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Muthuraman Muthuraman’

Tremor occurs in about half of multiple sclerosis
(MS) patients. MS tremor has a broad frequency
range of 2.5-7 Hz, with a higher prevalence of
postural tremor (44%) compared to intentional
tremor (6%) (Alusi et al., 2001). Tremor may affect
the upper and lower extremities, head, and trunk,
and may even affect the vocal cords in isolated
cases of palatal tremor. MS tremor is classically
attributed to lesions of the brain stem, cerebellum,
or cerebellar peduncles, and tremor intensity
has been shown to correlate with the number of
lesions or their functional connections. However,
recent work has demonstrated that inflammatory
damage to the cerebello-thalamic and cortico-
thalamic pathways might also play an important
role in causing tremor, as it co-occurs with other
signs and symptoms of MS such as dysarthria,
dysmetria, dysdiadochokinesia, and dystonia (Alusi
et al., 2001).

Despite the prevalence of tremor, its
pathophysiology and association with disease
severity is understudied. One primary reason for
the lack of research could be the clinical challenge
of differentially diagnosing tremor specific to MS.
Essential tremor (4—8 Hz) and Parkinsonian tremor
(a characteristic rest tremor in Parkinson’s disease
(4—6 Hz) (Isaias et al., 2010; Mure et al., 2011))
are other commonly occurring types of tremor
with cerebellar origins and frequency ranges
similar to that of MS tremor. The most frequently
used clinical and neurophysiological methods
in the assessment of MS tremor are simple
neurological tasks like the finger-to-nose task,
spiral drawing, handwriting, and visual tracking;
other measures of acquired ataxia and degree of
disability are used to estimate severity. In recent
years, more complex and sensitive measures like
accelerometry, electromyography (EMG), the
Stewart-Holmes maneuver, and digitized spirals
have also been used. However, as the effectiveness
of these techniques in a diagnostic setting
is understudied, there is little motivation for
clinicians to obtain these measures for assessing
tremor. In addition, the lack of tremor evaluation
protocol in using functional scales to assess MS
patients presents an added burden for clinicians
to inquire about the presence of tremor unless
necessary. However, one should consider that the
lack of unified tremor rating system or consensus
in clinical diagnostic practices may have played a
role in leaving the tremor assessment out of the
MS diagnostic functional scale. Hence, in a recent
study, we addressed this challenge by developing
an easy-to-use analytical framework using EMG

and accelerometric data, which differentiated
tremors with over 90% accuracy (Hossen et al.,
2022). Aside from high accuracy, classifications
determined using the proposed method also
showed strong correlations with clinical outcomes,
providing further evidence of its potential to
complement existing approaches for diagnosing
tremor in MS patients.

The proposed Soft Decision Wavelet
Decomposition (SDWD) method is an effective
wavelet transformation technique for analyzing
nonstationary signals obtained from neurological
tremors (Figure 1). Biosignals or physiological
brain signals can be characterized by ‘the three
Ns’: nonstationary, nonlinear, and noisy, with non-
stationarity indicating that a signal’s statistical
characteristics change with time (Klonowski,
2007). This wavelet- (time-scale distribution)
based approach describes the signal as a linear
combination of multiple sets of functions (wavelet
transform). As tremor signals have several
transient components that can be isolated and
analyzed, this approach can efficiently isolate
activities of interest such as EMG or accelerometric
discharges. It has been previously shown that the
clinical neurophysiology of tremor can be achieved
using different time and/or frequency-domain
analyses; however, these analyses each have
different challenges. The time-domain methods
for identifying tremor frequencies are particularly
challenging in the case of EMG signal, as the
tremor is by definition periodic and comprised of
numerous frequencies. Even though the desired
frequency can be manually extracted from the
time domain signal by counting the number of
cycles per second, this is not very precise and can
be very challenging in a signal that is composed
of many frequencies. A better approach is to
transform the signal from the time domain to the
frequency domain, usually done with a Fast Fourier
Transformation (FFT). However, one shortcoming
of FFT-based methods is that they assume the
signal being analyzed is stationary. Stationary
signals or time series representing these signals
have the same mean and variance throughout
like voltage in alternating current outlets, but this
is not usually the case for physiological signals.
In addition, the stationary signals have limited
time-frequency resolution and cannot distinguish
between involuntary tremor and voluntary
movements if their spectra overlap (Lee and
Altenmuller, 2015). The proposed wavelet-based
technique, SDWD, offers a significant advantage
over conventional FFT-based techniques in terms
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of better discrimination tremors, particularly for
those with overlapping frequencies. Additionally,
we previously validated this method to
discriminate between Parkinsonian and essential
tremor, resulting in a high classification accuracy
of over 85% using both accelerometric and EMG
signals (Hossen et al., 2010).

In this recently published work (Hossen et al.,
2022), we were able to build four different
discriminators (i.e., features that are used for
classification) by using different combinations
of the power and frequency range. Using these
discriminators, we were able to classify between
different types of tremor with an accuracy ranging
from 76-92% using the EMG data and 88-92%
using the accelerometric data. Accuracy varied
depending on the discriminator(s) used. The
discriminator encompassing a narrow frequency
band was the most accurate, most likely because
of the specificity of the frequency component
and the involvement of fundamental tremor
frequency. Moreover, we further showed that the
accelerometer signal was efficient in predicting the
tremors with better harmonic ratio (e.g., essential
tremor and MS tremors), whereas the EMG signal
was more accurate for lower harmonic ratio
tremors (e.g., Parkinson’s disease tremor). These
differences in predictive performance highlight an
important finding: the EMG and accelerometer
signals measure complementary movement
characteristics from these patients. This
knowledge could be very valuable in determining
the types of signals or methodology for assessing
different tremor types. The study also emphasizes
the use of modulus accelerometric signal, which
could overcome the inefficiency of differentiating
postures compromised by gravitational artifacts.
These findings show that both signals/techniques
can be used to complement other diagnostic
methods currently used in clinical settings and
provide further evidence that fundamental
tremor frequency and harmonics obtained from
peripheral signals are distinct oscillatory activities
with features that can be used to characterize
different tremor types.

In recent years, there has been a huge boost
in mHealth and E-Health apps that support MS
patients by providing useful data management
tools, reliable information, and symptom
monitoring (Matthews et al., 2020). There have
also been numerous attempts to use artificial
intelligence-based algorithms to develop assistive
techniques for detecting/classifying different types
of tremors. These attempts include developing
models for quantifying signals from wearable
sensors (Vescio et al., 2021) and classifying them
using different machine-learning approaches
as well as developing data-driven frameworks
(e.g., NeurDNet uses an existing database of
about 250 tremor instances (Shahtalebi et al.,
2021)). However, almost all of these attempts are
primarily focused on Parkinsonian and/or essential
tremor rather than MS tremor, except for a few
recent studies; one developed an instrument

NEURAL REGENERATION RESEARCH | Vol 19 | No. 5 | May 2024 | 977



IGLGHIBA+ZHERAAIAYO/FIAEIOYIASALLIAIPOOAEIEAHIDII/ADAUMY XD

MADUOINX OHISABZIYTMI+EHNSO L UNOTZ | ABMHJBSHNQUE AQ UIUOLIL/WOD MM|'S[EUINOI//:d)Y WOl) papEOjUMOQ

€20¢/10/cL uo

NEURAL REGENERATION RESEARCH
www.nrronline.org

Perspective

q Accelerometer \
©
® Electromyogram
a
5 v
= 4 m=1 m=2 m=8 ™
@€ ! ' \
s ' \ \
=) . A1(0J2(L) < g; DF1=B4+B5+B6
g 1 J1(L) ' < B3 DF2 = B1 + B2
§ - Wibdzb) i B4 (* DF3=DF1-DF2
Q i [T PP PP PP
2 ! S0 < ge J DF4=(84+B6)-B2
5 ) < :
g . M2 X
= ' ' |
5 ' ' B253
S
@ X ' < B254
(T -
£\ . . | J
@ Vv

e N

DF1 DF2 DF3 DF4
. ET/PD
MS

C
9
®
ke
k7]
- . 4 o * oA gt
o

A J

Figure 1 | lllustration of the general methodological pipeline of Hossen et al. (2022).

called TREMBAL that uses electromagnetic motion
capture technology to quantify MS tremor (Perera
et al., 2019), and another utilizes body-sensing
networks using 5G wireless to determine different
body movements, including tremor (Haider et
al., 2018). All these studies, including our study
discussed above, suffer from obvious problems
like low sample size, data processing complexity,
and others. However, all these attempts are a clear
indication that the use of Al assistive technologies
is not only inevitable but also necessary for
improving MS tremor diagnosis in the future.
In addition, our study (Hossen et al., 2022) only
focused on using the proposed algorithm - SDWD
- for differentiating tremors without any co-
occurrence of other movement disorders. This
might be a very important domain to explore to
enhance Al-based assistive technology for clinical
applications. Hence, future studies should focus on
improving on these findings by robustly classifying
tremor with very high accuracy in larger and more
diverse samples, testing for more differential
diagnosis, using state-of-the-art Al-based
frameworks for training, testing, and developing
these algorithms, and most importantly,
simplifying front-end capability to facilitate use in
clinical settings.
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