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Abstract. Feature subset selection (FSS) is one of the techniques to
preprocessthe data before performing any data mining tasks, e.g., clas-
si¯cation and clustering. FSS provides both cost-e®ective predictors and
a better understanding of the underlying processthat generated data.
We proposea novel method of FSS for Multiv ariate Time Series(MTS)
basedon Common Principal Component Analysis, termed CL eV er. Tra-
ditional FSS techniques, such as Recursive Feature Elimination (RFE)
and Fisher Criterion (FC), have beenapplied to MTS datasets,e.g.,Elec-
tro Encephalogram (EEG) datasets. However, these techniques may lose
the correlation information among features, while our proposedtechnique
utilizes the properties of the principal component analysis to retain that
information. In order to evaluate the e®ectivenessof our selectedsubset
of features, we employ classi¯cation as the target data mining task. Our
exhaustive setsof experiments show that CL eV er outperforms RFE and
FC by up to 100%in terms of classi¯cation accuracy, while requiring sig-
ni¯can tly less processingtime (up to 2 orders of magnitude) than RFE
and FC.

Keyw ords: Feature Subset Selection, Multiv ariate Time Series, Prin-
cipal Component Analysis, Common Principal Component Analysis, K-
means Clustering

1 In tro duction

Feature subset selection (FSS) is one of the techniques to pre-precessthe data
beforewe perform any data mining tasks, e.g., classi¯cation and clustering. FSS
is to identify a subset of original features from a given dataset while removing
irrelevant and/or redundant features [1]. The objectivesof FSS are [2]:

{ to improve the prediction performanceof the predictors

? A short version of this paper is to appear in the proceedingsof the 9th Paci¯c-Asia
Conference on Knowledge Discovery and Data Mining (PAKDD), Hanoi,Vietnam,
2005.
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{ to provide faster and more cost-e®ective predictors
{ to provide a better understanding of the underlying processthat generated

the data

The FSS methods choosea subsetof the original features to be usedfor the
subsequent processes.Hence,only the data generatedfrom those features need
to be collected. The di®erencesbetweenfeature extraction and FSS are:

{ Feature subsetselectionmaintains information on the original featureswhile
this information is usually lost when feature extraction is used.

{ After identifying the subset of original features, only those features can be
measuredand collected ignoring all the other features.However, feature ex-
traction in general requires measuringall the original features.

A time seriesis a seriesof observations, x i (t); [i = 1; ¢¢¢; n; t = 1; ¢¢¢; m],
madesequentially through time where i indexesthe measurements madeat each
time point t [3]. It is called a univariate time serieswhen n is equal to 1, and a
multiv ariate time series(MTS) when n is equal to, or greater than 2.

MTS datasets are common in various ¯elds, such as in multimedia and
medicine. For example, in multimedia, Cybergloves used in the Human and
Computer Interfaceapplications have around 20 sensors,each of which generates
50» 100 values in a second[4,5]. In [6], 22 markers are spread over the human
body to measurethe movements of human parts while peopleare walking. The
dataset collected is then used to recognizeand identify the person by how he
or shewalks. In the Neuro-rehabilitation domain, kinematics datasetsgenerated
from sensorsare collectedand analyzedto evaluate the functional behavior (i.e.,
the movement of upper extremity) of post-stroke patients.

The sizeof an MTS dataset can becomevery large quickly. For example, the
EEG dataset in [7] utilizes tens of electrodes and the sampling rate is 256Hz.
In order to processMTS datasets e±ciently , it is therefore inevitable to pre-
process the datasets to obtain the relevant subset of features which will be
subsequently employed for further processing.In the ¯eld of Brain Computer
Interfaces(BCIs), the selectionof relevant features is consideredabsolutely nec-
essaryfor the EEG dataset, since the neural correlates are not known in such
detail [7].

An MTS item is naturally represented in an m £ n matrix, where m is the
number of observations and n is the number of variables, e.g., sensors.However,
the state of the art feature subsetselectiontechniques,such asRecursive Feature
elimination (RFE) [2], require each item to be represented in one row. Conse-
quently , to utilize these techniques on MTS datasets, each MTS item needsto
be ¯rst transformed into one row or column vector. For example, in [7] where
an EEG dataset with 39 channels is used,an autoregressive (AR) model of or-
der 3 is utilized to represent each channel. Hence, each 39 channel EEG time
seriesis transformed into a 117 dimensional vector. However, if each channel of
EEG is consideredseparately, we will losethe correlation information amongthe
variables.
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In this paper, we proposea novel feature subset selection method for mul-
tivariate time series (MTS) 1 based on common principal component analysis
(CPCA) named CL eV er2. In order to perform feature subset selection on an
MTS dataset, CL eV er ¯rst obtains the descriptive common principal compo-
nents (DCPCs) which agree most closely with the principal components of all
the MTS items [8]. Note that the DCPC loadings represent how much each
variable contributes to each of the DCPCs (SeeSection 2 for a brief review of
PCA and DCPC). The intuition to usethe DCPCs asa basisfor variable subset
selectionis that they keepthe most compactoverview of the MTS items in a dra-
matically reducedspace,while retaining both the correspondenceto the original
variablesand the correlation amongthe variables.CL eV er subsequently clusters
the DCPC loadings to identify the variables that have the similar contribution
to each of the DCPCs. For each cluster, we obtain the centroid variable, elimi-
nating all the similar variableswithin the cluster. Thesecentroid variables form
the selectedsubsetof variables. Our experiments show that the performancesof
the variable subsetsobtained by CL eV er perform up to about 100%better than
other feature subset selection methods, such as Recursive Feature Elimination
(RFE) and Fisher Criterion (FC) in terms of classi¯cation performancein most
cases.Moreover, CL eV er takesup to 2 ordersof magnitude lesstime than RFE,
which is a wrapper method [9].

The remainder of this paper is organizedas follows. Section 2 discussesthe
background. Our proposedmethod is described in Section 3, which is followed
by the experiments and results in Section 4. Conclusionsand future work are
presented in Section 5.

2 Background

In this section, we brie°y review principal component analysis and common
principal component analysis. For more details, pleaserefer to [10,8].

2.1 Principal Comp onent Analysis

Principal Component Analysis (PCA) has been widely used for multiv ariate
data analysis and dimension reduction [10]. Intuitiv ely, PCA is a processto
identify the directions, i.e., principal components (PCs), where the variancesof
scores(orthogonal projections of data points onto the directions) are maximized
and the residual errors are minimized assumingthe least squaredistance.These
directions, in non-increasing order, explain the variations underlying original
data points. That is, the ¯rst principal component describesthe largestvariation,
the subsequent direction explainsthe next largest varianceand soon. Figure 1(a)

1 For multiv ariate time series, each variable is regarded as a feature [7]. Hence, the
terms feature and variable are interchangeably used throughout this paper, when
there is no ambiguit y.

2 CL eV er is an abbreviation of descriptive Common principal component L oading
basedV ariable subset selection method.
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Fig. 1. (a) Two principal components obtained for one multiv ariate data with two
variables X 1 and X 2 measuredon 30 observations. (b) A common principal component
of two multiv ariate data items with the samevariables X 1 and X 2 measuredon 20 and
30 observations respectively.

illustrates principal components obtained from a very simple (though unrealistic)
multiv ariate data with only two variables(X 1, X 2) measuredon 30 observations.
Geometrically, the principal component is a linear transformation of original
variables. The coe±cients de¯ning this transformation are called loadings. For
example, the ¯rst principal component (PC1) in Figure 1(a) can be described
asa linear combination of original variablesX 1 and X 2, and the two coe±cients
(loadings) de¯ning PC1 are the cosinesof the anglesbetweenPC1 and variables
X 1 and X 2, respectively. In addition, the higher loading value of variable X 2

implies that X 2 is more dominant in the PC1 than X 1. The loadings are thus
interpreted as the contributions or weights on determining the directions .

2.2 Common Principal Comp onent Analysis

Common Principal Component Analysis (CPCA) is a generalizationof PCA for
N (¸ 2) multiv ariate data items, where the i th data item, (i = 1; : : : ; N ), is rep-
resented in an m i £ n matrix [8,11]. CPCA is basedon the assumptionthat there
exists a common subspaceacrossall multiv ariate data items and this subspace
should be spannedby the orthogonal components. One approach proposedin [8]
obtained the Common Principal Components (CPC) by bisecting the anglesbe-
tween their principal components after each multiv ariate data item undergoes
PCA. That is, ¯rstly each of the multiv ariate data items is described by its ¯rst
p principal components. Then, the CPCs are obtained by successively bisecting
the anglesbetween their j th (j = 1; : : : ; p) principal components. These CPCs
de¯ne the common subspacethat agree most closely with every subspaceof the
multiv ariate data items. Figure 1(b) givesa plot of two multiv ariate data items
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A and B . Let A and B be denotedasa swarm of white and black points, respec-
tiv ely, and have the samenumber of variables, i.e., X 1 and X 2, measuredon 20
and 30 observations, respectively. The ¯rst principal component of each dataset
is obtained using PCA and the commoncomponent is obtained by bisecting the
angle between those two ¯rst principal components. We will refer to this CPC
model as Descriptive Common Principal Component (DCPC).

Each common principal component loading for DCPCs, e.g., the (i , j )th
element in a matrix that contains DCPCs, can be interpreted asthe contribution
of the j th original variable with respect to the i th commonprincipal component,
which is analogousto the way the principal component loadingsare interpreted.

3 Prop osed Metho d

We proposea novel variable subset selection method for multiv ariate time se-
ries (MTS) based on common principal component analysis (CPCA) named
CL eV er. Figure 2 illustrates the entire processof CL eV er, which involvesthree
phases:(1) principal components (PCs) computation per MTS item, (2) descrip-
tiv e common principal components (DCPCs) computation per label3 and their
concatenation, and (3) variable subset selection using DCPC loadings of vari-
ables.Each of thesephasesis described in the subsequent sections.Table 1 lists
the notations usedin the remainder of this paper, if not speci¯ed otherwise.

Table 1. Notations used in this paper

Sym bol De¯nition
N number of MTS items in an MTS dataset
n number of variables in an MTS item
K number of clusters for K -means clustering
p number of PCs for each MTS item to be used

for computing DCPCs
C set of labels, i.e., f C1 ; : : : ; Cj C j g

jCj number of unique labels

3.1 PC and DCPC Computations

The ¯rst and secondphases(except the concatenation) of CL eV er are incor-
porated into Algorithm 1. It obtains both PCs and then DCPCs consecutively.
The required input to Algorithm 1 is a set of MTS items with the samelabel.

Though there are n PCs for each item, only the ¯rst p(< n) PCs, which
are adequate for the purpose of representing each MTS item, are taken into

3 The MTS datasets considered in our analysis are composed of labeled MTS items.
SeeSection 4.1 for details.
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Fig. 2. The processof CL eV er.

consideration. It is commonplacethat p is determined basedon the ratio of the
sum of the variancesexplainedby the ¯rst p PCs to the total varianceunderlying
the original MTS item, which exceeds,e.g., at least 0.8. Algorithm 1 takes the
sum of variation, i.e., the threshold to determine p, asan input. That is, for each
input MTS item, p is determined to be the minimum value such that the total
variation explained by its ¯rst p PCs exceedthe provided threshold ± for the
¯rst time (Lines 3» 10). Since the MTS items can have di®erent values for p, p
is ¯nally determined as their maximum value (Line 11).

All MTS items are now described by their ¯rst p principal components. Let
them be denotedasL i (i = 1; : : : ; N ). Then, the DCPCs that agree most closely
with all N setsof p PCs aresuccessively de¯ned by the eigenvectorsof the matrix
H =

P N
i =1 L T

i L i [8]:

SVD(H ) = SVD(
NX

i =1

L T
i L i ) = V¤V T (1)

where rows of V T are eigenvectorsof H and the ¯rst p of them de¯ne p DCPCs
for N MTS items. ¤ is a diagonal matrix whosediagonal elements are the eigen-
values of H and describe the total discrepancy between DCPCs and PCs. For
example, the ¯rst eigenvalue implies the overall closenessof the ¯rst DCPC
to the ¯rst PC of every MTS item (for more details, pleaserefer to [8]). This
computation of DCPC is captured by Lines 16» 17.
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Algorithm 1 ComputeDCPC: PC and DCPC Computations
Require: MTS data groups with N items and ± f a prede¯ned thresholdg
1: D CPC Ã ¿;
2: H [0] Ã ¿;
3: for i=1 to N do
4: X Ã the i th MTS item;
5: [U; S; UT ] Ã SVD(correlation matrix of X );
6: loading[i ] Ã UT ;
7: var iance Ã diag(S);
8: percentV ar Ã 100£ (var iance=

P n
j =1 var iance j );

9: pi Ã number of the ¯rst p percentV ar elements whose cumulativ e sum ¸ ±;
10: end for
11: p Ã max (p1 ; p2 ; : : : ; pN );
12: for i=1 to N do
13: L [i ] Ã the ¯rst p rows of loading[i ];
14: H [i ] Ã H [i ¡ 1] + (L [i ]T £ L [i ]);
15: end for
16: [V; S;V T ] Ã SVD(H);
17: D CPC Ã ¯rst p rows of V T ;

3.2 CLeVer

CL eV er utilizes a clustering method to group the similar variablestogether and
select the least redundant variables, which is described in Algorithm 2. It takes
MTS items and their label information asinputs. First, the DCPCs per label are
computed by Algorithm 1 and are concatenatedif the MTS dataset has more
than 1 labels (Lines 3» 10). Subsequently , K -meansclustering is performed on
the columnsof the concatenatedDCPC loadings.That is, each column becomes
one item for clustering. Hence, the column vectors with the similar pattern of
contributions to each of the DCPCs will be clustered together. The intuition
behind using the clustering technique for the variable selection is basedon the
observation that variables with similar pattern of loading values will be highly
correlated and have high mutual information [12]. Since K -means clustering
method can reach the local minima, we iterate the K -meansclustering 20 times
(Lines 11» 14).

The next step is the actual variable selection, which involves deciding the
representativ esof clusters. Once the clustering is done, one column vector clos-
est to the centroid vector of each cluster is chosenas the representativ e of that
cluster. The other columns within each cluster therefore can be eliminated. Fi-
nally, the corresponding original variable to the selectedcolumn is identi¯ed,
which will form the selectedsubset of variables with the least redundant and
possibly the most related information for the given K .
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Algorithm 2 CL eV er.
Require: MTS data sets, jCj f the number of unique labelsg, K f the number of clus-

tersg, and ± f a prede¯ned thresholdg
1: Sbest Ã ¿;
2: D CPC Ã ¿;
3: if jCj · 1 then
4: D CPC Ã computeDCPC(MTS, ±);
5: else
6: for i=1 to jCj do
7: dc[i ] Ã computeDCPC(MTS with the label Ci , ±);
8: D CPC Ã Concatenate(D CPC; dc[i ]);
9: end for

10: end if
11: for i=1 to 20 do
12: (cnt [i ]; idx [i ]) Ã K means(D CPC loadings, K );
13: dist [i ] Ã

P K
j =1 E D (cnt[j ]; items in the j th cluster );

14: end for
15: best Ã min (dist [1]; : : : ; dist [K ]);
16: (cntbest ; idx best ) Ã (cnt [best]; idx [best]);
17: Sbest Ã extract K column vectors closest to cnt best of each cluster and identify

the corresponding variables;

4 Performance Evaluation

We evaluate the e®ectivenessof CL eV er in terms of classi¯cation performance
and processing time. We conducted several experiments on three real-world
datasets. After obtaining a subset of variables using CL eV er, we performed
classi¯cation using Support Vector Machine (SVM) with linear kernel. Subse-
quently , we comparedthe performanceof CL eV er with those of Recursive Fea-
ture Elimination (RFE) [2], Fisher Criterion (FC), Exhaustive Search Selection
(ESS), and using all the available variables(ALL). The algorithm of CL eV er for
the experiments is implemented in M atl abT M . SVM classi¯cation is completed
with LIBSVM [13].

4.1 Datasets

The HumanGait dataset [6] hasbeenusedfor identifying a personby recogniz-
ing his/her gait at a distance. In order to capture the gait data, a twelve-camera
VICON systemwasutilized with 22 re°ective markers attached to each subject.
15 subjects, which are the labels assignedto the dataset, participated in the
experiments. The total number of data items is 540.

Motor Behavior and Rehabilitation Laboratory, University of Southern Cal-
ifornia collected Brain and Beha vior Correlates of Arm Rehabilitation
(BCAR) kinematics dataset to study the e®ectof Constraint-Induced (CI)
physical therapy on the post-stroke patients' control of upper extremity [14].
The functional speci¯c task performed by subjects was a continuous 3 phase
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reach-grasp-placeaction. Four control (i.e., healthy) subjects and three post-
stroke subjects experiencing a di®erent level of impairment participated in the
experiments. The total number of data items is 39.

The Brain Computer in terface (BCI) dataset at the Max Planc k
Institute (MPI) [7] was collected to examine the relationship between the
brain activit y and the motor imagery, i.e., the imagination of limb movements.
39 electrodeswere placed on the scalp to record the EEG signalsat the rate of
256Hz.The total number of items is 2000, i.e., 400 items per subject.

Table 2 shows the summary of the datasetsusedin the experiments.

Table 2. Summary of datasets used in the experiments

HumanGait BCAR BCI MPI

# of variables 66 11 39
average length 133 454 1280

# of labels 15 2 2
# of items per label 36 22/17 1000

total # of items 540 39 2000

4.2 Classi¯cation Performance

We¯rst evaluated the e®ectivenessof CL eV er in terms of classi¯cation accuracy.
Support Vector Machine (SVM) with linear kernel wasadopted for the classi¯er.
Using SVM, we performed leave-one-outcrossvalidation for the BCAR dataset
and 10 fold strati¯ed crossvalidation [15] for the rest since they have too large
number of items to conduct leave-one-outcrossvalidation.

For the MTS dataset to be fed into SVM, each of the MTS items should be
represented as a vector with the samedimension, which we call vectorization.
In [16], a correlation matrix is utilized to compute the similarit y between two
MTS items, which outperformed DTW and Euclidean distance with linear in-
terpolation in terms of precision/recall. Hence,for CL eV er, Exhaustive Search
Selection(ESS), and using all the variables(ALL), we vectorizedeach MTS item
using the upper triangle of its correlation matrix.

For RFE and FC, we vectorized each MTS item as in [7]. That is, each vari-
able is represented as the autoregressive (AR) ¯t coe±cients of order 3 using
the forward backward linear prediction [17]. Therefore, each MTS item with n
variables is represented in a vector of size n £ 3. The The Spider [18] imple-
mentation of FC is subsequently employed. For small datasets, i.e., BCAR and
HumanGait, RFE within The Spider [18] wasemployed, while for large dataset,
i.e., BCI MPI, one of the LIBSVM tools [13] was modi¯ed and utilized. Note
that ESSmethod wasperformedonly on BCAR dataset due to the intractabilit y
of ESSfor the large datasets.

Figure 3(a) presents the generalization performances on the HumanGait
dataset. The X axis is the number of selectedsubsetof variables, i.e., the number
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Fig. 3. (a) Classi¯cation Evaluation for HumanGait dataset (b) 22 markers for the
HumanGait dataset. The markers with a ¯lled circle represent 16 markers from which
the 27 variables are selectedby CL eV er, which yields the sameperformance accuracy
as using all the 66 variables. Classi¯cation Evaluations for (c) BCAR dataset and (d)
BCI MPI dataset

of clustersK , and the Y axis is the classi¯cation accuracy. It shows that a subset
of 27 variablesselectedby CL eV er out of 66 performs the sameasthe oneusing
all the variables, which is 99.4%accuracy. The 27 variables selectedby CL eV er
are from only 16 markers (marked with a ¯lled circle in Figure 3(b)) out of 22,
which would mean that the values generatedby the remaining 6 markers does
not contribute much to the identi¯cation of the person. From this information
we may be able to better understand the characteristics of the human walking.
The performancesby RFE and FC is much worsethan the onesusing CL eV er.
Even when using all the variables, the classi¯cation accuracy is around 55%.
Considering the fact that RFE on 3 AR coe±cients performed well in [7], this
may indicate that for the HumanGait dataset the correlation information among
variables is more important than for the BCI MPI dataset. Hence,each variable
should not be taken out separately to compute the autoregressive coe±cients,
by which the correlation information would be lost. Note that in [7], the order 3
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for the autoregressive ¯t is identi¯ed after proper model selectionexperiments,
which would mean that for the HumanGait dataset, the order of the autore-
gressive ¯t should be determined, again, after comparing di®erent order models.
This represents that it is not a trivial task to transform an MTS item into a
vector, after which the traditional machine learning techniques,such asSupport
Vector Machine (SVM), can be applied.

Figure 3(c) shows the classi¯cation performanceof the selectedvariables on
the BCAR dataset. The BCAR is the simplest dataset with 11 original variables
and the number of MTS items is just 39. Hence, we applied the Exhaustive
Search Selection (ESS) method to ¯nd all the possible variable combinations,
for each of which we performed leave-one-outcrossvalidation. The result of ESS
shows that 100%classi¯cation accuracy can be achieved by no lessthan 6 vari-
ablesout of 11. The dotted lines represent the best, the average,and the worst
performanceobtained by ESS,respectively. The result shows that CL eV er con-
sistently outperforms RFE and Fisher methods. Figure 3(c) also depicts that
the 7 variablesselectedby CL eV er produceabout 100%classi¯cation accuracy,
which is even better than using all the 11 variableswhich is represented asa hor-
izontal solid line. This implies that CL eV er never eliminates useful information
in its variable selectionprocess.

Figure 3(d) represents the performancecomparisonusingthe BCI MPI dataset4.
It depicts that when the number of selectedvariables is lessthan 10, RFE per-
forms better than CL eV er and FC technique. When the number of selected
variables is greater than 10, however, CL eV er performs far better than RFE.
The classi¯cation performanceusing the 17 motor imagery channels (MIC 17)
is presented in dashed lines, while the performance using all the variables is
shown in solid horizontal line. Using the 17 variables selectedby CL eV er, the
classi¯cation accuracy is 72.85%,which is very closeto the performanceof MIC
17 whoseaccuracy is 73.65%.Note again that even using all the variables, the
performanceof RFE is worsethan that of 15 variables selectedby CL eV er.

4.3 Pro cessing Time

Table 3 summarizesthe processingtime of the 3 feature selectionmethods em-
ployed for the experiments. The processingtime for CL eV er includesthe time to
perform Algorithm 1 and the averagetime to perform the clustering and obtain
the variable subsetswhile varying K from 2 to the number of all variables for
each dataset. For example,K changesfrom 2 to 66 for the HumanGait dataset.
The processingtime for RFE and FC includesthe time to obtain 3 autoregressive
¯t coe±cients and perform the feature subsetselection.

RFE is a wrapper feature selection method [15]. That is, RFE utilizes the
classi¯er within the feature selectionprocedureto selectthe featureswhich pro-
duce the best classi¯cation precision. Intuitiv ely, CL eV er utilizes how much the
4 Unlik e in [7] where they performed the feature subset selection per subject, the

whole items from the 5 subjects were utilized in our experiments. Moreover, the
regularization parameter Cs was estimated via 10 fold cross validation from the
training datasets in [7], while we used the default value, which is 1.
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Table 3. Comparison of processingtime in secondsfor di®erent feature selection meth-
ods on 3 di®erent datasets

HumanGait BCAR BCI MPI
CL eV er 6.2186 0.2416 48.0381

RFE 962.063 9.0390 7886.844
FC 113.907 6.4690 7594.9413

variablescontribute to the DCPCs in order to determine the importance and the
similarit y of them. SinceCL eV er doesnot include the classi¯cation procedure,
it takes lesstime to yield the feature subset than wrapper methods. For exam-
ple, for the HumanGait dataset, CL eV er took lessthan 6 secondsto compute
DCPCs, and a coupleof secondsto perform K -meansclustering on the loadings
of the DCPCs. Overall, CL eV er take up to 2 ordersof magnitude lesstime than
RFE, while performing better than RFE up to about 100%.

5 Conclusion and Future Work

In this paper, we proposed a novel feature subset selection method for mul-
tivariate time series (MTS), based on common principal component analysis
(CPCA), termed CL eV er. CL eV er utilizes the properties of the descriptive
common principal components (DCPCs) to retain the correlation information
among the variables. Subsequently , CL eV er performs clustering on the DCPCs
loadings to selecta subsetof variables. Our experiments on the three real-world
datasetsshow that CL eV er outperforms other feature selectionmethods, such
as Recursive Feature Elimination (RFE) and Fisher Criterion (FC) in terms of
classi¯cation performance.Moreover, CL eV er takesup to 2 ordersof magnitude
lessprocessingtime than RFE.

We intend to extend this research in two directions. First, we plan to extend
this work to be able to estimate the optimal number of variables,i.e., the optimal
number of clustersK using,e.g.,the Gap statistic [19].Wealsoplan to generalize
this research and usek-way PCA [20] to perform PCA on a k-way array.
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