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Abstract

Multivariate time series (MTS) data sets are common in
various multimedia, medical and financial application do-
mains. These applications perform several data-analysis
operations on large number of MTS data sets such as
similarity searches, feature-subset-selection, clustering and
classifications. Correlation-based techniques, such as Prin-
cipal Component Analysis (PCA), have proven to improve
the efficiency of many of the above-mentioned data-analysis
operations on MTS, which implies that the correlation coef-
ficients concisely represent the original MTS data. How-
ever, if the statistical properties (e.g., variance) of MTS
data change over time dimension, i.e., MTS data is non-
stationary, the correlation coefficients are not stable. In
this paper, we propose to utilize the stationarity of the MTS
data sets, in order to represent the original MTS data more
stably, as well as concisely with the correlation coefficients.
That is, before performing any correlation-based data anal-
ysis, we first executes the stationarity test to decide whether
the MTS data is stationary or not, i.e., whether the corre-
lation is stable or not. Subsequently, for a non-stationary
MTS data set, we difference it to render the data set sta-
tionary. Even though our approach is general, to focus
the discussion we describe our approach within the con-
text of our previously proposed technique for MTS similar-
ity search. In order to show the validity of our approach,
we performed several experiments on four real-world data
sets. The results show that the performance of our similar-
ity search technique have significantly improved in terms of
precision/recall.

1 INTRODUCTION

A time series is a series of observations, x;(t);[i =
1,---,n;t = 1,---,m], made sequentially through time

where ¢ indexes the measurements made at each time point
t [17]. It is called a univariate time series (UTS) when n
is equal to 1, and a multivariate time series (MTS) when n
is equal to, or greater than 2. A UTS data is usually repre-
sented in a vector of size m, while each MTS data is typi-
cally stored in an m X m matrix, where m is the number of
observations and n is the number of variables.

An MTS data is typically very high dimensional. For ex-
ample, an MTS data from one of the data sets used in the
experiments in Section 3 contains 3000 observations with
64 variables. If a traditional distance metric for similar-
ity search, e.g., Euclidean Distance, is to be utilized, this
MTS data would be considered as a 192000 (3000 x 64)
dimensional data. 192000 dimensional data would be over-
whelming not only for the distance metric, but also for in-
dexing techniques. To the best of our knowledge, there has
been no attempt to index data sets with more than 100000
dimensions/features'. Hence, instead of using this high di-
mensional MTS data set as is, a number of techniques have
been proposed to represent the MTS data set concisely for
data mining processes, such as classification and similarity
search [14, 13, 16, 18, 21]. For example, in [13], an MTS
data that contains an EEG signal with 39 channels is de-
composed into multiple UTSs. Each UTS is subsequently
transformed into 3 autoregressive (AR) coefficients. Hence,
each MTS data is represented with 117 (3 x 39) features,
after which feature subset selection is performed.

For MTS analysis, e.g., similarity search and feature sub-
set selection, it has been empirically shown that the corre-
lation information among the variables plays an important
role, and the correlation-based techniques, such as PCA,
perform well [16, 14, 18]. In [20], each MTS data is rep-
resented with the upper triangle elements of the correlation
coefficient matrix. The performance of feature subset se-
lection using the correlation coefficients is shown to out-

In [1], the authors employed MVP-tree to index 65536 dimensional
gray-level MRI images.



perform the one using the AR coefficients which does not
consider the correlation information among the variables.
In [16], Principal Component Analysis (PCA) Similarity
Factor (Spca) [11] is employed for the similarity mea-
sure between two MTS data. That is, in order to compute
the similarity between two MTS data, they first obtain the
correlation coefficient matries? of the two MTS data, and
then decompose them via Singular Value Decomposition
(SVD) to obtain the principal components. Consequently,
they measure how similar the corresponding principal com-
ponents (PCs) from the two MTS data are.

To recapitulate, the correlation-based techniques utilize
the correlation coefficients to represent the original MTS
data for data mining tasks. The good performance of
correlation-based techniques hence implies that the correla-
tion coefficients concisely represents the original MTS data
in a dimension-reduced form. Note that, given an MTS data
A of size m X n, it is typically the case that m > n. For
example, an MTS data from one of the data sets used in
Section 3 contains 3000 observations, while there are only
64 variables. In general, the size of a correlation coefficient
matrix for A, i.e., n X n, is much smaller than that of A.

However, if the properties of time series change over
time, i.e., the time series is not stationary, then the corre-
lation coefficients are not stable. For example, assume that
we are given an MTS data x;(t) of size m X n, i.e., where
1 <i<mnandl <t < m. From z;(t), consider two ma-
trices of size (m — 1) X n, i.e., x} (t) where 1 <t <m-—1
and z2(t) where 2 < t < m. If z;(t) is non-stationary, then
Corr(x}(t)) and Corr(z2(t)) would be statistically differ-
ent. This example implies that for non-stationary MTS data,
the correlation coefficients change statistically significantly
depending on just one observation out of, e.g., 3000 obser-
vations, which is not the case for stationary MTS data.

In this paper, we propose to utilize the stationarity® of
time series in order to better represent the MTS data with
the correlation coefficients. Intuitively, a time series is de-
fined to be stationary if the statistical properties of the time
series, e.g., the mean and the correlation coefficients, do not
change over time. Hence, if an MTS data is stationary, the
correlation information of the MTS data does not change
over time, which would make the correlation based repre-
sentations of the original MTS data more stable. There-
fore, we firstly test the stationarity of each MTS data in the
database. Subsequently, we determine the stationarity of the
MTS data set based on the majority of stationarities of MTS
data in the data set. If the MTS data set turns out to be non-
stationary, we stationarize all the MTS data in the data set

2PCA may employ either the correlation coefficient matrix or the co-
variance matrix for a given MTS data. We would assume that the correla-
tion coefficient matrix is utilized for PCA, since correlation-based analysis
is more frequently encountered [9].

3For details on the stationarity and how to test the stationarity of a time
series, please refer to [8, 3, 4, 6].

before we perform correlation-based data analysis.

In order to evaluate the effectiveness of the proposed
approach, we conducted several experiments on four real-
world data sets. Even though our approach is general, to fo-
cus the discussion we describe our approach within the con-
text of our previously proposed technique for MTS similar-
ity search called Eros [18]. The performances depending on
the stationarity of the data set have been compared in terms
of the precision/recall using Eros. The results show that the
performance improves up to 24% in precision/recall.

2 THE PROPOSED APPROACH

Algorithm 1 Determine the stationarity of an MTS data set

Require: MTS data set, N {the number of data in the data
set}, n {the number of variables in an MTS data}
1: fori=1to N do
2:  res < Johansen’s test on the ith MTS data;
3: v «— extract the number of co-integrating relation-
ships from res;
4:  if v = n then
5: H(i) « 0; {stationary }
6: else
7
8
9

H (i) < 1; {non-stationary }
end if
: end for
10: if sum(H) > ceil(N/2) then
11:  Stationarize the given MTS data set;
12: end if

Before performing any correlation-based data analysis
for multivariate time series, we propose to render the data
set as stationary, if necessary, as in Algorithm 1. That is,
we firstly determine the stationarity for all the MTS data
in the data set by performing the Johansen’s Co-integration
test [8], for implementation of which the Econometrics
Toolbox # is employed. Note that we do not utilize the Aug-
mented Dickey Fuller (ADF) test [3] for each UTS, since we
are not interested in the stationarity of each UTS in an MTS
data. Besides, as in [5], ADF test requires a strategy that
deals with three cases to appropriately apply the ADF test
to an UTS, which seems to be rather cumbersome. More-
over, it has been shown that ADF test has low power, failing
to reject the unit root hypothesis in many cases [15, 2].

As in Line 3 of Algorithm 1, we extract the number of
co-integrating relationships, -y, where 1 < v < n. As long
as -y is equal to the number of variables of an MTS data, n,
we consider the MTS data as stationary (Lines 4~8). The
stationarity of an MTS data set is subsequently determined
by the majority of the stationarities of the MTS data. The

“http://www.spatial-econometrics.com/



Table 1. Summary of data sets used in the ex-
periments

| | AUSLAN | BCI | BCIMPI | EEG

# of variables 22 64 39 64
average length 60 3000 1280 256
# of labels 95 2 2 2
# of MTS items 27 139 1000 6980/3908
per label
total # of 2565 278 2000 10888
MTS items

Table 2. Stationarity Test Results

Co-integration Test
Data set # of stationary data || # of non-stationary data
AUSLAN 1311 792
BCI 233 45
BCIMPI 309 1691
EEG 954 9934

sum(H) in Line 10 yields the number of non-stationary
data in the data set. Hence, if the number of non-stationary
MTS items is greater than half of the total number of MTS
items, the data set is determined to be non-stationary, and
each MTS item is first-order differenced into a stationary
item. Intuitively, if we make sure that the data set is station-
ary, the original MTS data can be more stably, as well as
concisely, represented with correlation coefficients.

3 PERFORMANCE EVALUATION

In order to evaluate the effectiveness of our proposed ap-
proach, we compared the impact of stationarity on MTS
data sets within he context of our previously proposed sim-
ilarity measure called Eros [18]. For a stationary data set,
we compare the performances of Eros without differencing
to those with differencing, and see how much they improve,
and vice versa for a non-stationary data set. The Johansen’s
Co-integration test has been performed with a significance
level of 5%. The experiments have been conducted on four
different real-world data sets, i.e., AUSLAN [10], BCI [12],
BCI MPI and EEG, which are all labeled MTS data sets
whose labels are given. Table 1 shows the summary of the
data sets used in the experiments.

We performed modified leave-one-out kNN search as
in [18]. For simplicity, we chose 10 for maxr. Recall
that each data set used in the experiments has more than
10 similar items per label as shown in Table 1. For exam-
ple, AUSLAN has 95 labels and with 27 items per label.
The recall-precision graph [7] is then plotted, which has
been frequently used to measure the performance of Con-
tent Based Image Retrieval (CBIR) systems as well as Infor-

mation Retrieval (IR) systems. The mean aggregating func-
tion on the raw eigenvalues has been used for the weight
vector w of Eros.

3.1 RESULTS

Table 2 summarizes the results of Johansen’s Co-
integration test on the four data sets. AUSLAN and BCI
are determined to be stationary, while BCI MPI and EEG
are non-stationary, i.e., less than half of the MTS items are
stationary. Figure 1 depicts the precision/recall using Eros.
For all the data sets, the better performance corresponds to
the stationarities of the data sets. That is, if the data set is
stationary, the better performance is obtained without dif-
ferencing, and if the data set is non-stationary, the better
performance is achieved with differencing.

The performance improvements between with and with-
out differencing are up to 24% in terms of precision/recall.
Hence, our proposed approach to utilizing stationarity is
well justified. For more detailed experiments and discus-
sion, please refer to [19].

4 CONCLUSIONS AND FUTURE WORK

In this paper, we proposed to render the given MTS
data set as stationary, if necessary, before performing
correlation-based data analysis, such as PCA. Based on the
stationarity, the correlation coefficients represent the origi-
nal MTS data more stably as well as concisely. Empirically,
we have shown that if the given data set is non-stationary,
making the data set stationary improves the performances
of the correlation-based data analysis in terms of preci-
sion/recall.

We intend to extend this technique to the stream of data
where the determination of the stationarity as well as the
subsequent data analysis processes, such as, feature subset
selection, can be performed incrementally adjusting itself
based on the observations collected thus far.
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