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Electromyography-informed modeling for estimating muscle activation
and force alterations in Parkinson’s disease
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Zimi Sawachaa,d

aDepartment of Information Engineering, University of Padua, Padova, Italy; bFresco Parkinson Center, Villa Margherita, Vicenza, Italy;
cDepartment of Biomechanical Engineering, University of Twente, AE Enschede, Netherlands; dDepartment of Medicine, University of
Padua, Padova, Italy

ABSTRACT
Electromyography (EMG)-driven neuromusculoskeletal modeling (NMSM) enables simulating the
mechanical function of multiple muscle-tendon units as controlled by nervous system in the
generation of complex movements. In the context of clinical assessment this may enable under-
standing biomechanical factor contributing to gait disorders such as one induced by Parkinson’s
disease (PD). In spite of the challenges in the development of patient-specific models, this pre-
liminary study aimed at establishing a feasible and noninvasive experimental and modeling
pipeline to be adopted in clinics to detect PD-induced gait alterations. Four different NMSM
have been implemented for three healthy controls using CEINMS, an OpenSim-compatible tool-
box. Models differed in the EMG-normalization methods used for calibration purposes (i.e. walk-
ing trial normalization and maximum voluntary contraction normalization) and in the set of
experimental EMGs used for the musculotendon-unit mapping (i.e. 4 channels vs. 15 channels).
Model accuracy assessment showed no statistically significant differences between the more
complete model (non-clinically viable) and the proposed reduced one (clinically viable). The clin-
ically viable reduced model was systematically applied on a dataset including ten PD’s and thir-
teen healthy controls. Results showed significant differences in the neuromuscular control
strategy of the PD group in term of muscle forces and joint torques. Indeed, PD patients dis-
played a significantly lower magnitude on force production and revealed a higher amount of
force variability with the respect of the healthy controls. The estimated variables could become
a measurable biomechanical outcome to assess and track both disease progression and its
impact on gait in PD subjects.
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Introduction

Parkinson’s disease (PD) is the second most prevalent
neurodegenerative disorder, affecting people world-
wide (de Lau and Breteler 2006). In the upcoming
decades PD will is expected to increase and develop
to the as a Parkinson pandemic-scale, doubling the
number of affected patients by 2040 (Dorsey and
Bloem 2018). PD is a neurodegenerative pathological
condition characterized by a dopamine deficiency
causing a cohort of motor and non-motor symptoms
including tremor, rigidity, and bradykinesia. The mid-
dle-advanced phase can manifest axial disorders
which includes postural deformities, postural instabil-
ity, and gait disorders (Tiple et al. 2009). For a
motoric point of view, gait alterations are among the
most relevant hallmarks of this neurodegenerative dis-
order; i.e. abnormal increment of cadence, stance and

double support phases have been interpreted as a
compensatory strategy to the reduction of both stride
length and lower limb joints range of motion (Morris
et al. 2005). Recently, the authors detected a further
marker of motor disorder in PD patients, by identify-
ing specific alterations in both timing (Spolaor et al.
2017) and amplitude (Volpe et al. 2020) of leg muscle
electromyograms (EMGs) during the gait cycle in
comparison with matched healthy subjects. Advances
is PD treatment have been hampered by a lack of an
objective and reliable biomarkers that can describe the
disease onset, progress, and modulation in response to
therapies (Marek et al. 2011). Established assessment to
PD-induced motor dysfunctions relies on a qualitative
assessment. That is, the subjective observation of an
individual physician delivering clinical scales, e.g. the
Movement Disorder Society – Unified PD Rating Scale
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(Movement Disorder Society Task Force on Rating
Scales for Parkinson’s Disease 2003), which may
highly differ from physician to physician, thereby
yielding different assessment for the same patient. In
some cases, these are coupled with instrumented gait
analysis (Morris et al. 2005) and recently a several
approaches based on machine learning techniques
have been developed for pathological gait classifica-
tion. These methods have proven their reliability
either in discriminating between PD subjects and
healthy controls (Daliri 2013; Rastegari et al. 2019),
or in disease diagnosis and motor impairment char-
acterization (Shetty & Rao 2016; Caramia et al. 2018;
Ricciardi et al. 2019). However, current motion cap-
ture techniques do not provide insights on the inter-
play between neural activation to muscles and
disrupted musculoskeletal function. Although these
are both established tools for clinical practice, meas-
uring causal information about neural-to-mechanical
function in the PD patients in vivo, is not possible.
As an alternative, personalized data-driven computer
modeling and simulation techniques can be used to
provide a quantitative objective assessment metric for
patients’ motor function: combining gait analysis and
a forward dynamics modeling approach, i.e. EMG-
informed modeling (Sartori et al. 2016, 2017), could
provide a deeper understanding of the biomechanical
mechanism underlying disease progression. This
methodology has been successfully applied across a
range of neuromuscular pathologies (Scarton et al.
2017) and healthy individuals (Varotto et al. 2017).
In this context a subject specific neuromusculoskele-
tal model (NMSM) is created for each individual,
driven by their own neural-excitation patterns pro-
vided by the EMG signals. In comparison with
inverse dynamics approaches (Veerkamp et al. 2019),
which rely on cost functions tailored on healthy
humans’ motion and do not consider pathological
neural strategies, the proposed data-driven simulation
allows either capturing the patient’s true muscle acti-
vation patterns and identifying patient-specific neuro-
muscular parameters, thus serving the basis for the
definition of quantitative and reliable biomarkers;
estimation of muscle force would be the most direct
variable explain changes in the subject’s gait func-
tion, overall strength as well as disease progression
over time. Moreover, it could be used to identify the
target of different rehabilitation programs, to predict
outcomes across different therapies and the effect of
different modulations within the treatment.

Currently, no studies investigated the possibility to
quantitatively assess key biomechanical factors such as

strength in terms of muscle forces as a biomarker of
disease progression in PD subjects (Skinner et al.
2015); besides this, little is known on how a change
in co-activation and co-contraction would affect
muscle force and torques around a specific joint in
PD differently from healthy subjects. Furthermore,
despite the potential of adopting NMSM, these mod-
els are rarely introduced in clinical practice mainly
due to the difficulty of validating the results of muscle
forces, while the experimental setup and acquisition
protocol might result complex and long. Indeed, the
main limitations when assessing patients in neuro-
logical conditions occurs in obtaining realistic max-
ima voluntary contractions (MVC) for model
calibration purposes and in the number of required
experimental EMG signals, which might be cumber-
some for patients.

The aim of this work is to address the extraction
of information about PD neuromuscular functions
that could not be measurable in vivo. Thus, the adop-
tion of a clinically viable experimental and modeling
pipeline for the estimation of muscle force, may ena-
bles to lay the foundations for the generation of new
biomechanical-based biomarkers by computing reli-
able muscle-tendon forces together with multi-muscle
activation strategies, which directly relates to changes
in gait control and strength over time in PD. The aim
of this work is to address the extraction of informa-
tion about PD neuromuscular functions that could
not be measurable in vivo, thus laying the founda-
tions for the generation of new biomarkers by com-
puting reliable muscle-tendon forces together with
muscle activations strategy, which directly relates to
changes in strength over time in PD throughout the
adoption of a NMSM purposely adapted for the clin-
ical practice. Additionally, a co-contraction ratio
index (CCR) is computed to describe the simultan-
eous activity of the agonist-antagonist muscles span-
ning the knee and ankle joints (Busse et al. 2005).
The impact of the proposed experimental and model-
ing pipeline simplification Hence, we was evaluated in
a sample of healthy subjects the impact of a minim-
ally invasive model, against models of enhanced com-
plexity already existing pipelines, which result too
lengthy for patients on neurological conditions in a
sample of healthy subjects. Even though we do not
expect to reach the same precision of a standard
NMSM (Sartori et al. 2015), we hypostasize that the
NMSM driven with the reduced set of muscles could
still be informative for treatment planning in PD.
Indeed, when evaluating PD patients, an EMG-driven
modeling pipeline is needed as the commonly used
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inverse dynamics techniques for muscle force estima-
tion (e.g. Static Optimization) would yield activation
results deviating substantially from the
patient’s EMGs.

Methods

Participants

Two different datasets were involved in the study fol-
lowing the approval by the local Ethic Committees
(CE/PROG 61/16� 19/11/2015 (Peppe et al. 2019);
University Policlinic of Padova protocol n� 1001 P �
21/11/2005 (Sawacha et al. 2010)). The first dataset
(Dataset 1) included ten PD patients (6 males, 4
females, age ¼ 66.89 ± 12.78 years, BMI ¼
23.38 ± 3.35 kg/m2), and 13 control subjects matched
for age and BMI (CS, 7 males, 6 females, age ¼
58.23 ± 11.48 years, BMI ¼ 25.63 ± 3.34 kg/m2). The
PD participants had a Hoen and Yahr scale of 2–3
(Hoen & Yahr 1967) and Mini Mental State
Evaluation > 24 (Folstein et al. 1975). Moreover,
patients were able to walk autonomously and to per-
form the required tasks, on a stable treatment regi-
men for at least 3months with a disease duration >

5 years and had a good response to anti-Parkinsonian
therapy. The measures have been done at the same
time in the morning in off medication in order to
avoid the effect of L-Dopa as documented by some
authors (Morris et al. 2005). PD patients with Deep
Brain Stimulation were excluded from the study.

The second dataset (Dataset 2) composed by three
healthy subjects (age ¼ 60 ± 1 years, BMI ¼
27.4 ± 4.7 kg/m2) was retrospectively selected from the
database available at the Human Movement
Bioengineering Laboratory for model sensitivity
assessment purposes, according to the following inclu-
sion criteria: healthy subjects with no neurological
conditions and orthopedic diseases; matched for age
and BMI with Dataset 1; raw EMG data available and
MVC acquisition for the following muscles, according
to (Sartori et al. 2015): Gluteus Maximus, Gluteus
Medius, Tensor Fasciae Latae, Adductor Longus,
Sartorius, Semitendinosus, Biceps Femoris (BF),
Rectus Femoris (RF), Vastus Medialis, Vastus
Lateralis, Peroneus Longus, Gastrocnemius Medialis,
Gastrocnemius Lateralis (GL), Soleus and Tibialis
Anterior (TA).

Data collection

Both datasets have been acquired at the Human
Movement Bioengineering Laboratory (10m walkway)

of the Department of Information Engineering at the
University of Padova (Italy) equipped with 6 cameras
stereophotogrammetric system (60–120Hz, BTS S.r.l.,
Italy), synchronized with two force plates (960Hz,
Bertec Corporation, USA). A modified version of the
IOR-Gait protocol (Del Din et al. 2011) was adopted
for anatomical landmarks identification. Data collec-
tion included static acquisitions for anatomical
calibration (Cappozzo et al. 1995) as well as several
self-selected speed gait trials. For EMG recording, two
protocols were adopted on Dataset 1 and Dataset 2
respectively:

Dataset 1: the EMG signal of 4 muscles (RF, BF,
GL, TA) was bilaterally recorded by means of an 8-
channel EMG system (1000Hz, BTS Free, BTS
S.r.l., Italy).

Dataset 2: the EMG signal of 15 muscles (Gluteus
Maximus, Gluteus Medius, Tensor Fasciae Latae,
Adductor Longus, Sartorius, Semitendinosus, BF, RF,
Vastus Medialis, Vastus Lateralis, Peroneus Longus,
Gastrocnemius Medialis, GL, Soleus and TA) was uni-
laterally recorded, through a 16-channel EMG system
(1000Hz, BTS Free, BTS S.r.l., Italy). Each muscle
MVC was acquired as in (Mantoan et al. 2015) for
model-calibration purposes.

Surface EMG electrodes were placed following the
minimal crosstalk area guidelines to maximize the
measured selective activity per muscle (Blanc and
Dimanico 2010).

Data processing and
neuromusculoskeletal modeling

Four NMSM of different complexity and normaliza-
tion method were developed:

� an MVC based NMSM adopting the full proto-
col (MVCTNf);

� an MVC based NMSM adopting the reduced
protocol (MVCTNr);

� an NMSM calibrated on maximum value of each
muscle chosen from all the walking trials (WTN),
as in Varotto et al. (2017), adopting the full proto-
col (WTNf);

� an NMSM calibrated on WTN adopting the
reduced protocol (WTNr);

All the four NMSM were generated for Dataset 2,
while for the Dataset 1 only the WTNr model was
implemented, as a reduced EMG protocol was
adopted and no MVC were acquired for this dataset.

COMPUTER METHODS IN BIOMECHANICS AND BIOMEDICAL ENGINEERING 3



Model generation

Three left and three right foot strikes were considered
for the processing when the foot was naturally land-
ing on the force plates. MOtoNMS (Mantoan et al.
2015) was adopted to export the motion data used in
OpenSim framework and to normalize the EMG. A
generic musculoskeletal model (gait2392 (Delp et al.
1990)) was used to linearly scale each subjects’ geom-
etry in OpenSim, matching the virtual markers of the
model with the experimental ones of the subjects
acquired during the static pose trial. Inverse kinemat-
ics, inverse dynamics (ID) and muscle analysis tools
were used to obtain joint angles and moments and
musculotendon moments and moment arms during
the recorded trials.

CEINMS (Pizzolato et al. 2015) was adopted as
toolbox to estimate the muscle forces that best
matched the experimental EMGs and joint moments.
Two different methods were adopted to normalize the
EMG signals for calibration: the WTN and the
MVCTN. In the WTN, the peak amplitude of each
EMG linear envelope was computed across all the
subject’s trials. The MVCTN method consists instead
in calculating the maximum EMG value from the
MVC acquisition. The implementation of the full
setup reflected the one described in (Sartori et al.
2015), while in the reduced setup, 4 EMG channels
were mapped to a total of 12 musculotendon units
(Table 1) (Romanato et al. 2019).

Experimental EMGs were used to directly drive
their associated muscles in CEINMS. Two degrees of
freedom (ankle plantar-dorsi flexion and knee flexion-
extension) were analyzed separately. For each subject,
all the dynamic trials were used both for the calibra-
tion and the execution. Calibration identifies subject-
specific parameters that vary nonlinearly across
subjects’ anthropometric features and force generating
capacities, i.e. muscle twitch activation/deactivation

time constants, EMG-to-activation nonlinearity factor,
muscle optimal fiber length, tendon slack length, and
muscle maximal isometric force (Durandau et al.
2019). After calibration, CEINMS was used to predict
the knee and ankle moments, muscle forces and acti-
vations with a hybrid EMG-informed model, that
combined both the forward dynamics and the static
optimization procedure that minimally adjusts experi-
mental EMG-excitations to minimize instantaneous
EMG-predicted joint moment estimates; the initial
nominal parameters are repeatedly refined as part of a
least-squares optimization procedure so that the mis-
match between the EMG-driven model’s predicted
joint moments and those measured experimentally is
minimized (Sartori et al. 2014). The weighting factors
of the hybrid function were obtained through an
experimental analysis which identified the following
best weighting values: the factor that multiplies the
difference between the predicted moment and the
experimental moment was set as a¼ 1; the factor that
multiplies the square of the minimally adjusted excita-
tion (MAE) for the MTU spanning the assessed joint
was set as b¼ 7.5; the difference between MAE and
the experimental EMG-excitation for the MTU span-
ning the assessed joint was set as c¼ 12. In order to
calculate the CCR, the formula in (Sartori et al. 2015)
was implemented, were an index of �1 indicates a
solely contribution of the agonist excitations, 1 indi-
cates a contribution derived just from antagonist exci-
tations and 0 indicates a balanced contribution of
both the agonist and antagonist excitations, i.e. the
maximum value of co-contraction.

Models’ sensitivity assessment

In order to test the reliability of the WTNr model,
the loss of information derived both from the low
number of EMG signals experimentally acquired and

Table 1. Mapped musculotendon units.
Experimental muscle EMG full Experimental muscle EMG reduced Musculotendon unit Knee/ankle ago-antagonist muscle

RF RF rectfem Knee extensor
Vastus Medialis RF vasmed Knee extensor
Vastus Lateralis RF vaslat Knee extensor
(Vastus Medialisþ Vastus Lateralis)/2 RF vasmed Knee extensor
BF BF bifemlh Knee flexor
BF BF bifemsh Knee flexor
Semitendinosus BF semiten Knee flexor
Semitendinosus BF semimem Knee flexor
GL GL latgas Knee flexor/Plantar flexor
Gastrocnemius Medialis GL medgas Knee flexor/Plantar flexor
Soleus GL sol Plantar flexor
TA TA tibant Dorsi flexor

Recorded EMG and their associated musculotendon units informed by these EMG. The units spanning a specific joint were gathered into agonist and
antagonist groups based on the moment arm convention in (Sartori et al. 2012)
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from the EMG envelope normalization across the
maximum value of the dynamic trials was estimated.

Models were executed to predict muscle activations,
joint torques and muscle forces in the four conditions
and compared. All estimates were time normalized to
the gait cycle duration and averaged across six walking
trials. Root mean square error (RMSE) and coefficient
of determination (R2) between experimental and pre-
dicted muscle excitations and joint moments were
computed to assess the physiological and biomechan-
ical validity of each NMSM. Computed muscle forces
were qualitatively compared via time-series plots.
Oneway repeated measures ANOVA test with
Bonferroni correction was used to determine whether
the difference in the four implemented models was
associated with differences in muscle forces time-series,
with statistical significance p< 0.05.

Statistical analysis

In order to compare results of the PD subjects with the CS,
the assessed variables were represented by the mean from
six representative walking trials per subject, selected after
applying an intra-class correlation threshold of 0.75 as in
Del Din et al. (2011). The estimated variables (i.e. joint
angles and torques, muscle forces and CCR) were plotted
in percentage of the gait cycle and the 2 tailed Student’s T-
test was used, after evidence of normality.

Results

In the following section results regarding the sensitiv-
ity of the NMSM to the different configurations and
the comparison between the WTNr model applied to
PD subjects and CS.

Models’ accuracy assessment

All models accurately reproduced both the experi-
mental joint moments (Table 2). R2 values were
always greater than 0.7 across all trials and joints.
Regarding muscle excitations, both full models pro-
duced small values of RMSE (RMSE < 0.11).
Although the WTNr produced the highest RMSE val-
ues (RMSE < 0.25), it produced R2 coefficients com-
parable with the full models. Concerning muscle
forces (Figure 1) statistically significant differences
between the MVCTNf and WTNr were only detected
in some phases of the gait cycle over the knee flexors.
Overall, the WTN models produced forces of a lower
magnitude with respect of the MVCTN models, with
the only exception of the two gastrocnemii.Ta
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WTNr model reliability in PD

In order to verify the reliability of the WTNr model
across the pathological population, the PD group
envelopes peak percentage position within the gait

cycle of the experimentally measured muscles and the
model-derived ones (Figure 2A) were compared, as in
Scarton et al. (2017) and in Hicks et al. (2015), as
well as the PD ID-generated joint moments in
OpenSim versus the CEINMS-estimated torques

Figure 1. Muscle forces estimated with CEINMS for four different models. MVCTNf (in blue, ±1 standard error in shaded blue
area), MVCTNr (in red, ±1 standard error in shaded red area), WTNf (in yellow, ±1 standard error in shaded yelow area), WTNr (in
purple, ±1 standard error in shaded purple area). The muscle forces 0.05.

Figure 2. (A) Activation peaks position in percentage of the gait cycle for PD participants. Comparison between the experimental
EMG activations, the activations directly driven from these EMGs in CEINMS, and their correspondent static optimization-derived
activations in OpenSim. Experimentally measured muscle activation (in black), OpenSim derived ones for the same muscles (in
green) and CEINMS derived ones for the same muscles (in blue). RF¼ rectus femoris, BF¼ bicept femoris, LG¼ gastrocnemius lat-
eralis, TA¼ tibialis anterior. � p< 0.05. (B) Activation peaks position in percentage of the gait cycle for PD participants.
Comparison between simulated muscles. EMG-informed activations (in blue) derived by the associated EMG (see Table 1), and
OpenSim derived ones for the same muscles (in green). Semimem¼ semimembranosus, Bifemlh¼ biceps femoris long head,
Bifemsh¼ biceps femoris short head, Vas Med¼ vastus medialis, Vas Int¼ vastus intermedius, Vas Lat¼ vastus lateralis, Med
Gas¼ gastrocnemius medialis, Soleus¼ soleus.� p< 0.05.
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(Figure 3), as in Davico et al. (2020). In Figure 3 were
also reported the joint kinematics of the sagittal plane
obtained in OpenSim through the solution of an
IK problem.

We observed statistically significant differences
between the activations estimated with the static opti-
mization approach and the experimental ones for RF
(p< 0.0001) and the BF (p< 0.0001); no statistically
significant differences were reported between the
simulated activations calculated with the EMG-
informed model and the experimentally measured
ones (Figure 2A). Moreover, MTUs informed by the
experimental EMGs presented statistically significant
differences with respect to the one simulated with the
static optimization based approach in terms of activa-
tions of vastus medialis (p< 0.0239), gastrocnemius
medialis (p< 0.0001) and soleus (p< 0.0232) (Figure
2B). Furthermore, the calibrated neuromusculoskeletal
model proved to be dynamically consistent with the
data provided by the ID OpenSim tool. Indeed, with
respect of the ankle and knee flexion-extension
moments, no statistically significant differences were
found between ID and CEINMS-derived torques, with
the only exception for the final phase of the stance.

WTNr model outcomes

With respect to sagittal plane joint kinematics
obtained with the IK tool from OpenSim (Figure 4A),
statistically significant differences were shown in PD
group both in ankle plantar-dorsiflexion early-to-mid
stance phase (0.0023 < p< 0.0499) and in knee flex-
ion extension either in load acceptance (0.0168 < p <

0.0481) and in mid-to-final stance phase (0.0001 < p
< 0.3974). When considering joint moments (Figure
4B), statistically significant differences were appreci-
ated between the two cohort of subjects, both in hill
strike and push-off phases either for ankle (0.0001 <

p < 0.0163) or knee joints (0.0001 < p < 0.0461).
CCR (Figure 4C) did not show statistically significant
differences between the CS and the PD, but a greater
variability in the second half of the stance phase for
the knee joint was noticed (maximum standard devi-
ation of 1.3503 in correspondence of the 62% of the
stance phase). This suggests a lower neuromuscular
control involvement at the knee joint level in that
phase with respect to the more distal joint, and the
adoption of different motor control strategies within
the PD group. Although the CCR did not show statis-
tically significant differences, the CC occurrence dur-
ing five stages of the stance phase has been identified
as the equal contribution furnished both by flexors

and extensors muscles, i.e. CCR ¼ 0; the results
reported in Figure 4D highlighted different motor
strategies in the PD group, especially for the ankle
joint, where most of the CCs occurred after the load
acceptance phase, where 50% of the CCs produced by
the PD group were detected against the 28,57% pro-
duced by the CS.

Concerning muscle forces magnitude (Figure 5),
statistically significant differences were shown
between the two populations, except for the ankle
joint plantar-flexor muscles during the stance phase.
Major differences were highlighted in the BF long
head (0.0001< p< 0.0112), BF short head (0.0001 <

p< 0.0468), semitendinosus (0.0001 < p< 0.0485),
semimembranosus (p< 0.0001) and in the second half
of the gait cycle of the RF (p< 0.0001 between the
25% and 95% of the gait cycle). The vastii showed
similar patterns during the stance phase in both
the samples.

Discussion

The current study showed the possibility to capture
patient’s true muscle activation profile to assess reli-
able muscle forces for a neurological population of
subjects through an EMG-driven NMSM informed
with a reduced set of muscles and a simplified cali-
bration method (WTNr). The accuracy of this model-
ing approach was tested considering all possible
sources for loss of accuracy in estimating muscle acti-
vations for the simulated muscles. Largest RMSE were
detected on BF activation profile in the MVCTNr
(RMSE ¼ 0.25 ± 0.07) and in the knee flexion-exten-
sion moment in the MVCTNf (RMSE ¼
0.24 ± 0.14 [BW�h%]).

When considering the application of the WTNr
model in the pathologic population, our results in
terms of kinematics revealed in PD subjects a more
dorsiflexed pattern during the stance phase of gait
compared to the CS. The knee joint denoted a
marked flexed pattern and a reduced joint angular
excursion, as highlighted in literature (Lewis et al.
2000; Morris et al. 2005; Pistacchi et al. 2017; Volpe
et al. 2017). Alterations in kinetics were found to be
as marked as in kinematics. The moment produced at
the loading response in the ankle joint was signifi-
cantly reduced in PD group. As suggested in a previ-
ous work (Sofuwa et al. 2005), this might be due to a
flat-footed gait pattern caused by a limitation in the
hip-flexion, an inadequate knee extension and a par-
tial heel strike which produce a ground reaction force
vector closer to the ankle joint. Conversely with other

COMPUTER METHODS IN BIOMECHANICS AND BIOMEDICAL ENGINEERING 7



studies, i.e. Skinner et al. (2015), our findings sug-
gested great variability and differences in the knee
moment as well, as a natural consequence of the
energy transferred from the ankle plantaflexors to
the knee.

Our results depict the lower-limb motor alterations
that are hallmark and primary manifestations of PD
from a biomechanical perspective. Furthermore, we
aimed at describing these motor symptoms in terms
of motor control in order to understand how move-
ment variables are controlled and coordinated
(Mazzoni et al. 2012). We hypothesized that estima-
tion of muscle forces could be a valuable tool to
assess changes in the subject’s strength over time, and

might be proposed as metric to monitor the PD
motor control deficiencies, given that the solely EMG
is not descriptive of linear variations in strength, thus
allowing a deeper understand in the cause-effect rela-
tionships between muscle co-activation and force dis-
tribution around a joint and how it is altered by PD.
Studies assessing EMG signals during gait analysis
revealed increased TA activity during the swing phase
and a reduced amplitude of the signal, while a poor
modulation in the leg extensor muscles during the
stance phase was denoted (Albani et al. 2003). GL has
shown a reduced amplitude of its activity during the
stance phase in PD (Lewis et al. 2000). In terms of
muscle forces little is known and there is no evidence

Figure 3. Joint angles in PD in percentage of the stance phase IK-generated angles and expressed in degrees (mean in black, ±1
standard error in shaded white area, right y-axes), and joint moments in PD subjects in percentage of the stance phase and nor-
malized with respect to body weight� height (BW� h)%, IDgenerated moments from OpenSim (mean in green, ±1 standard error
in shaded green area, left y-axes), CEINMS-estimated torques (mean in blue, ±1 standard error in shaded blue area, left y-axes).
Top of the figure presents the ankle joint angles and moments, bottom of the figure knee joint angles and moments. � p< 0.05
between the simulated joint moments.
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Figure 4. (A) Ankle and knee joint angles in percentage of the stance phase expressed in degrees, estimated via IK. CS (mean in
red, ±1 standard error in shaded red area) in comparison with PD subjects (mean in blue, ±1 standard error in shaded blue area).
(B) Ankle and knee joint moments in percentage of the stance phase and normalized with respect to body weight� height
(BW� h)%, estimated via CEINMS. CS (mean in red, ±1 standard error in shaded red area) in comparison with PD subjects (mean
in blue, ±1 standard error in shaded blue area). (C) CCR estimated from the activations generated via CEINMS. CS (mean in red,
±1 standard error in shaded red area) in comparison with PD subjects (mean in blue, ±1 standard error in shaded blue area). The
ratio is presented in percentage of the stance phase and varies between –1 and 1. (D) Co-contraction occurrence during five
stages of the stance phase (0–20%, 20–40%, 40–60%, 60–80%, 80–100%) for the ankle and knee joint. Data were normalized
over the maximum occurrence value. CS (in red) in comparison with PD subjects (in blue).

COMPUTER METHODS IN BIOMECHANICS AND BIOMEDICAL ENGINEERING 9



that this might be confirmed. To this end, this study
investigates a method to estimate internal motion var-
iables, for the first time, in people with PD in a clin-
ical environment, with an approach that both
considers their motor dysfunctions and neurological
impairments, providing promising basis for the defin-
ition of advanced and more quantitative biomarkers.
Therefore, the limitations derived from the musculo-
skeletal modeling approaches that employ optimiza-
tion techniques to estimate muscle activations that do
not account for impaired motor control in PD, have
been overtaken, by the adoption of an EMG-informed
modeling technique, thus allowing a more physio-
logical estimation of muscle forces, as the results
reported in Figure 2 showed. The results showed that
MTU in PD patients produced significantly less force
and displayed a higher amount of force variability
than the CS, as reported in Stemach et al (Stelmach
et al. 1989). Prior studies (Inkster et al. 2003) with
similar findings suggested that the potential mechan-
ism for a deficit in muscle force production and vari-
ability may be related to irregularities of single motor
units in PD, attributed to an alteration of central
input to the motor neuron pool and an abnormal
drive from the basal ganglia to the thalamus.
Literature reviews reported a consistently weaker force
production in PD persons concerning the ankle joint

(Skinner et al. 2019), as confirmed by the results
reported in Figure 5, where statistically significant dif-
ference in force magnitude were observed, mainly in
knee joint flexors. Although the GL reduced ampli-
tude activity reported in the previous quoted work
was confirmed by a reduction in force in our results,
the altered activity of TA was not consistent with the
produced force, as it was found to be consistently
lower (0.0001 < p< 0.0357) for PD both in the initial
stance and swing phase.

The results of our work should provide an add-
itional information to clinicians that could be used to
plan intervention treatments aiming to restore and
improve muscle forces. The model proposed herein
provides a quantitative and repeatable metric to
define the motor capacity of the patient, reducing the
possible sources of variability affecting the clinical
scales within and between clinician raters (Heldman
et al. 2011). Moreover, the model provides informa-
tion that could not be measured experimentally,
including muscle force, which are directly related to
movement capacity and can be used to track move-
ment improvement or deterioration in a direct way.
Thus, allowing the design of more effective rehabilita-
tion treatments personalized on the subject functional
capabilities. Muscle forces and co-contraction indexes
might represent a compact representation of

Figure 5. Muscle forces estimated with CEINMS. CS (in red, ±1 standard error in shaded red area) in comparison with PD subjects
(in blue, ±1 standard error in shaded blue area). The muscle forces are presented in percentage of the gait cycle and normalized
with respect to body weight (BW)%. � ¼ p< 0.05.
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neuromuscular progress in between therapy evalua-
tions. Furthermore, tracking the disease progression
with the proposed method would be a helpful feed-
back for the physicians in both adjusting the dosage
and the target of the physical intervention. Moreover,
this approach will allow to comprehend how assistive
and wearable technologies should interact with the
user in order to provide an appropriate support and
to restore a more physiological neuromusculoskeletal
functions profile, estimating the degree of muscle
forces required by the specific subject.

Must be said that the study comes with several
limitations and, thus, should be acknowledged. Firstly,
the reduced number of EMG recorded have impacted
on the quantitative information on the internal varia-
bles, which still lack of a gold standard available for
their estimation, yet it has been assessed and quanti-
fied (Table 2). However, future work will be focused
on recording more EMGs in PD, considering the use
of HD-EMG and decomposition methods to capture
activity of single motor units in patients, thereby
obtaining higher fidelity neuro-mechanical processes.
Nevertheless, it should be mentioned that the pro-
posed technique allows overcoming some limitations
of standard musculoskeletal modeling techniques (i.e.
OpenSim static optimization (Delp et al. 2007)) which
purely relies on optimization, tuned on non-altered
neural pathways, by the adoption of a data-driven
method, i.e. EMG-informed musculoskeletal model-
ing. This allows us to capture realistic patterns of PD
population’s muscle activation by means of EMGs
and using them in a forward dynamics approach to
virtually model the movements produced by both the
skeletal and muscular system as controlled by the
neural system (Buchanan et al. 2004). Secondly, the
EMG envelope normalization was not performed
based on MVC values. Measuring MVCs on patients
was not possible as it would have made the test too
lengthy for the patients. Therefore, a WTN was
adopted, as previously performed in Varotto et al.
(2017). The loss of information between a model cali-
brated with the MVCTN and WTN has been assessed
and quantified (Table 2), showing promising results
in the use of WTNr model for clinics. However,
besides limitations, the setup we adopted in this work
produced results that have proven to be consistent
both at EMG and dynamic levels (Figures 2 and 3),
allowing a quantitative analysis of differences in
muscle forces and co-activation strategies between the
CS and the PD participants. Thirdly, we did not
include in our analysis muscle related to the action of
hip joint, which plays a primary role in gait strategies

together with the ankle joint. However, in future
studies, the multi DOF model of Pizzolato et al.
(2015) could be adopted and muscle controlling hip
joint could provide additional understanding in the
magnitude of force production and in PD’s motor
control. Lastly, the small sample size: however, it was
possible to detect statistically significant changes in
almost all the assessed variables, even though, the
number of the processed subjects was poor.

Further studies are needed to confirm these pre-
liminary results and, as clinical practice urges to
assess the participants without the burden of instru-
mentation, future efforts need to focus on the defin-
ition of an optimal experimental setup to drive
the model.
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