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P N S T

Abstract: Parkinson’s disease (PD) is responsible for a broad spectrum of signs and symptoms,
including relevant motor impairments generally rated by clinical experts. In recent years, motor
measurements gathered by technology-based systems have been used more and more to provide
objective data. In particular, wearable devices have been adopted to evidence differences in the gait
capabilities between PD patients and healthy people. Within this frame, despite the key role that the
upper limbs’ swing plays during walking, no studies have been focused on their harmonic content,
to which this work is devoted. To this end, we measured, by means of IMU sensors, the walking
capabilities of groups of PD patients (both de novo and under-chronic-dopaminergic-treatment
patients when in an off-therapy state) and their healthy counterparts. The collected data were FFT
transformed, and the frequency content was analyzed. According to the results obtained, PD
determines upper limb rigidity objectively evidenced and correlated to lower harmonic contents.

Keywords: Parkinson’s disease; neurological disorders; wearable sensors; frequency harmonics;
gait analysis; gait impairments

1. Introduction

Parkinson’s disease (PD) is one of the most common neurodegenerative disorders
worldwide, with an increasing incidence over the last 30 years [1] and prevalence in
people aged >65 years [2]. PD is associated with a progressive loss of dopaminergic
neurons in a specific brainstem area called Substantia Nigra pars compacta, which is
responsible for the occurrence of cardinal motor signs, including rest tremor (i.e., a 4-6
Hz tremor in fully resting limbs), bradykinesia (i.e., slowness of movements) and rigidity
(i.e,, muscles become stiff or inflexible). PD patients may also suffer from postural
instability [3] and falls, especially in the advanced stages of the disease [4], and voice
disorders [5,6]. Moreover, a broad spectrum of non-motor symptoms such as anxiety,
depression and urogenital dysfunction also frequently arise, negatively impacting
patients’ quality of life [7].

The clinical evaluation of parkinsonian signs and symptoms is generally carried out
by using rating scales, the most adopted one being the standardized Movement Disorder
Society-Unified Parkinson’s Disease Rating Scale (MDS-UPDRS) [8], divided into four
parts. The third (III) part concerns motor assessment, with a set of motor tasks subjectively
ranked by expert clinical staff with discrete values (0—4). The UPDRS protocol
demonstrates great validity but also limits, such as moderate intra- and inter-rater

Electronics 2023, 12, 625. https://doi.org/10.3390/electronics12030625

www.mdpi.com/journal/electronics



Electronics 2023, 12, 625

2 of 15

reliability [9,10], some observer inconsistencies [11] and a coarse assessment due to the
limited scale with only four discrete values. Consequently, researchers have been more
and more open to the adoption of objective technology-based systems [12,13] aimed at
fine quantitative assessments of PD motor signs, such as optical apparatuses (e.g., RGB
cameras) [14,15], smartphones [16], EMG tools [17,18], flex [19,20] and force sensors [21]
and wearable devices (e.g., inertial measurement units, hereafter IMUs) [22-24]. In
particular, the latter have been demonstrated to be effective in furnishing reliable data to
be used for feature extraction and data classification purposes with high correlations to
standards. For example, Bobic et al. [25] assessed bradykinesia by means of gyroscopes
sensors placed on the thumb and index fingernails during finger tapping, di Biase et al.
[26] determined rigidity with IMUs measuring passive oscillation of arms, and Dai et al.
[27] adopted IMUs to objectively evidence tremors.

Apart from single aspects of motor deficiencies, IMUs have been adopted to reveal
an ensemble of motor signs, too. Ricci et al. [28] adopted a set of IMUs to assess rigidity,
bradykinesia, postural instability and gait abnormalities, Zampieri et al. [29] adopted
IMUs to objectively evidence reduced arm swing, rigidity and bradykinesia during gait
tests and Lewek et al. [30] evidenced asymmetry in the upper limb swing in early PD
subjects on the basis of measurements gathered by IMUs.

Despite the detailed motor investigations of the published papers, as far as we know,
no work has focused on analyzing the frequency content of forearm swings during gait
tests. However, since forearm movements represent a key aspect of human walking [31],
here we highlight their contribution through IMU-based measurements during a walking
task performed by groups of PD patients and healthy subjects to evidence differences in
their spectral components.

This work is arranged to present the subjects involved in the study (Section 2.1), the
adopted technologies (Section 2.2), the procedures (Sections 2.3 and 2.4) and the results
(Section 3) to determine the impact of key relevant walking motor features (Sections 4 and
5).

2. Materials and Methods
2.1. Subjects

A total of 89 subjects (Table 1), comprising 58 PD patients and 31 age-matched
healthy people (i.e., the control group, HC hereafter), were recruited from the Movement
Disorders Outpatient Service of both Tor Vergata university hospital and Sapienza
University of Rome (Italy). In particular, the PD patients were 44 drug-free de novo (i.e.,
newly diagnosed and not yet in therapy, PD-DN hereafter), and 14 PD patients under
chronic dopaminergic treatment, examined when in the off state of therapy (i.e., after drug
withdrawal for at least 12 h; PD-OFF hereafter) [27] [28]. All patients were evaluated by
medical experts and rated according to the MDS-UPDRS part III, Hoen and Yahr (H&Y)
and Mini-Mental State Examination (MMSE) scales.

Table 1. Clinical and demographic features of the participants.

PD-DN PD-OFF HC
Age [years] 62+9.7 70+9 69+11.2
Gender 29M,15F IMSF 10M, 21F
Height [cm] 170.7 + 8.6 169.4+11.5 163.1+10.7
Weight [kg] 73.7£12.7 70.8+16.8 67.5+12.4
MDS-UPDRS III 222+88 29.8+10.7
Hé&Y 1.75+0.5 1.87+0.3

Inclusion criteria for PD subjects were diagnosis of idiopathic PD, ability to walk
independently, absence of comorbidities possibly affecting gait and an MMSE score of
>24.
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All subjects voluntarily agreed to participate in this study, furnishing informed
consent according to the local ethics committees following the Declaration of Helsinki.

2.2. Wearable Electronic Devices

We adopted three lightweight (<20 g each), unobtrusive (4 cm x 3 cm x 1.5 cm), not-
hindering-movements (placed by Velcro strips) wearable devices (wearables hereafter),
each termed Movit G1 (by Captiks Srl, Rome, Italy). Each Movit G1 hosts IMUs with a
triaxial accelerometer and a triaxial gyroscope, already validated with respect to gold
standard system [32], to collect kinematic data (i.e., acceleration, angular velocity and
orientation) from different anatomic segments (i.e., forearms and upper back, Figure 1a,b)
of each participant. We configured the accelerometer to +8 g with 16.384 LSB/g sensitivity
and the gyroscope to +2000°/s with 32.8 LSB/°/s sensitivity. Signals were acquired at a
sampling rate of 50 Hz and sent to a receiver connected to a personal computer that runs
a dedicated application named Captiks Motion Studio (by Captiks Srl, Rome, Italy).

|

0,0

Figure 1. Wearable sensors as placed on the subject’s body ((a) scheme, (b) real), s1 on the upper
shoulder, s2 and s3 on the forearms.

2.3. Testing Procedure

Due to our walking-focused work, we adopted the Timed Up and Go (TUG) test as a
standard procedure for gait assessment.

The TUG is a sequence of subjects” common movements, as explained below:

e  Sit to stand: from seated on a chair with arms crossed over the chest to standing up;
e  First walking: a walk for 6 m at a comfortable speed;
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e  First turning: a first 180° rotation;

e  Second walking: a walk from the turning point back to the chair;
e  Second turning: a second 180° rotation;

e  Stand to sit: from standing to sitting down.

A schematic representation of TUG test phases is reported in Figure 2.

The test was fully performed by all participants. Gait was clinically assessed through
discrete scores assigned according to the MDS-UPDRS part III. The frequency contents
were later extrapolated from the walking part only.

%
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6m )’

sit to . .

walk walking turning

Figure 2. Graphical representation of different phases of Timed Up and Go test.

2.4. Data Analysis

The TUG test was segmented to isolate the walking phase. This segmentation was
empirically obtained by evidencing the start of the first walk (when the subject releases
the arms from the crossed position), the end of the first walk (when the trunk rotates more
than 10 degrees) and similarly for the second walking phase.

Occasionally, some sample data were not correctly transmitted from the IMUs to the
receiving unit; when this occurred, we interpolated the data streaming (even if empiri-
cally, we could consider this issue not relevant). Signals were also windowed with the
Tukey window function and zero-padded to guarantee a minimum of 1024 samples.

Data were gathered to determine the frequency content (by means of the Fast Fourier
Transform algorithm) of the forearm swings (for both left and right upper limbs) and, in
particular, those motor features of the harmonics related to PD, and seven features were
determined accordingly, as reported in Table 2. Since PD patients, especially those in the
first stages of the disease, behave asymmetrically in arm swings, we considered the dif-
ferences between the two upper limbs empirically differentiated into the “most affected”
and “least affected” sides according to their range of motion (ROM) during the walking
phase (“least affected” was for the higher ROM).

A two-sample t-test (p-value = 0.05) was performed to determine if the features” dis-
tributions showed significant differences between PD and HC populations. The compari-
son was undertaken distinctly for PD-DN and PD-OFF patients and separately for the
“most affected” and “least affected” sides. Moreover, Spearman’s rank correlation coeffi-
cient was computed between the motor features and MDS-UPDRS III scores to relate the
features and PD signs by considering the MDS-UPDRS items, namely no. 3.3 (rigidity),
no. 3.10 (gait), no. 3.14 (body bradykinesia and hypokinesia) and no. 3.16 (action tremor),
as provided by clinicians. We chose these items because they have already demonstrated
a good correlation with the features obtained from gait [28].

The described data analysis was homemade by means of an ad hoc algorithm written
in MATLAB 2022b (by Mathworks Inc., Natick, MA, USA).
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Table 2. Motor features of the harmonics in upper limb swings during gait.
Features Description
Hampl Maximum amplitude of the fundamental frequency
Hamp?2 Maximum amplitude of the second harmonic
Hamp3 Maximum amplitude of the third harmonic
freq Fundamental frequency
HD2 Second-harmonic distortion, computed as ratio of Hamp2 and Hampl
HD3 Third-harmonic distortion, computed as ratio of Hamp3 and Hamp1
Asvm Difference in angular velocities of arms, calculated as the difference be-
Y tween Hamp1 of left and right arm, divided by the highest one
THD Total harmonic distortion, computed considering the first seven harmonics
3. Results

Figure 3 shows the Hampl and Hamp?2 distributions for HC (Figure 3a,b), PD-DN
(Figure 3c,d) and PD-OFF (Figure 3e,f) populations.
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Figure 3. Two-dimensional features’ distributions for HC subjects ([a] “least affected” side, [b]
“most affected” side), PD-DN patients ([c] “least affected” side, [d] “most affected” side) and PD-
OFF patient€ ([e] “least affected” side, [f] “most affected” side). The colors are related to the number
of subjects. Color bar limits of PD-OFF plots are lower with respect to the other plots because of the

smaller population.

Table 3 reports the mean and standard deviations of each feature for PD-DN, PD-
OFF and HC, respectively, and the p-values obtained from t-tests separately for the “most
affected” and “least affected” sides.

Table 3. Values of the motor features related to PD-DN, PD-OFF and HC.

Side Feature PD-DN PD-OFF HC p-Value *
(Mean * Std) (Mean + Std) (Mean + Std) PD-DN PD-OFF

Hampl 50.94 + 26.61 70.59 + 38.00 71.79 +29.77 0.002 0.909

b Hamp2 15.74 +7.42 16.43 + 8.07 18.41 + 8.86 0.161 0.480
g Hamp3 7.13+4.30 8.12+4.79 9.53+5.93 0.046 0.441
g freq 0.87 +0.07 0.96 +0.10 0.87 +0.06 0.571 0.002
4@ THD -8.92 +4.21 -10.89 +5.13 -10.31 +3.99 0.154 0.686
4 HD2 0.38 £0.26 0.28 £0.17 0.28 £0.13 0.050 0.943
HD3 0.16 £ 0.09 0.13+0.08 0.14 £ 0.09 0.432 0.703

Hampl 26.20 +19.25 30.72 +21.79 45.30 £ 19.62 <0.001 0.031

3 Hamp2 13.21+6.75 14.60 + 7.62 17.07 + 6.38 0.014 0.263
g Hamp3 5.75+3.60 6.18 £3.95 8.92 +4.42 0.001 0.053
”“é freq 0.89 +£0.10 0.96 +0.11 0.87 £ 0.07 0.525 0.003
g THD -6.23 +4.40 -5.61 +2.96 —-7.96 £ 4.56 0.103 0.086
= HD2 0.66 +0.35 0.58 +0.38 0.46 +0.29 0.010 0.225
HD3 0.32+0.27 0.32+0.41 0.22+0.11 0.046 0.228

Asym 0.48 £0.24 0.52+0.25 0.35+0.21 0.017 0.021

* Statistically relevant p-Values are highlighted in bold.

Table 4 shows the correlation coefficients and related p-values as results of Spear-
man’s rank correlation between features and gait and body bradykinesia scores of the
MDS-UPDRS III for PD-DN subjects.
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Table 4. Spearman’s rank correlation coefficients for the “most affected” and “least affected” sides
in de novo parkinsonian patients.

MDS-UPDRS 111

Gait (Item 3.10) Body Bradykinesia (Item 3.14)

Side Feature

p-Val * r p-Val * r p-Val *
Hampl -0.58 <0.001 -0.35 0.030 -0.43 0.006
© Hamp2 -0.27 0.093 -0.07 0.651 -0.13 0.413
Q Hamp3 -0.49 0.001 -0.15 0.350 -0.28 0.080
dé freq -0.25 0.116 -0.20 0.210 -0.19 0.238
% THD 0.14 0.373 0.32 0.046 0.16 0.335
3 HD2 0.43 0.005 0.33 0.040 0.35 0.029
HD3 0.22 0.175 0.28 0.078 0.20 0.224
Hampl -0.65 <0.001 -0.27 0.099 -0.60 <0.001
< Hamp2 -0.55 <0.001 -0.21 0.188 -0.45 0.003
S Hamp3 -042 0007 -022  0.170 -0.40 0.011
u-‘c; freq -0.04 0.794 -0.31 0.053 -0.05 0.723
%' THD -0.17 0.294 -0.13 0.408 -0.13 0.410
=  HD2 040 0012 0.1 0.506 0.40 0.011
HD3 0.41 0.009 0.20 0.228 0.37 0.019
Asym 0.27 0.089 -0.11 0.506 0.49 0.001

* Statistically relevant correlation coefficients and relative p-Values are highlighted in bold.

Table 5 shows the correlations between motor features and specific MDS-UPDRS III
items for the upper limbs (i.e., action tremor and rigidity) for PD-DN subjects.

Table 5. Spearman’s rank correlation coefficients in de novo parkinsonian patients.

Action Tremor (Item 3.16) Rigidity (Item 3.3)
Feature
T p-Val * r p-Val *
Hampl -0.20 0.066 -0.54 <0.001
Hamp?2 -0.09 0.406 -0.36 <0.001
Hamp3 0.23 0.038 0.51 <0.001
freq 0.08 0.444 -0.06 0.542
THD 0.16 0.141 0.01 0.881
HD2 0.16 0.150 0.37 <0.001
HD3 <0.01 0.992 0.17 0.111

* Statistically relevant correlation coefficients and relative p-Values are highlighted in bold.

Table 6 shows the correlation coefficients and related p-values as results of Spear-
man’s correlation between features and items related to gait and body bradykinesia of the
MDS-UPDRS 1III relative to PD-OFF patients.

Table 6. Spearman’s rank correlation coefficients for the “most affected” and “least affected” sides
in patients with Parkinson’s disease when in off state of therapy.

] UPDRS III Gait (Item 3.10) Body Bradykinesia (Item 3.14)
Side Feature
T p-Val * T p-Val * r p-Val *

Hampl -0.13 0.657 -0.10 0.718 -0.44 0.113
© Hamp2 -057 0.030 -0.23 0.413 -0.59 0.024
g Hamp3 -0.33 0234 -0.02 0.923 -0.23 0.414
g freq -045 0103 -0.34 0.223 -0.56 0.034
% THD -022 0.439 0.08 0.765 0.06 0.827
4 HD2 -0.19 0.506 0.05 0.847 0.03 0.906
HD3 -0.18 0.516 0.05 0.847 0.20 0.487
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Hampl -041 0.145 -0.64  0.013 -0.34 0.226
S Hamp2 -040 0.155 -027 0348 -0.67 0.008
S Hamp3 -0.11 0685 0.5 0.860 0.01 0.959
Y freq -038 0180 -028 0328 -0.54 0.042
%2  THD -0.04 088 022 0.440 -0.31 0.275
= HD2 -005 0851 044 0.114 -0.30 0.287

HD3 011 0701 043 0.114 0.33 0.244

Asym 022 0448  0.58 0.027 -0.01 0.946

* Statistically relevant correlation coefficients and relative p-Values are highlighted in bold.

Table 7 reports the results of the correlations between motor features and specific
MDS-UPDRS III items for the upper limbs (i.e., action tremor and rigidity).

Table 7. Spearman’s rank correlation coefficients in patients with Parkinson’s disease when in off
state of therapy.

Action Tremor (Item 3.16) Rigidity (Item 3.3)
Feature
T p-Val * r p-Val *
Hampl -0.29 0.123 -0.53 0.003
Hamp?2 -0.20 0.292 -0.37 0.048
Hamp3 -013 0.484 -0.19 0.33
freq -0.20 0.305 -0.28 0.14
THD -0.06 0.760 -0.02 0.91
HD2 0.164 0.402 0.31 0.099
HD3 0.10 0.596 0.28 0.136

* Statistically relevant correlation coefficients and relative p-Values are highlighted in bold.

4. Discussion

In this study, we investigated if the frequency analysis of forearm swing during walk-
ing can be a discriminating tool for distinguishing PD patients (both at early, called PD-
DN, or chronically treated, called PD-OFF, stages) from HC and if it allows quantifying
different motor signs.

Our measurements evidenced the (expected) “compound pendulum” behavior of the
upper limb swings, which is characterized by multiple higher-order harmonics. We fo-
cused on the relationship between these spectral components and PD signs. A set of seven
features was used to quantify the nonlinear behavior of the arm swing.

As highlighted in Figure 3, walking arm-swing characteristics of subjects are signifi-
cantly different for PD-DN and HC, demonstrating lower values of Hampl (i.e., the max-
imum amplitude of the fundamental frequency) and Hamp?2 (i.e., the maximum ampli-
tude of the second harmonic) for both arms in PD-DN than in HC. This evidence was
confirmed by the results of ¢-tests reported in Table 3, where, in particular, the p-values
demonstrated significant differences in PD-DN vs. HC in the swings of both arms. In par-
ticular, it was observed that the features of the “most affected” side were more significant
than those of the “least affected” side, especially for features Hamp2 and HD2 (i.e., sec-
ond-harmonic distortion), which showed no difference between HC and PD-DN for the
“least affected” arm. This result agrees with what has been reported in the literature,
namely that the early stages of this disease are characterized by a greater asymmetry of
motor signs. This asymmetry in the arm swing has been quantified by means of the named
Asym feature.

Table 3 also shows the t-test results for PD-OFF patients. In this case, differences from
HC are evidenced for the “most affected” arm but not for the “least affected” one. Indeed,
residual effects of the dopaminergic therapy, due to the known long-duration response to
L-Dopa, may have smoothed possible differences also involving the “least affected” side
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despite a drug withdrawal of at least 12 h [33,34]. In particular, only features Hamp2 and
freq (fundamental frequency) of the “most affected” side show significant p-values, alt-
hough the other features of the “most affected” side have mean and standard deviation
values close to those reported for PD-DN.

According to the results evidenced in Table 4, for PD-DN subjects, there is a mean-
ingful correlation between the features of the “least affected” and “most affected” arms.
In particular, motor features of the “most affected” arm are better correlated to the overall
MDS-UPDRS 111 scores with respect to the “least affected” one, and in a special way with
item no. 3.14 (bradykinesia).

Results shown in Table 5 evidence a significant correlation between rigidity- and am-
plitude-related features to the first three spectral components and the second-order har-
monic distortion, while no correlation of the features is found with item no. 3.16 (action
tremor).

As Table 6 shows, the motor feature Hamp?2 is particularly useful to evidence brad-
ykinesia issues in PD-OFF subjects. This is interesting in relation to the significance shown
in Figure 3, which underlines lower values of Hamp2 in PD patients.

Table 7 reports how item no. 3.16 (action tremor) is uncorrelated to any features,
while the Hamp1 and Hamp?2 features present moderate to good correlation with item no.
3.3.

From the previous outcomes, it is possible to assert that the information obtained
from the analysis of the first three spectral components of the arm swing can be useful for
discriminating PD patients from HC subjects, and they also present a good level of corre-
lation with MDS-UPDRS scores for bradykinesia and rigidity.

Figure 4 shows the distribution of Hamp1 and Hamp?2 for different scores of brady-
kinesia assigned by clinicians for both PD-DN and PD-OFF patients.

Of particular interest is the effect of the second harmonic on the arm swing, as it is
possible to provide a physical interpretation of the phenomenon.
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Figure 4. Boxplot of Hamp1 and Hamp2 of “most affected” side for PD-DN (a,b) and PD-OFF (c,d)
subjects for different scores of UPDRS item no. 3.14 (bradykinesia).

In fact, second- and third-harmonic distortion is a well-known phenomenon in non-
linear systems such as power amplifiers [35,36]. These effects are due to the nonlinear
effects of the system’s physical constraints. In nonlinear systems, the presence of even and
odd harmonics is expected, but in the human arm, the constraint of the elbow forces the
forearm into an asymmetric flexion—extension movement with a consequent swing, such
as the one reported in Figure 5, where three different distortions are shown. This “asym-
metry” generates a prevalence of even harmonics. Accordingly, our results highlight the
presence of the second harmonic in HC subjects, while PD patients show a decrease in the
second-harmonic component, meaning a reduced flexion—extension of the elbow. This
finding may reflect the presence of rigidity in patients’ limbs. Indeed, as demonstrated in
[37,38], PD subjects show abnormal EMG patterns in the biceps brachii and triceps surae
muscles during passive movements. Since the considered muscles are responsible for el-
bow movements, an alteration in the EMG activity can alter the flexion—extension of the
joint with a consequent variation of the second harmonic. These remarks suggest a con-
nection between higher-order harmonics and parkinsonian rigidity. As further support to
this hypothesis, we found significant correlations between motor features (i.e., Hamp2,
Hamp3, DH2 and DH3) and rigidity, as clinically assessed through MDS-UPDRS III
scores.
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Figure 5. Arm-swing signals in frequency and time domains for different harmonic content. Signals
reported show negligible distortion (a,b), second-harmonic distortion (c,d) and third-harmonic dis-
tortion (e,f). As shown in the figure, the second harmonic corresponds to a flattening of negative

peaks in the time domain, while the third harmonic causes a flattening of both positive and negative
peaks.

Figure 6 shows the distribution of Hamp1 and Hamp2 for different rigidity scores in
PD-DN patients. Rigidity scores 0 and 2 present distinct distributions. Thus, it can be as-
serted that the study of second harmonics can provide interesting information on the ri-
gidity severity of upper limbs in parkinsonian subjects.
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Figure 6. Relative frequency distributions of features Hamp1, Hamp2 and Hamp3 for PD-DN (a,c,e)
and PD-OFF (b,d,f) subjects grouped according to three different UPDRS rigidity scores (item 3.3).

5. Conclusions

We propose an approach for PD assessment based on the evaluation of harmonic
distribution and the distortion of arm swings during walking tasks. This assessment was
applied to two different PD groups (de novo subjects, called PD-DN, and PD patients
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under chronic dopaminergic treatment when in off state of therapy, called PD-OFF) and
their healthy group (called HC) counterparts.

Findings in harmonic distribution and distortion highlight the nonlinear behaviors
more evident in the HC group.

In particular, features related to the first three spectral frequencies are here demon-
strated to be statistically significant for the discrimination of PD-DN patients, while it is
mainly the fundamental frequency that is relevant for PD-OFF subjects. However, for both
PD-DN and PD-OFF, asymmetry is a key feature for objectively discerning the HC group.

Another key result is the correlation of bradykinesia and limb rigidity with harmonic
distortion. Although studies have been conducted on this topic, rigidity assessment
through wearable systems is still under examination and, as far as we know, without val-
idated methods.

Although this work presents encouraging results, the authors are aware that the
number of investigated subjects must be enlarged for improved statistical validity.
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