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A B S T R A C T

Background: Cerebral palsy is a complex neuromuscular disorder that affects the sufferers in multiple different
ways. Neuromusculoskeletal models are promising tools that can be used to plan patient-specific treatments for
cerebral palsy. However, current neuromusculoskeletal models are typically scaled from generic adult templates
that poorly represent paediatric populations. Furthermore, muscle activations are commonly computed via
optimisation methods, which may not reproduce co-contraction observed in cerebral palsy. Alternatively, cali-
brated EMG-informed approaches within OpenSim can capture pathology-related muscle activation abnormal-
ities, possibly enabling more feasible estimations of muscle and joint contact forces.
Methods: Two identical twin brothers, aged 13, one with unilateral cerebral palsy and the other typically de-
veloping, were enrolled in the study. Four neuromusculoskeletal models with increasing subject-specificity were
built in OpenSim and CEINMS combining literature findings, experimental motion capture, EMG and MR data
for both participants. The physiological and biomechanical validity of each model was assessed by quantifying
its ability to track experimental joint moments and muscle excitations.
Findings: All developed models accurately tracked external joint moments; however EMG-informed models
better tracked muscle excitations compared to neural solutions generated by static optimisation. Calibrating
muscle-tendon unit parameters with EMG data allowed for more physiologically plausible joint contact forces
estimates. Further scaling the maximal isometric force of muscles with MR-derived muscle volumes did not affect
model predictions.
Interpretation: Given their ability to identify atypical joint contact forces profiles and accurately reproduce ex-
perimental data, calibrated EMG-informed models should be preferred over generic models using optimisation
methods in informing the management of cerebral palsy.

1. Introduction

Cerebral palsy (CP) is the most common motor disorder in child-
hood, with an incidence of 2.1 per 1000 live births in Australia
(Smithers-Sheedy et al., 2016). CP is caused by a non-progressive brain
lesion that impairs neuromuscular control and leads to progressive
changes in muscle composition (Lieber et al., 2004), muscle mor-
phology (Barrett and Lichtwark, 2010), subsequent bony deformity
(Morrell et al., 2002), and movement impairment (Smithers-Sheedy
et al., 2016). Ambulant children with CP (GMFCS, I-III) are typically

referred for clinical gait analyses to identify joint level kinematic and
kinetic deviations from a typical population. Clinical gait analysis re-
sults are interpreted alongside the findings of physical examination
(e.g., joint passive range of motion, muscle strength, spasticity) and
medical imaging to develop a surgical and/or conservative manage-
ment plan.

Neuromusculoskeletal (NMSK) modelling is becoming an increas-
ingly popular extension of clinical gait analysis as it allows investiga-
tion of individual muscle contributions to movement and joint contact
forces (JCF) during gait (Steele et al., 2012). Despite these
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opportunities, the value of NMSK modelling in the clinical management
of CP remains unclear, as modelling assumptions may distort clinical
interpretation (van der Krogt et al., 2012). For example, the activation
patterns in NMSK models are commonly estimated using optimisation
approaches that minimise the overall energy consumption or total
muscle activation squared (Anderson and Pandy, 2001) to perform a
specific movement, disregarding altered activation patterns which are
typical in CP (Prosser et al., 2010). Furthermore, commonly im-
plemented NMSK models scaled the individual's anatomy from generic
healthy adult models, which is likely an oversimplification for typical
children, let alone children with CP who present with altered muscle
composition and morphology, and bony anatomy (Barber et al., 2011;
Correa et al., 2011; Hicks et al., 2015).

Muscles in children with CP have reduced volumes, due to shor-
tened muscle-tendon lengths and/or reduced cross-sectional areas
(Barrett and Lichtwark, 2010). Such deficits vary across subjects and
muscles (Handsfield et al., 2015), with distal muscles being typically
more affected and volume loss increasing with the level of physical
impairment. Fat infiltration is also common in CP, further contributing
to muscle weakness (Lieber et al., 2004). Additionally, tendon slack
length (TSL) and optimal fibre length (OFL) are altered in CP. A 10%
increase in TSL was observed in the calf muscles of children with spastic
CP in comparison to TD peers (Barber et al., 2012). Similarly, sarco-
meres of spastic muscles are stretched compared to healthy muscles,
with values increasing with severity (Mathewson and Lieber, 2015;
Shortland, 2017) suggesting shorter OFL in CP-affected muscles. Ne-
glecting any of these features may affect model predictions and diag-
nostic interpretations for children with CP (van der Krogt et al., 2012).

Muscles in NMSK models are often represented as Hill-type actua-
tors and their behaviour strongly depends on muscle-tendon unit (MTU)
parameters, such as TSL, muscle OFL and maximal isometric force
(Fmax

iso) (Heine et al., 2003; Manal and Buchanan, 2004). These para-
meters can be (1) directly measured via ultrasound (Gerus et al., 2015;
Panizzolo et al., 2016; Sartori et al., 2017) or MR imaging (Blemker
et al., 2007), (2) calibrated (Garner and Pandy, 2003; Hoang et al.,
2018; Lloyd and Besier, 2003) or (3) scaled (Hainisch et al., 2012) using
experimental or literature data. Nonetheless, direct measurements are
difficult to obtain (Herzog et al., 1991), calibration may require data
which is not always available, while properly scaling MTU parameters
can be complicated (Winby et al., 2008). Appreciating that muscle
properties differ in children compared to adults, Hainisch and collea-
gues (Hainisch et al., 2012) proposed an approach to scale TSL and OFL
based on tendon and muscle elongations from a generic adult model
(Delp et al., 1990). While this approach may be valid for typically de-
veloping (TD) populations, it is likely not appropriate for children with
CP as evidenced above. Few studies have simulated CP-induced muscle
weakness or muscle contracture by respectively reducing Fmax

iso (van
der Krogt et al., 2012), shortening TSL (Fox et al., 2018) or reducing
OFL values (Delp et al., 1995) in their respective generic NMSK models.
These model modifications resulted in different simulated muscle re-
cruitment strategies to achieve typical gait and provided valuable in-
sight into the potential challenges that children with CP may face.
However, all previous work is limited by the methods employed to scale
MTU parameters. For example, muscle volumes derived from magnetic
resonance images (MRI) (Handsfield et al., 2014) may provide a more
accurate solution to scale Fmax

iso compared to pre-defined scaling fac-
tors (Fox et al., 2018; van der Krogt et al., 2012), although this does not
account for the aberrant muscle activation patterns commonly observed
in children with CP.

Altered muscle activity in children with CP is characterised by in-
creased total muscle activation and higher levels of co-contraction
compared to their TD peers (Prosser et al., 2010). Co-contraction is
quantified by measuring the simultaneous activation of agonist and
antagonist muscles (e.g., knee flexors and extensors) and calculating co-
contraction indices between the EMG linear envelopes (Knarr et al.,
2012). However, although EMG signals are repeatable in both TD and

CP paediatric populations (Steele et al., 2019), the poor repeatability of
the co-contraction indices in these populations means these metrics
maybe undependable to assess group differences in muscular control
(Mohr et al., 2018). Besides, the mechanical action generated by
muscle’ activation and co-contraction cannot be assessed using EMG
alone, for which NMSK modelling is required.

In NMSK modelling, different methods are available to simulate
muscle activity and solve for muscle forces. Optimisation-based
methods, such as computed muscle control (CMC) (Thelen et al., 2003)
or static optimisation (Anderson and Pandy, 2001), are based on a
priori objective criterion, and may not reproduce co-contraction (Lloyd
and Besier, 2003) that is evident in the EMG of patients with CP. Al-
ternatively, EMG-informed methods (Lloyd and Besier, 2003; Meyer
et al., 2017; Pizzolato et al., 2015; Sartori et al., 2014), use experi-
mental EMG data to capture pathology-related muscle activation ab-
normalities, possibly enabling more physiologically plausible estima-
tion of muscle forces and JCFs (Hoang et al., 2018). Furthermore, one
can calibrate the NMSK model's parameters to represent the individual,
which is commonly done in EMG-informed methods. Nonetheless, to
date, calibrated EMG-informed approaches have not been used to si-
mulate the gait of children with CP.

The present study aimed to: (i) determine the impact of increased
NMSK model subject-specificity on tracking of experimental joint mo-
ments and muscle excitations for two identical twin brothers (one ty-
pically developed and one with CP), and (ii) compare lower limb
muscle force and knee JCF estimates between a NMSK model with
muscle excitation patterns estimated solely via static optimisation and
subject-specific NMSK models employing an EMG-informed approach.
We hypothesised that: (i) an EMG-informed NSMK model would pro-
vide more accurate estimates of joint moments and muscle excitations
compared to a NMSK model informed using static optimisation, (ii) a
progressive increase in the subject-specificity of NMSK muscle proper-
ties would progressively improve the tracking of joint moment and
muscle excitation estimates when implementing an EMG-informed
NMSK model, and (iii) the use of an EMG-informed approach would
enable a clearer discernment between typical and pathological muscle
forces and JCF patterns and magnitudes, allowing for a better assess-
ment of CP compared to static optimisation methods.

2. Methods

Two identical twin brothers (aged 13. Table S1, Supplementary
material), one with (left) unilateral CP (GMFCS I) and the other TD,
participated in the study. The CP twin exhibited prolonged ankle
plantarflexion throughout the stance phase of the gait cycle (i.e., true
equinus patterns, clusters 5 and 8 according to Papageorgiou et al.
(2019)'s classification). The study was approved by the institutional
Research Ethics Committee and informed consent was provided.

2.1. Gait analysis data collection and processing

The 3D gait analysis assessment was performed in a gait laboratory.
An experienced physiotherapist placed 51 retro-reflective MRI-compa-
tible surface markers on anatomical landmarks (Table S2,
Supplementary material). After skin cleansing, twelve wireless bi-polar
EMG sensors (Zerowire, Aurion, Milan, IT. 1000 Hz) were placed on
selected left lower limb muscles (Table 1) and fastened using hy-
poallergenic sports tape. Marker trajectories were collected using a 12-
camera motion capture system (Vicon Motion System, Oxford, UK.
100 Hz) while the subjects performed a static standing task, overground
walking at their preferred walking speed (i.e. 0.8 m/s for both twins)
and heel raising trials. Simultaneously, ground reaction forces were
measured from two ground-mounted force platforms (Advanced Me-
chanical Technology Inc., Watertown, MA, USA. 1000 Hz).

Motion capture data were cleaned and labelled in Vicon Nexus 2.3,
then processed in MATLAB using the MOtoNMS toolbox (Mantoan
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et al., 2015). Both marker trajectory and ground reaction force data
were filtered using 4th order 6 Hz low-pass Butterworth zero-lag filter.
EMG signals were band-pass filtered (zero-lag double-pass 4th order
Butterworth, 20–400 Hz), full-wave rectified, low-pass filtered (zero-lag

double-pass 4th order Butterworth, 6 Hz) and then normalised to each
muscle's maximal excitation identified across all walking and heel
raising tasks (Devaprakash et al., 2016), which produced the EMG
linear envelopes (Fig. S1, Supplementary material).

2.2. MRI imaging and processing

Following gait analysis, participants had full lower limb MRI scans
taken at a nearby medical imaging clinic. Images were acquired on a 3 T
Ingenia scanner (Philips Healthcare, Best, The Netherlands) using an
axial T1-weighted 3D fast field echo sequence (slice thickness: 1.0 mm,
resolution: 0.79 × 0.79 × 1.0 mm3).

Fifteen muscles per leg were manually segmented from the MRI's
using the Mimics Research Suite v17 (Materialise, Leuven, BE) from
which muscle volumes were reconstructed (Table S3, Supplementary
material). These included the primary MTUs spanning the knee and
ankle joints (i.e., MTUs with experimental EMG data and mapped MTUs
in Table 1).

2.3. MSK base model creation

The base MSK model was a simplified version of the Gait2392
OpenSim model (Delp et al., 1990), which included 34 muscles per leg
(Sartori et al., 2012) (Table 1). In addition, a two-point contact knee
joint was added to the model to enable the calculation of medial and
lateral tibiofemoral JCFs (Saxby et al., 2016). The base model was
linearly scaled to each participant's dimensions using anatomical mar-
kers positions, with MTU parameters of TSL and OFL linearly scaled and
morphologically optimised (Modenese et al., 2016) to ensure a MTU
physiological behaviour throughout the full range of motion. Although
this represents a scaled adult musculoskeletal model, its use for children
without neuromuscular disorders is justified because the ratio between
TSLs and MTU lengths is preserved with aging (O'Brien et al., 2010).
However, Fmax

iso values were not automatically scaled with body seg-
ment lengths, but given that our subjects' weights and heights were
close to those of Gait2392 (Table S1, Supplementary material) the
original Gait2392 values were considered a good approximation. The
stance phases (i.e., heel-strike to toe-off of the left foot) of four walking
trials per subject were analysed in OpenSim using inverse kinematics,
inverse dynamics, and muscle analysis tools to compute joint angles,
joint moments, MTU lengths and moment arms.

2.4. NMSK model comparisons

The stance phase data calculated using the base model, and ex-
perimental muscle excitations (Fig. S1, Supplementary material), were
then used as inputs for the OpenSim toolbox, CEINMS (Pizzolato et al.,
2015; Sartori et al., 2014), to estimate muscle forces using different
neural solutions and levels of model subject-specificity. Four different
models (Table 2) with incrementally increased levels of subject-speci-
ficity were tested: (1) scaled generic OpenSim model with muscle ex-
citation patterns estimated using static optimisation methods (unCalSO),

Table 1
List of MTUs included in the NMSK models. Thirty-four MTUs, including the
major muscles spanning the knee and ankle joints, were modelled. EMGs were
collected from 12 MTUs on the left leg of each participant during the gait as-
sessment and used in CEINMS to derive muscle excitations. The activity of three
muscles (i.e., biceps femoris short head, semitendinosus and vastus inter-
medius) was mapped from experimental EMG data under the assumption that
muscles sharing the same innervation have similar excitation patterns. Since no
EMG data were available for the nineteen “additional MTUs”, excitation pat-
terns were computed via static optimisation. Muscles belonging to each muscle
group shared the same strength coefficients (initial values set to 1), which were
calibrated in both CalEMGa and CalEMGa

MRI models.

MTUs with experimental EMG data

Muscle name Acronym EMG source Muscle group

Biceps femoris long head BFLH BFLH 5
Gracilis GRA GRA 8
Lateral gastrocnemius LG LG 7
Medial gastrocnemius MG MG 7
Rectus femoris RF RF 8
Sartorius SR SR 5
Semimembranosus SM SM 5
Soleus SOL SOL 10
Tensor fasciae latae TFL TFL 8
Tibialis anterior TA TA 9
Vastus lateralis VL VL 11
Vastus medialis VM VM 11

Mapped MTUs

Biceps femoris short head BFSH BFLH 6
Semitendinosus ST SM 5
Vastus intermedius VI (VM + VL)/2 11

Additional MTUs
Adductor longus ADDL – 1
Adductor brevis ADDB – 1
Adductor magnus 1 AMAG1 – 1
Adductor magnus 2 AMAG2 – 1
Adductor magnus 3 AMAG3 – 1
Gluteus maximus 1 GMAX1 – 2
Gluteus maximus 2 GMAX2 – 2
Gluteus maximus 3 GMAX3 – 2
Gluteus medium 1 GMED1 – 3
Gluteus medium 2 GMED2 – 3
Gluteus medium 3 GMED3 – 3
Gluteus minimum 1 GMIN1 – 3
Gluteus minimum 2 GMIN2 – 3
Gluteus minimum 3 GMIN3 – 3
Iliacus IL – 4
Peroneus brevis PB – 9
Peroneus longus PL – 9
Peroneus tertius PT – 9
Psoas PSO – 4

Table 2
Characteristics of the four developed NMSK models. All models featured scaled-generic bones and joints. However, muscle activation patterns and MTUs parameters
(i.e. optimal fibre length, tendon slack length and muscle isometric force) were progressively made subject-specific, combining experimental data, imaging and
literature findings, as detailed in the table (“Source” column, on the right). ‘✗’ denotes generic parameters as per Gait2392 model or static optimisation to estimate for
muscle excitations, while ‘✓’ indicates inclusion of subject-specific characteristic.

Generic Subject-specific Source

unCalSO unCalEMGa CalEMGa CalEMGa
MRI

Muscle Activation Patterns ✗ ✓ ✓ ✓ Experimental EMGs
Optimal Fibre & Tendon Slack Lengths ✗ ✗ ✓ ✓ Literature & EMGs
Maximal Isometric Force ✗ ✗ ✗ ✓ Literature & MRIs
Bones & Joints ✗ ✗ ✗ ✗ OpenSim
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(2) scaled generic OpenSim model with muscle excitation patterns es-
timated via an EMG-informed approach (unCalEMGa), (3) scaled generic
OpenSim model with EMG-calibrated MTUs parameters that employed
an EMG-informed approach (CalEMGa) and (4) scaled generic OpenSim
model with EMG-calibrated MTUs parameters and corrected maximal
isometric muscle forces based on MRIs that employed an EMG-informed
approach (CalEMGa

MRI).
Our first two models, unCalSO and unCalEMGa, both used the base

model's musculoskeletal anatomy. However, to solve for muscle ex-
citation patterns, and subsequent muscle forces and knee JCFs, different
neural algorithms were employed in CEINMS (Pizzolato et al., 2015;
Sartori et al., 2014). unCalSO solely used static optimisation which
minimised sum squared excitations (EsumEXC) and sum squared tracking
errors between experimental (inverse dynamics) and NMSK model es-
timated joint moments (EMoment) to synthesise all the muscles excita-
tions. In contrast, unCalEMGa employed the EMG-assisted approach to
account for the CP child's abnormal muscle activation patterns (in-
cluding co-contraction) and the personalised activation patterns of TD
child. The EMG-assisted approach in CEINMS uses static optimisation to
improve joint moments predictions (i.e. minimising EMoment) by mini-
mally adjusting the EMG linear envelopes and synthesising excitations
of muscles without EMGs, on a frame-by-frame basis (Hoang et al.,
2018; Pizzolato et al., 2015; Sartori et al., 2014). In this optimisation,
the objective function (fEMG−assisted) minimises EsumEXC, EMoment and the
sum squared tracking errors between the experimental and adjusted
EMG linear envelopes (EEMG), i.e.

= + +f E E EEMG assisted Moment sumEXC EMG (1)

where the weighting factor α was set to 1, while β and ɣ were optimised
to obtain a balance between the minimised tracking errors for the EMG
linear envelopes and experimental joint moments (Hoang et al.,
2018;Pizzolato et al., 2015 ; Sartori et al., 2014). In comparison, for
static optimisation ɣ was set to zero, while α and β were set to 1 and 2
respectively.

Calibrated EMG-informed models, CalEMGa and CalEMGa
MRI, were

specifically developed to account for the musculoskeletal differences
between the TD and CP participants' MTU parameters. This was a two-
step process in CEINMS: 1) model calibration to the individual, and
then 2) model execution where muscle excitation patterns were esti-
mated using EMG-assisted approach as described above (Pizzolato
et al., 2015; Sartori et al., 2014). Calibration in general, used two trials,
one walking and one heel raising, to adjust the EMG-to-muscle acti-
vation parameters, TSL and OFL values, and muscle group strength
coefficients (see Table 1 muscle groupings) to reduce the error between
experimental (i.e., from OpenSim's inverse dynamics) and NMSK model
predicted (i.e., from CEINMS) ankle plantarflexion, knee flexion, hip
flexion and hip adduction moments. In calibration, the NMSK model's
only inputs were the EMG linear envelopes and MTU kinematics esti-
mated by OpenSim muscle analysis tool.

In CalEMGa, TSL and OFL were set differently for each participant.
For the TD participant, calibration adjusted the TSL and OFL
within ± 5% of the base model values, while for both participants, their
muscle group strength coefficients were bound between 0.5 and 1.5
(Fig. S2, Supplementary material). For the CP participant, the initial
OFLs were taken from the base model (unCalEMGa) and adjusted for only
those muscles whose segmented volumes (VCP) were at least 20%
smaller than the corresponding muscles in the TD participant (VTD), i.e.
the medial and lateral gastrocnemii, tensor fasciae latae, gracilis and
rectus femoris muscles. The adjusted CP OFL initial values were re-
duced by 0.7 (refer to Appendix B for details) to simulate the effect of
overstretched sarcomeres observed in contracted muscles (Mathewson
and Lieber, 2015). For a given fibre length, an increase in sarcomeres
length would mean less sarcomeres in series, therefore a reduced OFL.
From this, the model was then calibrated in CEINMS to allow for
a ± 5% OFL variation (Fig. S2, Supplementary material), while al-
lowing TSLs to increase from 0 to 10% (10% as reported in literature

(Barber et al., 2012)), for all muscles, to simulate tendon lengthening
shown to occur in CP (Barber et al., 2009; Barrett and Lichtwark, 2010).
Once calibrated, the models were executed using an EMG-assisted ap-
proach (Pizzolato et al., 2015; Sartori et al., 2014).

A final level of personalisation (CalEMGa
MRI) was deemed necessary

to account for volumetric muscle deficits associated with the morpho-
logical alterations in children with CP (see Table S3, Supplementary
material for differences between the TD and CP participant). To this
end, CalEMGa

MRI featured subject-specific Fmax
iso values (Table S4,

Supplementary material) for the primary MTUs spanning the knee and
ankle joints (i.e., the fifteen segmented muscles per participant), in
addition to the previously updated and calibrated MTU parameters of
CalEMGa. Fmax

iso was determined by

=F V
liso

max
m

m
0 (2)

where Vm is the muscle volume from MRIs, l0m is the OFL calculated as
per CalEMGa and σ is the muscle specific tension set to 55 N/cm2 for all
muscles. Based on the participants height we used the muscle specific
tension reported for men (55 ± 11 N cm−2), which is < 2% larger,
and essentially same value, as reported for boys (54 ± 14 N cm−2)
(O'Brien et al., 2010). After setting the Fmax

iso values, a final re-cali-
bration step was performed to minimally adjust MTUs parameters
within ± 2.5% (Fig. S2, Supplementary material), while not adjusting
the muscle strength coefficients. After model calibration to individual,
the models were executed again using the EMG-assisted approach de-
scribed above (Pizzolato et al., 2015; Sartori et al., 2014).

2.5. Data analysis

All estimates were time normalised to the stance phase duration and
averaged across three walking trials. Additionally, joint moments,
muscle forces and JCFs results were amplitude-normalised to body
weight (BW). Root mean square error (RMSE) and coefficient of de-
termination (R2) between experimental and predicted muscle excita-
tions and joint moments were computed to assess the physiological and
biomechanical validity of each NMSK model. Computed muscle forces
and JCFs were qualitatively compared via time-series plots.

2.6. Statistical analysis

Prior to any statistical analysis, all data were checked for normality
conducting the Shapiro-Wilk test in the Statistical Package for Social
Science (SPSS) software. If the data distribution were normal, a one-
way repeated measures ANOVA test with Bonferroni correction was
used to determine whether increasing the level of subject-specificity of
NMSK model was associated with improvements in muscle excitations
tracking (R2 and RMSE, versus experimental data). Otherwise, a
Friedman test was conducted, followed by post hoc analysis with
Wilcoxon signed-rank tests with Bonferroni adjustments. Values were
calculated individually for each of the 12 collected muscles and re-
ported as mean across all muscles. All statistical analyses were per-
formed in the SPSS software (v25), with statistical significance being
P < 0.05.

3. Results

All models accurately reproduced experimental knee joint moments
(Fig. 1a-b and Fig. S3 Supplementary material). The CP participant's R2

values were close to 1.0, while the TD child's R2 values ranging between
0.944 (SD 0.073) and 0.986 (SD 0.004) (Table S5 and Fig. S3, Sup-
plementary material), depending on the model. Additionally, for both
TD and CP participants', RMS errors were smaller than 0.053 Nm/kg.

Regarding muscle excitations, there were no differences in R2 values
between unCalEMGa, CalEMGa and CalEMGa

MRI for both participants
(R2 ≥ 0.691 and R2 ≥ 0.623, for the TD and CP participant
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respectively). On the other hand, unCalSO produced significantly poorer
estimates of experimental EMG data (R2 = 0.226, for TD, and
R2 = 0.221, for CP) compared to the EMG-assisted models (P ≤ 0.002).
Additionally, unCalSO was associated with the largest muscle excitations
RMSEs among the four models, for both participants (P < 0.002 versus
unCalEMGa, CalEMGa, CalEMGa

MRI).
Muscle forces for the MTUs crossing the knee joint (Fig. 2) were

generally larger in magnitude using the three EMG-assisted models (i.e.,
unCalEMGa, CalEMGa and CalEMGa

MRI), in comparison to unCalSO, which
solely employed static optimisation. Only exception being the MG
muscle, for which CalEMGa and CalEMGa

MRI produced smaller forces
compared to both uncalibrated models. In the CP condition, total knee
JCF estimates were lowest for much of stance phase in unCalSO (Fig. 3),
compared to the other models. unCalEMGa produced the largest total
JCFs predictions for both TD and CP, while CalEMGa and CalEMGa

MRI

produced similar total JCF profiles, which were lower than predictions
from unCalEMGa and higher than predictions from unCalSO. The most
subject-specific NMSK model (CalEMGa

MRI) and the generic model (un-
CalSO) generated considerably different normalised JCFs (Fig. 4) for the
child with CP.

4. Discussion

Four NMSK models with increasing levels of subject-specificity were
developed and implemented to simulate the gait of a child with uni-
lateral spastic CP (GMFCS I) and the gait of his typically developed twin
brother. Each model was assessed according to experimental joint
moments and muscle excitations tracking accuracy, and estimates of
physiologically plausible muscle forces and JCFs. For the first time an
EMG-assisted approach was used with staged levels of MTU subject-
specificity to estimate knee JCFs in a TD child and a child with CP. The
unique recruitment of identical twin participants allowed for exact
matching of genetics and age. Additionally, both children had been
exposed to similar physical activity opportunities and had comparable

height and weight (Table S1, Supplementary material).
In partial agreement with our first hypothesis, the EMG-assisted

models (unCalEMGa, CalEMGa and CalEMGa
MRI) better tracked muscle ex-

citations compared to unCalSO, which only employed static optimisa-
tion. However, there were no differences between models in the
tracking of external knee joint moments (Fig. 1). High correlation va-
lues between experimental and estimated joint moments (R2 > 0.94)
were obtained with all four NMSK models, demonstrating how both
static optimisation methods and EMG-assisted approaches were able to
match external joint moments. For CalEMGa and CalEMGa

MRI, this was
ensured by the joint moment error minimization step embedded in the
CEINMS calibration process (Pizzolato et al., 2015). Nonetheless, good
joint moment tracking did not necessarily correspond to accurate pre-
dictions of experimental muscle excitations. When linearly scaled-gen-
eric MTU parameters were used in conjunction with static optimisation
methods (unCalSO) experimental EMG data were not well reproduced
(R2 < 0.23, as opposed to R2 ≥ 0.62 using unCalEMGa, CalEMGa and
CalEMGa

MRI), suggesting that static optimisation methods may not pro-
duce physiological muscle activation patterns when tracking external
joint moments. In contrast, the EMG-assisted models were able to ac-
curately track both experimental joint moments and muscle excitations,
suggesting a more physiologically feasible solution to the musculoske-
letal redundancy problem, and likely better estimates of muscle forces
and JCFs.

In contrast to our second hypothesis, unCalEMGa, CalEMGa and
CalEMGa

MRI exhibited a similar level of accuracy in tracking experi-
mental joint moments and EMG data. This could misleadingly suggest
that increasing the level of subject-specificity by personalising MTUs
parameters (i.e., TSL, OFL and/or maximal isometric force) did not add
value to the model. However, improving subject-specificity did affect
the predicted muscle forces and JCFs. When TSL and OFL were not
calibrated (unCalEMGa), estimated muscle forces were in most cases
large compared to the other EMG-assisted models predictions (Fig. 2),
leading to large knee JCFs estimates (Fig. 3). Conversely, CalEMGa and

Fig. 1. Models accuracy in tracking experimental moments and muscle excitations Comparison between CEINMS models predictions (i.e., joint moments (a and b)
and muscle excitations (c and d)) and corresponding experimental data (i.e., external joint moments and EMG linear envelopes) for a typically developing child (left)
and his twin brother with CP (right). R2 and RMSE values (with relative standard deviation) are reported on the left and right hand-side of each subplot, respectively.
Different colours refer to different NMSK models. All results are averaged across three walking trials. Muscle excitations are reported as mean value of the twelve
analysed lower limb muscles. Stars indicate statistically significant differences (P < 0.05).
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CalEMGa
MRI produced similar and more physiological JCF profiles when

compared to published in-vivo knee joint load data (Fregly et al., 2012),
which, for our TD subject, were also comparable both in magnitude and
shape to unCalSO outputs and in-line with previous findings (Steele
et al., 2012). Finally, although we expected CalEMGa

MRI to be more re-
presentative of each subject due to its highest level of subject-specificity
(Table 2), there were only small difference in estimated JCF profiles

between CalEMGa and CalEMGa
MRI. Therefore, CalEMGa might be a pre-

ferred option, as it does not require collection and segmentation of full
lower limb MRIs to inform muscle parameters in the musculoskeletal
model. In this case, strength reduction thresholds from dynamometry
testing, as opposed to the 20% volume reduction threshold on MRI,
could be used as a surrogate measure to identify MTUs that require OFL
adjustment to represent CP affected muscle.

Fig. 2. Estimated muscle forces acting on the knee Estimated muscle forces for the MTUs contributing to the knee adduction-abduction moment, which was used to
compute knee joint contact forces. Forces are reported as mean values (solid line) ± standard deviation (shaded areas) across 3 trials (red = unCalSO,
green = unCalEMGa, blue = CalEMGa and purple = CalEMGa

MRI) and expressed in bodyweight (BW). (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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In agreement with our third hypothesis, the use of an EMG-informed
approach with calibrated MTU parameters enabled us to discern be-
tween TD and CP knee JCFs, particularly in early stance during load

acceptance (Fig. 4). Conversely, static optimisation produced similar
results between the two participants, which was an interesting finding
given the differences observed in (1) joint angles and joint moments

Fig. 3. Total tibiofemoral contact forces estimates Total tibiofemoral contact forces estimated using the four developed NMSK models. Results are normalised to each
subject's bodyweight (BW) to allow for comparisons and reported as mean values.

Fig. 4. Comparison of medial, lateral and total tibiofemoral contact forces using Static optimisation versus an EMG-assisted approach Medial, lateral and total
tibiofemoral contact forces estimated using static optimisation methods (red) and an EMG-assisted approach (blue), for a child with CP (right side) and his TD twin
brother (left). Results are reported as mean values ± standard deviation. (For interpretation of the references to colour in this figure legend, the reader is referred to
the web version of this article.)
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and (2) the linear envelopes of collected EMG data between the two
conditions (Fig. S1, Supplementary material). In addition, for both
participants, the unCalSO model tended to underestimate loading on the
lateral compartment of the knee joint compared to the CalEMGa model
(Fig. 4c-d), suggesting an inability of static optimisation to reproduce
muscle co-contraction (Lloyd and Besier, 2003) in healthy children and
children with CP. Finally, inspection of muscle force profiles revealed
similar profiles between the two subjects when static optimisation was
adopted, but different, both in magnitude and profile (e.g., MG and LG
muscles, Fig. 2), when using an EMG-assisted approach. The ability to
accurately estimate (knee) JCFs may be of particular relevance in the
study and management of CP. Internal quantities, such as JCFs, may be
used as biomarkers of disease progression and/or of the risk of devel-
oping osteoarthritis (Richards et al., 2018), both impacting on an in-
dividual's quality of life. Moreover, estimated JCFs may serve as
boundary data for dedicated surgery and implant design (Bergmann
et al., 2016).

There are limitations to this study that need consideration. First,
estimated muscle forces and JCFs were qualitatively compared, as only
two participants were included in the analysis. Extending the in-
vestigation to a larger cohort would help supporting current findings
and provide further understanding of the level of subject-specificity
required. However, the strength of this study was using twins that al-
lowed near exact matching. Previous research has focussed on twins
with CP (van Drongelen et al., 2013) using standard clinical gait ana-
lysis. However, our research added the collection of EMG and MRI data
to inform the development of four NMSK models with increasing levels
of complexity, which is a large technical achievement for the field.
Second, the overall number of processed trials per subject (i.e., four
stance phases) was limited, collecting only walking and heel raising
tasks in an effort to reduce the physical burden on the CP participant.
This may have resulted in inadequately optimised morphological
parameters if only using single-joint single-DOF in model calibration
(Falisse et al., 2017) and a local optimisation method. However, we
performed multi-joint and multi-DOF calibration with a global opti-
miser (i.e. simulated annealing) in CEINMS, which was previously
shown to produce excellent parameter calibration with limited trials
(Sartori et al., 2012). Third, EMG signals from more and/or different
muscles should be acquired during the data collection to ensure a more
comprehensive and accurate EMG mapping. However, to accommodate
this issue, we used EMG-assisted modelling that accounted for muscles
without EMG using a hybrid of EMG-driven and static optimisation,
while ensuring excitations that produced a dynamically consistent
model (Pizzolato et al., 2015; Sartori et al., 2014). Fourth, the 20%
threshold of volume deficiency (between TD and CP) to identify af-
fected muscles was based on previously reported muscle volume re-
duction in CP (Barrett and Lichtwark, 2010; Handsfield et al., 2015).
However, this value may vary according to the severity of CP and across
lower limb muscles. Furthermore, more advanced imaging methods
(Mathewson et al., 2015) may better inform the choice of the scaling
factor for the OFLs, here set to 0.7 based on literature data. More ac-
curate representations of the underlying anatomy and physiology may
be achieved incorporating additional subject-specific detail to the
models, such as MRI derived bones and joint models (Brito da Luz et al.,
2017), and muscle pathways. Finally, in this study we modelled the foot
as a single-segment body, which may be an over simplification in the
presence of foot deformities or altered mid-foot motion. However, this
was not the case of the enrolled twin with CP. Therefore, the model
presented likely reflected his ankle kinematics and triceps surae length
changes during gait.

5. Conclusions

Personalisation, as implemented in models CalEMGa and CalEMGa
MRI,

appears to be crucial to better reproduce the internal biomechanics of
the human body and consequently to produce physiologically plausible

estimates of both muscle forces and JCFs. To this end, EMG-informed
approaches should be preferred over optimisation methods, especially
in the study of neuromuscular disorders such as CP, given the inability
of static optimisation to accurately reproduce atypical muscle activity.
In agreement with previous work (Hoang et al., 2018) we found it is
essential to calibrate linearly scaled-generic MTUs parameters in order
to avoid abnormal muscle forces and JCFs production, even in healthy
populations. Finally, the validity of a NMSK model cannot be solely
assessed based on its ability to reproduce external joint measurements.
All models proved to be able to track experimental torque data despite
showing different levels of accuracy in tracking muscle excitations as
well as dissimilar muscle forces and JCFs estimates.

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.clinbiomech.2019.12.011.
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