CHAPTER 11

MEANINGLESSNESS OF SUBSEQUENCE TIME SERIES
CLUSTERING

Subsequence Time Series Clustering (STSC) has been proven both empirically (Peker,
2005; Chen, 2007a; Goldin et al., 2006; Denton, 2005; Keogh et al., 2003; Fujimaki et al., 2008;
Kontaki et al., 2008; Chen, 2007b; Simon et al., 2006) and theoretically (Idé, 2006a,b) that its
output is meaningless. Keogh and Lin (Keogh and Lin, 2005) first flagged this issue by observa-
tion that STSC always produced a set of sine waves as cluster representatives instead of expected
patterns from a time series sequence. In addition, they also proposed a meaningfulness measure-
ment, so-called Keogh-Lin Meaningfulness Measurement (KLMM). Specifically, KLMM defines
that cluster representatives should be similar if the representatives are from the same input se-
quence, and cluster representatives should be dissimilar if the representatives are from different
input sequences. However, this thesis argues that KLMM is an invalid measurement for two rea-
sons. First, although cluster representatives from different input sequences are sine waves, these
sine waves may have different phases and frequencies. Second, KLMM only measures cluster-
ing results without considering how similar input sequences are; similarity between two input
sequences are not defined for KLMM. For example, clustering results from two similar sequences
must be very similar, but they are considered meaningless in the view of KLMM, even a clustering
algorithm does produce a meaningful result. In this chapter, the meaninglessness of clustering re-
sults of STSC will be demonstrated, and KLMM will be shown that it is an invalid meaningfulness

measurement.
2.1 Background

In this section, background knowledge of Subsequence Time Series Clustering (STSC),
k-hierarchical clustering, k-means clustering, Euclidean distance, and Amplitude Averaging is

provided to give better understanding of STSC’s the meaninglessness.
2.1.1 Subsequence Time Series Clustering (STSC)

Subsequence Time Series Clustering (STSC) has been proposed to discover patterns or to
group subsequences as a part of a subroutine or a preprocessing step of various mining tasks such

as rule discovery (Das et al., 1998; Fu et al., 2001; Harms et al., 2002b,a; Hetland, 2002; Jin et al.,



2002b,a; Mori and Kuni, 2001; Osaki et al., 2000; Sarker et al., 2003_; Uehara and Shimada, 2002;
Yairi et al., 2001), indexing (Li et al., 1998; Radhakrishnan et al., 2000), classification (Cotofrei,
2002; Cotofrei and Stoffel, 2002), prediction (Schittenkopf et al., 2000), and anomaly detection
(Yairi et al., 2001). Given a time series sequences S = (s1, 82, .- , 8n) of length n, STSC first
extracts a set S = {S1,82,...,Si,...,Sn—w+1} Of subsequences using a fixed-length sliding
window, where a subsequence S; = (S, Si41,- - - » Sitw—1),1 <1 <n—w+1,and wis the sliding
window length. Then every subsquence is normalized by z-normalization (see Section 2.1.6), and
subsequences are clustered by k-hierarchical clustering or k-means clustering algorithms with
Euclidean distance and Amplitude Averaging as a distance measure and an averaging function.
In addition, Euclidean distance is used to calculate similarity between two subsequences and
Amplitude Averaging function is used to construct a cluster representative for each cluster. STSC
finally returns a set of clusters returned from k-hierarchical clustering or k-means clustering.
Formally, STSC receives a long time series S with two parameters, i.e., the number of clusters
(k) and the length of a sliding window (w), and returns a set C = {E@Re,, .- .,Ca.1. , Gfiffof
clusters, where each cluster C; = (M, R) contains cluster members M = {S; | S; € S} and a
cluster representative R = (r1,7T2,...,Ty). Pseudo code of STSC is provided in Table 2.1 and

Figure 2.1 visualizes an overview of STSC.

Table 2.1: Pseudo code of Subsequence Time Series Clustering (STSC)

FUNCTION [C] = SUBSEQUENCETIMESERIESCLUSTERING [S, k, w]

1. S=EXTRACTSUBSEQUENCES(S, w)

2.  SNorm = NORMALIZESUBSEQUENCES(S)

3. C = CLUSTERING(SNorm, k) // with Euclidean distance and Amplitude Averaging
4. Return C

Clustering
(Euclidean distance)

Figure 2.1: Overview of Subsequence Time Series Clustering (STSC)
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2.1.2 K-Hierarchical Clustering

K -hierarchical clustering used in STSC is an agglomerative clustering algorithm. AGNES
(AGglomerative NESting) is a well-known hierarchical clustering algorithms that can visualize
relationships among data sequences in a hierarchical structure or a tree-based structure on dis-
tance calculations. Although many variations of hierarchical clustering algorithms have been
introduced such as BIRCH (Zhang et al., 1996) (Balanced Iterative Reducing and Clustering Us-
ing Hierarchies), ROCK (Guha et al., 2000) (A Hierarchical Clustering Algorithm for Categorical
Attributes), and Chameleon (Karypis et al., 1999) (A Hierarchical Clustering Algorithm Using

Dynamic Modeling), AGNES is commonly used due to implementation simplicity.

Speciﬁcally, AGNES has been proposed to group data using bottom-up strategy. The
method iteratively merges two atomic clusters into a larger cluster until one single cluster con-
taining every data sequences is achieved. For each iteration, two clusters which have min-
imum inter-cluster distance are merged. However, grouping a dataset into one single clus-
ter for agglomerative clustering is impractical; therefore, the number of clusters (k) is re-
quired. Concretely, pseudo codes of the agglomerative clustering algorithm which receives
asetS = {5,82,...,8i,...,Sp} of time series sequences as an input and returns a set
C = {C1,Cs,...,C;,...,Ck} of k clusters as an output, where each C; = (M, R) contains

aset M = {S; | S; € S} of time series sequences and a cluster representative R, are shown in

Table 2.2.

Table 2.2: Agglomerative hierarchical clustering algorithm (AGNES)

FUNCTION [C] = AGGLOMERATIVECLUSTERING [S, k]

Initialize a set C of clusters which contains one sequence from S
While (the size of C > k)
distpest = INFINITY
For each pair of C;j and C; in C
dist = INTERCLUSTERDISTANCE(C;, Cj)
if (dist < distpest)
d’iStbest = dist
DPAiTpest = [Ci’ C]]
Endif
Endfor
{Civ CJ] = pairbest
Cx = MERGE(C;, Cj)
Remove C; and C; from C
Add Cx to C
Endwhile
For each cluster C in C
C.R = AVERAGE(C.M)
Endfor
Return C

Pk ek ke
RSN TETETRCR A G S ek o




11

While many similarity functions between two clusters (called inter-cluster distances) have
been proposed, three functions are typically used, i.e., single linkage, complete linkage, and aver-
age linkage inter-cluster distance functions. Single linkage function returns a minimum distance
among all possible pairs between two clusters, while complete linkage function returns a maxi-
mum distance among all possible pairs between two clusters. On the other hand, average linkage
function finds a mean value of all distances. Pseudo codes of single, complete, and average link-
age distance functions are provided in Table 2.3, 2.4, and 2.5, respectively, and these inter-cluster

distances are formalized as follows.

D ingtelCs+C5) = SeMmgiSI’leM- Distance(S,S’) 2.1
Deomplete(Ci, Cj) = sopnBX Distance(S,S’) (2.2)

1 .
B verattlCi, Col= Wc;cgépzstance(s,s') (2.3)

where Dgingle, Deompletes and Dgyerage are single, complete, and average linkage distance func-
tions, respectively, C; and C are any clusters, M; and Mj; are corresponding cluster members of
C; and C;, respectively, and S and S’ are sequences in M; and Mj;, respectively. Distance(S,S’)

is a distance function that returns a distance between two sequences S and S'.

Table 2.3: Pseudo code of single linkage distance function

FUNCTION [distpest] = SINGLELINKAGE [C;, Cj]

M is a set of cluster member of C;
M is a set of cluster member of C;
distpest = INFINITY
For each sequence S in M;
For each sequence S’ in M;
dist = DISTANCE(S, ')
if (dist < distpest)
distpest = dist

Endif
10. Endfor
11. Endfor
12. Return distpest

1O 00 SHINON (LA i (d1iED) i

For Subsequence Time Series Clustering (STSC), Euclidean distance and Amplitude Aver-

aging is used as a distance function and an averaging function.
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Table 2.4: Pseudo code of complete linkage distance function

FUNCTION [distpest] = COMPLETELINKAGE [C;, Cj]

M,; is a set of cluster member of C;
M is a set of cluster member of Cj;
distpest = INFINITY
For each sequence S in Mj;
For each sequence S’ in Mj;
dist = DISTANCE(S, S’)
if (dist > distpest)
distpest = dist

Endif
10. Endfor
11. Endfor
12. Return distpest

PO NAU R LN

Table 2.5: Pseudo code of average linkage distance function

FUNCTION [distavg] = AVERAGELINKAGE [Ci, Cj]

M, is a set of cluster member of C;
M is a set of cluster member of Cj
distaug =0
For each sequence S in Mj;
For each sequence S’ in Mj;
distayg = distapg + DISTANCE(S, S')
Endfor
Endfor
distavg = distavg / |M;||M;|
Return distaqg
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2.1.3 K-Means Clustering

K -means clustering algorithm (Lloyd, 1982; MacQueen, 1967) is a partitioning clustering
that finds a group of clusters by iteratively refining members in each cluster to have the max-
imum objective value that minimizes summation of distances between a cluster representative
and cluster members for every cluster. Beside k-means clustering, many partitioning clustering
algorithms are proposed including k-medoids clustering (Kaufman and Rousseeuw, 2005) and
CLARANS (Kaufman and Rousseeuw, 2005). Both k-medoids and CLARAN use a median of
cluster members instead of a mean. However, a median cannot reflect all characteristics of all data
sequences of a cluster because a median is selected from one of existing data sequences, while
a mean is a sequence constructed by averaging all data sequences within a cluster. Therefore,

k-means clustering is much more preferable than k-medoids and CLARAN.

Initially, k-means clustering first selects k centers by randomizing existing data sequences
fromasetS = {S1,82,...,S;,...,Sn} of sequences, where S; = (s1,82,...,Sw) is a time se-

ries sequence of length w, and then remaining sequences are assigned to the closest cluster center,



13

where k is a user-defined number of clusters. After fhat, a new cluster center is calculated by av-
eraging all cluster members within each cluster. The‘algorithm repeats assigning data sequences
to the closest center and recalculating for cluster centers until the clustering result remains un-
changed. When the algorithm terminates, a set C={C,Cs,...,Ci,...,Cy} of clusters, where
each cluster C; = (M, R) contains a set M = {S; | S; € S} of cluster members and a cluster
representative R = (r1,72,...,Ty) is returned. To be more concrete, pseudo code of k-means

clustering is provided in Table 2.6.

Table 2.6: Pseudo code of k-means clustering

FuNcTION [C] = KMEANSCLUSTERING [S, k]

1. Initialize a set C of k cluster centers with existing sequence in S
2. Do

3 For each sequence S in S

4. distpest = INFINITY

5 For each cluster C'in C
6

7

8

9

R = Cluster representative of C
dist = DISTANCE(S, R)

If (dist < distpest)

. distyest = dist
10. Cbest =C
11. Endif
12. Endfor -
13. Assign S t0 Cpest The National Research Council of Thailand
14. Endfor o "
15. For each cluster C'in C ieal)
16. C.R = AVERAGE(C.M) Daterivinnens 2 Gaﬁgtme ..... YT :
17.  Endfor o— 42167
18.  While (all cluster members in C change) =t
10, HettiiC T o IR TTTTTTTITTTTIen

Subsequence Time Series Clustering (STSC) with k-means clustering uses Euclidean dis-

tance and Amplitude Averaging as a distance measure and an averaging function, respectively.

2.1.4 Euclidean Distance

Euclidean distance (Keogh and Ratanamahatana, 2005) is a well-known similarity measure
used in many domains including time series data. The distance is calculated in one-to-one manner
shown in Figure 2.2, where the distance is a summation of difference between two data points in
the same dimension. Euclidean distance between two time series sequences A and B is calculated

by the following equation.

Euclidean(A, B) =
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where A = (a1,a2,...,ai,...,0,) and B = (b1,ba,...,b,...,by) are two time series se-

quences of length n.

Figure 2.2: Example of Euclidean distance calculation.

For Subsequence Time Series Clustering (STSC), Euclidean distance is used as a distance
measure in k-means clustering and k-hierarchical clustering algorithms. However, at the end
of this chapter (Section 2.4), Euclidean distance will be shown that it is a cause that makes a

clustering result of STSC meaningless.
2.1.5 Amplitude Averaging

Amplitude Averaging function is a method to construct a mean of a set of time series se-
quences, where a value of each dimension of a mean is derived from averaging all values of the
same dimension for all sequences. A mean Z = (21,22, - -, Zi - - - , zn) from Amplitude Averag-
ing of two time series sequences A = (a1, az,...,ai,- .- ,az) and B = (b1, ba,...,bi, ... bn)
of length n is calculated by z; = 9"2*—”1 The example is shown in Figure 2.3; a mean sequence
is generated from two sequences A = (2,3,8,2, 1,3) and B = (3,1,2,8,3,2) by Amplitude

Averaging function.

1 2 3 4 5 6 7

a) Original sequences A and B

0 ; e
Amplitude Averaging

5<»~./.\/\f———<.

0 . i i
1 2 3 4 5 6 7

b) Averaged result generated from Amplitude Averaging

Figure 2.3: Example of Amplitude Averaging calculation.

However, if two sequences A = (a1, az,...,ai,...,an) and B = (b1,ba,...,b;, ... ,bn)

have different weights, w4 and wp, respectively, a mean sequence Z = Lo 2 e 0 By w55 B
_ waaitwpb; - _

can be computed by z; = ‘—"—Aﬁ+—:’:—l And for averaging a set S = {S1,S2,...,S;,...,Sm} of



sequences, a mean sequence Z = (21,22, - -, i - - , 2n) can be computed once by z; =

and the pseudo code is provided in Table 2.7.

Table 2.7: Pseudo code of Amplitude Averaging function

FUNCTION [Z] = AMPLITUDEAVERAGING [S]

1.

2
3
4
5
6.
7
8
9
10

Initialize the sequence Z to all zeros
For each sequence S in S
For each data point s; in S
2i=2;+8;
Endfor
Endfor
For each data point z; in Z
Zi =2 / ISl
Endfor
Return Z

For Subsequence Time Series Clustering (STSC), Amplitude Averaging function is used as

an averaging function to construct a cluster representative; however, in this section, Amplitude

Averaging will be shown that it is one of the causes that makes the output of STSC meaningless.

2.1.6 Z-Normalization

Normalization is a function to rescale a sequence to a specific range. In data mining, many

normalization techniques (Han and Kamber, 2000) have been proposed such as min-max nor-

malization, sigmoid normalization, and z-normalization. For time series data, z-normalization

is typically used to remove an offset and imbalanced distribution. In addition, the sequence is

normalized to obtain a mean and a standard deviation of zero and one, respectively. Given a se-

quence A = (a1, az,...,a;,.

.., ay) of length n, a new sequence Z = (21,22, -, Zi,- - - ,Zn) 18

normalized according to the following equations.

7= ai —HA (2.4)
A
n
2
== 2.5
HA = (2.5)

(2.6)
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where 114 and o 4 are a mean and a standard deviation of the sequence A, respectively.

Example is shown in Figure 2.4, where the original sequence is normalized to have its mean

and standard deviation of zero and one, respectively.

0 20 40 60 80
a) Original sequence

0 20 40 60 80
b) Normalized sequence

Figure 2.4: Example of z-normalization.

For Subsequence Time Series Clustering (STSC), a set of sequences extracted from a long
time series sequences needs to be normalized before clustering with k-means clustering and k-
hierarchical clustering algorithms. If normalization is not applied, subsequence clustering will
produce undesired results since similarity between subsequences must be independeﬁt to mean

and standard deviation of subsequences.
2.2 Related Work

Keogh and Lin have published a paper describing that an output of Subsequence Time Se-
ries Clustering (STSC) is a set of sine waves that is considered meaningless (Keogh and Lin,
2005). This leads to many arguments in data mining community since STSC has been imple-
mented as a subroutine and a preprocessing step of hundreds of mining applications such as rule
discovery (Das et al., 1998; Fu et al., 2001; Harms et al., 2002b,a; Hetland, 2002; Jin et al.,
2002b,a; Mori and Kuni, 2001; Osaki et al., 2000; Sarker et al., 2003; Uehara and Shimada, 2002;
Yairi et al., 2001), indexing (Li et al., 1998; Radhakrishnan et al., 2000), classification (Cotofrei,
2002; Cotofrei and Stoffel, 2002), prediction (Schittenkopf et al., 2000), and anomaly detection
(Yairi et al., 2001). Since Keogh and Lin proved that STSC is meaningless, all the works and
that successors utilized STSC are also considered invalid. Generally, STSC extracts subsequences
from a long time series as an input and returns a set of clusters as an output. Keogh and Lin found
that although an input changes, an output remains the same; in other words, STSC always pro-
duces the similar sine waves as cluster representatives regardless of a data input of the clustering

algorithm.
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Keogh and Lin claim that STSC is meaningless by the following experiment. Thirty each
of three patterns, i.e., Cylinder, Bell, and Funnel (Saito, 1994), of length 128, shown in Figure

2.5, generated from the following equations are concatenated to create a long sequence in Figure

2.6.

c(t)=(6+n) xla,b](t) +¢€(2) @7
b(t) = (6+mn) x[a,b] () (t—a)/(b—a)+e(t) (2.8)
f@&)=(6+n) xla,b (@) (b-1t)/(b—a)+e(t) 29)
0 t<a
xla,d=<¢ 1 a<t<b (2.10)
0 t>b

where 7 and € (t) are drawn from a standard normal distribution NV (0, 1), a is an integer drawn
uniformly from [16, 32], b — a is an integer drawn uniformly from [32, 96], and ¢ is varied from

1 to 128.

0 20 40 60 80 100 120

a) Cylinder

0 20 40 60 80 100 120
¢) Funnel

Figure 2.5: Examples of Cylinder-Bell-Funnel dataset
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0 200 400 600 800 1000 1200 1400 1600 1800 2000

Figure 2.6: Some part of Cylinder-Bell-Funnel sequence

-1
0 20 40 60 80 100 120

Figure 2.7: Cluster representatives generated from STSC

When thié sequence is clustered by STSC, sine-wave-like cluster representatives (see Figure
2.7) are returned, while original patterns are expected to be a result. Keogh and Lin also propose
a meaningfulness measurement, so-called Keogh-Lin Meaningfulness Measurement (KLMM),
defining that the subsequence clustering is meaningful when the clustering algorithm returns sim-
ilar cluster representatives from the same input sequence and dissimilar cluster representatives
from different input sequences. Suppose X = {A1,As,..., X} and Y = {D1,Y2,...,n}
are two sets of clustering results from n different runs of two different datasets, where X =
{X’l,f(z, S ,X’k} and Y = {}71,172, o ,}A’k} are two sets of cluster representatives, respec-

tively. The meaningfulness of KLMM can be calculated from the following equations.

- Z?___l Cluster Distance (X;, X;)

WithinDistance (X) = 2 (2.11)
k k ;
1> 5= ClusterDist X, V;
BetweenDistance (X,Y) = =L ZJ“I i kz e (X y]) (2.12)
KLMM (X,Y) = WithinDistance (X) 2.13)

BetweenDistance (X, Y)

where WithinDistance (X) is a distance between sets of cluster representatives from the
same input sequence, BetweenDistance (X,Y) is a distance between sets of cluster represen-
tatives from different input sequences, and ClusterDistance (A, B) can be calculated from
the summation of minimum distances between two sets of cluster representatives. The re-
sult is meaningful when KLMM returns the value close to zero since WithinDistance (X)

is small and BetweenDistance (X,Y) is very large; otherwise, the result is meaningless.
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Cluster Distance (A, B) can be formalized as the following equation.

k
Cluster Distance (A, B) = Zmin [BuclideanDistance (A;, B;)],1<j <k  (2.14)

i=1

where A = {A;, As,. .., Ai,..., Ay} and B = {B1, By, ..., Bj, ... , B} are two sets of cluster

representatives.

However, KLMM is an invalid meaningfulness measurement for two reasons. The first
reason is that with the same number of clusters and the same length of sliding window, cluster
representatives of two different input sequences may be sine waves with different phases and
frequencies. STSC always produces sine waves regardless of an input sequence; therefore, if
cluster representatives are sine waves, the clustering result would mistakenly be considered as
meaningless. However, Euclidean distance utilized by KLMM cannot capture similarity between
two sine waves with different phases and frequencies; therefore, KLMM considers clustering

results are meaningful although results are all sine waves.

Secondly, KLMM assumes that two clustering results are meéningful if they are different.
For any meaningful subsequence clustering algorithm, if two input sequences are similar, the
clustering results are expected to be similar as well, and if two input sequences are different,
the clustering results are expected to be different, but KLMM will always flag any two similar
clustering results as meaningless regardless of similarity between two input sequences. Although
a meaningful subsequence clustering algorithm exists, KLMM cannot tell how meaningful they

are.

Many successor papers in finding a meaningful subsequence clustering also unawares use
KLMM as a meaningfulness measurement to evaluate their algorithms; therefore, their experi-
ments become invalid. For theoretical study, Ide (Idé, 2006b) proved that STSC always returns
sine waves regardless of an input sequence. In this thesis, a new meaningfulness measure will be
introduced in Chapter IV to be used as a meaningfulness measurement for Shape-based Subse-

quence Time Series Clustering (2STSC).
2.3 Experiments

Two following experiments will demonstrate that STSC produces meaningless clustering

results and that KLMM is an invalid meaningfulness measurement. Datasets used in these exper-
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iments are eight time series of length 2000 from the Time Series Data mining Archive (TSDMA)
(Keogh and Folias, 2011) shown in Figure A.1. Figure 2.8 shows Buoy1 and CBF used in the

experiments.

-5 1 1 1 1 s 1 1 L 1 —J
0 200 400 600 800 1000 1200 1400 1600 1800 2000
Buoyl
5
0
-5 1 1 1 1 1 1 1 I 1 ]
0 200 400 600 800 1000 1200 1400 1600 1800 2000
CBF

Figure 2.8: Datasets from TSDMA used in the experiments.

2.3.1 First Experiment

The first experiment demonstrates that STSC produces clustering results as sine waves
regardless of an input sequence. The number of clusters (k) and the length of sliding window
(w) vary. In addition, to show that cluster representatives are sine waves, perfect sine waves
are constructed and compared to these cluster representatives. Generally, a sine wave can be

formalized as a following equation (Hazewinkel, 2001).

y(z) = A-sin(wz + @) + p (2.15)

where A is the amplitude, w = 27 f is the angular frequency (in radian per second), f is the

ordinary frequency (in hertz), ¢ is phase, and 4 is an offset of the sine wave.

Given a set R = {Rj,Ra,...,Ri} of k cluster representatives, a new set R’ =
{R}, R}, ..., R,} of k cluster representatives is constructed by searching for those parameters
by a non-linear equation solver (Balda, 1999) implemented with Levenberg-Marquardt algorithm

(Fletcher, 1971) to minimize Root Mean Square Error (RMSE).

Figures 2.9 and 2.10 show cluster representatives generated from STSC of two datasets,
i.e., Buoyl and CBF, using k-means clustering and k-hierarchical clustering (with two variations
of inter-cluster distance functions) when k = 3 and w = 64. Note that single linkage distance func-
tion is not used as an inter-distance function in this experiment because k-hierarchical clustering
with single linkage function cannot gracefully handle trivial-matched subsequences, where some
subsequences will never in any groups if these subsequences have the largest nearest neighbor

distance compared with other subsequences. In other words, single linkage group subsequences
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based on the smallest nearest neighbor distance. Therefore, in this study, only two inter-cluster

distance functions are utilized, i.e., complete linkage and average linkage functions. The con-

structed sine waves from cluster representatives generated from STSC of two datasets, i.e., Buoyl

and CBF, using k-means clustering and k-hierarchical clustering are shown in Figures 2.11 and

2.12, respectively, when k = 3 and w = 64, where thick lines are constructed sine waves, and thin

lines are original cluster representatives. The complete experiment results of eight datasets are

provided in Appendix B, where the number of clusters (k) and the length of sliding window (w)
are varied to be (3, 32), (3, 64), (5, 64), (7, 64), and (3, 128), respectively.

1
. ’
=1
0 10 20 30 40 50 60

k-means clustering

1
e —
-1
0 10 20 30 40 50 60
k-hiearchical clustering with complete linkage

0 10 20 30 40 50 60
k-hiearchical clustering with average linkage

Figure 2.9: Cluster representatives generated from STSC of Buoyl when k =3 and w = 64.
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0 10 20 30 40 50 60

k-hiearchical clustering with average linkage

Figure 2.10: Cluster representatives generated from STSC of CBF when k =3 and w = 64.
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k-means clustering

1
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k-hiearchical clustering with complete linkage
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Figure 2.11: Constructed sine waves generated from STSC of Buoyl when k =3 and w = 64.
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k-means clustering

0 10 20 30 40 50 60
k-hiearchical clustering with complete linkage

0 10 20 30 40 50 60
k-hiearchical clustering with average linkage

Figure 2.12: Constructed sine waves generated from STSC of CBF when k =3 and w = 64.

2.3.2 Second Experiment

The second experiment demonstrates that KLMM is an invalid meaningfulness measure-
ment. From the first experiment, clustering results of STSC are meaningless because STSC pro-
duces sine waves as cluster representatives. However, KLMM does not capturé that the result
is a set of sine waves, but KLMM calculates the difference between two cluster representatives
using Euclidean distance. Since STSC has been proven both empirically and theoretically that
it produces sine waves regardless of inputs (Idé, 2006b; Keogh and Lin, 2005), KLMM should
return high values (more than one) for pairs of datasets. The following results show that KLMM
is an invalid measurement since KLMM does not return high values; even though the cluster rep-
resentatives are all sine waves. Figure 2.13 and Figure 2.14 show KLMM of STSC using k-means

clustering and KLMM of STSC using k-hierarchical clustering by varying the number of clusters
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(k) and the length of sliding window (w). From the figures, all pair comparisons of eight datasets
are evaluated. The value of KLMM is represented in gray shade, where black color represents a
high value of KLMM, while white color representing a low value of KLMM. From the experi-
ments, some values are completely white, and some are gray, but not all black; however, the values

are expected to be all black since STSC have been proven that it produces meaningless results.
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Figure 2.13: KLMMs of STSC using k-means clustering.
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Figure 2.14: KLMMs of STSC using k-hierarchical clustering.

2.4 Causes of Meaninglessness

The causes of meaninglessness are inappropriate approaches to handle trivial-matched sub-
sequences. Trivial-matched subsequences are a set of adjacent subsequences in a time series se-
quence, where between two adjacent subsequences, only two data points are different. Formally,
given a time series sequence S = (s1, 53, ..., ) of length n, a set 8= {8, &8..,58 wit}
of subsequences extracted from a sequence S with a fixed-length sliding window of length w, a
set of trivial-matched subsequences are T = {S;, Sit1,. ..}, where 1 < i < n —w + 1. Trivial-

matched subsequences of CBF sequence are illustrated in Figure 2.15. In addition, inappropriate
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uses of a distance measure and an averaging function to handle trivial-matched subsequences lead
to an undesired clustering output. Specifically, STSC utilizes Euclidean distance and Amplitude

Averaging function as a distance measure and an averaging function, respectively.

1 1 1 1 1 1 1 1 A1 J
0 200 400 600 800 1000 1200 1400 1600 1800 2000
a) Some part of CBF sequence

b) Three sets of trivial-matched subsequences

Figure 2.15: Trivial-matched subsequences of CBF sequence

In Euclidean space, two adjacent subsequences may be considered as significantly different
although only two data points are different, and the remaining points are the same. To be more
illustrative, Euclidean distance cannot group different sets of trivial-matched subsequences shown

as a dendrogram in Figure 2.16.



26

ot AN Uy = ll

Y

Figure 2.16: Euclidean distance cannot capture similarity between trivial-matched subsequences

To construct a cluster representative, STSC averages all subsequences within a cluster using
Amplitude Averaging function, where Amplitude Averaging generates an averaged result by com-
puting a mean of each dimension directly. In addition, Amplitude Averaging is inappropriate to

be used as an averaging function of STSC since Amplitude Averaging does not align shifted data
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points of adjacent subsequences. Therefore, in the end, each dimension of the result is averaged
from unrelated dimensions. This leads to undesired smoothened cluster representatives. Three
averaged results of trivial-matched subsequences from CBF sequence generated by Amplitude
Averaging function are shown in Figure 2.17. The averaged result will be smoother and more
convergent to sine waves; therefore, trivial-matched subsequence clustering can be meaningful
when appropriate distance measure and average function are used instead of Euclidean distance

and Amplitude Averaging function.
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Figure 2.17: Amplitude Averaging produces an smoothened averaged result.

2.5 Conclusion

Subsequence Time Series Clustering (STSC) with both k-means and k-hierarchical cluster-
ing algorithms produces sine waves as cluster representatives regardless of an input sequence. To
measure meaningfulness, Keogh and Lin have proposed a meaningfulness measurement, called
KLMM, which is shown to be invalid because it returns that the result is meaningful even though
cluster representatives are sine waves. The causes of meaninglessness are identified as twofold,
i.e., an inappropriate distance measure and an inappropriate averaging function, where STSC
utilizes Euclidean distance and Amplitude Averaging function as a distance measure and an av-
eraging function. Therefore, the use of appropriate a distance measure and an averaging function

can return a meaningful result.





