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Abstract

Neurons of the human brain are primarily affected by the Huntington’s disease (HD), Amyotrophic Lateral Sclerosis (ALS),
Parkinson’s disease and so on. Classification of these neurodegenerative diseases (NDD) is clinically important to analyze the
destruction of nerve cells. Early diagnosis of NDD’S helps in saving the human life. Based on the report of previous studies,
motor impairment or human gait cycle is largely affected by the clinical symptoms of NDD. Accurate diagnosis of various
neurodegenerative diseases in correct time is very important for early diagnosis of the disease. Diseases can be diagnosed earlier
by means of characterizing the gait cycle. In this work, a gait dynamics classification method is proposed for determining the
neurodegenerative diseases from the brain signals using multilevel feature extraction method. From force sensitive resistors, the
left and right feet signals recorded in 60 one minute are included in the input database. It is obtained through fixing 16 healthy
subjects, 13 ALS, 20 HD, and 15 PD. Using six levels of Discrete Wavelet Transform (DWT), the features are determined by
means of decomposing the raw signal. Ultimately, the pathological gait signals are classified through exploiting three multilevel
feature extraction techniques named as, (Detrended Fluctuation Analysis (DFA), Positive, Negative Peak Histogram Analysis
(PNPHA) (proposed Method) and Statistical Temporal parameter Analysis (STA)). Experimental outcomes proved that the gait
dynamics are successively distinguished between NDD and group of healthy controls using the proposed method.

Keywords Parkinson Diseases - Huntington Diseases - Amyotrophic Lateral Sclerosis - Neuro-Degenerative Diseases - Discrete
Wavelet Transform - Positive negative Peak Histogram Analysis

Introduction

In today’s world, most of the peoples are suffering from cru-
cial neurodegenerative diseases (NDDs) such as, amyotrophic
lateral sclerosis (ALS), Parkinson’s disease, Alzheimer’s dis-
ease and so on. Memory and cognition of human brain are
largely affected by a well-known degenerative disease called
Alzheimer’s disease. Mainly, memory and language nerve
cells of brain are degenerated by the Alzheimer’s disease.
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Alzheimer’s disease is commonly seen in old aged people
above 65 years. Conversely, this neurodegenerative disease
belongs to the dementia [1] form. Other reasons for the cause
of neurodegenerative diseases are alcohol intake, smoking,
age and may be from genes (i.e. due to genetic factors) [2].
Alzheimer’s disease can be recognized significantly from the
symptoms such as complete memory loss, abnormal moods,
verbal communication, misplacement of things, and poor de-
cision making [3, 4]. Disease affected patients will enter into
critical stage if not diagnosed or treated early the occurrence of
disease. Three different stages used for diagnosing AD are,
monitoring MRI scans, taking neuropsychological tests, and
general physician consultation. Neurofibbrillary Tangles
(NFT) and Mini-Mental state Examination (MMSE) are the
currently tool for diagnosing the brain disease. But, these tools
have no ability to diagnose the disease in early stage until the
severity of disease wholly affects the brain [5]. In rare cases,
dementias can show similar clinical symptoms; thereby, diag-
nosing this disease in the early stage is a tedious and complex
task [6]. In present studies, for healthy adults, their gait
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interval parameters are measured using the computer-aided
tools [7-20]. According to Aziz and Arif [7], different types
of symbol sequence are produced through converting the se-
ries of stride time. Followed by this, the gait complexity is
analyzed by means of applying a threshold dependent sym-
bolic entropy method.

Human gait dynamics are simulated using the supercentral
pattern generator (SCPG) of Scafetta et al. [8]. By considering
ALS, HD, and PD, the fractal and stochastic properties are
also discussed. With healthy controls and ALS subjects, the
gait cadences are classified using statistical analysis method
proposed by Wu and Shi [9]. Parzen-window method was
utilized to estimate the gait cadence probability density func-
tions. The accuracy rate achieved on classifying the control
subjects and ALS stride patterns are 82.8%. A theory devel-
oped in the work [10] has proved that the swing interval turns
count (SWITC) of healthy subjects is totally different from
ALS patients. Depending on gait dynamics, the NDDs are
diagnosed using an approach developed by Daliri [11]. For
accurate diagnosis, different kernels included in support vec-
tor machines were analyzed. Uniformities of multi-resolution
levels are analyzed to compare the series of right and left
stance-interval. For stance time fluctuations, the multi-
resolution entropy is analyzed to investigate gait asymmetries
in NDDs (Liao et al. [13]). With HD, PD, and HLS, the sim-
ilarity of gait is disturbed or collapsed. But, when compared to
ALS subjects, the disturbance degree is less. High progression
in the neurodegenerative impairment can increase the random-
ness of walking individuals [14—16].

Past studies have evidently proved that the neurological
disorders can be diagnosed easily by possibly extracting fea-
tures included in the gait dynamics. The aim of this paper is to
present a new approach for automatic diagnosis of neuro-
degenerative diseases in a computer-aided method. The rest
of this manuscript has been organized in the following form:
The next section describes the dataset description and pro-
posed method. The results and discussion section explains
about the implementation part and the conclusion describes
in conclusion section.

Method
Dataset description

In this work, we have used a benchmark dataset from the
public database Physionet [www.physionet.org]. The
database includes 15 patients with Parkinson’s disease, 20
patients with Huntington Disease, 13 patients with
Amyotrophic Lateral Sclerosis and 16 healthy subjects. The
force-sensitive resistors are used to assess the gait patterns.
The result is approximately correlated to the subjects force
under the foot. These unfiltered gait rhythms carry both left
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and right stride interval, swing interval, stance interval and
double support interval. The frequency of the gait signal mea-
sured in seconds. For each subject, the clinical information
like age, gender, height, weight, walking speed, disease sever-
ity are stated in the database. Figure 1 shows stride interval
samples from different types of subjects.

Proposed Approach

The outline of the proposed approach is illustrated in fig. 2. In
this method, the intermediate differences (ID = (x,, — x,,-)) are
computed for each time series of the gait signal for feature
extraction. This process helps to increase the accuracy rate,
instead of using a raw gait signal. Figure 3 shows the interme-
diate difference of stance, stride and swing phases. For that
predicament situation, three multilevel efficient feature extrac-
tion methods (Detrended Fluctuation Analysis (DFA),
Positive, Negative Peak Histogram Analysis (PNPHA) and
Statistical Temporal parameter Analysis (STA)) are exploited
for classifying the pathological gait signals. The PNPHA is a
proposed method to enhance the accuracy rate. The Random
Forest machine learning algorithm is applied to classify the
normal and morbid signal.

Fluctuation Analysis

In complex time series analysis, quantifiers are playing a more
important role in analyzing intricate and inconsistent signals.
Detrended Fluctuation Analysis is one of the efficient quanti-
fier, which quantifies auto correlation properties of the gait
signal [21]. It is mandatory to fetch the attributes of the local
oscillation at different time scales for the analysis process. In
many clinical assessments, the DFA Quantifier can be used to
discriminate healthy and diseased signal [22]. In the DFA
algorithm, we calculate the internal difference of the time se-
ries. The total length of the signal isN.

y(k) = Zf:l [S(i)isavg] (1)

Where S(i) is the /" signal interval, S, is the mean value of
the signal. Then the length data signal divided into small seg-
ments. For each segment separately, we find the linear approx-
imation y, using least square fit. It represents the trend in the
given section. By subtracting the local trend y,(k) in each
segment the time series is detrended. The average fluctuation
fn) of this detrended time series is

<P () = | 3 b6, (0 @

This data processing is repeated for all signal segments.
Depending upon the size of the segmentn, the f(n) will in-
crease. Next, we create a log-log plot of logf{n)versus the
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Fig. 3 Intermediate Differences of (a) (b) stance, (c) (d) stride and (e) (f) swing phases

segment sizen. The linear dependence indicates the self-  Statistical and Temporal Analysis
fluctuation presence and the slope line determines f{n)=
n“the self-similarity parameter [21, 22]. The autocorrelation ~ Before computing the Statistical and Temporal parameters we

properties of the signal represented by thea.. This DFA com-  decompose the gait signal using Discrete Wavelet Transform.
putation is proposed for a long time series of gait signals, = The wavelets are discretely sampled is known as Discrete
which fetch from the force sensitive resistors. Wavelet Transform [23]. It gives a better result in analyzing
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Fig.4 Wavelet Decomposition of
Time series Signal
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unstable time series gait signal. In the DWT Function (shown
in fig. 4), the signals are decomposed using a Low pass filter
and High pass filter simultaneously. The result of DWT, ap-
proximation, represents the low pass coefficient sequence and
detail represents the high pass coefficient sequence. The high-
frequency fluctuations are removed by low pass filters and the
slow trends are removed by High pass filters.

o0

Xiowln] = Y. s[k]l[n—k]

k=—00

Xhigh [n] = X5 s[k]h[n—k]

(3)
(4)
Statistical Analysis In this study, we consider Energy, Standard

Deviation, Mean, Variance and Co-Variance for each time
series of a single subject are collected during the same walk.

(a) Energy
The Energy Discrete time complex signal is defined as

Yo () (5)

(b) Mean

The Mean is the average value of the signal. To compute
the mean value, sum the values in the signal, X; by letting the
index/, run from 0 to N-1. Then finish the calculation by
dividing the sum by N

| 1
Detail 3 J | [Appmxirl'nation 3 ] |
| Detail 4 J [Approximation 4 J
1 Nl
n= Eo X, (6)

(¢) Standard Deviation

The standard deviation is similar to the average deviation,
except the averaging is done with power instead of amplitude.
The signal is stored in a, p is the mean, N is the number of
samples, and « is the standard deviation.

N-1

o= ﬁ ‘ (a,-—pb)2 (7)

i—

(=]

(d) Variance

The formula for computing the variance of the signal is the
mean of its squares minus the square of its mean

Var(X) :E[( —u)z} (8)
(e) Co-Variance

The formula for computing the covariance of the variable X
and Yis

Average Peak
interval computation

Peak detection

PNPH
analysis

Peak
histogram

Fig. 5 Temporal Analysis
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Fig. 7 Positive negative Peak A
Analysis P,
uasp
P
cov =31, (xrx) (v ) (9)

Withx and y are the means of X and Y respectively.
Temporal Analysis

Peak Analysis With the help of three significant features,
the temporal analysis or peak analysis has been done in
this study. Peaks are most noticeable and useful features
for analyzing signals. In this study within the time se-
ries signal, the peaks are detected; the average peak
intervals and histogram are calculated from Left Stride
Interval, Right Stride Interval, Left Swing Interval,
Right Swing Interval, Left Stance Interval, Right
Stance Interval and Double support interval signals.
Figure 5 denotes computation of the temporal analysis.
Figure 6 denotes the average peak interval, Peak detec-
tion, and peak histogram of swing phase Support phase,
Stride Phase and stance phase time series signal.

PNPH Analysis General Histogram method merely represented
by the following formula.

n= Zf;lmi (10)

Table 1 Summary of demographics details for patients

In this function, m;that counts the number of observations
fall into each of the bins. Whereas n is the total number of
observations and i is the total number of bins. The cumulative
histogram M, of a histogram m; defined as

i
Mi: Zmi (11)
Jj=1

Positive Negative Peak Histogram Analysis is a proposed
method to analyze the multifaceted biomedical signal. After
the decomposition, for n™ the level of approximation coeffi-
cient, we identify thefi(,p). Let iy is the average value of
the approximation coefficient between two successive posi-
tive and negative peaks are shown in the fig. 7.

With the help offi(p)a histogram was constructed with 9
bin feature vector size.

PNPH,, (uasp + 1) — PNPHy, (uasp + 1) +1 (12)

Classification stage

Several machine learning algorithms [24, 25] have been de-
veloped for classification purpose in recent years. Once the
features are extracted for all the time series of the

Group Age (years) Height (meters) Weight (kg) Gait speed (m/s)
(mean = SD) (mean = SD) (mean = SD) (mean = SD)

Parkinson’s disease 64.1+£15.10 1.85+0.13 78.4 £ 14.52 1.12 £ 0.150
(Range,44-80)

Huntington’s disease 41.6+7.35 1.85 £ 0.08 80.5 +15.5 1.42 £ 0.310
(Range,35-54)

ALS patients 51.9+14.58 1.78 £ 0.06 86.55 £ 12.04 1.15+0.2
(Range,36-66)
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Table 2  Performance of Proposed approach for Control Vs ALS

Methods Sensitivity (%) Specificity (%) Accuracy (%) Youden index (%)
Work [17] 81.33 68.8 82.4 90.27

Work [18] 90.33 81.25 85.88 88.54

Proposed 93.33 86.67 90.95 92.34

Table 3  Performance of Proposed approach for Control Vs PD

Methods Sensitivity (%) Specificity (%) Accuracy (%) Youden index (%)
Work [17] 81.33 81.32 92.54 88.10

Work [18] 88.11 85.56 86.88 89.22

Proposed 98.32 97.25 98.25 98.25

corresponding gait signal, and then fed to the classifier for
classification. In our work, Support Vector Machine (SVM)
and Random Forest (RF) classifiers are used. To prove the
efficiency of the proposed method, we compare two recent
methods [17, 18]. For the evaluation, four performance mea-
sures like as Sensitivity, Specificity, Accuracy and Youden
index are used. These measures are defined as follows:

TP
Sensitivity = —— 13
ensitivity = - T EN (13)
TN
Specificity = ——— 14
pecificity = o p (14)
TP + TN
Accuracy = + (15)
TP 4 TN + FN + FP
Youden Index = Sensitivity + Specificity—1 (16)

Where TP is the number of true positives, FN is the number
of false negatives, TN is the number of true negatives andFP is
the number of false positives.

Result and Discussion

Experiments are implemented using Matlab software and test-
ed on an Intel Corei5 3.5 GHz computer with 4 GB RAM.
Spatial and temporal along with fluctuation features are esti-
mated for all healthy and NDDs subjects. The obtained

Table 4  Performance of Proposed approach for Control Vs HD

features were evaluated using the means of 10-trials for 5-
fold cross-validation with a Random Forest classifier.

The original data were first divided into five equal subsets,
and one subset was tested using the classifier trained on the
remaining nine subsets. This procedure was repeated until ev-
ery subset had been used once for testing. The overall discrim-
ination accuracy of the classifier is based on the average perfor-
mance over the 10 runs of classifications. Here we evaluate our
proposed method for the classification of NDDs using gait dy-
namics. Several experiments are conducted to test the ability of
the proposed method. First, we evaluate each group of NDDs
subjects against healthy control subjects. Then we evaluate all
groups of NDDs against the healthy control subjects. Table 1
demonstrated the summary of demographics of various groups.

Classification of ALS

In our dataset, there arel3 subjects with ALS disease (num-
bered ‘alsl’, ‘als2’,. . ., ‘als13’) and 16 healthy control sub-
jects (numbered ‘controll’, ‘control2’,. .., ‘control16°) are tak-
en as the first configuration for evaluation. The following
Table 2 shows the performance of the proposed approach in
terms of sensitivity, specificity, accuracy and Youden index.

Classification of PD

Based on the subjects of Parkinson’s disease, the data collect-
ed are considered in this study. From 16 healthy controls and

Methods Sensitivity (%) Specificity (%) Accuracy (%) Youden index (%)
Work [17] 80.30 81.12 92.32 85.22
Work [18] 82.18 84.22 83.80 86.10
Proposed 100 85.24 91.25 96.10
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Fig. 8 Classification performance of NDDs in terms of sensitivity, specificity, accuracy and youden index

15 PD subjects, the data are collected. The sensitivity, speci-
ficity, accuracy and Youden index for classification also mea-
sured in this case. The results have been shown in Table 3.

Classification of HD

As explained above, the data are collected with 20 HD sub-
jects. In this context, extracted gait dynamics from the subjects
are used. In our database, evaluation is then performed against
the healthy control subjects (16 cases) data. The results have
been shown in Table 4.

Classification of NDDs

In the last experiment, we put together the data from all three
groups of NDDs including HD, PD and ALS. We evaluate the
accuracy, sensitivity, specificity and youden index of the clas-
sification using the data from the healthy control subjects and
all the NDDs. The results have been shown in Fig. 8. We
obtained the accuracy of 91.25% and Youden index as
96.1% for the proposed method.

Conclusion

This research proposes a new technique based on DWT in gait
analysis to acquire triple features for the evaluation of Neuro-
Degenerative Diseases distinction. The triple features are ex-
tracted from Force Sensitive Resistors (FSR) to provide essen-
tial benefaction with other implications for discrimination of
NDD’s. The obtained features are may use to develop different

classification algorithms for a stable diagnosis of NDD’s.
Apart from that, the work presents a greater accuracy rate
98.99% for the discrimination of NDD’s.

As a conclusion, the research provides a result to variations
in the actual signal parameters due to conditions as exhaustion
or complexity during long-term record obtained from the pa-
tients. In the future, by the usage of advanced artificial intel-
ligence algorithms, the method can be developed to become a
commercial device which is faster, highly accurate and more
stable.
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