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Tensor Decomposition of Gait Dynamics in
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Abstract—Objective: The study of gait in Parkinson’s
disease is important because it can provide insights into
the complex neural system and physiological behaviors
of the disease, of which understanding can help improve
treatment and lead to effective developments of alternative
neural rehabilitation programs. This paper aims to intro-
duce an effective computational method for multichannel
or multisensor data analysis of gait dynamics in Parkin-
son’s disease. Method: A model of tensor decomposition,
which is a generalization of matrix-based analysis for
higher dimensional analysis, is designed for differentiating
multisensor time series of gait force between Parkinson’s
disease and healthy control cohorts. Results: Experimental
results obtained from the tensor decomposition model
using a PhysioNet database show several discriminating
characteristics of the two cohorts, and the achievement of
100% sensitivity and 100% specificity under various cross
validations. Conclusion: Tensor decomposition is a useful
method for the modeling and analysis of multisensor time
series in patients with Parkinson’s disease. Significance:
Tensor-decomposition factors can be potentially used
as physiological markers for Parkinson’s disease, and
effective features for machine learning that can provide
early prediction of the disease progression.

Index Terms—Parkinson’s disease, gait dynamics, time
series, multi-sensors, tensor decomposition, pattern clas-
sification.

I. INTRODUCTION

PARKINSON’S disease (PD) is one of the most common
progressive disorders of the nervous system that causes

tremor of hands, arms, legs, jaw and face, and stiffness or slow-
ing of movement. Statistics on PD have reported it affects ap-
proximately 10 million people worldwide, and about 4% of them
before the age of 50 [1]. A disturbed gait is a common symp-
tom of patients with PD, while those with a severely disturbed
gait are likely to suffer from falls and may lose their postural
balance and coordination. It is therefore important to study the
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dynamics of gait patterns in PD to diagnose its variety of sever-
ity, which has implications for the prediction of falls in PD,
improvement of treatment and rehabilitation strategies [2], [3].
The implications also include socio-economic impacts because
the association of mobility with falls and freezing of gait is a
trauma in daily lives of the patients, and the fear of falling can
result in social withdrawal that leads to depression in patients
with PD.

Computerized quantifications of stride-interval (the time be-
tween consecutive heel strikes of the same foot) and vertical
ground reaction force changes can be of economic benefit and
potential for better characterizing gait disturbance patterns in pa-
tients with PD to accurately predict stages of the disease, while
it is difficult to identify gait in the clinical setting [4]. Several
studies on statistical analysis and automated classification of
gait patterns exhibited by patients with PD and HC subjects
have been reported in literature. An early work by Hausdorff [5]
described typical gait changes in patients with PD in terms of
the fractal feature of gait in PD, and the association between the
fractal feature of gait, stride length, and gait variability. Fractal
methods were also carried out to analyze long time series of
strides to differentiate between healthy control (HC) and PD
groups [6].

Wu and Krishnan [7] applied the non-parametric Parzen
window method to estimate the probability density functions
of stride interval, swing interval, stance interval, and the signal
turn counts of the gait time series to characterize and classify
HC and PD groups using the least squares support vector
machines. Khorasani and Daliri [8] classified the time series
of the right stride interval of HC and PD subjects with the
double-stochastic method of hidden Markov models. Su et al.
[9] introduced gait asymmetry measures by using the wavelet
transform to decompose vertical ground reaction force time
series of the left and right feet to evaluate the difference in gait
asymmetry between the control and PD subjects obtained from
the same PhysioNet database used in this study. Zeng and Wang
[10] applied the theory of dynamic learning to classify HC
from PD, HD (Huntington’s disease), and ALS (amyotrophic
lateral sclerosis) subjects using features extracted from the left
and right swing intervals and the left and right stance intervals
obtained from the gait dynamics in neuro-degenerative disease
database of the PhysioNet. Zeng and Wang [11] also applied de-
terministic learning for the classification of HC and PD subjects
using another PhysioNet database, which was used in this study.
Kamath [12] studied gait dynamics with aging and PD using
complexity analysis developed in information theory. Ren et al.
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[13] studied the gait fluctuations of HC, PD, HD, and ALS using
the method of empirical mode decomposition to extract features
for assessing the dissimilarity between the four cohorts, and
trained several classifiers with these features to differentiate the
four groups. Pham [14] most recently applied fuzzy recurrence
plots to extract texture features from the time series of stride
intervals to classify PD, HD, and ALS from HC subjects.

Tensor decompositions can effectively deal with the complex-
ity of multi-sensor (multi-channel) data to allow effective analy-
sis of the interactions between multiple modes or dimensions of
a multi-index numerical array. In this paper, we present a tensor
decomposition model for dynamic gait analysis in PD, where the
tensor-decomposition coefficients can be used as useful features
for differentiating patients with PD from HC subjects.

The rest of the paper is organized as follows. Section II de-
scribes the gait database of the PhysioNet to be analyzed in the
present study. Section III presents a tensor decomposition of
gait dynamics in PD and HC cohorts. Section IV reports results
of gait analysis. Section V discusses findings from the exper-
imental results and comparisons with other methods. Finally,
Section VI is the conclusion of the research.

II. GAIT DATA IN PARKINSON’S DISEASE

The database of Gait in Parkinson’s Disease [15]–[18], which
is publicly available at the PhysioNet website [19], was used in
this study.

The database contains records of gait from 93 patients with
idiopathic Parkinson’s disease (PD), where the PD mean age is
66.3 years, and 63% of the PD cohort are men, and 72 healthy
control (HC) subjects, where the HC mean age is 66.3 years;
and 55% of the HC cohort are men. The database stores the
vertical ground reaction force (VGRF) measurements of the
subjects as they walked at their usual and self-selected pace for
approximately 2 minutes on the ground level. The computerized
force-sensitive system consists of a pair of shoes and a record-
ing unit. Each shoe is equipped with 8 load sensors (Ultraflex
Computer Dyno Graphy, Infotronic Inc) that cover the surface
of the sole and measure the vertical forces (in newton) under
each foot as a function of time. The recording unit, whose size
and weight respectively are 19 × 14 × 4.5 cm and 1.5 kg, was
carried on the waist [15]. The output of each of these 16 sensors
under the left and right feet were digitized and recorded at 100
samples per second.

According to the description obtained from the Gait in Parkin-
son’s Disease database [19], when a subject is standing with both
legs being parallel to each other, the locations of 8 sensors inside
the insole in each foot can be depicted as lying approximately
at the (X,Y ) coordinates as shown in Table I, where the co-
ordinates of origin (0,0) is between the legs and the subject is
facing toward the direction of the positive side of the Y axis.
The (X,Y ) coordinates are in an arbitrary coordinate system,
which reflects the relative positions of the sensors within each
insole. During walking, the sensors inside each insole remain at
the same relative position, but the two feet are no longer parallel
to each other. This coordinate system therefore enables a calcu-
lation of a proxy for the location of the center of pressure under

TABLE I
LOCATIONS OF 8 SENSORS ON EACH FOOT [19], WHERE “L” AND “R” STAND

FOR LEFT AND RIGHT, RESPECTIVELY

Sensor X Y

L1 −500 −800
L2 −700 −400
L3 −300 −400
L4 −700 0
L5 −300 0
L6 −700 400
L7 −300 400
L8 −500 800
R1 500 −800
R2 700 −400
R3 300 −400
R4 700 0
R5 300 0
R6 700 400
R7 300 400
R8 500 800

each foot. Furthermore, the demographic information of the PD
and HC subjects and relevant measures of disease severity are
also available from the database.

Figs. 1 and 2 show short segments of the VGRF time series
recorded with 8 sensors on the right foot of an HC subject and a
PD patient, respectively (the database consists of only records of
time and forces without annotations of phases of the gait cycle
such as heel stride, foot flat, mid-stance, heel-off, toe-off, and
mid-swing). In a normal gait, the VGRF signal has two peaks:
the first peak is when the foot strikes the ground and the second
peak is caused by the force pushing off from the ground. The
shape of the VGRF signal is abnormal in PD [20], [21], as can
be seen in Fig. 2(h), showing the VGRF measured with sensor
#8 located under the right foot of a PD subject, where narrow
peaks in the VGRF signal can be observed. The magnitudes of
the VGRF signals of the PD subject are generally lower than
those of the HC subject due to reduced forces for the heel contact
and the pushing-off phase.

III. TENSOR DECOMPOSITION OF GAIT DYNAMICS

With the use of multi-linear algebra and the advanced power
of computer computation, tensor analysis, which is known
as the multi-way array method, has recently been gaining in-
creasing interest in the analysis of multi-sensor data [22]–[26].
Tensor computing has much better capacity and flexibility in
modeling multi-dimensional data for extracting useful features
than vector-based (one-way) or matrix-based (two-way)
methods [25].

Two well-known models for tensor decomposition are the
canonical polyadic decomposition (CPD) [27], and the Tucker
decomposition [28]. The CPD is also known as the PARAFAC
[29], which stands for parallel factor analysis, and the CAN-
DECOMP [30], which stands for canonical decomposition.

In this study, the PARAFAC, which is a generalization of
the principal component analysis (PCA) to arrays of higher or-
ders, was applied for decomposing tensors of gait data with
multi-sensors. In tensor analysis, the terms mode, way, and
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Fig. 1. Vertical ground reaction force (VGRF) of first 2000 time points
recorded with 8 sensors placed under the right foot of a healthy control
subject. (a) Sensor #1. (b) Sensor #2. (c) Sensor #3. (d) Sensor #4.
(e) Sensor #5. (f) Sensor #6. (g) Sensor #7. (h) Sensor #8.

order generally have the same meaning; and also, the terms
component and factor are used interchangeably [22]. In gen-
eral, the PARAFAC model of an N -mode tensor of dimensions
Lj , j = 1, . . . , N , can be mathematically expressed as

X =
F∑

f =1

a(1)
f ⊗ a(2)

f ⊗ · · · ⊗ a(N )
f + E, (1)

where X ∈ RL1 ×L2 ×···×LN is the tensor, E is the model error
tensor, ⊗ is the outer product, F is the number of factors, and
a(j )

f , j = 1, . . . , N , are the f -th columns of the loading matrices

A(j ) = [a(j )
1 , . . . ,a(j )

F ].

Fig. 2. Vertical ground reaction force (VGRF) of first 2000 time points
recorded with 8 sensors placed under the right foot of a patient with
Parkinson’s disease. (a) Sensor #1. (b) Sensor #2. (c) Sensor #3. (d)
Sensor #4. (e) Sensor #5. (f) Sensor #6. (g) Sensor #7. (h) Sensor #8.

The tensor model can also be defined as

X = X̂ + E ≈ X̂, (2)

where X̂ is the estimate of the tensor, which is the linear com-
bination of f -term tensors expressed in (1).

The solution to the PARAFAC model can be obtained using
the alternating least squares method (ALS), which was described
in [22], [31]. The PARAFAC ALS algorithm works by succes-
sively initializing the loadings in two modes, then iteratively
estimating the last mode by the least squares regression until
the estimates of the loading matrices converge.

The fourth-order tensor for gait dynamics in HC and PD
cohorts can be modeled with 4 modes that include subjects,
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Fig. 3. Bivariate scatter plot matrices between 5 factors (f1 ... f5), with a univariate histogram for each factor (diagonal subplots), obtained from
4-way tensor decomposition of VGRF time series of healthy control (HC) and Parkinson’s disease (PD) cohorts, exhibiting different distribution
patterns and magnitudes between the two cohorts. (a) HC. (b) PD.

feet, sensors, and VGRF as follows:

XH C ≈
F∑

f =1

a(1)
f ,H C ⊗ a(2)

f ⊗ a(3)
f ⊗ a(4)

f ,H C , (3)

where XH C stands for the tensor of the HC cohort, a(1)
f ,H C is

the first-mode vector whose length is equal to the number of HC
subjects, a(2)

f is the second-mode vector whose length is equal

to 2, which stands for the left and right feet, a(3)
f is the third-

mode vector whose length is equal to the number of sensors,
and a(4)

f ,H C is the fourth-mode vector whose length is equal to
the length of the VGRF time series of the HC; and

XP D ≈
F∑

f =1

a(1)
f ,P D ⊗ a(2)

f ⊗ a(3)
f ⊗ a(4)

f ,P D , (4)

where XP D stands for the tensor of the PD cohort, and other
variables are defined likewise as in (3).

IV. RESULTS

The PARAFAC of the freely available N -way Toolbox for
Matlab [31] was used for the tensor decomposition of the gait-
dynamics time series of the HC and PD subjects in this study,
where no constraints were imposed on the loadings of the 4
different modes of the tensor model. The PARAFAC algorithm
arranges the factors as in the PCA, where the most important
factor is made the first factor, and so on. The PARAFAC model of
the 4-way array with 5 factors was used in this study, which was
based on the formulation proved in [32] to ensure the uniqueness
of the PARAFAC solution [33]:

∑N
j=1 k(j ) ≥ 2F + (N − 1),

where k(j ) is the k-rank of A(j ) .
Fig. 3 shows the bivariate scatter plots of the 5 factors, with

a univariate histogram for each factor, obtained from the 4-way
tensor decomposition of the gait time series of the HC and
PD cohorts. Fig. 4(a)–(d) respectively show the scatter plots of

the first and second factors, second and third factors, third and
fourth factors, and fourth and fifth factors of the first model
loading matrix (subjects) of the 4-way tensor decomposition of
the HC and PD cohorts. Table II shows the means and stan-
dard deviations of the 5 factors of the two cohorts. Fig. 5 shows
the plot of the first three factors of the second loading matrix
(feet) of the 4-way tensor decomposition of the left feet against
the right feet of the HC and PD subjects. Table III shows val-
ues of all 5 factors for the left and right feet of the HC and
PD cohorts.

To validate the effectiveness of the tensor decomposition of
the gait dynamics, all 5 factors of the first loading matrices of the
HC subjects and PD patients were used for the binary classifica-
tion using the least-squares support vector machines (LS-SVM)
[34], where the Matlab software is publicly available [35]. To
show the effectiveness of the tensor decomposition of multi-
sensor data for gait analysis in comparison with the PCA, the
first 5 principal component coefficients extracted from the gait
data of the HC and PD groups were used for the classification by
the LS-SVM. Table IV shows the leave-one-out, 2-fold, 5-fold,
and 10-fold cross-validation results of the tensor decomposition
(TD), principal component analysis (PCA), and the determinis-
tic learning (DL) [11].

V. DISCUSSION

The matrices of bivariate scatter plots (Fig. 3) shows different
patterns in the relationships between pairs of the factors between
the HC and PD cohorts. All sub-figures in Fig. 4 suggest that the
factor distributions of the PD cohort are more disperse than those
of the HC cohort. The first two TD factors of the HC and PD
cohorts are all positive, where those of the HC are about double
greater than those of the PD, and the standard deviations of the
PD cohort are higher than those of the HC cohort (Table II),
suggesting a higher degree of variability in gait pattern among
the PD group than the HC. A clear separation of the plot of
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Fig. 4. Scatter plots of pairs of factors obtained from 4-way tensor decomposition of VGRF time series of healthy control (HC) and Parkinson’s
disease (PD) cohorts. The plots of the PD cohort show more dispersion than those in the HC cohort.

TABLE II
MEANS (×104 ) AND STANDARD DEVIATIONS (×104 ) OF 5 FACTORS (F1 ... F5) OF THE FIRST LOADING MATRIX (SUBJECTS) FOR HEALTHY CONTROL (HC)

AND PARKINSON’S DISEASE (PD) COHORTS OBTAINED FROM 4-WAY TENSOR DECOMPOSITION

Cohort f1 f2 f3 f4 f5

HC 1.4842 ± 1.2308 1.1203 ± 0.9245 −0.1781 ± 1.1474 −0.0294 ± 0.5179 0.1269 ± 0.3262
PD 2.9087 ± 1.4132 2.7041 ± 1.6323 −0.2882 ± 1.4963 0.1823 ± 1.5031 −0.0316 ± 0.5051

the first three factors of the second loading matrix (feet) of the
4-way tensor decomposition of the left feet against the right feet
of the HC and PD subjects can be observed in Fig. 5, where the
factors of the right foot of the HC cohort are low and the factors
of the left foot of the HC cohort are high, and vice versa for
the PD cohort. The first 4 factors for the left and right feet of
the HC and PD shown in Table III agree with the observation
from Fig. 5. These findings may have an important implication

as tensor-based physiological markers for differentiating gait
dynamics between HC and PD subjects.

As shown in Table IV, except for the case of 10-fold cross-
validation, where there is no comparison with the DL, all the
cross-validation results obtained from the TD are higher than
those obtained from the DL and PCA. The average area under
the receiver operating characteristic curve (AUC), where an
AUC of 1 means a perfect test and an AUC of 0.5 represents
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Fig. 5. First 3 factors of 4-way tensor decomposition of right-foot vs. left-
foot VGRF time series of healthy control (HC) and Parkinson’s disease
(PD) cohorts.

TABLE III
VALUES OF 5 FACTORS (F1 ... F5) OF THE SECOND LOADING MATRIX (LEFT

AND RIGHT FEET) FOR HEALTHY CONTROL (HC) AND PARKINSON’S
DISEASE (PD) COHORTS OBTAINED FROM 4-WAY TENSOR DECOMPOSITION

Cohort f1 f2 f3 f4 f5

HC left foot 0.7116 0.7118 0.7162 0.7101 0.8092
HC right foot 0.7026 0.7024 0.6979 −0.7041 0.5876
PD left foot 0.7061 0.7056 0.6994 0.7098 0.7198
PD right foot 0.7081 0.7086 0.7147 0.7044 −0.6941

a random result, was computed for each cross-validation. The
average AUC values of the four cross-validations obtained from
LS-SVM using TD features are all 1, which indicate the high
performance of the proposed method for studying gait dynamics.
The DL method extracted features as the differences between
the VGRF values of L3 and R3 sensors, L6 and R6 sensors, and
the sum of the eight sensor outputs from each foot, resulting in
a 4-dimensional feature vector for each HC subject and each PD
patient. These features were used to model and learn the gait
dynamics with the radial basis function based neural network.
While the cross-validation results of the DL methods were fairly
high, this method mainly concerned with the classification of
HC subjects and PD patients, and was not able to discover novel
physiological characteristics of the two cohorts hidden in the
multi-sensor data. The proposed TD method systematically and
fully utilized the data provided by all the sensors to model gait
dynamics, and produced the TD factors as properties that show
distinct attributes between the two groups as well as effective
features for pattern classification. Based on the comparative
results obtained from the PCA and 4-way TD (Table IV), where
the TD performed much higher than the PCA, it is obvious
that the TD is a more adequate, robust and interpretable model
than the PCA for modeling gait dynamics obtained from multi-
sensor data. Another advantage of the TD over the PCA is that
higher-order tensor decompositions are often unique, whereas
matrix decompositions are not [23].

TABLE IV
CROSS-VALIDATION RESULTS FOR CLASSIFICATION OF HEALTHY CONTROL
AND PARKINSON’S DISEASE SUBJECTS OBTAINED FROM DETERMINISTIC
LEARNING (DL), PRINCIPAL COMPONENT ANALYSIS (PCA), AND TENSOR

DECOMPOSITION (TD) METHODS IN TERMS OF SENSITIVITY (SEN),
SPECIFICITY (SPE), AREA UNDER ROC CURVE (AUC), AND ACCURACY

(ACC), WHERE ‘X’ INDICATES NOT AVAILABLE

Method SEN (%) SPE (%) AUC ACC (%)

Leave-one-out
DL 92.47 94.52 x 93.37
PCA 76.34 79.17 0.84 77.58
TD 100 100 1 100

2-fold
DL 91.49 91.67 x 91.57
PCA 86.02 87.50 0.92 86.67
TD 100 100 1 100

5-fold
DL 96.77 95.89 x 96.39
PCA 79.57 80.56 0.88 80.00
TD 100 100 1 100

10-fold
DL x x x x
PCA 86.02 87.50 0.92 86.67
TD 100 100 1 100

In this study, the number of factors F was chosen to be 5 in
the 4-way FARAFAC model, because the sum squared predic-
tion error given by F = 5 was lowest among F = 1, . . . , 5 in
both HC and PD tensors. When F was set to 6, some factors in
both HC and PD tensors were highly correlated as the Tucker’s
congruence coefficients [37], which are indices of the similarity
between factors, were greater than 0.85, suggesting to decrease
the number of factors [31], [37]. The core consistency diagnos-
tic (CORCONDIA) [38] was introduced for the heuristic de-
termination of the appropriate number of factors in PARAFAC
models. The CORCONDIA takes a tensor and its F -component
PARAFAC decomposition as the input and produces a measure
of consistency expressed in percentage, denoted as c, where the
range of c is from some negative value to 100%. The PARAFAC
model is considered valid if c is close to 100%. Given several
inputs of the decompositions, the appropriate number of factors
can be practically selected as the last high consistency value be-
fore the sharp decrease in c. However, it is pointed out that COR-
CONDIA can be misleading [39], and cannot be applied to large
arrays, such as those used in this study (93 × 2 × 8 × 26366 for
the PD and 72 × 2 × 8 × 12119 for the HC), due to its lack of
scalability and its modeling assumptions [40]. An extension of
the core consistency diagnostic was described in [40], which
requires the specification of a maximum rank to find a good
number of factors for the tensor decomposition. The distinct
observations of the plots of the factors of HC subjects and PD
patients shown in Figs. 3 and 4, and the highest classification
performance of the PARAFAC model of the 4-way array with
5 factors as shown in Table IV provide evidence that the use of
this number of factors is appropriate.

Instead of using the 5 factors of all loading matrices of the
PARAFAC model, which constitute a very high dimensional
space for pattern classification, only 5 factors of the first load-
ing matrix that represents the number of subjects was used in
this experiment. It is because such a number of factors can be
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sufficient enough for training the LS-SVM. In fact, the perfor-
mance of the LS-SVM classification with the use of the 5 factors
of the first loading matrix resulted in maximum accuracy
(Table IV), illustrating the effectiveness of the proposed design
of the tensor decomposition of the gait dynamics.

In particular, the classification accuracy rates provided by the
tensor decomposition of the PD and HC gait dynamics are much
higher than those obtained from the PCA in all cross-validations
(Table IV), showing an advantage of the tensor decomposition
over the PCA for multi-sensor data analysis.

In comparison with the best results obtained using combi-
nations of the wavelet features and multilayer perceptron neu-
ral networks for classification (80% training, 10% validation,
and 10% testing) reported in [9], the values for sensitivity
= 80.1% (obtained from combining symlet and Daubechies
wavelets), accuracy = 86.2% (obtained from combining Sym-
let and Daubechies wavelets), and AUC = 0.78 (obtained from
Coiflet wavelet), all of which are lower than those obtained from
the tensor decomposition.

In another comparison of the present results with those ob-
tained from a similar study [36] using the PCA of VGRF tested
on a different non-public database consisting of smaller cohorts
(38 normal subjects, and 5 patients with lower limb fractures),
the scatter plots of the pairs of principal component coefficients
(PCC) in all cases show similar scattering patterns of the factor
pairs for the two groups, which are less informative than those
found in the 4-way tensor decomposition of the VGRF time se-
ries of the HC and PD cohorts. Furthermore, the best PCA-based
leave-one-out cross-validation results (using 6 PCCs) for sensi-
tivity = 84.60%, specificity = 100%, and accuracy = 96.10%,
which are less than the sensitivity (100%), specificity (100%),
and accuracy (100%) obtained from the tensor decomposition,
testing with much larger cohorts of controls and patients.

Highlights of technical advantages of the proposed tensor
decomposition of gait dynamics over other methods discussed
above are that this tensor decomposition is a better match for
exploratory signal analysis of complex multi-sensor data, where
similar successful applications of tensor decompositions have
been found in multi-sensor and multi-modal signal processing
[25], it offers a great flexibility in the design for finding hidden
components in multi-sensor data in the context of data fusion to
discover discriminating information between patients with PD
and HC subjects, and its factors are effective and robust (in the
presence of noise and missing data [25]) to be used as compact
features for training classifiers for automated recognition of gait
disorders.

VI. CONCLUSION

The discovery of the distinct relationships of the tensor-
decomposition factors of the controls and PD patients as well as
the high performance of machine learning in the differentiation
between the two groups under various cross-validations show
the potential of the tensor model and its decomposition for gait
analysis. The findings suggest the utilization of the proposed
method as an objective means for quantifying locomotion as-
sociated with the disease, monitoring responses to therapeutic
interventions and rehabilitation, as well as early prediction of

falls, where reliable predictors of future falls in patients with
Parkinson’s disease are still inadequate at present [41].

The tensor model developed in this study can be readily
applied for the analysis of multi-sensor time series in patho-
physiological patterns from other disorders. In this study, the
PARAFAC for tensor decomposition was applied to the gait
analysis, application of the Tucker decomposition will also be
explored in future study.

Unlike the case of matrices, the rank of a tensor is still not
well understood. It was shown that the problem of computing
the rank of a tensor is NP-hard [42]. The selection of the number
of PARAFAC components in this study was somehow made ad
hoc. Therefore, automated determination of optimal numbers
of PARAFAC components for the tensor decomposition of gait
would be expected to gain further insights into the pathophysi-
ological mechanism of the disease.

The proposed method used the full length of the VGRF time
series without considering the minimum number of strides re-
quired for effective tensor decomposition analysis of the gait
dynamics. Tensor decompositions can effectively operate on
signals of very short durations [25], therefore study on the min-
imum stride number is worth investigating. The application can
be useful for short gait trials, because it is usually difficult to
measure a large number of strides in clinical settings [6].
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