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a b s t r a c t
Human locomotion is regulated by the central nervous system (CNS). The neurophysiological changes in
the CNS due to amyotrophic lateral sclerosis (ALS) may cause altered gait cycle duration (stride interval)
or other gait rhythm. This article used a statistical method to analyze the altered stride interval in patients
with ALS. We ﬁrst estimated the probability density functions (PDFs) of stride interval from the outlierprocessed gait rhythm time series, by using the nonparametric Parzen-window approach. Based on the
PDFs estimated, the mean of the left-foot stride interval and the modiﬁed Kullback–Leibler divergence
(MKLD) can be computed to serve as dominant features. In the classiﬁcation experiments, the least squares
support vector machine (LS-SVM) with Gaussian kernels was applied to distinguish the stride patterns
in ALS patients. According to the results obtained with the stride interval time series recorded from 16
healthy control subjects and 13 patients with ALS, the key ﬁndings of the present study are summarized
as follows. (1) It is observed that the mean of stride interval computed based on the PDF for the left foot
is correlated with that for the right foot in patients with ALS. (2) The MKLD parameter of the gait in ALS
is signiﬁcantly different from that in healthy controls. (3) The diagnostic performance of the nonlinear
LS-SVM, evaluated by the leave-one-out cross-validation method, is superior to that obtained by the
linear discriminant analysis. The LS-SVM can effectively separate the stride patterns between the groups
of healthy controls and ALS patients with an overall accurate rate of 82.8% and an area of 0.869 under the
receiver operating characteristic curve.
© 2010 IPEM. Published by Elsevier Ltd. All rights reserved.

1. Introduction
Amyotrophic lateral sclerosis (ALS) is a type of neurodegenerative disorder that affects the motor neurons in the central nervous
system, which directly or indirectly control muscular contractions
during ambulation [1]. Deterioration of motor neurons or their
myelin sheath will result in neurological dysfunction, with which
the impulses initiated by the cerebrum cannot be transmitted to
the target muscle ﬁbers [2]. During the degenerative process, those
weak motor neurons will be progressively replaced with ﬁbrous
astrocytes, and the muscle tissue begins to atrophy, which would
lead to lower extremity weakness, and ultimately motor paralysis
[3,4].
Due to the interruption of the pathway from the cerebrum to
the muscle, the lower limbs may not properly perform voluntary
movements so that the gait in a patient with ALS could be altered
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[5]. Analysis of gait parameters is very useful for a better understanding of the mechanisms of movement disorders, and also has
high potential in monitoring of the progression of a particular neurodegenerative disease [6,7].
In recent related studies [8–15], computer-assisted tools have
been utilized to measure the gait parameters in healthy adults,
and also to describe the distinct characteristics of the gait in neurodegenerative diseases. The research based on the fractal analysis
indicated that the temporal dynamics of stride interval in healthy
adults possess a fractal (self-similar) structure in small time scales
[8,9], and the ﬂuctuation magnitude is relatively small in healthy
subjects [14]. Hausdorff et al. [10] quantiﬁed the locomotor instability in ALS by measuring the ﬂuctuation magnitude (in terms
of the coefﬁcient of variation) in the gait rhythm time series.
Their results suggested that the gait speed is apparently slower
in patients with ALS, and the ﬂuctuation magnitude of the strides
in ALS is larger than that in healthy adults. By analyzing the gait
rhythm time series with the detrend ﬂuctuation analysis method,
Hausdorff et al. [10] also observed that the stride-to-stride ﬂuctuation dynamics are perturbed in ALS, but the changes of the gait
variability (characterized by the fractal scaling index and nonstationary index) in ALS do not reach the level of signiﬁcant difference.
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Liao et al. [12] used the multi-resolution entropy approach to analyze the ﬂuctuations of gait rhythm in ALS, Parkinson’s disease (PD),
and Huntington’s disease (HD). Their study demonstrated that the
gait rhythm in ALS exhibits a higher degree of asymmetry than in
PD or HD. Scafetta et al. [13] used the supercentral pattern generator model to simulate human gait dynamics, and also discussed the
stochastic and fractal properties of the gait in ALS, PD, and HD. Aziz
and Arif [15] converted the stride time series into a kind of symbol sequence, and then applied a threshold dependent symbolic
entropy method in the analysis of gait complexity. They observed
that the normalized corrected Shannon entropy of the symbolic
stride sequences is much lower in ALS at different short thresholds.
Although a few nonlinear analysis methods have been used
in previous studies to investigate the complexity of human
locomotion process, further quantitative studies call for more computational tools that are suited for gait analysis [16]. The present
study used the statistical methods and pattern classiﬁers to analyze the altered stride interval in patients with ALS [17]. In order
to characterize the dominant statistical parameters of the gait, we
ﬁrst applied the nonparametric Parzen-window method to estimate the probability density functions (PDFs) of stride interval
for healthy subjects and ALS patients, respectively. Based upon
the PDFs obtained, we computed two statistical parameters of
stride interval, i.e., the mean of the left-foot stride interval and
the modiﬁed Kullback–Leibler divergence. It is hypothesized that
the statistical parameters of stride interval in ALS could be statistically different from those in healthy adults. The implementation of
classiﬁcation tools is also useful in gait analysis. With the decision
boundaries provided by the classiﬁers, the different gait patterns
may be automatically categorized in the feature space, which helps
monitor the altered gait rhythm parameters in ALS at an early stage.
We expected that the kernel-based nonlinear classiﬁer employed in
the present study could properly distinguish the ALS stride patterns
with a higher degree of accuracy.

2. Methods
2.1. Gait assessment
2.1.1. Subjects
The gait database used in the present study was contributed by
Hausdorff et al. [10], and can also be downloaded via the web page
of PhysioNet1 [18]. Hausdorff et al. [10] reported that 13 patients
with ALS (age mean ± standard deviation, SD: 55.6 ± 12.8 years; 10
males and 3 females) were recruited from the Neurology Outpatient Clinic at Massachusetts General Hospital, Boston, MA, USA.
These ALS patients were free of visual, respiratory, cardiovascular,
or other neurological diseases, which might lead to lower extremity weakness. The pathological duration since the diagnosis of ALS
ranged from 1 to 54 months (mean ± SD: 18.3 ± 17.8 months). The
ALS patients did not usually use a wheelchair for mobility, and the
medication usage was not changed. Sixteen healthy subjects (age
mean ± SD: 39.3 ± 18.5 years; 2 males and 14 females) without gait
disturbances were recruited to form the control (CO) group. These
healthy subjects were free of neurological, respiratory, or cardiovascular disorders. Either height or weight of the CO subjects was
not signiﬁcantly different from that of the ALS patients. All the CO
and ALS subjects provided informed consent as approved by the
Institutional Review Board of the Massachusetts General Hospital.

1

Online available at http://www.physionet.org/physiobank/database/gaitndd/.

2.1.2. Experimental protocol
According to the experimental protocol established by Hausdorff et al. [10], the subjects were instructed to walk at their normal
pace along a straight 77-m long hallway for 5 min without stopping
(unless they had to turn at the end of the hallway) on level ground.
Ultrathin pressure-sensitive switches were placed in each subject’s
shoes to record the force underneath the foot during ambulation
[19]. The temporal signals were digitized by an on-board analogto-digital converter at the sampling rate of 300 Hz with 12-bit
resolution per sample, and then stored in a recorder (dimensions:
5.5 cm × 2 cm × 9 cm; weight: 0.1 kg). The recorder was worn on
the ankle cuff of each foot and held in place with a wallet on the
ankle [19]. The present study focuses on the gait rhythm in terms
of stride interval (time from initial contact of one foot to the subsequent contact of the same foot), which can be obtained with the
algorithm proposed by Hausdorff et al. [19].
2.1.3. Preprocessing of stride interval time series
Before the statistical analysis, we removed the samples of stride
interval recorded in the ﬁrst 20 s to minimize the start-up effects,
which was the same as implemented in the previous studies
[10,12,13,16]. During the monitoring period of 5 min, each time
the subjects reached the end of the hallway, they had to turn
around and then continue walking [10]. The strides associated with
these turning events (regarded as outliers) should be excluded for
the present statistical analysis, because they were different from
those recorded during walking in a straight line along the hallway. According to the well-known “three-sigma rule” [20], about
99.7% of the normally distributed probability values lies within
3-SD distance from the mean. For each subject, we removed the
stride outliers that were 3 SDs in amplitude greater or less than
the median value of stride interval over the entire time series for
both feet [16]. In the stride interval preprocessing procedure, the
median value was used instead of the mean of the corresponding time series, because some outliers possessed large values and
could affect the computing of the mean over the time series. With
the annotations of the outliers detected, the time series of rightfoot stride interval were calibrated with the left-foot time series,
for the purpose of probability-density-function-based comparative
study. Illustrations of the detection of stride outliers for a healthy
control and an ALS patient are provided in Fig. 1, and the results are
presented in Section 3.
2.2. Gait analysis
2.2.1. Nonparametric probability density function estimation
With the outlier-processed time series of stride interval, we ﬁrst
computed the histogram, as a reference to the PDF to be estimated.
For each subject, the histogram of stride interval was established
with B bins, which helped calculate the probability of occurrence
with B containers of equal length in the amplitude range of stride
interval. According to Scott’s choice [21], the optimal bin number
B can be derived by minimizing the mean squared error between
the estimated histogram and the Gaussian density function, i.e.,
B=

(g h − g l )
3.49 s n−1/3

,

(1)

where s and n denote the SD and the number of samples in the
stride interval time series, respectively, and the highest and lowest
values of the range of stride interval g are presented as gh and gl ,
respectively.
For each subject, the PDF of stride interval was estimated from
each outlier-processed time series, by using the nonparametric
Parzen-window method [22]. If a M-length stride interval time
series, the samples of which are sorted in amplitude as {x1 , x2 , · · · ,
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Fig. 1. Illustrations of outlier-processed stride interval time series recorded from (a) left foot and (c) right foot of a healthy control subject (age: 57, female); (b) left foot
and (d) right foot of a patient with amyotrophic lateral sclerosis (age: 40, female, pathological duration: 14.5 months). Dashed lines locate the outlier strides which were 3
standard deviations greater or less than the median value of stride interval over the entire time series. The ﬁrst strides in (a)–(d) each were counted from the corresponding
time series after the start-up 20 s. During the monitoring period of 5 min (without the start-up 20 s), the numbers of strides produced by the healthy control subject and
the patient with amyotrophic lateral sclerosis were 259 (5 outliers) and 246 (6 outliers), respectively. The height is 1.94 m for the healthy control subject and 1.7 m for the
patient with amyotrophic lateral sclerosis, respectively.

xM }, then the underlying PDF p(x) can be estimated as [23]
1
w (x − xm ) ,
M

respectively. The results of the histogram and the nonparametric
PDF estimation are presented in Section 3.

M

p̂(x) =

(2)

m=1

where w(·) is a window function that integrates to unity. In the
present study, we considered the Gaussian window, which may be
expressed as



w(x − xm ) =

1
(x − xm )2
exp −
√
2P2
P 2

2.2.2. Extraction of statistical parameters
Based on the Parzen-window PDF of stride interval, p̂(gb ), we
may compute the mean of stride interval as



,

(3)

where  P represents the spread parameter that determines the
width of a Gaussian window, the center of which is located at xm .
In order to determine the optimal spread parameter, the estimated
PDF was allocated into the same B containers as computed for the
histogram, so that the Parzen-window PDF can be presented as
p̂(gb ), in which gb , b = 1, 2, · · · , B, indicates the range of stride interval g represented with B bins. The value of spread parameter was
varied over the range from 0.01 to 0.1, with an increment of 0.01,
and then the optimal spread parameter that minimizes the mean
squared error between the Parzen-window PDF and the histogram
can be selected in the range. In our experiment, the optimal values of  P were 0.02 and 0.03 for the CO and ALS subject groups,

=

B


gb p̂(gb ),

(4)

b=1

where the mean values of stride interval computed for the left
foot and right foot are presented as L and R , respectively. We
did not compute the variance of stride interval or the coefﬁcient
of variation, because these two ﬂuctuation magnitude parameters
have been discussed in the study of Hausdorff et al. [10]. In probability theory, the Kullback–Leibler divergence (KLD) is a statistical
measure of the difference between two PDFs [24]. However, such a
relative-entropy-based parameter does not ﬁt the metric criterion,
due to its asymmetry. In order to describe the difference between
the PDFs of stride interval estimated from the left foot and right
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foot, we considered the modiﬁed KLD (MKLD) deﬁned as









MKLD = D p̂L (gb )|p̂R (gb ) + D p̂R (gb )|p̂L (gb )
=

B

b=1



p̂L (gb )loge

 
B
p̂L (gb )

p̂R (gb )

+

b=1

p̂R (gb )loge





p̂R (gb )
,
p̂L (gb )

(5)



where D p̂L (gb ) p̂R (gb ) denotes the KLD of the Parzen-window


PDF of right-foot stride interval, p̂R (gb ), from the PDF of stride
interval estimated for the left foot, p̂L (gb ). The logarithms in the
deﬁnition of the MKLD are taken to base e (with respect to natural logarithms) so that the information is measured in nats (one
nat corresponds to about 1.44 bits). The MKLD is nonnegative, i.e.,
MKLD ≥ 0. The minimum MKLD = 0 occurs if and only if p̂L (gb ) =
p̂R (gb ), for all b = 1, 2, · · · , B. The details of the feature analysis are
presented in Section 3, and then discussed in Section 4.
2.2.3. Classiﬁcation of stride patterns
In the experiment, we applied the least squares support vector
machine (LS-SVM) with nonlinear kernels for classiﬁcation of the
stride patterns in ALS. The LS-SVM was proposed by Suykens et al.
[25], with some modiﬁcations to the Vapnik SVM formulation [26].
Similar to the Vapnik SVM, the LS-SVM is also a type of kernelbased artiﬁcial neural network, the learning of which follows the
structural risk minimization rule [27]. By choosing the nonlinear
inner-product kernels, the LS-SVM is able to perform the same
function as the polynomial learning machine (with polynomial kernels), the radial basis function network (with Gaussian kernels), or
the multilayer perceptron with a single hidden layer (with sigmoid
kernels) [28]. During the model parameter optimization, a subset
of the training data is selected as the support vectors, which are
considered to be the most informative for the classiﬁcation task,
because these support vectors are geometrically located close to
the decision boundary.
Compared with the Vapnik SVM, the LS-SVM has an improvement of moderate complexity and works more efﬁciently, which
is the reason that we considered the LS-SVM instead of the Vapnik SVM in the present study. The major differences between the
Vapnik SVM and the LS-SVM are summarized as follows [25]:
• The optimization of the Vapnik SVM is obtained by solving
a constrained quadratic programming (CQP) problem related
to the convex cost function, whereas the learning of the
LS-SVM is implemented by minimizing a regularized least
squares cost function with equality constraints under the
Karush–Kuhn–Tucker (KKT) condition.
• The solution vector of Lagrange multipliers obtained by the Vapnik SVM is sparse, i.e., only the Lagrange multipliers assigned
to the representative training data points (support vectors) are
with non-zero values, and the values of the rest Lagrange multipliers (for the remaining subset of training data) are equal to
zero. For the LS-SVM, on the other hand, all the training data contribute to the model, as no Lagrange multiplier will be exactly
equal to zero. Nevertheless, Suykens et al. [25] pointed out that,
after optimizing the LS-SVM, the Lagrange multipliers assigned to
the representative data points in the training set are with large
absolute values, and the others for those less important training data have small absolute values (or close to zero). In other
words, although the solution of Lagrange multipliers provided
by the LS-SVM is not sparse, the support vectors can still be
picked up from the optimum solution by deﬁning a threshold
level.
• The LS-SVM reformulates the convex cost function to be a regularized function in the squared sense, and the optimization of
the LS-SVM is achieved by solving a set of linear KKT equations,
instead of solving a CQP problem. Therefore, compared with the

Fig. 2. Schematic representation of the least-squares support vector machine used
for the gait pattern analysis. The input feature vector was constructed with the modiﬁed Kullback–Leibler divergence (MKLD) and the mean of the left-foot stride interval
parameters. The inner kernels were Gaussian kernels with the optimal variance
parameter equal to 0.25.

Vapnik SVM, the LS-SVM has a modest computation complexity
which leads to higher performance.
The schematic representation of the LS-SVM employed in our
experiment is shown in Fig. 2, and the optimization process of the
LS-SVM is summarized in Table 1. For more details of the theoretical
framework of the LS-SVM, readers are referred to the book authored
by Suykens et al. [25].
In our experiment, the classiﬁcation results were characterized by the overall accuracy (i.e., the correct classiﬁcation rate in
percentage) and the diagnostic receiver operating characteristic
(ROC) curve. The ROC curve and the area (Az ) under the curve were
obtained by using the software ROCKIT2 provided by the University
of Chicago, Chicago, IL, USA [29]. We compared the classiﬁcation
accuracy obtained by the LS-SVM based on three types of nonlinear kernels (i.e., the polynomial, sigmoid, and Gaussian kernels),
and chose the Gaussian kernels, together with the optimal variance parameter 2 = 0.25 and the regularization parameter  = 2
that supported the highest classiﬁcation accuracy. The Gaussian
kernel function ( · ) used in the experiment can be written as



 fi , fj = exp

− fi − fj
2

2

,

(6)

where fi denotes the input feature vector associated with the i th
subject, and 2 represents the variance parameter of the Gaussian
kernel. In addition to the all-training–all-testing (ATAT) style, i.e.,
all available subjects for both the training and testing of the classiﬁer, we also considered the leave-one-out (LOO) cross-validation
method [28] to evaluate the generalization ability of the LS-SVM.
For performance comparison purpose, the linear discriminant analysis (LDA) [28], a standard linear classiﬁer used in a variety of
clinical applications, was also used to implement a linear classiﬁcation.

2
Online available at http://www-radiology.uchicago.edu/krl/KRL ROC/software
index6.htm.
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Table 1
A optimization paradigm of the least squares support vector machine.
N

Training set: {fi , yi }i=1 ; features of the i th input pattern: fi ; class label: yi ∈{− 1, 1} (negative or positive);
Classiﬁcation: yi = y(fi ) = sign[wT ϕ(fi ) + c]; high-dimensional feature space mapping: ϕ( · ); bias: c;
Optimization problem:

⎧
⎨
⎩

minJ(w, e) =
w,c,e

1 T
w w+
2

N


ei2

i=1

s.t. yi [wT ϕ(fi ) + c] = 1 − ei , ∀i ,
where  is the regularization parameter that controls the tradeoff between the complexity of the machine
and the number of nonseparable data points, and ei represent slack variables that measure the deviation
of a data point from the ideal condition of pattern separability;
Lagrangian:
L(w, c, e; ˛) = J(w, e) −

N



˛i

Conditions
for optimality:
⎧



[wT ϕ(fi ) + c] − 1 + ei ; Lagrange multiples: ˛ = [˛1 , · · · , ˛N ]T ;

i=1


⎪
∂L
⎪
⎪
˛i yi ϕ(fi )
=0→w=
⎪
∂w
⎪
⎪
⎪
i=1
⎪
⎪
N
⎨ ∂L

N

∂c
⎪
⎪
⎪
⎪
∂L
⎪
⎪
⎪
∂ei
⎪
⎪
⎩ ∂L

˛i yi = 0

=0→

i=1

= 0 → ˛i = ei ,

i = 1, · · · , N

T

= 0 → [w ϕ(fi ) + c] − 1 + ei = 0,
∂˛i
The equivalent linear system:

T

T

i = 1, · · · , N

T

T

where Z = [ϕ(f1 ) y1 , · · · , ϕ(fN ) yN ] , Y = [y1 , · · · , yN ]T , I is a unit matrix, Iv = [1, · · · , 1] ,
e = [e1 , · · · , eN ]T , ˛ = [˛1 , · · · , ˛N ]T ;
Elimination of w and e gives:

The kernel trick is applied to the matrix ˝ = ZT Z with ˝ij = yi yj ϕ(fi )T ϕ(fj ) = yi yj (fi , fj ),
The corresponding LS-SVM classiﬁcation in the dual space:
yi = y(fi ) = sign

N

j=1

i, j = 1, · · · , N;



˛j yj (fi , fj ) + c ; ˛j are also used to determine the support vectors;

3. Results
Fig. 1 illustrates the detections of stride outliers present in the
left-foot and right-foot time series of a 57-year-old healthy CO subject and of a 40-year-old ALS patient, respectively. Based on the
outlier annotations, three unabridged 77-m walking distances can
be segmented (see the dashed lines in Fig. 1). According to the stride
numbers for these walking distances shown in Fig. 1, the averaged
stride length of these two subjects can be estimated and normalized
by their height, i.e., (3 × 77/(56 + 56 + 55) × 1.94) = 0.71 m for the
CO subject (height: 1.94 m) and (3 × 77/(53 + 54 + 52) × 1.7) = 0.85
m for the ALS patient (height: 1.7 m), respectively. The ALS patient
did not modulate as many strides as the CO subject practiced in the
same walking distance (3 × 77 m), which indicated that the averaged stride length was larger in ALS, as conﬁrmed in the study of
Hausdorff et al. [10]. From Fig. 1, for the same subject (either the
CO subject or the ALS patient), the number of strides taken within

a segmented walking distance (equal to the length of the hallway)
was similar to those taken within the other two segments. It can
be inferred that the averaged stride length taken by a subject from
one segmented walking distance to another was almost identical.
Fig. 3 plots the histogram graphics and the Parzen-window PDFs
of stride interval for a 57-year-old CO subject and a 65-year-old
ALS patient, respectively. The stride interval PDFs of the ALS patient
exhibited a number of distinct characteristics, compared with those
of the CO subject in the same scale: (1) the mean of stride interval was signiﬁcantly increased in either left-foot or right-foot time
series of the ALS patient; (2) the spread of either the left-foot or
right-foot PDFs of the ALS patient was much wider than that of the
CO subject; (3) the difference between the left-foot and right-foot
PDFs of stride interval was apparent in the ALS patient.
As described in Section 2.2.2, the mean values of stride interval
were computed for the left-foot and right-foot time series (labeled
as L and R ), respectively. We found that L and R were highly

Table 2
Mean and standard deviation (SD) values of two statistical parameters computed for 16 healthy control (CO) subjects and 13 patients with amyotrophic lateral sclerosis
(ALS). Student’s t-test was used to evaluate the signiﬁcance of separability (p-value) for each statistical parameter.
Statistical parameters

Mean of left-foot stride interval (s)
Modiﬁed Kullback–Leibler divergence (nats)
a

p < 0 : 05, signiﬁcant.

Mean ± SD

p-Values a

CO subjects

ALS patients

CO vs. ALS

1.093 ± 0.091
0.106 ± 0.160

1.354 ± 0.196
0.445 ± 0.499

<0.001
0.016
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Fig. 3. Histograms and Parzen-window probability density functions (PDFs) of stride interval estimated from (a) left foot and (c) right foot of a healthy control subject (age:
57, female); (b) left foot and (d) right foot of a patient with amyotrophic lateral sclerosis (age: 65, male). The number of bins computed for the histograms of the healthy
control and the patient with amyotrophic lateral sclerosis (ALS) were 12 and 9, respectively. The Parzen-window parameters  P computed for the PDFs of the healthy control
and the ALS patient were 0.02 and 0.03, respectively.

correlated (over 0.99 in terms of Pearson’s correlation coefﬁcient),
for either the CO or ALS subject group. Thus we only considered
the mean of the left-foot stride interval, L , as one of the dominant
features. The statistics of the mean of the left-foot stride interval
for the CO and ALS subject groups are listed in Table 2, from which
we may observe that L was increased by 23.9% (an increment of
0.261 s) in the group of ALS patients, compared with the CO subject
group. The corresponding p-value obtained with the Student’s ttest [30] was lower than 0.001, indicating that the L parameter
of the ALS patients was signiﬁcantly different from that of the CO
subjects. In addition, it is clear from Table 2 that the mean value
of MKLD for the group of ALS patients was four times larger than
that of the CO subject group, which implied that the stride interval
time series became asymmetric in the ALS patients, as conﬁrmed
by Liao et al. [12]. The p-value of the MKLD (p < 0.02) also indicated

a signiﬁcantly difference between the two subject groups, so that
we utilized the L and MKLD parameters to construct the set of
dominant features for the pattern classiﬁcation task. Fig. 4 plots in
the two-dimensional feature space the stride patterns of the CO and
ALS subject groups. Note that most of the CO patterns congregated
in a restricted region where L < 1.2 s and MKLD < 0.6 nat, whereas
the ALS patterns were widely dispersed in the upper district where
L > 1.1 s.
The classiﬁcation results of the Gaussian-kernel-based LS-SVM
in the ATAT and LOO training–testing styles are presented in Table
3. The LS-SVM trained in the ATAT style, labeled as LS-SVM/ATAT,
can distinguish the stride patterns of two subject groups with an
accurate rate of 93.1% (sensitivity: 0.923; speciﬁcity: 0.938). The
LS-SVM evaluated with the LOO method, labeled as LS-SVM/LOO,
provided an accurate rate of 82.8% (sensitivity: 0.769; speciﬁcity:

Table 3
Confusion matrix for the performance of the least squares support vector machine (LS-SVM) evaluated by the leave-one-out (LOO) cross-validation method. Subjects were
categorized into the healthy control (CO) and amyotrophic lateral sclerosis (ALS) groups.
Evaluation methods

Predicted groups

All-training–all-testing

ALS
CO
ALS
CO

Leave-one-out

Actual groups
ALS

CO

12
1
10
3

1
15
2
14

Sensitivity

Speciﬁcity

Overall accuracy

0.923

0.938

93.1%

0.769

0.875

82.8%
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1

1.8
CO
ALS

1.7

0.9
0.8

1.6

0.7

1.5

Sensitivity

Mean of left−foot stride interval (s)
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1.4
1.3

0.6
0.5
0.4

1.2
0.3
1.1
1

↑
LDA decision boundary

LS−SVM decision boundary →

0.9
0

0.2

0.4

0.6

0.8

1

1.2

1.4

Modified Kullback−Leibler divergence (nat)
Fig. 4. Scatter plot of the stride patterns of the healthy control (CO) subjects, marked
as circles, and of the patients with amyotrophic lateral sclerosis (ALS), marked as
triangles. The stride patterns were displayed with the features of the modiﬁed
Kullback–Leibler divergence (MKLD) and the mean of the left-foot stride interval
(L ). The linear and nonlinear decision boundaries were provided by the linear discriminant analysis (LDA) and the least squares support vector machine (LS-SVM)
with Gaussian kernels, respectively. Both of two classiﬁers were trained with the
statistical features computed from all 16 healthy CO subjects and 13 ALS patients.
Solid data points represent the support vectors, for which the absolute values of
Lagrange multipliers were larger than 1.

0.875). By comparing the decision boundaries generated by the LSSVM and the LDA (both implemented in the ATAT style), we may
observe from Fig. 4 that the decision boundary of the LS-SVM was
much better than that of the LDA, which demonstrated the advantages of the LS-SVM based on nonlinear kernels and the support
vectors (solid circles and triangles in Fig. 4), for analysis of the gait
in ALS. It was not able to provide the decision boundary of the LSSVM/LOO, as both of the training and testing sets were varied in
the cross-validation test, such that the support vectors and the discriminant function of the LS-SVM/LOO could be altered from one
training set to another. From Fig. 5, the Az value under the ROC curve
produced by the LS-SVM/ATAT remarkably reached 0.985, with a
very low standard error (SE) equal to 0.025. Although the overall
accurate rate obtained by the LS-SVM/LOO was not as high as that
of the LS-SVM/ATAT, the LS-SVM/LOO was still able to generate an
excellent ROC curve (Az : 0.869; SE: 0.072), as shown in Fig. 5.
4. Discussion
In the present study, the p-values of L and MKLD parameters
indicated that the statistical characteristics were signiﬁcantly perturbed in the gait of ALS patients. Based on these dominant features,
the LS-SVM with Gaussian kernels was able to provide excellent
diagnostic ROC performance on the 29 subjects studied. It is worth
noting that either L or R can be used as an alternative feature
for the pattern analysis, as they were highly correlated with each
other. However, such a high correlation does not indicate the symmetry in the left-foot and right-foot gait rhythm time series of ALS
patients, because the mean of stride interval computed based on
the PDF does not contain any information about gait ﬂuctuations.
Although the MKLD parameter can be used to identify the stride
patterns in ALS, it is worth noting that the MKLD is not suitable to
serve as a measure of gait symmetry, as such a statistical parameter does not contain any temporal information. For example, two
time series with completely different temporal structures could
also cause a near-zero-value MKLD, as long as their samples pro-

0.2
0.1

LS−SVM/ATAT
LS−SVM/LOO

0
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1 − Specificity
Fig. 5. Receiver operating characteristic (ROC) curves obtained by the Gaussiankernel-based least squares support vector machine (LS-SVM), which was evaluated
by the all-training–all-testing style (labeled as LS-SVM/ATAT) and the leave-one-out
cross-validation method (labeled as LS-SVM/LOO), respectively. The input features
were the modiﬁed Kullback–Leibler divergence (MKLD) and the mean of the leftfoot stride interval (L ). The corresponding areas (Az ) under the ROC curves for the
LS-SVM/ATAT (solid line) and LS-SVM/LOO (dashed line) were 0.985 (standard error,
SE: 0.025) and 0.869 (SE: 0.072), respectively.

duce similar probability distributions of amplitude, whereas the
MKLD with a large value deﬁnitely indicates some degree of asymmetry in the gait. Therefore, the MKLD with a zero or near-zero
value is a necessary but not sufﬁcient condition for gait symmetry. In the present study, we only used the MKLD parameter as a
discriminant feature, rather than a gait symmetry indicator, for the
analysis of the stride patterns in two subject groups.
The same gait database was also investigated in a few recent
studies. Carletti et al. [31] proposed a linear model to interpret
the stride interval time series in healthy controls, ALS, PD, and HD.
Unfortunately, such a linear model was not very suited for analysis
of the gait in ALS, as only 57% of the stride interval time series in ALS
can be correctly predicted using this linear model, which was the
worst among the stride-to-stride prediction results. The nonlinear
model used in the study of Scafetta et al. [13] is useful for analysis
of the fractal properties of human gait, but their model is established on a few prior assumptions (e.g., the standard deviation of
the random walk process remains constant), which deﬁnitely limit
the applications. Dutta et al. [32] extracted three types of crosscorrelation-based features (i.e., centroid, mean-square abscissa,
and variance of the abscissa) from the left-foot and right-foot time
series of double support time, stance interval, and swing interval, and then applied the Elman’s recurrent neural network to
distinguish the stride patterns in patients with ALS, PD, and HD,
from those of healthy subjects. Although the gait rhythm features
illustrated in their paper showed notable correlations between
each other, however, they did not analyze correlation relationships
between these features. In our opinion, analysis of feature correlations is necessary before classiﬁcations, because we observed in the
present study that the mean value of stride interval for the left-foot
time series was highly correlated with that for the right-foot time
series. The PDF-based analysis presented in this article improves
the signal turns count method used in the study of Wu and Krishnan [16]. Since the signal turns count method can only be applied
to continuous time series, the removal of stride outliers would not
be feasible. Instead, Wu and Krishnan [16] had to use the median
value of stride interval to replace the outliers. In the present study,
the mean of stride interval and the MKLD would not be affected
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by the removal of stride outliers, because the Parzen-window PDF
estimate does not require the time indices of the stride interval
samples.
The present study also contributed the accuracy improvements
to the classiﬁcation of ALS strides. By using the same ATAT evaluation method, the averaged correct classiﬁcation rate obtained by
the Elman’s recurrent neural network method was reported to be
91.7% for ALS patients in the study of Dutta et al. [32], which is a
bit lower than the 92.3% accuracy in the present study. Besides the
lack of feature correlation study, the work of Dutta et al. [32] did
not either remove the stride outliers before the feature extraction,
which caused a higher error rate of the classiﬁcation. Aziz and Arif
[15] creatively introduced the sequence coding into the stride analysis, and obtained an Az value of 0.82 under the ROC curve using
only one feature (the normalized corrected Shannon entropy). In
contrast, the present study showed that a combination of the dominant features could improve the performance of the classiﬁer (Az
of LS-SVM/LOO: 0.869), in categorizing the ALS strides.
5. Limitations and conclusion
Since the age and gender of the subjects in two groups were not
matched very well, the present study has some limitations. However, it was reported in the previous study that the effect of gender
on usual walking patterns is very small [33]. The effect of age on the
gait is complex [34], however, studies suggested that neurological
disorders seem to contribute much more to altered gait rhythm
than physiological aging [6]. In addition, the latest study of Hernandez et al. [35] suggested that the gait speed and step length of
healthy elderly subjects (age >60 years) are not signiﬁcantly different from those of young subjects (age <40 years), although the
center of mass is performed in a different style in elderly adults. In
the experiment, a 20-year-old healthy subject possessed a L value
of 1.393 s, which was much larger than the values of the elderly subjects in the healthy CO group, or even comparable to the averaged
level (1.354 s) in the ALS subject group. In addition, the database
available cannot support the study of the gait in post-stroke hemiplegia or cerebellar ataxia, which may also cause a larger averaged
stride interval. The size of the current database is small, which limits the test of the generalization ability of the LS-SVM classiﬁer.
Future studies need to recruit more subjects to construct a training data set and a separate testing set for a better classiﬁcation
performance evaluation.
The turning-related stride outliers is usually regarded as a disturbance in the long-term indoor gait monitoring, because the
subjects would reach the end of limited-length walking path very
soon and then have to turn around. To overcome such a drawback, the treadmill could be introduced in the study, although some
patients with movement disorders may not totally adapt to the
speed control conﬁguration. The present study, on the other hand,
made use of the unpleasant stride outliers, that is to utilize the outlier annotations to estimate the averaged stride length, as described
in Section 3.
The proposed MKLD parameter also contributed to the stride
pattern classiﬁcations, and the computing of this feature was not
affected by the removal of the outliers in the stride interval time
series. However, it is worth noting that the advantage of the MKLD
parameter also brings the disadvantage discussed in Section 4,
because the nonparametric PDF estimate discarded the temporal
structures of the stride time series.
The excellent decision boundary of the LS-SVM illustrated in
Fig. 4 demonstrated the merit of nonlinear classiﬁers in automatic
gait analysis. Although the statistical parameters and the nonlinear classiﬁers showed encouraging results and even the potential
in helping analyze early indicators of ALS, we have to admit that
the effectiveness of the proposed MKLD parameter and the classi-

ﬁcation methods was limited in gait monitoring due to the small
size of the data set. To explore a better metric for monitoring the
progression of ALS and the effects of intervention therapies in the
future studies requires to recruit a larger number of ALS patients at
different disease stages and the matched healthy subjects, and also
demands to compare the gait parameters in ALS before and after
the intervention therapies. Hausdorff et al. [36] recently studied the
effects of external cueing (e.g., by means of a metronome) on gait
variability, and the results demonstrated that rhythmic auditory
stimulation set to 110% of the step rate may reduce fall risk in PD
patients. It would be interesting to investigate whether the rhythmic auditory stimulation could also improve the mobility in ALS,
although ALS is not a disorder caused by basal ganglia dysfunction.
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