higher dimensions, different datasets are
applied each of which with different shapes per each
class. Also, clustering problem is supposed to be a
suitable criterion for assessing similarity measures
geometric view as it is directly influenced by the
perspicuity of the applied measures on the test data [21].
To this end, three synthetic datasets are used: CBF
(Cylinder, Bell, and Funnel), SCC (Synthetic Control
Charts), and MCW (Multi Component Waves) where
each instance is a time series with the length of 128, 60,
and 189 samples, respectively. Examples of these
datasets are shown in Figure 4. These synthetic data
generated by some random processes has been generally
utilized for evaluating the proposed algorithms or
assessing the process quality specification of a
production [18, 22, 23].

At first, a clustering problem is conducted on the
raw data, the actual data with no feature extractions
involved, in time domain. This examination is repeated
for each selected measure using the nearest-neighbor
approach. The concerning issue is that the
computational complexity should be generally
considered, the amount of time consumed by the
algorithm to accomplish a procedure in detecting the
relationship between samples directly from the raw data.
So, in the next step, the effects of feature extraction are
evaluated in the similar clustering problem. The
extracted vectors of time series usually improve both the

a.1. Normal a.2. Cyclic a.3. Increasing

trend

accuracy and the speed with a reduction in the
dimensionality.

Several preprocessing techniques have been
proposed for extracting features from the time series
[24-27]. Among them, two regular ones are selected:
Piecewise Aggregate Approximation (PAA) and
Discrete Wavelet Transform (DWT). The total cost of
time is also calculated for all experiments to study the
reached speed up. The running time of the feature based
methods has two components (i.e. before the algorithm
stopped): (1) the time taken by the preprocessing
method to extract the approximated features of the time
series and (2) the time to measure the distance/similarity
(i.e. d(x,y) or s(x,y)) of the whole dataset with the 10
representatives of each class and assigning the test
sample to the nearest one.

3.1.PAA This method reduces the dimensionality
of a signal by a simple averaging approach. A sequence
of length n such as X=x,X,, ...,x, is transformed to an
approximated vector of length N (I<N<n) such as
X = %,,%,, ..., Xy using the following equation:

N,
X; :% ”ij (1)

i-Niya
n

By setting N to 1 and n this method simply represents
the mean and the identical of the original sequence
respectively. Generally, it generates a piecewise
constant approximation of the original sequence, so it
was called as Piecewise Aggregate Approximation [28].
A simple vector and a CBF time series with their PAA
approximation are shown in Figure 5.

a.4. Decreasing a.5. Upward shift a.6. Downward
trend shift

b.1.(1,13,32) b.2. (3,9,20) b.3. (5,10,45)

c.1. Cylinder c.2. Bell c.3. Funnel

Figure 4.Three synthetic datasets for similarity measures evaluation: a. SCC. b. MCW=(4 + n)[sin(fit + 8) + sin(f,t + 0) +
sin(f3t + 0)] + &.c. CBF; Cylinder= (6 + 1). X[4,5)(t) + &(t); Bell= (6 + 7). X[g ) (£). (t — a)/(b — a) + &(b);
Funnel= (6 +n). Xiqp(t). (b — t) /(b — a) + £(t). where n,& = N(0,1); a €[16,32]; b €[32,96] ;

0o , t<a

6=N (O, g), Xap)(t) = {1 ,a<t<b; (fyf fs)are the signal component frequencies

0o , t>b
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Figure 5. Examples of applying the PAA technique: a) Original vector (X=(-1,-2,-1,0,2,1,1,0)), b) Reduced representation
vector(X =( mean(-1,-2), mean(-1,0), mean(2,1), mean(1,0))=(-1.5,-0.5,1.5,0.5)) ¢) A Cylinder sample from CBF data and its

approximation.
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Figure 6. Comparison of the selected similarity measures (1. Accuracy, 2. Running time) performance in clustering problem using

PAA technique on: a) 10000 test samples of CBF (N=64, 32, 16), b)
MCW (N=63, 21).

The clustering experiment on the datasets are
conducted by applying the PAA technique with
different adjustments on the dimension reduction, the N
parameter in (1). The performances of selected
measures are presented in the Figure 6.

According to the experiment on the raw data of
CBF, the best accuracy was achieved by the most
complex measure, the DTW. Since the time complexity

600 test samples of SCC (N=30, 15), c). 3000 test samples of

of DTW is O (n®) [29], the speed is significantly
improved by reducing the dimensionality. However, its
accuracy seems to be sensitive to these change. As it
can be seen, the performances of simple measures like
the city block and also the ORL are enhanced in
comparison with that of the experiment on raw-data.
Applying the PAA technique on the SCC data has
revealed interesting results. All selected distance and
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proximity measures present an enhancement in accuracy
at decreasing the size from 30 to 15. Even the combined
measure, which utilizes the properties of the both types,
shows an improvement. Regarding the charts in Figure
6(b.1), considerable achievements in these kinds of
measures were attained in comparison with the
experiment on raw data, while DTW and ORL
outcomes are slightly inferior. Dealing with the PAA
approximated MCW, majority of the measures decline
not only in the running time, but also in their accuracy.
The ORL is an exception which performs perfectly
same as on the raw data.

3. 2. DWT Discrete Wavelet Transform (DWT)
approximates a signal by weighted sum of wavelet
functions. It is similar to the Fourier transform where a
signal is decomposed into a weighted sum of sinusoids
[30]. Though, it considers both frequency and location
in time for estimation. The same clustering experiments
on the datasets are performed by using DWT. A
comparison of the performance of different measures in
clustering DWT coefficients of the datasets is presented
in Figure 7.There is a growth in the ORL performance
in CBF dataset applying the wavelet transform, the best
accuracy has gained by the ORL using 2-level DWT.
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Also, there are some slight changes in the accuracy of
the distance measures. Dimensionality reduction using
the DWT on the SCC has made a moderate increase in
the accuracy of the measures except the ORL and the
DTW. There is a dramatic fall in the running time of the
DTW which can be considered as an asset while its
accuracy declines to some extent. The performances of
the measures on the MCW dataset clustering show
minor alterations applying the DWT while the ORL is
still steady towards this dataset.

3. 3. An Example of Real-World Application - ECG
Dataset In this experiment, a dataset of 890 recorded
electrocardiogram time series has been used, named the
ECG Five Days [31]. It comprises 23 training data and
861 test data with the length of 136 samples. Figure 8
shows instances of the two classes ECG time series.

As it can be seen from above plots, the objects from
two different classes are totally alike, and it is even
difficult for an inexperienced individual to make a
distinction between them. Figure 9 presents the
performance of different measures in this classification
problem using the nearest neighbor approach.
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Figure 7. Performance comparison of the selected similarity measures (1. Accuracy, 2. Running time) performance in clustering
problem using three different levels of DWT on: a) 10000 test samples of CBF, b) 600 test samples of SCC, ¢) 3000 test samples of

MCW.
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Figure 9. Performance comparison of the selected similarity measures (1. Accuracy, 2. Running time) performance in ECG
classification problem using: a) three different levels of DWT, and b) PAA technique on: (N=68, 34, 17)

On this dataset, the most of the measures accuracy
hardly reaches 80%, even the robust Dynamic Time
Wrapping. However, the ORL algorithm gains 98.95%.
According to the classes, some sort of translations
involved in signals like amplitude-scale, time-shift, and
phase-delay are the most distinctive attributes.
Therefore, it can be claimed that the ORL excel is due
to being invariant against these kind of transformations.

4. DISCUSSION

The main contribution of this paper is to demonstrate
that the more sophisticated preprocessing procedures
and the measuring algorithm do not necessarily
guarantee the optimum performance in data analysis.
Decide on an appropriate measure along with a proper
dimensionality  reduction  technique should be
considered based on the nature of the data in specific


hamid
Rectangle

hamid
Rectangle

hamid
Rectangle

hamid
Rectangle

hamid
Rectangle

hamid
Rectangle


1735 A. Darvishi and H. Hassanpour/ IJE TRANSACTIONS C: Aspects Vol. 28, No. 12, (December 2015) 1728-1737

application. For a given dataset, the efficiency of
clustering algorithm depends not only on the reliability
of the approximated features in the reduced
dimensionality space, but also on the similarity measure
geometry nevertheless.

Most researches have focused on modifying the
dimensionality reduction techniques that offer better
derived values of their datasets. However, they usually
choose an arbitrary measure of similarity. In contrast,
the obtained results in pervious section show that the
role of the selected measure is more significant than the
selected features. As a case in point, it can be seen from
Figure 6(b.1) that the majority of the measures accuracy
improve in clustering the SCC using PAA. However,
the amounts of the enhanced accuracies remain
proportional against each other in comparison with the
previously gained results on the raw data. In other
words, it is of course accurate that dimensionality
reduction techniques would eventually improve the
performance, but the most promising assumption is that
the more the geometry of the measure cope with the
nature of data, the better the overall performance. The
general trends of measures accuracy using feature
extractions follow their achievements on the raw data
(Figures 6, 7, and 9), it has made no surprising changes
in the measures accuracy against each other. It can be
claimed that the outcomes are more sensitive to the
applied measure rather than the applied dimensionality
reduction technique. Therefore, decision on which
measure to utilize should be ahead of feature extraction
method.

The best gained accuracy in: CBF is achieved by
ORL using 2-level wavelet transform (99.23%). For
SCC, it is attained by DTW applied to the raw-data
(98.66%), and MCW s perfectly clustered by ORL in
the whole experiments (100%). The ORL method for
the ECG dataset has also attained a better performance
than the traditional methods on the raw-data (98.95%).
Although the running time of the complex measures is
enhanced by feature extractions methods, their accuracy
fluctuate from data to data. In contrast, the speed of
clustering using simple measures has been slightly
degraded by applying extraction methods, while their
achieved accuracy improved in the most cases (refer to
Figure 7b).

There are many circumstances that it would be
preferred to lose some accuracy for a better running
time such as in sorting and grading tons of agricultural
and food products. The impact of dimensionality
reduction techniques would be more obvious in such
situations. The algorithms have been implemented in
MATLAB. All experiments are performed on a PC
running Windows 7, a 2.4 GHz Intel® Core™2 Duo
CPU, 2 GB of DDR2 SDRAM memory, and a 200 GB
SATA-150 hard drive. The consumed times of best
achievers are 1903.9, 263.54, 302.81 seconds for CBF,
SCC, and MCW, respectively. Though significant

speedup can be attained by sacrificing a few percent of
accuracy. For instance, using: the Minkowski (p=0.7)
with the PAA (N=64) for CBF, 14.35X speedup is
attained by only sacrificing 2.24% of accuracy (96.96%,
132.66secs), 59.22 times improvement in speed is
achieved by Block with PAA (N=15) losing just 0.83%
of accuracy in SCC (97.83%, 4.45secs), and the speed
increases 38.62 times for MCW using Chebychev with
DWT (1-level) while accuracy decreases 9.5% (91.5%,
7.84secs). These enormous enhancement in time
consumption would be definitely tempting to not prefer
the sophisticated measures in many situations because
the optimal performance would be frequently a demand
of speed rather than the high precision.

5. CONCLUSIONS

This article concludes that the suggested method for an
optimum data mining is a technique that searches for the
most proper similarity measure depending on the type of
data or application, then performs dimensionality
reduction on the data to gain a better accuracy and
speed. In the most researches, a traditional measure has
been chosen and some overrated attempts focused on
adjusting feature selection. Nevertheless, the regardless
designated measure has a greater impact on the overall
consequence. To investigate this view, clustering
problem using the nearest-neighbor approach, which is
straightly subjective to the perspicuity of the applied
measures, has been conducted on three synthetic
datasets and a real one. The gained outcomes show that,
while the features based approach improve the
performance of similarity measures in clustering the
datasets, the results seems to be more sensitive to the
measures interpretation of data since the amount of
enhancements trends are also proportional to the results
on raw data.

To put it in a nutshell, the measure geometric sight
should cope the data nature. For the next steps, a proper
feature extraction method can enhance both the
accuracy and speed. Hence, it is highly beneficial to
devise a mathematical or signal processing tool which
can offer an insight to geometric attributes of measures
and data in higher dimensions. It would certainly assist
data mining community for choosing a proper measure
and dimensionality reduction technique based on the
nature of application or data.
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