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FIGURE 5 | Data recording from a normative male participant: a) the sEMG on the masseter muscle is taken by white and red contact electrodes on the masseter
and a reference electrode (black) on the forefront; b) the 3D acceleration is acquired by a 3D accelerometer attached to the chin; the speech signal by a clip wireless
cardioid microphone on the chest at 25 cm from the mouth. Jaw-fixed accelerometers are to be used only during signal recording to establish and validate a
hands-off acoustic to kinematic projection model, to ultimate use only acoustic signals for at-home monitoring, producing indirect estimations of the neuromotor
kinematic characteristics of the participant using the projection model resulting from the study. The participant consented the publication of this anonymized picture.

An exhaustive examination of the results presented in
Table 2 shows some interesting observations. For instance,
the regression between the vertical displacement and the first
formant oscillations (r21) is the largest in absolute value for CMb,
whereas PFb shows the smallest one. No significant difference is
appreciated between control and PD participants in this respect.
The gain factor a21 is the largest for PMb, whereas for CMa
it is the smallest. In this case, this factor is significantly largest
for PD participants than for controls, a fact that would require
further study. The regression between the vertical displacement
and the second formant oscillations (r22) is the largest for CFa,
and the smallest for PFb. No significant differences were found
between control and PD participants. The smallest oscillation
gain (a22) was found for CFd, and the largest for PMb. In
this case the estimations from controls and PD participants
were also significant. The regression between ECMF and the
dynamic vertical acceleration (rsd) showed the largest value for
PFc, and the smallest for PMb. No significant differences were
observed between the two datasets. The oscillation gain (wsd)
produced rather disperse estimations in this case, the largest
value is observed for CMc and the lowest for PFa. The regression
results between ECMF and the vertical acoustic acceleration (rsf )
show the largest value for PFa, and the smallest one for PMb
(negative in this case, a counter-intuitive result, possibly due to
an inefficient small amplitude recording due to low conductance,
this fact requiring a further study). No significant differences were
found between the two datasets. The oscillation gain (wsf ) showed
again a strong dispersion, and the singularity of PMb producing
a large and negative value again. This dispersion in the values of
wsd and wsf may be related with a less efficient recording of the

sEMG in some cases, due to skin and fat conductance, as well as
electrode placement. On its turn, the correlation between vertical
dynamic and acoustic accelerations (rdf ) showed large values,
the difference between the largest (CMb) and the smallest (PFb)
being relatively small. No significant differences were observed
between the two datasets. Finally, the gain factor between both
accelerations (wdf ) showed the largest and lowest values for PMd
and PFb. In this case, a significant difference was observed.

The results presented in Figure 10 show that the distributions
corresponding to the control participant extend to higher values
of the absolute velocity (5–6 cm.s−1) than the values from the
PD participant, which barely extend to 3 cm.s−1 (AKV) and
do not surpass 1.5 cm.s−1 (AFV). This may be an indication of
hypokinetic behavior, compatible with HD. This same situation
was present in all the PD participants tested, as showed in the
results found in Table 3. The statistical relevance of this different
behavior has been assessed by three statistical tests: t-test,
Kolmogorov-Smirnov and Mann-Whitney. The rejection of the
null hypothesis of equality of distributions may be interpreted in
the sense that the sets of JSD from the control and PD participants
come from different distributions and are separable based on
the value of their respective JSDs. Therefore, the p-values of
the tests avail a statistical differentiation between controls and
patients using JSDs estimated from AKV (dynamic) as well as
from AFV (acoustic).

As a general summary it may be said that the correlation
studies on sEMG relative to Ayd and Ayf presented relevant
results both for control and PD participants, which means that
the disease in itself is not a differentiation factor regarding
the association of myoelectric, dynamic, and acoustic signals,
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FIGURE 6 | Example recordings when uttering the repetition of [. . .aI. . .] by a control participant (CMa): (A) the sEMG on the masseter muscle; (B) the ECMF; (C)
acceleration on the vertical axis (sagittal plane); (D) speech signal; (E) first two formant oscillations (unbiased). Where (*) stands for the multiplication operation.

allowing to build chain models to infer the neuromotor activity
in the masseter exclusively from acoustic estimates, therefore the
assignment from acoustics to neuromotor (the objective of the
present work) will work equivalently for both groups, allowing
the design and use of an inverse model to project acoustic
estimates to neuromotor ones.

Regarding the statistical tests reported on Table 3, a clear
different behavior may be appreciated in the PD dataset with
respect to the control dataset, as the JSDs of the PD dataset are
larger to the average control distributions. The smallest JSDs are
found in the control dataset, whereas the largest ones are found
in the PD dataset. It may be seen also that the tests reject the
null hypothesis of equal distributions between the control and
PD participants’ JSDs either estimated from dynamics (AKV)
or from acoustics (AFV) under a 0.05 significance level. The
differentiation between both groups is of most interest to assess
HD by telemonitoring devices recording speech remotely. The
validation of this possibility has been already studied using
acoustic estimates only (Gómez et al., 2017, 2019a), but a wider
study using both methods and ECMF is still pending.

The cross-correlation between the ECMF and the kinematic
variables estimated also the delays for signal alignment. The
following causes have been determined to explain the delays:
the inertial dynamic behavior of the jaw-tongue structure,

included in numerical integration (delay); the acoustic kinematic
estimation, included in numerical differentiation (anticipation),
and the most plausible hypothesis, yet to be tested, which would
have to see with the time required for the standing waves
in the resonances of the ONPT to attain enough intensity to
create an emerging formant, and this process would have to
see with the quality factor involved in the equivalent generating
resonances, ultimately linked to the losses in the ONPT tissue
walls (assumed to be rigid and non-viscous). This hypothesis may
be checked tracking the pole positions after each time step (2 ms
in the present study).

Apparently, the projection model for PD and control
participants does not reveal strong differences as far as regression
results show. On the contrary, the differentiation between
both datasets is relevant in terms of absolute dynamic and
acoustic kinematics. This observation must be taken with some
precaution, given the important weaknesses and limitations
affecting the study, among them the low number of participants
studied, although a steady recruitment process is ongoing facing
future studies. A non-deniable factor to be taken into account
is the potential HD due to aging in the control group, as
a confounding factor regarding neuromotor degeneration by
disease. Another important limitation is that the low number of
participants per gender did not allow a gender-separated study.
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FIGURE 7 | Dynamic signals after processing recordings from the control participant CMa when uttering the repetition of [. . .aI. . .]: (A) ECMF (proportional to the
force exerted by the muscle); (B) acceleration on the vertical axis after rotation (sagittal plane); (C) vertical acceleration estimated from the first two unbiased
formants.

FIGURE 8 | Regression plots between the vertical displacement estimated from accelerometry (1y) and the first two formant unbiased oscillations: (A) relative to
1F1; (B) relative to 1F2.

Another possible limiting fact is that all PD participants that
have been recruited in the study were H&Y stage 2 and hence the
generalization of our findings for different PD stages need to be
evaluated in a follow-up study. This was a pragmatic constraint
mandated by practical challenges in the recruitment. The study
was conducted on members of PD associations in the southwest

area of Madrid. These participants had been diagnosed and
followed by the public healthcare system and accepted willingly
and enthusiastically participating. However, for ethical reasons
we could not test them in the OFF state. Therefore, participants in
an early H&Y stage 1 did not manifest motor problems associated
to speech quite clearly, and most of the recordings were not valid.
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FIGURE 9 | Regression results between the ECMF and the estimated accelerations (dynamical and acoustical) from the participant CMa: (A) regression plot
between the vertical dynamic acceleration (Ayd) and the ECMF; (B) regression plot between the vertical acoustic acceleration (Ayf) and the ECMF; (C) regression
between the vertical dynamic and acoustic accelerations.

On the other hand, participants in more advanced PD (above
state 2) suffered from other co-morbidities, ad it was challenging
to recruit them for the needs of the study. Besides, we observed
on the available participants in H&Y stage 3, that the recording
session, although not lasting more than 25–30 min for a control
participant, was for them an exhausting task. Indeed, most of
the time was spent in the preparation of the face skin, fixing
electrodes, accelerometer, and microphone. Recordings which
would typically last 5–10 min for a control participant, almost

doubled in these cases, due to misunderstanding of instructions,
repetitions, and participants’ fatigue.

The effects of choosing PD participants in H&Y stage 2
only, could be assessed observing if the estimations of each
feature listed in Table 2 differed significantly between HC and
PD participants. If both distributions did not differ significantly
between HC and PD participants in H&Y 2, possibly it
could be expected that distributions from PD participants in
H&Y < 2 would not differ significantly as well. Extrapolating
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TABLE 2 | Linear regression results.

Participants CFa CFb CFc CFd CMa CMb CMc CMd PFa PFb PFc PFd PMa PMb PMc PMd

r21 −0.9 −0.77 −0.79 −0.88 −0.84 −0.94 −0.92 −0.91 −0.93 −0.64 −0.85 −0.9 −0.86 −0.93 −0.81 −0.91

a21 (x103) −55.5 −58.1 −76.1 −55 −44.8 −78.4 −94.8 −67.5 −205 −74.1 −95.9 −115 −145 −289 −185 −159

r22 0.94 0.86 0.76 0.85 0.86 0.88 0.87 0.86 0.84 0.53 0.93 0.84 0.81 0.89 0.65 0.83

a22 (x103) 110 152 135 43.1 86.1 62.0 99.6 71.5 258 119 173 151 173 267 153 181

rsd 0.7 0.78 0.83 0.66 0.79 0.58 0.53 0.71 0.74 0.78 0.81 0.86 0.6 0.49 0.63 0.84

wsd 36.9 8.81 5.01 8.84 4.48 9.24 95.8 35.0 3.94 5.52 30.9 7.27 32.2 26.4 14.2 15.5

rsf 0.72 0.8 0.79 0.69 0.81 0.53 0.59 0.74 0.84 0.79 0.82 0.76 0.67 −0.41 0.68 0.83

wsf 20.4 5.05 3.4 4.9 2.77 4.06 44.9 15.9 0.75 0.96 14.1 3.67 8.15 −14.4 4.23 14.4

rdf 0.92 0.87 0.82 0.87 0.81 0.95 0.79 0.93 0.87 0.77 0.91 0.91 0.81 0.91 0.78 0.93

wdf 0.50 0.49 0.58 0.46 0.49 0.46 0.40 0.38 0.15 0.13 0.41 0.52 0.18 0.59 0.22 0.87

r21 and r22: Pearson’s correlation coefficients between vertical displacement and the first two formants; a21 and a22: projection weights defined in expression (1); rsd , and
rsf : Pearson’s correlation coefficients between vertical accelerations estimated from dynamic and acoustic signals and the force estimated from the sEMG; rdf : Pearson’s
correlation coefficient between the vertical accelerations estimated from dynamic and acoustic signals; wsd , wsf : regression slopes between vertical displacement and
the dynamic force estimated from the sEMG; wdf : regression slope between the vertical accelerations estimated from dynamic and acoustic signals.

FIGURE 10 | Absolute Kinematic and Formant Velocities (AKV and AFV): (A) AKV from participant CMa; (B) AFV from participant CMa; (C) AKV from participant
PMa; (D) AFV from the PD participant PMa. In each plot the subplot (a) represents the horizontal and vertical velocities or the corresponding formant derivatives in
the time domain. The subplot (b) represents the instantaneous value of the absolute velocity. The subplot (c) gives the density distribution (in blue) and the
accumulated distribution (in red). The range of the common scale of velocities goes from 0 to 20 cm.s−1.

this observation to PD participants in H&Y > 2 is not possible
considering the data available right now. The comparisons have
been done using three statistical tests on the null hypothesis of
equal distributions: a parametric t-test, and two non-parametric
ones, Kolmogorov-Smirnov (KS), and Mann-Whitney (MW)
on the correlation and model projection coefficients given in
Table 2 (10 features, one per row). We adjusted the significance
level of 0.05 per each feature accordingly to Holm-Bonferroni’s

correction (Holm, 1979). The adjusted significance levels per
feature (in parenthesis) were 0.0050 (1), 0.0056 (2), 0.0063 (3),
0.0071 (4), 0.0083 (5), 0.0100 (6), 0.0125 (7), 0.0167 (8), 0.0250
(9), 0.0500 (10). The sorted p-values per row (in parenthesis) were
0.0017 (4), 0.0064 (2), 0.1790 (8), 0.1966 (3), 0.4386 (10), 0.4881
(6), 0.5901 (7), 0.7176 (1), 0.7263 (5), 0.7832 (9). Therefore,
the null hypothesis could only be rejected for feature a22 (4),
because its p-value (0.0017) was under the lowest significance
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level (0.0050). Comparing the results from the KS test in a similar
way, the null hypothesis could only be rejected for feature a21
(p-value of 0.0014). The results from the MW test rejected the
null hypothesis for both a21 and a22 (p-values of 0.0011), but not
for the remnant features. The overall comparison results point to
the global acceptance of the complementary hypothesis of equal
means, except for the specific features a21 and a22.

The effects of the H&Y stage choice could also be assessed
observing if the JSD distances considered in Table 3 differed
significantly between HC and PD participants. As it may be seen,
all the tests reject the null hypothesis of equal distributions of JSD
scores respect to a significance level of 0.05, although the case
of KS with JSD scores produced from the AKV distribution, is
only slightly below the significance level (0.049). This means that
probably this test (KS on JSD from AKV) would fail rejecting the
null hypothesis for a set of PD participants in stage H&Y < 2.
How the other tests would work under the same conditions is
less predictable.

The unexplained contribution to the variance in linear
regression results (in terms of 1−r2, where r is the respective
correlation coefficient) by the effects of the ECMF on the vertical
acceleration may be due to the action of the geniohyoid and
other muscles contributing to the elevation and depression of
the jaw-tongue system. The activity of the geniohyoid muscle in
depressing the jaw-tongue structure has not been estimated in
the present study. The inclusion of sEMG recording electrodes
on geniohyoglossus muscle could complement it.

TABLE 3 | Results from JSD comparisons on the AKV and AFV distributions.

Participant’s code JSD/AKV JSD/AFV

CFa 0.169 0.117

CFb 0.091 0.103

CFc 0.110 0.091

CFd 0.257 0.227

CMa 0.120 0.090

CMb 0.101 0.170

CMc 0.133 0.110

CMd 0.283 0.102

PFa 0.326 0.597

PFb 0.223 0.436

PFc 0.213 0.336

PFd 0.124 0.145

PMa 0.345 0.596

PMb 0.453 0.396

PMc 0.423 0.590

PMd 0.332 0.120

p-value t-Test 0.008 0.002

p-value KS 0.049 0.010

p-value MW 0.010 0.002

The mid and right columns give the JSDs of each participant with respect to the
average AKV and AFV distributions of the control set, pPCd and pPCf , respectively.
It may be seen that the JSDs of the PC participants are higher than the ones
estimated on the control group. The p-values at the bottom of the table give
the results of testing the JSDs from the PD set to the JSDs form the control
participants. Values in bold specify the largest and smallest divergences with
respect to the control averages.

There are several limitations affecting the present study,
which have to be mentioned here. First of all, independent
jaw-tongue movements are not analyzed, however, it must be
stressed that the present study is mainly focused on proposing
acoustic features which may be mapped to potential biomarkers
of degenerative speech HD of neuromotor etiology, not on a
general model in the sense of Ouni and Laprie (2005). Therefore,
the proposed model does not cover the whole span of articulatory
movements to acoustic features. Instead, reducing the movement
space to vertical activity, helps in providing more accurate
estimations of neuromotor activity on the masseter. A possible
future extension of the study to independent tongue, jaw and
lip movements would require monitoring the sEMG activity of
other muscles, as the genio-hioglossus or the orbicular muscles.
Besides, the model assumed linear relationship between formants
and kinematics. Having in mind that the relationship with the
biomarkers (acoustic and dynamic AKF and AKV) become non-
linear, this is a necessary approach to allow a first conclusive
study. Another important limitation is the small size of the
dataset included in the study. This limitation will be removed
when the pandemic conditions allow for the inclusion of more
recordings. Once the projection model is validated using the
multi-trait signals (speech, sEMG and 3DAcc) the detection
properties of the proposed biomarkers (AKV and AFV) will be
tested on larger PD speech databases (Sakar et al., 2013; Orozco-
Arroyave et al., 2014), however, as they only contain speech data,
we cannot use them for this validation phase, considering the
novel direction that this work is proposing. Hopefully we will
be able of using the projection model to produce the AKV and
AFV biomarkers, to validate the statistical relevance of a speech-
based home-monitoring approach on these databases and others
recruited by our own using a tele-health platform (see Palacios
et al., 2020). Another limiting factor is that PD participants were
in a moderate stage of motor activity deterioration (H&Y stage
2). This limitation would require extending the analysis to PD
participants across all stages to investigate the changes across the
spectrum of the disease, from very early onset (HY stage 1) to
very late PD stages.

Another important open issue is how speaker dependency
and inter-speaker variability may affect absolute kinematic
distributions as disease biomarkers. In this sense, it may be seen
from the work of Dromey et al. (2013) that the variability of
inter-speaker results for diphthong [aI] is the lowest from all
diphthongs these authors have studied per class (control vs. PD
participants). Moreover, it may be shown that the projection
weights in Table 2, if normalized to the [aij] vector norm as
âij = aij/| aij| (see Gómez et al., 2021) do not show relevant
inter-speaker variability per class. The way that inter-speaker
variability may affect the absolute kinematic distributions (the
proposed biomarkers), works different for controls than for
PD participants, because these biomarkers are the normalized
histogram distributions of the absolute kinematic velocities,
and they only express if movement is more distributed toward
low absolute velocities (hypokinetic), as is the case for the
PD participant plotted in Figures 10C,D or if it spreads
along low and high absolute velocities (normokinetic), as is
the case for the control participant plotted in Figures 10A,B.
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Therefore, inter-speaker variability is expressing if the speaker
is hypokinetic or not, or to put it in other words, inter-speaker
variability between controls and PD participants is an essential
role of the proposed biomarkers, provided they are designed
to differentiate hypokinetic from normokinetic speech. This
separation is availed by the results shown in Table 3, where it
may be seen that biomarker distributions (kinematic AKV, as
well as acoustic AFV) from PD participants show larger distances
(in terms of Jensen-Shannon Divergence) to distributions from
control participants. Summarizing, the biomarkers proposed
show an inter-speaker variability oriented to differentiate control
participants from PD participants, in closed relationship with the
second objective of the study as stated in section “Objectives.”

CONCLUSION

This study presents a multi-trait evaluation of HD, including
speech, 3D accelerometry and sEMG signal acquisition on
the masseter. A cross-correlation signal alignment is carriend
on these signals. A further regression analysis on the re-
aligned acoustic formants, kinematic accelerations and dynamic-
related electromyography signals allows the estimation of the
projection model parameters. The projected acoustic-kinematic
and dynamics-kinematics absolute movement distributions are
used as HD biomarkers. An evaluation of these biomarkers
in terms of Jensen-Shannon Divergence is conducted on data
from control and PD participants, showing the capability of
both biomarkers to detect HD in PD speech. The main findings
derived from the study are the following:

• A multimodal framework for the assessment of the
masseter’s neuromotor activity based on sEMG, 3DAcc and
speech, has been used on diadochokinetic exercises from
PD and control participants.
• Large cross-correlations between the measured and

estimated signals have been observed using linear
regression on a small-size data sample of control and
PD participants.
• The cross-correlation study did not show relevant

differences between control and PD participants.
• The articulation kinematics estimated from 3D

accelerometry and from acoustics showed a relevant
similarity for all the participants included in the study.
• It was possible to differentiate the speech kinematic

behavior of the control and PD participant sets used
in this study, using absolute velocities (dynamic and
acoustic) of the joint jaw-tongue reference point. Therefore,
their amplitude distributions could be used as potential
biomarkers of PD speech HD.

The findings of the current study are preliminary, given the
limited sample size. We are currently extending our efforts

toward the collection of a larger sample size and investigating
how well the presented findings generalize across larger cohorts.
The definition of an inverse model to infer neuromotor activity
from acoustics is also a future objective. The inclusion of sEMG
from other muscles active on the jaw-tongue articulation as the
geniohyoid is also foreseen. A study regarding the delay on
formant-estimated kinematics based on the non-linear properties
of the ONPT is considered as well.
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