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A B S T R A C T   

Background: Musculoskeletal modelling is used to assess musculoskeletal loading during gait. Linear scaling 
methods are used to personalize generic models to each participant’s anthropometry. This approach introduces 
simplifications, especially when used in paediatric and/or pathological populations. This study aimed to compare 
results from musculoskeletal simulations using various models ranging from linear scaled to highly subject- 
specific models, i.e., including the participant’s musculoskeletal geometry and electromyography data. 
Methods: Magnetic resonance images (MRI) and gait data of one typically developing child and three children 
with cerebral palsy were analysed. Musculoskeletal simulations were performed to calculate joint kinematics, 
joint kinetics, muscle forces and joint contact forces using four modelling frameworks: 1) Generic-scaled model 
with static optimization, 2) Generic-scaled model with an electromyography-informed approach, 3) MRI-based 
model with static optimization, and 4) MRI-based model with an electromyography-informed approach. 
Findings: Root-mean-square-differences in joint kinematics and kinetics between generic-scaled and MRI-based 
models were below 5◦ and 0.15 Nm/kg, respectively. Root-mean-square-differences over all muscles was 
below 0.2 body weight for every participant. Root-mean-square-differences in joint contact forces between the 
different modelling frameworks were up to 2.2 body weight. Comparing the simulation results from the typically 
developing child with the results from the children with cerebral palsy showed similar root-mean-square- 
differences for all modelling frameworks. 
Interpretation: In our participants, the impact of MRI-based models on joint contact forces was higher than the 
impact of including electromyography. Clinical reasoning based on overall root-mean-square-differences in 
musculoskeletal simulation results between healthy and pathological participants are unlikely to be affected by 
the modelling choice.   

1. Introduction 

Musculoskeletal simulations have been used to answer research 
questions on musculoskeletal loading in paediatric and pathological 
populations (Kainz et al., 2020; Steele et al., 2012b; Wesseling et al., 
2016). Typically a generic musculoskeletal model developed from 
cadaveric data of an adult is scaled to the anthropometry of the child 

(Delp et al., 2007). This procedure neglects subject-specific musculo-
skeletal geometry, e.g., subject and age-specific femoral neck-shaft angle 
(Bobroff et al., 1999). To overcome these limitations, musculoskeletal 
models can be generated from medical images of the participants (Kainz 
et al., 2016; Scheys et al., 2008; Valente et al., 2017). In children with 
cerebral palsy (CP), only a small number of studies have compared 
generic scaled with medical imaging-based models. These studies 
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reported differences in muscle moment arms (Correa et al., 2011; Scheys 
et al., 2008), hip joint contact force orientation (Bosmans et al., 2014) 
and joint kinematics (Scheys et al., 2011) between generic scaled and 
medical imaging based models. 

Although the medical imaging-based models from the above- 
mentioned studies account for the abnormal musculoskeletal geome-
try, they neglected the impaired motor control that is present in children 
with cerebral palsy (CP). The impaired motor control will not influence 
the calculated joint kinematics and kinetics but may impact muscle and 
joint contact force (JCF) estimations. Muscle forces are typically esti-
mated using static optimization, which assumes identical neuromus-
cular control strategies between individuals and tasks in the muscle 
force distribution algorithm. This approach, however, might not be 
appropriate for participants with neurological disorders. Including 
electromyography (EMG) data collected from the participant in the 
estimation of muscle forces can overcome this limitation (Lloyd and 
Besier, 2003; Wesseling et al., 2020). Muscle activation profile obtained 
with this so-called EMG-informed approaches have been shown to better 
resemble the measured EMG signals (Hoang et al., 2018). Despite these 
advantages, few studies have applied EMG-informed approaches when 
studying children with CP (Falisse et al., 2020; Kainz et al., 2019; 
Veerkamp et al., 2019). Furthermore, to the best of the authors’ 
knowledge, no studies combined medical-imaging based models with an 
EMG-informed approach to estimate the effect of geometry versus motor 
control on estimations of muscle and JCF. 

To assess the relevance of the differences between workflows, we 
need to consider their impact on clinical reasoning. In a clinical context, 
patient data is usually compared to reference data of a healthy popu-
lation. Measurements based on root-mean-square-differences (RMSD) 
between the patient and healthy reference waveforms have therefore 
been proposed to summarize joint angle (Baker et al., 2009), joint 
moment (Cimolin et al., 2019), and muscle force (Kainz et al., 2019) 
deviations to support clinical decision-making to restore gait and 
musculoskeletal loading. The impact of the modelling framework on 
clinical reasoning, in terms of the RMSD between the patient and 
reference waveforms has not been studied comprehensively. 

In a clinical context, collecting the necessary data and generating 
fully subject-specific models is rarely possible due to the lack of re-
sources (i.e., time, money, knowledge, limited attention span and 
tolerance of children). Knowing the impact of excluding subject-specific 
information on simulation results is, therefore, essential for choosing the 
appropriate modelling framework still allowing to answer clinical 

research questions. Hence, the aim of this study was to compare simu-
lation results from highly subject-specific models, which include the 
participant’s musculoskeletal geometry as well as EMG data, with less 
sophisticated models of generic geometry and motor control. Consid-
ering that the inclusion of EMG data will not affect joint kinematics and 
kinetics whereas the inclusion of MRI data will have an impact on all 
musculoskeletal simulation results (from joint kinematics to contact 
forces), we hypothesized that the inclusion of personalized geometry 
(MRI data) will have a bigger impact on simulation results than the in-
clusion of personalized neural control (EMG data). Furthermore, we 
assessed the impact of the modelling choice on clinical-reasoning in 
terms of RMSD between children with CP and a typically developing 
participant. 

2. Methods 

2.1. Participants 

Gait data and magnetic resonance images (MRI) of one typically 
developing (TD) child and three children with CP (Table 1) were ana-
lysed for this study. The CP participants covered a wide range of clinical- 
relevant deviation in femoral geometry and spasticity scores. In CP 
participants, lower limb muscle spasticity was assessed using the 
Modified Ashworth Scale (Bohannon and Smith, 1987). Ethical approval 
was obtained from the local ethics committee (UZ Leuven, Belgium, 
S57746). 

2.2. Motion capture 

Vicon Plug-in-Gait lower limb marker set (Kadaba et al., 1990) with 
additional three marker clusters on the thighs and shanks and an addi-
tional foot marker on the 5th metatarsal head were placed on each 
participant. Marker trajectories and ground reaction forces of one static 
and at least three walking trials at a self-selected walking speed were 
collected with an 8–15 camera motion capture system (Vicon Motion 
Systems, Oxford, UK) and two force plates (AMTI, Watertown, MA, 
USA). Simultaneously, EMG data was collected using a 16-channel EMG- 
system (Zerowire, Cometa, Italy). In CP participants, surface EMG sig-
nals of following lower limb muscles were collected bilaterally: rectus 
femoris, vastus lateralis, biceps femoris, semitendinosous, tibialis ante-
rior, medial gastrocnemicus, soleus and gluteus medius. The TD 
participant only had EMG on following muscles of the right leg: rectus 

Table 1 
Summary of participant’s anthropometrical parameters and spasticity scores. Spasticity was graded with the Modified Ashworth Scale. R = right; L = left; CP =
cerebral palsy; ♂ = male; ♀ = female. Anteversion and neck-shaft angles were measured from the segmented femur of the MRI images using a customized Matlab 
code.   

TD CP1 CP2 CP3 

Gender ♂ ♀ ♂ ♂ 
Age (years) 8 14 9 15 
Height (m) 1.24 1.44 1.31 1.71 
Weight (kg) 20.4 43.4 32.2 49.1 
Diagnosis Healthy Diplegic CP Diplegic CP Diplegic CP   

Femoral geometry R L R L R L R L 

Anteversion angle (◦) 18.2 25.5 33.9 21.0 39.7 30.9 23.1 22.0 
Neck-shaft angle (◦) 127.0 133.6 139.9 136.9 127.0 134.4 132.3 126.2   

Spasticity R L R L R L R L 

Hip flexors – – 1 1.5 1 0 1 1 
Hip adductors – – 1.5 1.5 0 0 1.5 1 
Hamstrings – – 1.5 1.5 1.5 1.5 1.5 2 
Soleus – – 1 1.5 1.5 1.5 1.5 1.5 
Gastrocnemicus – – 2 2 1.5 1.5 2 2 
Tibialis posterior – – 0 0 0 0 1 0 
Overall score 0 0 7 8 5.5 4.5 8.5 7.5  
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femoris, vastus lateralis and medialis, biceps femoris, semitendinosus, 
medial and lateral gastrocnemicus, sartorius and gracilis. Vicon Nexus 
2.1 (Vicon Motion Systems, Oxford, UK) was used to label and filter 
marker trajectories and filter force plate data, with filters being a But-
terworth 4th order zero-lag dual-pass, low pass filter with a cut-off 
frequency of 6 Hz. EMG was band-pass filtered between 20 and 400 
Hz, rectified, low-pass filtered at 10 Hz and normalized to the maximum 
value within the gait trial. 

2.3. MRI acquisition 

MRI were collected using 1.5 T magnetic resonance scanner (either 
the MAGNETOM Avanto scanner, Siemens, Germany or Philips MRI 
scanner, Philips Electronics, UK). A full lower-body scan including the 
pelvis and bones of the lower limbs were obtained from each participant 
in a supine position (Scheys et al., 2006). Prior to the scan, MRI 
compatible and opaque markers were placed on anatomical landmarks 
according to the motion capture marker protocol. 

2.4. Musculoskeletal models and simulations 

For each participant, a MRI-based and a generic-scaled OpenSim 
model (Delp et al., 1990) were created based on a previously developed 
workflow (Scheys et al., 2006) and included following steps: (1) The 
pelvis, femurs, tibias and fibulas were segmented using Mimics (Mate-
rialise, Leuven, Belgium). (2) The segmented bones were imported into 
an in-house developed software to build musculoskeletal SIMM models 
based on medical images. Afterwards, anatomical reference frames, 
joints and the muscle lines of action were defined based on the MRI 
images. (3) The final SIMM model was converted to an OpenSim model. 
(4) OpenSim’s scaling/marker placer tool was used to move the cluster 
markers, which were not attached during the MRI scans, to their correct 
positions using segment markers, visible in both motion capture and 
MRI trials, as a reference. For the generic-scaled model (Gen), a SIMM 
model with the same joint degrees of freedom and anatomical reference 
frame definitions as the MRI-model was converted to an OpenSim model 
and scaled to the anthropometry of each child based on the experimental 
marker positions and estimated joint centres (Kainz et al., 2017). 

Fig. 1. Sagittal plane joint kinematics (first three rows) and joint kinetics (bottom three rows) from all participants obtained with the generic-scaled (solid 
waveforms) and MRI-based models (dashed and dotted waveforms). 
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OpenSim 3.3 (Delp et al., 2007) was used to calculate joint angles, joint 
moments, muscle and JCF. Joint angles and moments were calculated 
using a Kalman smoother (De Groote et al., 2008) and inverse dynamics, 
respectively. Muscle forces were estimated using two approaches: (1) 
Static optimization (SO), which minimizes the sum of squared muscle 
activations and is one of the most common ways to calculate muscle 
forces in OpenSim (Delp et al., 2007) and (2) EMG-constrained SO 
(Wesseling et al., 2020), which used the processed EMG signal as input 
to constrain the estimated muscle activation pattern. Due to the lack of 

trials with maximum muscle activations, an activation scale factor for 
each EMG signal was minimized within the cost function. Constrained 
muscle activations were permitted to deviate from the scaled EMG signal 
by maximally 10%. Muscles for which EMG signals were not available 
were free to vary within the optimization, which minimized the sum of 
squared muscle activations. Afterwards, joint contact forces were esti-
mated using OpenSim’s joint reaction analysis (Steele et al., 2012a). 
Combining the two different models and two different optimization 
approaches led to following four modelling frameworks: 

Fig. 2. A selection of muscle forces from the typically developing participant (first three rows) and one participant with CP (bottom three rows) calculated with all 
four different modelling approaches. 
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• Gen-SO: Generic-scaled model in combination with SO, lacking 
personalized musculoskeletal geometry and control;  

• MRI-SO: MRI-based model in combination with SO, reflecting 
personalized musculoskeletal geometry but not control; 

• Gen-EMG: Generic-scaled model in combination with the EMG con-
strained approach, lacking personalized musculoskeletal geometry 
but reflecting personalized control 

• MRI-EMG: MRI-based model in combination with the EMG con-
strained approach reflecting personalized musculoskeletal geometry 
as well as control; 

Joint kinematics, joint kinetics, muscle and JCF were compared be-
tween all modelling frameworks. 

2.5. Data analysis 

The right and left leg of each child were analysed separately. For 
each participant, joint angle, joint moment, muscle force and JCF 
waveforms were calculated over the gait-cycle using all modelling 
frameworks. RMSD were used to compare waveforms between the 

different modelling frameworks. To address our hypothesis (MRI has a 
bigger impact on simulation results than EMG), we compared the dif-
ferences caused by the inclusion of MRI (Gen-EMG versus MRI-EMG) 
and EMG data (MRI-SO versus MRI-EMG) using either a paired t-tests 
or Wilcoxon test, depending on the distribution of our data. Normal 
distribution was assessed using the Kolmogorov-Smirnov test in SPSS 
Statistics v23 (IBM Corporation, New York, USA). To investigate the 
impact of modelling and simulation choice on clinical reasoning, we 
calculated RMSD between the simulation results from the TD child and 
each CP child using all modelling frameworks. 

3. Results 

Joint kinematics and kinetics of the TD child showed typical wave-
forms for unimpaired gait and were in agreement with previous research 
(Schwartz et al., 2008). All CP participants walked with an increased hip 
and knee flexion angle (Fig. 1). RMSD in joint kinematics and kinetics 
between the generic-scaled and MRI models were below 5◦ and 0.12 
Nm/kg, respectively (Fig. 4). 

Shape and magnitude of muscle and JCF of the TD participant 

Fig. 3. Hip, knee and ankle joint contact forces from the typically developing participant (first three rows) and one participant with CP (bottom three rows) 
calculated with all four different modelling approaches. 
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(Figs. 2 and 3) were similar to previous studies which used MRI-based 
models in paediatric populations (Bosmans et al., 2014; Modenese 
et al., 2018). The impact of the modelling framework on estimated 
muscle forces varied between muscles and participants (Fig. 2). The 
RMSD over all muscles was below 0.2 body weight (BW) for every 
participant (Fig. 4). Nevertheless, differences above 200% in maximal 
individual muscles forces were observed for some muscles (e.g. gluteus 
medius and semitendinosus in CP3, Fig. 2). Average RMSD in JCF be-
tween the different modelling frameworks were below 0.8 BW in all 
participants (Fig. 4). Hip and knee JCF were sensitive to the inclusion of 
subject-specific geometry, whereas ankle JCF were more sensitive to the 
inclusion of EMG data in most CP participants (supplementary Fig. S3). 

The impact of including MRI data (Gen-EMG versus MRI-EMG) on 
JCF (0.31 ± 0.14 BW) was significantly higher (P = 0.036) than the 
impact due to EMG data (MRI-SO versus MRI-EMG; 0.24 ± 0.11 BW). 
The comparison of the impact of including MRI or EMG data on esti-
mated muscle forces showed no significant difference. Comparing the 
musculoskeletal simulation results from the TD child with the results 
from the CP children showed similar RMSD for all modelling frame-
works (Fig. 5). 

4. Discussion 

The purpose of this investigation was to compare simulation results 
from highly subject-specific models with less detailed models. We 
generally found that the modelling choice had a minor impact on joint 
kinematics and kinetics. Muscle forces and JCF were more sensitive to 
the modelling choice. Inclusion of personalized geometry had a signif-
icant higher impact on JCF than the inclusion of personalized neural 
control information, which confirmed our hypothesis. Interestingly, the 
ability to discriminate between TD and CP simulation results, as re-
flected in the RMSD between TD and CP participants, was similar be-
tween the modelling frameworks. 

Joint kinematics were very similar between our MRI and generic- 
scaled models (overall RMSD below 5◦). Considering the small differ-
ences in joint kinematics between models, the minor differences in joint 
kinetics were not surprising. Previous research showed that joint kine-
matics is mainly influenced by different anatomical segment frame 
definitions and joint degree-of-freedoms (Kainz et al., 2016). Our MRI 
and generic-scaled models were based on similar segment and joint 
definitions and therefore explains the minor impact on joint kinematics. 

The impact of subject-specific geometry on muscle and JCF was not 
as straight forward as expected. For example, the femoral geometry, i.e. 
anteversion angle and neck-shaft angle, of the left leg from CP3 was only 

slightly different (less than 5◦) from the geometry of the generic-scaled 
model but the impact of the inclusion of subject-specific geometry on hip 
JCF was higher than in all other participants (supplementary Fig. S3). In 
CP3, joint kinematics of the left leg showed already big differences be-
tween the generic-scaled and MRI models, indicating that the differences 
in hip JCF are due to a summation of differences caused at each step of 
the simulation workflow. Femoral segment length of CP3 differed by 18 
mm between the generic-scaled and MRI-based model, which was larger 
compared to our other participants (11 mm ± 5 mm). Different segment 
lengths have been shown to impact simulation results (Koller et al., 
2021) and might explain the high impact on hip JCF in CP3. Further-
more, the impact of the chosen modelling framework on simulation 
results may depend on the subject-specific walking pattern of each child. 
Geometrical differences between models will affect the muscle attach-
ment and via points and therefore the moment arms of specific muscles 
(Wesseling et al., 2019), but this will only affect muscle and JCF esti-
mates if these muscles are major contributors (i.e., highly active) to the 
person’s gait. 

Subject-specific motor control affected the simulation results and 
showed, as expected, a higher impact of an EMG informed approach on 
JCF in the presence of more spastic muscles (supplementary Fig. S4). 
The impact of including EMG data was higher on the ankle JCF than on 
the hip and knee JCF. Soleus and calf muscles were the most spastic 
muscle in all our participants with CP, which might explain the high 
impact on ankle JCF. 

In a clinical context, it is common to compare the patient’s wave-
forms to reference waveforms from a TD population and summarize the 
results using RMSD. When comparing the musculoskeletal modelling 
results from our CP participants with our TD participant, we found 
similar RMSD for all modelling frameworks. For example, the right leg of 
CP3 showed the largest deviation from the TD child independent of the 
chosen modelling framework. This is in agreement with Correa et al. 
(2011), who found consistent muscles functions between generic-scaled 
and MRI-based models, and Kainz et al. (2019), who found similar de-
viations in muscle forces when using an EMG-informed approach 
compared to static optimization. 

The impact of subject-specific geometry on overall JCF was higher 
than the impact of subject-specific neural control. The impact of MRI or 
EMG data on muscle forces, however, was not different. Contrary to 
including MRI, including EMG data does not change joint kinematics. 
Considering that JCF calculations take the angular and linear accelera-
tions of segments into account, it is not surprising that the impact of MRI 
on JCF was higher than the impact of EMG data. 

Highly subject-specific models have the advantage to account for the 

Fig. 4. Average root-mean-square-differences (RMSD) in joint kinematics, joint kinetics, muscles forces and joint contact forces between the MRI-EMG model and the 
Gen-SO (black symbols), Gen-EMG (red symbols) and MRI-SO (green symbols) models. The red symbols show the RMSD due to the inclusion of subject-specific 
geometry, whereas the greem symbols show the RMSD due to the inclusion of EMG data in the estimation of muscle forces. The black symbols show the com-
bined impact due to the inclusion of subject-specific geometry and EMG data. (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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individual’s musculoskeletal geometry and motor control. The creation 
of highly subject-specific models is, however, not only very time- 
consuming but also adds uncertainties to the simulations due to the 
additional parameters needed for the model and running the simula-
tions. The sensitivity of the modelling approaches may inherently be 
different between EMG-informed and MRI-based models. EMG-informed 
models are mainly influenced by the EMG signals and chosen optimi-
zation method and parameters. The EMG signal depends on a proper 
placement of the electrodes and the walking pattern of the participant. 
MRI-based models, on the other hand, mainly depend on the selection of 
anatomical landmarks from the MRI images and, therefore, are inde-
pendent of the dynamic movement trials of the participant. Previous 
studies investigated the sensitivity of parameter identifications for 
subject-specific musculoskeletal simulations and sowed that most pa-
rameters are robust and did not markedly change the simulation results 
(Hannah et al., 2017; Martelli et al., 2015; Valente et al., 2014). The 
current development of automated workflows to create highly subject- 
specific models (Modenese and Kohout, 2020; Modenese and Renault, 
2021) will likely improve the repeatability of subject-specific 

simulations in the future. 
This study includes some limitations. First, due to the time- 

consuming process of creating subject-specific models, this study only 
included a small sample size and, therefore, the statistical findings 
should be interpreted with caution. Second, our findings are based on 
the collected walking trials of our participants and used musculoskeletal 
simulation methods. Different movements (e.g. ascending stairs) or 
different approaches to include EMG data in the musculoskeletal simu-
lations (Pizzolato et al., 2015) might lead to different results. Third, 
different methods to process the EMG data might influence the results 
from the EMG informed approaches (Gen-EMG and MRI-EMG). Forth, 
our statistical analyses were only performed based on RMSD between 
modelling frameworks but did not include discrete parameters, e.g. peak 
force of the gastrocnemius muscle. Note that although RMSD were 
relatively low, some discrete parameters showed large differences be-
tween modelling frameworks (Figs. 2 and 3). Furthermore, future 
studies based on a larger sample size should be conducted to verify our 
conclusions. 

Fig. 5. Root-mean-square-difference (RMSD) between the TD participant and the CP participants waveforms calculated using the generic scaled (Gen) and MRI- 
based (MRI) models as well as static optimization (SO) and the EMG-constrained (EMG) approach. RMSD between the patient and TD waveforms have been pro-
posed to summarize deviation from TD children and support the clinical decision making. 
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5. Conclusion 

Our findings highlight that the impact of modelling choice on 
simulation results depends on a combination of subject-specific 
musculoskeletal geometry and motor control rather than the differ-
ence in geometry or motor control alone (Fig. 4). The high variability of 
our results between participants was likely caused by the different 
walking patterns, which require different muscle forces. The modelling 
framework will affect moment arms (generic versus MRI) and muscle 
activations (SO versus EMG-informed optimization), but this will only 
affect simulation results if these muscles are major contributors to the 
person’s gait. In our participants, the impact of subject-specific geom-
etry on simulation results was higher than the impact of including 
subject-specific neural control. Clinical reasoning based on overall 
RMSD in musculoskeletal simulation results between CP and TD par-
ticipants are unlikely to be affected by the modelling choice. Our results 
may help peers to estimate and understand differences in simulation 
results due to certain modelling choices. Models and simulation results 
are freely available from https://simtk.org/projects/genvssubspec. 
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