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Over the past few years, the use of computer models and simulations tailored to the patient’s physiology to assist
clinical decision-making has increased enormously. While several pipelines to develop personalized models exist,
their adoption on a large scale is still limited due to the required niche computational skillset and the lengthy
operations required. Novel toolboxes, such as STAPLE, promise to streamline and expedite the development of
image-based skeletal lower limb models. STAPLE-generated models can be rapidly generated, with minimal user
input, and present similar joint kinematics and kinetics compared to models developed employing the established
INSIGNEO pipeline. Yet, it is unclear how much the observed discrepancies scale up and affect joint contact force
predictions. In this study, we compared image-based musculoskeletal models developed (i) with the INSIGNEO
pipeline and (ii) with a semi-automated pipeline that combines STAPLE and nmsBuilder, and assessed their
accuracy against experimental implant data. Our results showed that both pipelines predicted similar total knee
joint contact forces between one another in terms of profiles and average values, characterized by a moderately
high level of agreement with the experimental data. Nonetheless, the Student t-test revealed statistically sig-
nificant differences between both pipelines. Of note, the STAPLE-based pipeline required considerably less time
than the INSIGNEO pipeline to generate a musculoskeletal model (i.e., 60 vs 160 min). This is likely to open up
opportunities for the use of personalized musculoskeletal models in clinical practice, where time is of the essence.

1. Introduction

There are several clinical problems where knowing the force being
transmitted at the patient’s joints during stereotypical tasks, such as
level walking, would be paramount (Erdemir et al., 2007; Fraysse et al.,
2009; Martelli et al., 2011; Pedersen et al., 1997; Viceconti et al., 2019).
Unfortunately, intersegmental and internal forces can only be measured
in vivo through instrumented implants (Bergmann et al., 2001; Brand
et al., 1994; Fregly et al., 2012; Kim et al., 2009; Taylor et al., 2017,
2004) or invasive tendon sensors (Bull et al., 2005; Finni et al., 1998;
Komi et al., 1992) that for ethical reasons are seldomly used. Moreover,
by definition, the invasiveness of the above procedures alters the system
being observed. Alternatively, musculoskeletal (MSK) models may be
employed to non-invasively predict joint contact forces both in healthy
individuals (Hamner et al., 2010; Saxby et al., 2016) and patients
(Barber et al., 2017; Davico et al., 2020b; Falisse et al., 2019; Montefiori
et al., 2019).

Since their introduction in the 1970s (Morrison, 1970; Seireg and

Arvikar, 1973), pipelines and workflows to generate MSK models have
evolved considerably. Generic models built off template anatomies
representative of healthy adults (Brand et al., 1994; Carbone et al., 2015;
Delp et al., 1990; Garner and Pandy, 2001; Hamner et al., 2010; Klein
Horsman, 2007; Rajagopal et al., 2016) remain largely employed.
However, their simple anthropometric scaling to better approximate the
size of the subject under study has been questioned. Generic geometries
were found to be not very accurate when compared to medical imaging
data (Davico et al., 2020a; Suwarganda et al., 2019). Moreover, muscle
properties do not scale linearly with bone geometries and differ between
individuals (Ward et al., 2009). Thus, highly detailed subject-specific
MSK models generated from medical images were introduced (Arnold
et al., 2000; Barzan et al., 2019; Scheys et al., 2005; Taylor et al., 2017).
Subject-specific models were consistently shown to be more accurate
than generic models in estimating joint kinematics and kinetics (Kainz
etal., 2016; Wesseling et al., 2016), muscle moment arms (Scheys et al.,
2008), and joint contact forces (Gerus et al., 2013; Lenaerts et al., 2008;
Marra et al., 2015; Wesseling et al., 2016). However, personalization
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comes at a cost. The process of developing a subject-specific MSK model
is not straightforward and requires time, which adds up to the time
required to collect and process relevant experimental and imaging data,
and manage the patients.

Despite the availability of software and workflow to streamline and
standardize the procedure (Correa et al., 2011; Killen et al., 2021; Marra
etal., 2015; Nardini et al., 2020; Taddei et al., 2012; Zhang et al., 2014),
developing subject-specific models remains time-consuming (Arnold
etal., 2000; Modenese et al., 2018; Scheys et al., 2005). For example, the
INSIGNEO pipeline, proposed by Modenese et al., (2018), requires up to
10 h to generate a full lower limb MSK model and has only been used in a
few studies (Montefiori et al., 2019; Viceconti et al., 2019). More
recently, the STAPLE toolbox was released and promised to fully auto-
mate the generation of a skeletal model (i.e., bones and joints) without
losing accuracy (compared to models developed using the INSIGNEO
pipeline) (Modenese and Renault, 2021). Muscles, however, are not
automatically included in STAPLE-generated models. Hence all com-
parisons were limited to joint kinematics and kinetics. Therefore, we
hereby present a semi-automated pipeline combining STAPLE (for the
skeletal model) and nmsBuilder (Valente et al., 2017) (to define muscle
pathways) for the rapid generation of personalized full-lower limb MSK
models.

This work aimed to compare MSK models developed following the
INSIGNEO pipeline and the STAPLE-based pipeline in terms of predictive
accuracy to demonstrate the validity of the latter. To do so, the tibio-
femoral joint contact force predicted by subject-specific MSK models,
built using the two pipelines, were compared (i) against the corre-
sponding experimental data (instrumented implant) and (ii) against one
another.

2. Materials and methods
2.1. Experimental data

Experimental data on four elderly subjects implanted with an
instrumented knee prosthesis (Table 1) were obtained from the last four
editions of the “Grand Challenge Competition to Predict In Vivo Knee
Loads” (hereinafter KGC for short) (Fregly et al., 2012). Specifically, the
datasets included (i) lower-limb CT scans and segmented geometries of
the pelvis, femur, tibia, fibula, talus, calcaneus, and toes, (ii) 3D
reconstruction of the implant components, (iii) motion capture, elec-
tromyography, and force plates data, and (iv) the continuous recordings
of the instrumented knee implant acquired while the subjects performed
various locomotor tasks (e.g., level-ground walking).

Overall, nineteen gait trials were analyzed (Table 1). Motion capture
data were processed in MATLAB® (R2021b, The MathWorks Inc.,
Natick, Massachusetts) using MOtoNMS (Mantoan et al., 2015). Spe-
cifically, the ground reaction force and motion capture data for each gait
trial (i.e., between consecutive heel strikes of the instrumented leg) were
low-pass filtered with a zero-lag fourth-order Butterworth filter with a
cut-off frequency of 8 Hz.

Incomplete geometries, e.g. pelvis, were reconstructed using statis-
tical shape modelling techniques via the MAP Client (Zhang et al.,
2014). On the other hand, missing geometries, such as toes or calcaneus,
were extracted from the generic Full Body model (Rajagopal et al., 2016)
and scaled to the participant’s dimensions in OpenSim (v4.1).

Table 1
Anthropometrics of the four subjects included in the study.
3rd 4th 5th 6th
Gender Female Male Male Male
Age 68 86 NaN 86
Prosthesis side Left Right Left Right
Mass (kg) 78.4 66.7 75 70
Height (cm) 167 168 180 172
Gait trials 5-6-7-8 2-3-4-5-7 1-8-9-11 3-4-5-6-7-9
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2.2. Modelling methods

Starting from the available imaging data, two single-leg subject-
specific models were built for each subject (i.e., eight models in total),
employing (i) the INSIGNEO pipeline (Modenese et al., 2018) and (ii) a
novel pipeline that combines the STAPLE toolbox (Modenese and
Renault, 2021) and nmsBuilder (Valente et al., 2017, 2014). Of note, the
two pipelines differ in the procedure to generate the skeletal model,
while muscles are introduced and personalized analogously.

The generated MSK models were made of 7 segments (pelvis, thigh,
patella, shank, talus, calcaneus, and toes), 13 degrees of freedom and 40
muscles. The pelvis was connected to the ground with a free joint, the
hip joint was idealized as a ball-and-socket joint, the knee, ankle, sub-
talar, and metatarsophalangeal joints were idealized as hinges, and the
patellofemoral joint was coupled with the knee joint (as detailed in the
section below).

2.3. Skeletal model
o INSIGNEOQ pipeline

Using the INSIGNEO pipeline, described in detail in a step-by-step
guideline (Modenese et al., 2018), the kinematic chain was built using
analytical shapes that approximated the articular surfaces of the bones.
Specifically, the dimensions and locations of the analytical shapes (i.e.,
cylinders and spheres) provided the parameters to define the anatomical
joint reference systems (i.e., the location of the center and axes orien-
tation). For example, the knee joint center was defined as the mid-point
between the centers of two spheres fitting the femoral condyles, which
were further used to define the mediolateral axis (as the line connecting
the two centers). Then, the vertical axis was identified along the line
connecting the previously identified knee and hip joint centers. Finally,
the right-hand rule identified/indicated the anterior-posterior axis
(Modenese et al., 2018; Wu et al., 2002). For the toes joint, the reference
system was built upon manually selected anatomical landmarks.

Once the kinematic chain was created, the single-leg OpenSim model
was generated by assigning the appropriate densities (Dumas et al.,
2005; White et al., 1987). The entire process was performed in the
nmsBuilder freeware (Valente et al., 2017, 2014).

« STAPLE

STAPLE is a shared tool still under development. The version used in
this study was the latest available at the time (v. beta3) on the SimTK
website (https://simtk.org/projects/msk-staple). STAPLE requires the
same input information as nmsBuilder, i.e., segmented bones and mass
of the subject. From there, the toolbox automatically generates the
skeletal model. The process is based on a morphological analysis of the
bones performed using different algorithms (GIBOC (Renault et al.,
2018), STAPLE (Modenese and Renault, 2021) and Kai (Kai et al.,
2014)). Specifically, the GIBOC algorithms were used for the hip and
knee joints (GIBOC-sphere), while the STAPLE algorithms were used for
the ankle and subtalar joints. The anatomical landmarks and points, thus
identified, were subsequently used to define the coordinate systems. In
less than 30 s, STAPLE generated a single-leg OpenSim skeletal model.

2.4. Patellofemoral joint

All models developed in this study featured a patellofemoral joint
with a 3D motion but one degree of freedom (Arnold et al., 2010;
Rajagopal et al., 2016). Specifically, the patellofemoral joint was
modelled as a custom joint, where the transversal and frontal rotations
were not allowed (Arnold et al., 2010; Rajagopal et al., 2016). The
mediolateral rotation axis was identified using a cylinder that fitted the
articular surfaces, recognized as the trochlea and intercondylar space,
identified on the implant component. The three translational motions of
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the joint were defined using splines extracted from the literature (Arnold
et al., 2010; Rajagopal et al., 2016) that were scaled to the patient using
palpated anatomical landmarks and modified such that the patella ar-
ticulated with the femur (Viceconti et al., 2019). The splines were
parameterized to enable a 3D motion of the patella during the flex-
ion-extension motion. In addition, through the patellar tendon, the
quadriceps muscles, wrapped around the patella, were attached to the
tibia. Mechanically, the quadriceps muscle forces were transmitted
through the patellar tendon during the tibiofemoral motion. Finally, the
patellofemoral joint motion was coupled with the tibiofemoral joint
angle, which enabled the patella to move in dependence on the tibio-
femoral joint angle. This mechanism allowed for an estimation of knee
contact forces in good agreement with experimental data (Lerner et al.,
2015; Rajagopal et al., 2016; Viceconti et al., 2019).

2.5. Musculotendon parameters

The coordinates of the path points (origin, insertion and via points)
for all 40 muscles, initially extracted from the generic Full Body model
(Rajagopal et al., 2016), were mapped onto the segmented bone ge-
ometries using a single-value decomposition algorithm and affine
transformations (Horn, 1987). The transformation matrix applied to all
muscle points was the transformation matrix that enabled to register a
subset of anatomical landmarks identified on the reference generic
models to the corresponding points on the segmented geometries
(Modenese et al., 2018). The mapped muscle points were then visually
inspected against the CT scans, and minimal adjustments were per-
formed if point locations were deemed unsatisfactory (e.g., muscle
points inside the bone). Where needed, wrapping surfaces were further
introduced to ensure physiological muscle behavior (e.g., to avoid in-
bone penetration). Independently on the pipeline employed, the mus-
cle points were mapped following the above procedure. Nonetheless, the
final position of each muscle point might have differed (RMSE = 3.4 +
3.6 mm, a maximum distance of 21.2 mm and a minimum distance <0.1
mm — Annex 1). The transformation matrix was, in fact, determined from
a subset of anatomical landmarks, whose location on the bony geome-
tries may have differed when identified manually (nmsBuilder) or
automatically (STAPLE) (RMSE = 7.1 + 3.4 mm, with a maximum dis-
tance of 13.6 mm and a minimum distance <0.1 mm — Annex 1).

Muscle parameters (i.e., pennation angle, optimal fibre length, and
tendon slack length) were initially extracted from the generic Full Body
model (Rajagopal et al., 2016) scaled to each patient’s dimensions.
Then, the optimal fibre and tendon slack lengths values were morpho-
metrically optimized (Modenese et al., 2016). For each participant, the
maximal isometric force of each muscle was scaled with the ratio be-
tween the total lower-limb muscle volume extracted from the CT scans
and the corresponding quantity proper of the generic Full Body model
(Rajagopal et al., 2016), which was back-calculated from the generic
muscle parameters. The maximal isometric force was further personal-
ized for the quadriceps muscle using the muscle volumes individually
segmented on the CT scans. For one participant (KGC3), who was an
older woman, a dataset of muscle volumes reflecting the participant’s
age and physiology was used (Montefiori et al., 2020). In particular, the
upper range of the muscle volumes in the dataset (one standard devia-
tion above the average) was used to personalize the maximal isometric
force of 19 muscles.

Each model generation step (except the segmentation) was timed for
both pipelines to quantify the effort required to generate a complete
MSK model.

2.6. Biomechanical simulations

Within OpenSim 4.1 (Delp et al., 2007; Seth et al., 2018), the eight
subject-specific MSK models were employed to run biomechanical
simulations of gait to predict the tibiofemoral contact forces.

Firstly, the Inverse Kinematics tool was used to compute joint
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coordinates by solving a weighted least square problem that minimizes
the distance between corresponding pairs of experimental and virtual
markers (Lu and O’Connor, 1999). Then, an Inverse Dynamic analysis
was performed to predict the external torques acting on the joints. Next,
the Static Optimization tool was used to estimate muscle forces,
enforcing the force-length-velocity relationship. The muscle redun-
dancy problem was solved by minimizing the sum of squared muscle
activations (Anderson and Pandy, 2001; Crowninshield and Brand,
1981). Ideal moment generators (i.e., reserve actuators), which sup-
ported the muscles in counterbalancing the external joint moments,
were added solely to the hip joint. To minimize the contribution of these
ideal moment generators, their optimal force was set to a value <8Nm.
Finally, a Joint Reaction Analysis was conducted to estimate the joint
contact forces components acting on the tibia.

2.7. Data analysis

First, the skeletal models automatically generated were compared
against those manually created by reporting the differences in the joint
coordinate systems’ origins’ location and axes orientation. Then, the
average tracking error during the inverse kinematic, i.e., the total
squared error, the root mean squared error (RMSE) and the maximal
error (Erroryax), were reported for both pipelines and each participant.

Both the predictions and the recordings of the instrumented implants
were converted into a total contact force to enable direct comparisons.
Then, predicted and experimental knee joint contact forces were inter-
polated to 101-point vectors to be expressed as a percentage of the gait
cycle, and normalized to body weight (BW). The analysis was based on
two metrics commonly employed to quantify the level of agreement
between profiles, i.e. the RMSE and the coefficient of determination
(R?), computed between experimental recordings and corresponding
model knee contact force predictions.

A factorial analysis was conducted to assess whether the models’
predictive accuracy was dependent on the subject or model under study.
Finding no differences would allow the 19 trials to be grouped together,
thus increasing the sample size for statistical power.

Finally, the R? and RMSE were computed between the predicted knee
contact forces, and one-sample Student’s one-tailed t-test was performed to
determine whether the two modelling pipelines produced similar results (i.
e., mean RMSEs equal to 0 BW and R? equal to 1, with a set to 0.05).

3. Results

The average time to develop a subject-specific MSK model using the
STAPLE-based pipeline was 60 min, less than the time required with the
INSIGNEO pipeline (i.e., 160 min) (Table 2).

Overall, the two pipelines generated highly similar skeletal models
(Table 3). For each subject, the location of the origin of the joint refer-
ence systems did not vary considerably between pipelines. In particular,
the average distance between corresponding origins across subjects was
smaller than 8 mm for each joint coordinate systems (i.e., 6.3 + 2.5 mm
for the pelvis-ground joint, 1.3 + 1.4 mm for the hip joint, 6.1 &+ 2.7 mm
for the knee joint, 4.5 + 4.9 mm for the ankle joint and 8.0 + 7.2 mm for
the subtalar joint). However, differences as large as 17.7 mm and 13 mm
were observed for the subtalar joint (KGC5) and for the ankle joint
(KGC6), respectively.

All models were able to properly track experimental markers with

Table 2
Average time required to develop the skeletal model and to perform the muscle
registration using the two pipelines.

Pipeline Skeletal model =~ Muscle geometries ~ Complete model
INSIGNEO ~100 min ~160 min

~60 min (~2 h 40 min)
STAPLE + nmsBuilder 30s ~60 min
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Table 3
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Differences in the joint coordinate systems origin placement and axes orientation between the STAPLE-based and INSIGNEO models. Linear distances between the
origins of the joint coordinate systems are expressed in the reference system of the medical images, for which the axes directions are Z pointing cranially, Y posteriorly,

and X to the left for each participant.

KGC Joint Origin displacement vector (mm) Differences in the orientation Differences in the orientation
of the axes — Parent (°) of the axes — Child (°)
X Y Z Norm X Y Z X Y Z
KGC3 Pelvis-ground <0.1 0.1 —4.2 4.2 <0.1 <0.1 <0.1 9.2 —5.6 <0.1
Hip —0.1 -1.8 3.1 3.6 —-6.0 -1.1 -89 <0.1 <0.1 <0.1
Knee 0.8 —-6.0 -8.6 10.5 13.5 2.2 —-0.6 13.5 2.2 3.9
Ankle -1.4 -0.3 —0.4 1.5 -0.4 -1.6 -1.2 —0.4 -1.6 1.1
Subtalar 0.4 -0.8 -0.9 1.3 -5.1 -1.4 -17.1 -5.1 -1.4 -17.1
KGC4 Pelvis-ground -0.9 —-2.6 7.9 8.3 <0.1 <0.1 <0.1 -17.0 8.9 -17.5
Hip 0.4 0.1 1.0 1.1 2.6 —-0.4 6.4 -1.3 -1.3 0.8
Knee -1.3 -3.0 2.2 3.9 2.6 -1.6 -3.0 2.6 -1.6 -3.0
Ankle 0.2 -1.4 2.2 2.6 -1.0 -0.3 -1.2 -1.1 -0.3 -3.0
Subtalar 0.0 —-0.5 0.7 0.8 5.8 —4.5 1.4 5.8 —4.5 1.4
KGC5 Pelvis-ground -2.9 1.0 -1.8 3.6 <0.1 <0.1 <0.1 12.9 5.2 38.2
Hip -0.1 -0.1 0.2 0.2 11.6 —-2.6 -37.9 10.3 -3.9 12.1
Knee 1.0 3.6 1.1 3.9 33.0 -35 23.1 33.0 -3.5 12.1
Ankle —-0.3 —-0.5 -0.9 11 -1.4 -1.4 -1.0 -1.4 -1.4 2.2
Subtalar 6.0 13.3 10.0 17.7 12.2 -3.0 -3.7 12.2 -3.0 -3.7
KGC6 Pelvis-ground 6.4 3.4 -5.9 9.3 <0.1 <0.1 <0.1 <0.1 -5.7 3.4
Hip 0.2 —-0.3 0.2 0.4 <0.1 <0.1 <0.1 <0.1 <0.1 <0.1
Knee -0.4 5.6 2.1 6.0 6.2 0.6 -7.0 6.2 0.4 —5.4
Ankle 3.4 -12.1 3.3. 13.0 —6.4 6.9 -2.3 —6.4 6.9 2.9
Subtalar 5.1 -9.6 5.4 12.2 -35 5.0 2.1 -35 5.0 2.1
Table 4

Inverse kinematic tracking errors, expressed as mean and standard deviation across the various trials, for all the developed models. The error between corresponding
virtual and experimental markers was computed in terms of squared error, RMSE and maximal error (Erroryay).

INSIGNEO STAPLE + nmsBuilder

Squared error (cm) RMSE (cm) Erroryay (cm) Squared error (cm) RMSE (cm) Erroryay (cm)
KGC 3 0.9+0.3 2.2+ 0.4 3.3+05 0.5+ 0.1 1.7 £0.2 3.1+0.2
KGC 4 0.1 +0.03 0.6 £ 0.1 1.1+0.2 0.5+ 0.03 1.7 £0.1 34+0.1
KGC5 0.1 +£0.04 0.8 +£0.1 21+0.3 0.3 + 0.04 11+0.1 2.7 +0.2
KGC 6 0.5+ 0.2 1.8+0.1 3.6 £0.3 0.8 +£0.2 2.0+0.2 3.8+0.3
All KGC 0.4 +£0.1 1.3+0.2 2.5+0.3 0.6 0.1 1.7 £0.1 3.4+02

errors below the validity threshold of OpenSim best practices (Erroryax
= 3.4 + 0.2 cm for the STAPLE-based pipeline and Errory,x = 2.5 + 0.3
for the INSIGNEO pipeline - Table 4).

The factorial analysis showed no significant differences (y> =
0.064574, d¢ = 1, p = 0.746) for both RMSE and R?, revealing that the
differences in predicted knee joint contact forces could not be attributed
to the patient nor the model. Based on these results, all data were pooled
together. RMSEs and R? values were reported as the average across the
19 analyzed trials for the remaining analyses.

In terms of predicted knee contact forces, both modelling pipelines’
results were close to the reference measured values with an RMSE of
0.38 + 0.11 BW (ranging from 0.21BW to 0.59 BW) and 0.40 + 0.09 BW
(ranging from 0.27 BW to 0.61 BW) for the INSIGNEO and STAPLE-based
pipeline, respectively (Table 5). Similarly, the R? values showed a
moderately high level of agreement between experimental and pre-
dicted forces (i.e., R> = 0.89 + 0.06 for the INSIGNEO pipeline; R? =
0.88 + 0.05 for the STAPLE-based pipeline) (Fig. 1).

Compared to one another, the two modelling pipelines produced

Table 5

Mean and standard deviation of the RMSE, expressed in body weight (BW), and
R? of the predicted knee contact forces for each KGC edition of each pipeline
against the experimental data.

INSIGNEO STAPLE + nmsBuilder

RMSE (BW) R? RMSE (BW) R?
KGC 3 0.36 + 0.03 0.93 + 0.03 0.36 + 0.05 0.89 + 0.05
KGC 4 0.37 + 0.06 0.90 + 0.03 0.39 + 0.02 0.88 + 0.04
KGC 5 0.25 + 0.03 0.96 + 0.01 0.30 + 0.02 0.93 + 0.01
KGC 6 0.50 + 0.08 0.83 + 0.05 0.48 + 0.09 0.85 + 0.05
All KGC 0.38 + 0.11 0.89 + 0.06 0.40 + 0.09 0.88 + 0.05

highly similar knee contact force profiles, with average RMSE and R?
values (across 19 trials) respectively smaller than 0.20 BW (0.20 + 0.07
BW) and larger than 0.97 (0.97 + 0.02) (Fig. 2). Nonetheless, the hy-
pothesis that the INSIGNEO and the STAPLE-based pipelines produced
non-significantly different predictions was rejected by the Student’s t-
tests. In particular, the mean values were found to be significantly
different from the ideal value of O for the RMSE (t = 11.68, p =
3.85e—10) and 1 for R? (t = 6.23, p = 3.52e—06).

4. Discussion

This study aimed to show the predictive accuracy of subject-specific
MSK models developed using a semi-automated STAPLE-based pipeline
compared to the INSIGNEO pipeline (Modenese et al., 2018). Experi-
mental data from four elderly subjects implanted with an instrumented
total knee prosthesis were processed and employed to evaluate the
proposed methodology. Overall, eight MSK models (one per subject and
pipeline) were built off each subject’s medical imaging data collected in
the last four editions of the KGC competition (Fregly et al., 2012).

In line with previous work, all developed models — independently of
the pipeline used - predicted total knee joint contact forces in good
agreement with the experimental values measured during level walking
(i.e., RMSE of 0.38 + 0.11 BW and R? = 0.89 =+ 0.06 using the INSIGNEO
pipeline; RMSE = 0.40 + 0.09 BW and R? = 0.88 + 0.05 using the
STAPLE-based pipeline). Moreover, the values and shape of the predicted
contact forces approximated those reported in the literature on the same
dataset (Bennett et al., 2022; Marra et al., 2015; Thelen et al., 2014).
Specifically, the observed RMSE values were lower than the average
errors reported by Thelen et al., (2014) (i.e., RMSE = 0.51 BW) but
slightly higher than those reported by Marra et al., (2015) (i.e., RMSE =
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Total knee contact force

Total Knee contact force (BW)

L

(b) KGC4

) KGC5

Total Knee contact force (BW)

——STAPLE-based
—INSIGNEO

Gait cycle %

40
Gait cycle %

Fig. 1. Mean (line) and standard deviation (shaded area) of the total knee contact force, expressed in body weight (BW), for the experimental data eTibia (black,
dotted-line), and those predicted by the model generated by the INSIGNEO (blue) and the STAPLE-based (red) pipeline for each KGC edition (a—d). (For interpretation
of the references to colour in this figure legend, the reader is referred to the web version of this article.)

0.30 BW) for KGC4 and KGC5 respectively (Table 5). Various factors
could contribute to these differences, including how the models were
generated (generic model (Thelen et al., 2014) versus subject-specific as
in the present study and in Marra et al., 2015), their complexity (e.g.,
patellofemoral joint, ligament, and contact models (Marra et al., 2015;
Thelen et al., 2014) and the muscle properties (e.g., the maximal iso-
metric force determined by muscle volume (Marra et al., 2015)).
Comparing the two pipelines to one another in terms of predicted knee
joint contact force profiles, we observed an excellent level of agreement (i.
e., RMSE =0.20 + 0.07 BW; R2=0.97 + 0.02). However, in contrast to our
hypothesis, the Student’s t-test found the RMSE to be significantly higher
than 0 BW (i.e., perfect overlap) and the R? value significantly lower than
the maximum (i.e., 1). This minimal, yet statistically significant, difference
could be due to several factors. For instance, the minor discrepancies
observed in the marker set (location of anatomical landmarks) and in the
location of the joint reference systems between models developed in
nmsBuilder or STAPLE may have played a role. However, Modenese and
Renault (2021) previously reported negligible kinematic and kinetic dif-
ferences between skeletal models manually developed with the INSIGNEO
pipeline and those automatically generated with the STAPLE-based pipe-
line. Similarly in the present study, the location of the joint reference
systems (origin) in the skeletal models developed with the two tested
pipelines were comparable (Table 3). In addition, the inverse kinematic
tracking errors were within the acceptability threshold as per OpenSim
best practices, i.e., a maximal error less than 2-4 cm and the RMSE under 2
cm (Table 4), and the predicted kinetics presented negligible differences
(Supplementary data). Muscle points were mapped onto the bony geom-
etries using the same methodology for both pipelines. However, the
transformation matrix employed in the mapping procedure differed be-
tween pipelines since it was determined from anatomical landmarks whose
location varied between the two (RMSE = 7.1 £+ 3.4 mm, a maximum

distance of 13.6 mm and a minimum distance <0.1 mm — Annex 1). As a
result, minor discrepancies were also observed in the muscle pathways
between pipelines, specifically in the location of the muscle landmarks
(RMSE = 3.4 &+ 3.6 mm, a maximum distance of 21.2 mm and a minimum
distance <0.1 mm — Annex 1). Such differences, considered in the range of
human error and human inter-operator repeatability (Martelli et al.,
2015), may have affected muscle moment arm calculations, muscle func-
tion (i.e., muscle forces and activations), and joint contact loads (Martelli
et al., 2015; Valente et al., 2014).

The key feature of the presented semi-automated approach resides in
the ease and small effort required to generate subject-specific image-
based MSK models. Indeed, according to Modenese et al., (2018), the
development of a single-leg skeletal model using the INSIGNEO pipeline
takes an average of 2 h (starting from the segmented bones), which is in
line with the time recorded in the study (approximately 100 min for the
skeletal model). On the other hand, the single-leg skeletal model is
generated in less than 30 s using STAPLE. However, STAPLE requires
’good quality’ segmented geometries. For example, one of the patients
under study (KGC4) had a hip prosthesis which induced the STAPLE
algorithms in error. The femur’s head was not recognized as the femur’s
most distal point, thus causing the inversion of the hip and knee joints’
location. Regarding muscle registration, according to Scheys et al.,
(2006), the definition of the lower limb muscle pathways using a semi-
automatic method, similar to the proposed pipeline, took 65 min on
average. Similarly, in this work, the muscle-tendon pathways were
generated, on average, in 60 min: 30 min to define the muscle points and
30 min to add the wrapping surfaces. Nonetheless, it must be noted that
an additional 30 min was required, before the muscle registration, to
prepare the generic model. Indeed, the mapping procedure was achieved
by correctly identifying, adding and extracting a complete set of
anatomical bony landmarks of the generic model to properly guide the
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Fig. 2. Mean (line) and standard deviation (shaded area) of the predicted total knee contact force computed with the INSIGNEO (blue) and the STAPLE-based (red)
pipeline, expressed in body weight (BW), averaged across the 19 trials of the models generated. (For interpretation of the references to colour in this figure legend,

the reader is referred to the web version of this article.)

single-value decomposition algorithm. This process was, however, per-
formed only once, not on every patient. Therefore, a complete MSK
model was generated on average in around 60 min with the proposed
STAPLE-based pipeline, compared to an average of 160 min with the
INSIGNEO pipeline. The 65 %-time reduction required to develop an
image-based MSK model, using the semi-automated STAPLE-based
pipeline, opens up the possibility to use subject-specific MSK models as a
tool for large-scale clinical studies.

The current study has some limitations. First, a number of idealiza-
tions were made to build the subject-specific MSK models. For instance,
the generic Full Body model (Rajagopal et al., 2016), used as a reference
model, is representative of a healthy young individual. In addition, since
the only available medical images were CT scans, it was difficult to
distinguish between muscle and fat inclusions. However, care was taken
to personalize the muscle properties as best as possible. The maximal
isometric forces were personalized using the CT scans and muscle vol-
umes extracted from the literature (Montefiori et al., 2020), and the
muscle lengths were morphometrically optimized using the imple-
mentation of Modenese et al., (2016). Finally, no intra- and inter-
operator variability was assessed. Nonetheless, it has already been
shown that the sensitivity of model outcomes to uncertainty in joint
forces tends to be less than 0.33BW (i.e., less than 10 % of the peak joint
contact force) for hip, knee and ankle joints (Martelli et al., 2015), and to
induce a maximum standard deviation of 0.26BW across the stance
phase of gait (Valente et al., 2014).

In conclusion, the models produced similar results, irrespective of
the pipeline used, but with a drastic time reduction in generating MSK
models with the STAPLE-based pipeline. The ability to create a subject-
specific model of MSK dynamics in around 60 min opens up the possi-
bility of using these models to non-invasively estimate joint forces in

patients enrolled in phase III clinical studies.
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The anatomical markers landmarks were automatically generated in STAPLE and compared to the landmarks manually identified in INSIGNEO

Rigid body

Description of Body landmark

Pelvis

Femur

Tibia/Fibula

Foot

Comparison between the point clouds automatically (STAPLE) and manually (INSIGNEO) identified. Specifically, the RMSE, the maximal and minimal

Right anterior superior iliac spine
Left anterior superior iliac spine
Right posterior superior iliac spine
Left posterior iliac spine

Great trochanter

Lateral femoral epicondyle
Medial femoral epicondyle

Tibial tuberosity

Fibula head

Medial malleolus

Lateral malleolus

Heel

Head of fifth metatarsal bone
Head of first metatarsal bone

distances (mm) between corresponding markers of both pipelines were calculated: for both anatomical and muscle landmarks.

KGC Landmark Distance (mm) Marker
KGC3 Anatomical RMSE 7.2+3.9
Min <0.1 TTB: Tibial tuberosity
Max 13.4 Knee Medial
Muscle RMSE 3.5+38
Min <0.1 4 Muscle points (e.g., tibialis posterior muscle origin)
Max 17.2 extensor digitorum longus (path point)
KGC4 Anatomical RMSE 6.1 +3.1
Min 1.3 D5M: Head of 5th metatarsal
Max 10.9 Knee Lateral
Muscle RMSE 2.6 +£3.1
Min <0.1 23 Muscle points (e.g., Extensor Hallucis Longus via points and insertion)
Max 20.2 Sartorius (origin)
KGC5 Anatomical RMSE 7.2+ 3.0
Min 1.8 Knee Lateral
Max 11.6 LPsis (pelvis)
Muscle RMSE 3.3+3.0
Min <0.1 5 Muscle points (e.g., Semimembranosus insertion)
Max 10.8 Rectus femoris (path point)
KGC6 Anatomical RMSE 7.9+3.4
Min 1.3 TRO: Great trochanter
Max 13.4 LPsis (pelvis)
Muscle RMSE 4.2+ 45
Min <0.1 14 Muscle points (e.g., Quadriceps insertion)
Max 21.2 Piriformis (origin)

Appendix A. Supplementary material

Supplementary data to this article can be found online at https://doi.org/10.1016/j.jbiomech.2023.111758.
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