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A novel metric for the validation of musculoskeletal models is proposed, the reachable 3-D workspace
(RWS). This new metric was used to compare a generic model scaled in a standard manner to a more
subject-specific model. An experimental protocol for assessing the RWS was performed by ten partici-
pants for four distinct hand-payload cases. In addition, isometric individual strength measurements were
collected for 12 different directions. The strength of subject-specific musculoskeletal models was then
computed using the following assumptions: (1) standard routines including the length-mass-fat (LMF)
scaling law; (2) the isometric strengths of the muscle elements were optimized to the individual strength
measurements using joint strength factors (JSF). The RWS of each participant was subsequently esti-
mated from each of the scaling approaches, LMF and JSF, for the four load cases. The experimental
RWS showed that the volume and shape decreased with increasing hand-payload for every participant.
The lateral and frontal far-from-torso aspects of the RWS were reduced the most. These trends were
reproduced by both strength scaling approaches, but the LMF-scaled models were not able to track the
overall RWS volume decrease with increasing payload, since they proved to be weaker than the partici-
pants. On the other hand, the optimised JSF subject-specific models performed better on the prediction of
the RWS for all payload cases across participants. The RWS can potentially be further used as a subject-
specific musculoskeletal model validation, enabling quantification of the volume and shape differences
between experimentally and model-predicted RWSs.

� 2019 Elsevier Ltd. All rights reserved.
1. Introduction

Musculoskeletal models are useful for estimating biomechani-
cal variables such as joint reactions and muscle forces. These mod-
els can help understand the underlying factors of musculoskeletal
disorders/injuries, improve treatment and rehabilitation (Fregly
et al., 2012; Sartori et al., 2016), and predict surgery/intervention
outcomes (Fischer et al., 2018; Quental et al., 2013). Other applica-
tions include product design in ergonomics (Pontonnier et al.,
2014; Wu et al., 2009) and sports research/development (Lee
et al., 2017; Rasmussen et al., 2012).

Commonly, these models include muscle-tendon units. The
Hill-type model comprises a contractile element along with paral-
lel and serial-elastic elements (Zajac, 1989). Contraction dynamics
are formulated by force-length-velocity relationships that depend
on various parameters: isometric strength; optimal fibre length;
pennation angle; absolute contraction velocity; and tendon slack
length. Predictions previously attempted by these models were
sensitive to these parameters and it is, therefore, important to
identify them for the subjects analysed (Ackland et al., 2012;
Carbone et al., 2016; De Groote et al., 2010; Redl et al., 2007). To
this end, Heinen et al. (2016) reported few methods to determine
these parameters, involving extensive strength measurements,
sometimes requiring expensive equipment such as isokinetic
dynamometers (Garner and Pandy, 2003; Lloyd and Besier, 2003)
or time-consuming segmentation of medical images (Bolsterlee
et al., 2015; Valente et al., 2014).

Given the uncertainty of many of their parameters, validation of
musculoskeletal models is crucial. Kinetically speaking, ground
reaction forces (Fluit et al., 2014), implant reaction forces (Marra
et al., 2015) and tendon forces (Fleming and Beynnon, 2004) have
been used as validation metrics. The latter two of these validation
methods are invasive and therefore not practical for common use.

The reachable 3-D workspace (RWS) describes the region or vol-
ume that a point in the hand/wrist can reach with at least one ori-
entation (Klopčar et al., 2007). It provides an insight into motor
function for both healthy and disabled individuals (Matthew
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et al., 2015). Given its kinetic nature (Castro et al., 2019; Han et al.,
2015), it can potentially be simulated on musculoskeletal models
to evaluate performance and strength. Moreover, according to
the distinctions of Lund et al. (2012), the RWS can be a direct val-
idation measure since it can be recorded in-vivo and musculoskele-
tal models set up to produce directly comparable outputs.

To the best of our knowledge, no attempt has been made to use
the RWS as a validation metric. Hence, the aims of this study were:
(1) to evaluate a low-cost setup for subject-specific model calibra-
tion, (2) to test the use of the RWS as a new validation metric, (3) to
compare default scaled against strength scaled models.
2. Materials and methods

2.1. Experimental procedures

Ten males (age 30.0 ± 8.0; body mass 78.9 ± 10.8 kg; height
1.80 ± 0.06 m; upper extremity length 0.644 ± 0.027 m – details
in the Supplementary Material) volunteered for this study with
the following inclusion criteria: healthy with no abnormalities in
the upper extremity bone structure or missing limbs, and absence
of any type of injury at the time of data collection. Written
informed consent was obtained and the ethical guidelines of The
North Denmark Region Committee on Health Research Ethics were
followed. The experiment comprised two assessments (1) the kine-
matics of the RWS for four different hand payload cases and (2) the
kinematics and kinetics of the maximum force generation capabil-
ity in a given direction.

A 5-minute warm-up was given to the participants, consisting
of random upper extremity motion. A wrist-stabilizing brace
(Mueller� Sports Medicine Inc, Wisconsin, USA) was worn to pre-
vent wrist joint motions. An eight-camera setup (Opus, Qualisys
AB, Gothenburg, Sweden) was used to collect the trajectories of
19 reflective markers placed on the skin through palpation of
specific bony landmarks (Castro et al., 2019).

2.1.1. Kinematic assessment of the reachable 3-D workspace
The assessment of the upper extremity kinematics followed the

RWS protocol proposed in our previous study (Castro et al., 2019).
Each test subject was guided by an assistant performing a mirrored
version of the movement protocol for each task to capture the RWS
boundaries. The protocol was repeated for four different hand pay-
load cases, performed in four distinct days to avoid fatigue (20 tri-
als per subject, five per day). The first ‘‘no-payload” case
corresponded to the active RWS while the other three payload
cases were selected to result in a gradual RWS volume decrease
by increase of the dumbbell mass. A shoulder abduction task was
performed three times at a slow pace with different payloads
between 8 and 12 kg, was used to individually select suitable
dumbbell masses. The one-repetition maximum abduction angle
closest to 90� was defined as the threshold payload, i.e. the third
load case. The other load values were selected if they reflected
abduction angle differences of 30� below (60�) or above (120�) that
90� threshold, otherwise the respective payload was decreased or
increased by 2 kg, respectively. Fatigue propagation was avoided
by limiting the number of these attempts to three. All payload
masses are provided in the Supplementary Material.

2.1.2. Kinetic assessment of the maximum force generation capability
The maximum force generation capability, Fmax, was measured

for a set of three different postures close to that corresponding to
the maximal torque generation angle for each of the 12 directions
shown in Fig. 1. These directions corresponded to canonical
anatomical movements. The three postures were approximately
separated by angular differences up to 30�: as an example, elbow
flexion was measured for the angles of 60�, 90� and 120�. The par-
ticipants pulled against a force sensor (Universal Digital
Dynamometer, Tiedemann & Betz GmbH & Co, Garmisch-
Partenkirchen, Germany) strapped to a metallic structure while
seated and instructed to lean back on a chair fixed to the same
metallic structure without moving the trunk. Three extra markers
were placed on the sensor and on the brace to identify this external
force vector and application point in space. Thirty-six isometric
maximum voluntary contraction (MVC) measurements were per-
formed per participant. Fatigue was avoided by performing this
assessment on the same day as the ‘‘no-payload” case, by taking
a resting period of one minute between each measurement, and
by taking a 2–5 min break between different directions. The direc-
tions were selected such that two consecutive measurements tar-
geted different muscle groups and such order varied across
subjects. All participants were vocally encouraged to attain a MVC.
2.2. Computational methods

2.2.1. Musculoskeletal modelling
Musculoskeletal models were built in the AnyBody Modeling

System (AMS) v.6.0.5 (AnyBody Technology A/S, Aalborg, Den-
mark) from the ‘Standing Model’ (AMMRv.1.6.3), which is based
on the lumbar spine data from the work of de Zee et al. (2007)
and on shoulder, upper- and lower-arm data from the Delft Shoul-
der Group (Van der Helm et al., 1992; Veeger et al., 1997; 1991).
The model comprised the right upper extremity and a rigid trunk
(thorax, lumbar spine and pelvis) segment, which allowed eight-
degrees-of-freedom (DOF): a sternoclavicular (three-DOF), gleno-
humeral (three-DOF), and elbow and forearm (two-DOF) joints.
Wrist joint motion was excluded, and the scapula was constrained
to slide on the rib cage. The model was actuated by 140 Hill-type
muscle elements. Their tendon slack length was adjusted using
the One-step Calibration method, which defines these according
to joint positions corresponding to optimal muscle fibre lengths
(Heinen et al., 2016). All inverse dynamic analyses followed the
Newton-Euler formulation described by Damsgaard et al. (2006).
2.2.1.1. Geometric scaling, motion reconstruction and boundary
conditions. A kinematic-only copy of the musculoskeletal model
was primarily defined without muscles. This ‘Mocap Model’ was
used to geometrically scale the ‘Standing Model’. A length-mass
specific linear scaling law that relates each segment length with
its mass was applied (Rasmussen et al., 2005). Subsequently, the
maker coordinate data of a standing static trial were used to iden-
tify the location of markers not placed on bony landmarks using
the method of Andersen et al. (2010) (see the marker protocol in
the Supplementary Material). Simultaneously, this method
adjusted the dimensions of all segments including the hand
breadth but excluding the pelvis width and the head height. The
resultant measures were input to the ‘Standing Model’.

The joint angles recorded during the kinematic and kinetic
assessments were retrieved using the ‘Mocap Model’ by driving it
with the optimised marker trajectories as formulated by
Andersen et al. (2009). These joint angles were later used as inputs
for the ‘Standing Model’.

The boundary conditions for the ‘Standing Model’ simulations
were set as following: (1) the rigid trunk segment was grounded,
(2) the dumbbells used in the kinematic assessment were mod-
elled as an extra spherical segment attached to the palm of the
hand, (3) the dynamometer external force vector was given by
two markers placed on the sensor (Fig. 2) and its application point
by the projection of a third marker placed on the brace onto the
longitudinal axis of the respective segment (humerus, ulna or
hand).



Fig. 1. The 12 directions selected for strength measurements on which the participant pulled against a force sensor (dynamometer): (1) shoulder elevation and depression,
(2) shoulder flexion and extension, (3) shoulder abduction and adduction, (4) shoulder external and internal rotations, (5) elbow flexion and extension, (6) push and pull.
Three measurements were taken per direction for different joint angles. All participants were vocally encouraged to maximize their voluntary muscle contraction.
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2.2.1.2. Strength scaling.
2.2.1.2.1. Length-mass-fat scaled model. The ‘Standing Model’ was
initially strength-scaled using a length-mass-fat (LMF) scaling
law that adjusted the muscle’s isometric strength through regres-
sion studies (Frankenfield et al., 2001) that account for both
anthropometrics and fat percentage of the body segments
(Rasmussen et al., 2005).
2.2.1.2.2. Joint-strength-factors scaled model. The subject-
specificity of the above mentioned LMF models was enhanced
using the participants’ strength measurements. Accordingly, the
muscle elements were assigned to one or more of 15 groups
(Table 1), which enabled definition of 16 joint-strength-factors
(JSFs) capable of improving their isometric strength. Such grouping
followed the muscles action (Moore and Agur, 2007) and their



Fig. 2. (Left) The strength measurement setup with the force sensor positioned for a measurement about the elbow flexion direction; (Right) The respective static posture was
collected and modelled in AMS to perform an inverse dynamic analysis. The direction of the external force measured by the force sensor was given by the two markers
attached to the sensor. A third marker was projected in the longitudinal axes of the ulna bone (green marker) on the model) to serve as the force application point. (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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lever-arm contribution to each canonical joint movement in the
model. Please note that many muscles in the forearm, such as
the brachioradialis, share both pronation and supination JSFs as
their contribution depends on the forearm posture.

An overall maximal muscle activation (MMACT), i.e. force
divided by instantaneous strength, is obtained after performing
an inverse dynamic analysis. By using a min/max muscle recruit-
ment criterion (Rasmussen et al., 2001), an activation function
ak s Dð Þ� �

depending on a n-dimensional (n Dð Þ) vector s Dð Þ containing
all JSFs was defined as:

a s Dð Þ� � ¼ min
f2R

max
f Mð Þ
i

Nis1
Qdi

j s
0
ij

 !
; i ¼ 1; � � � ;n Mð Þ; di < n Dð Þ ð2Þ

subject to

Cf¼r

f Mð Þ
i � 0; i ¼ 1; � � � ;n Mð Þ

where with regard to the ith muscle, f Mð Þ
i is the force generated, Ni is

the instantaneous strength, s1 is the global JSF and first element of
s Dð Þ, and s0ij is the jth entry of all di JSFs that pre-multiply the ith mus-

cle. As constraints, C¼ C Mð Þ C Rð Þ�
h

is a matrix of coefficients depend-

ing on the current global position of the model segments,

f¼ f Mð ÞTf Rð ÞT
h iT

is a vector of unknown muscle (M) and reaction

forces (R), and r is a right-hand side vector composed of external
and inertial forces.

Since a MVC implies that at least one synergist muscle is fully
activated, an optimisation problem was formulated in a least-
squares approach to fit the models to the strength measurements.
The optimum set of JSFs was found by minimizing the squared dif-
ference between the MMACT and a full activation state:

min
s2R

Xn Pð Þ

k¼1

ak s Dð Þ� �� 1
� �2 ð3Þ

subject to

blower � sl � bupper; l ¼ 1; � � � ;n Dð Þ; blower; bupper 2 Rþ
0

0 � s1
Ydi

j
s
0
ij � 3; i ¼ 1; � � � ;n Mð Þ

where ak is the inverse dynamic analysis activation outcome of the
kth strength measurement, sl is an entry of the vector s Dð Þ that is
bounded between the current search space’s lower and upper val-

ues b, and lastly s1
Qdi

j s
0
ij is the JSF product of the ith muscle. The ini-

tial search space boundaries b should be set manually in the vicinity
of the solution where all JSFs are equal to one, as this would corre-
spond to the equivalent LMF model. According to the findings by
Garner and Pandy (2003) reporting that isometric strength can scale
two to three times in models based on the Delft Shoulder Groups
studies, each of these JSF products was only allowed to vary
between values of 0 and 3.

Accordingly, a two-level optimisation routine was implemented
in MATLAB� (MathWorks Inc., Natick, MA USA). First, 36 (n Pð Þ) ana-
lytical response surfaces (i.e. surrogate models) were created to
define the sensitivity of the activation function ak s Dð Þ� �

of each
kth strength measurement towards the JSFs. A Box-Behnken exper-
iment design (Box and Behnken, 1960) implies that the minimum
set of sample points required to create a 16-D multivariate linear



Table 1
General list of muscles covered by each Joint Strength Factors (JSF). Further AMS-specific details can be found in the Supplementary Material.

Joint Strength
Factor

Muscles

Global All muscles
SCProtraction Pectoralis major and minor; Serratus anterior
SCRetraction Trapezius descending, middle and ascending; Rhomboids major and minor
SCElevation Trapezius descending and middle; Levator scapulae; Sternocleidomastoid
SCDepression Pectoralis major and minor; Trapezius ascending; Latissimus dorsi
Scapula

Stabilization
Trapezius ascending and middle; Levator scapulae; Rhomboids minor and major; Pectoralis minor; Serratus anterior

GHFlexion Deltoid anterior; Pectoralis major; Biceps brachii short and long heads; Coracobrachialis
GHExtension Pectoralis major sternocostal head; Latissimus dorsi; Deltoid posterior; Infraspinatus; Teres minor; Triceps brachii long head
GHAbduction Deltoid middle; Supraspinatus
GHAdduction Pectoralis major; Latissimus dorsi; Teres major; Subscapularis; Coracobrachialis
GHExtRot Deltoid posterior; Infraspinatus; Teres minor
GHIntRot Pectoralis major; Latissimus dorsi; Deltoid anterior; Teres major; Subscapularis
EFlexion Biceps brachii short and long heads; Brachialis; Brachioradialis; Supinator humeral head; Pronator teres; Flexor carpi ulnaris and radialis; Extensor

carpi ulnaris and radialis; Flexor digitorum superficialis; Extensor digitorum and digiti minimi; Palmaris longus
EExtension Triceps; Anconeus; Flexor carpi ulnaris and radialis; Extensor carpi ulnaris and radialis; Flexor digitorum superficialis; Extensor digiti minimi;

Palmaris longus
EPronation Brachioradialis; Pronator teres; Pronator quadratus; Supinator; Anconeus; Flexor carpi ulnaris and radialis; Extensor carpi ulnaris and radialis;

Flexor digitorum superficialis and profundus; Extensor digitorum, indicis and digiti minimi; Extensor pollicis longus; Abductor pollicis longus;
Palmaris longus

ESupination Biceps brachii short and long heads; Brachioradialis; Supinator; Pronator teres; Pronator quadratus; Flexor carpi ulnaris and radialis; Extensor carpi
ulnaris and radialis; Flexor digitorum superficialis and profundus; Extensor digitorum, indicis and digiti minimi; Extensor pollicis longus; Abductor
pollicis longus; Palmaris longus

Fig. 3. Schematic of the optimization procedure used to obtain the JSF set. The routine is composed of two-loops and uses sequential response surfaces, i.e. surrogate models,
to speed-up the Complex Method algorithm (Box, 1965). The outer-loop involves an adaptive search step to allow the adjustment of the design space after each iteration.
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Fig. 4. The reconstruction of the RWS for musculoskeletal model validation. In the point cloud resultant from all inverse dynamic analyses for all experimental/mocap
postures, blue points are said to be ‘‘reachable” if MMACT � 1 while the red ones correspond to ‘‘non-reachable” situations, i.e. MMACT > 1. The non-convex envelope shape of
the blue ‘‘reachable” point cloud is then computed using the alpha-shapes algorithm (Edelsbrunner and Mücke, 1994) by setting the alpha-radius (of the represented sphere)
equal to the semi-minor (smallest) axis of the transversal cross-section of the ellipsoid used to model the serratus anterior muscle-tendon units, as described in Castro et al.
(2019). (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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regression with 2nd-order terms is 396. Thus, 14,256 inverse
dynamic analyses were required to evaluate the objective function
in Eq. (3). Hence, each regression model was defined according to
Eq. (4) (or in matrix form Eqs. (5) and (6)), and solved for its h
parameters using the orthogonal projection method:

akp � h0 þ h1s1p þ � � � þ hDsDp þ hDþ1s1p2 þ hDþ2s1ps2p þ � � �
þ h2Dþ D

2ð ÞsDp
2; p ¼ 1; � � � ;396 ð4Þ
bak ¼ Sh ð5Þ
h ¼ STS
� ��1

ST bak ð6Þ

Secondly, the optimisation routine was implemented using
two-levels such that the search space could adapt to the design
space as presented in Fig. 3. An inner-loop ran the Complex algo-
rithm (Box, 1965) on Eq. (3) with a population of 100 samples
Fig. 5. Box plot showing the overall MMACT obtained while simulating the strength meas
were grouped according to the direction about which they were performed. The LMF m
attain 100% MMACTs.
for 10,000 iterations each time, repeatedly, until fulfilment of the
stopping criterion that all members in the population had the same

objective function within a DbFobj ¼ 0:0001 tolerance. Then, an
adaptive outer-loop allowed to move and to zoom in/out the
search space window on the full design space to avoid local min-
ima. A parameter a governed this adaptation according to Eq. (7):

viþ1
j ¼ aþ 1� að ÞD

i
j

2

vi
j
2

0@ 1Avi
j; j ¼ 1; � � � ;n Dð Þ ð7Þ

where the jth entry of the scaling vector vi, corresponding to the ith

inner-loop run, consists of half of the current b ranges of each
design variable sl (represented by coloured rectangles in Fig. 3);

the step vector Di corresponds to the geometric difference between
two consecutive inner-loop solutions that converged. The exact
FAMS
obj was directly assessed using the AMS after each inner-loop

convergence and new surrogates were generated every time the
urements for both LMF and JSF models. The three measurements of each participant
odels were overactive while the JSF models were better capable to approximately
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inner-loop ran. The vector D allowed the search space to scale inde-
pendently for each design variable. The dimensioning factor a was
set to 0.5 and it controlled convergence of the outer-loop of the
adaptive optimisation algorithm within an objective function toler-
ance of DFAMS

obj ¼ 0:01. The aforementioned bounds b (Eq. (3)) con-
strained the outer-loop routine on each search step to avoid
extrapolation errors outside the surrogate domains. These surro-
gates enabled evaluating the design space in a wider and fast man-
ner by allowing the implementation of parallel computations. The
total computational time was reduced to approximately a week
(on a machine operating with 30 CPUs). A model strength-scaled
using these JSFs will be designated as a JSF model.
2.2.2. Prediction of the reachable workspace
The experimental RWS was reconstructed from the motion cap-

ture data points for each load case as presented in Castro et al.
(2019), while the musculoskeletal models simulated the RWS
using the motion from the no-payload case corresponding to the
active RWS. Even though the AMS simulates dynamic models, the
joint angles were discretized to individual frames for separate pos-
ture analyses (null velocities and accelerations) to agree with the
quasi-static nature of all dynamic experimental measurements.
Subsequently, the selection of the simulated reachable point cloud
followed a simple rule: any point in the Cartesian space is said to
be reachable if the MMACT obtained for the respective posture is
smaller or equal to one (MMACT � 1), and not reachable otherwise.

The alpha-shape algorithm (Edelsbrunner and Mücke, 1994)
was then applied to retrieve the non-convex shape of the simu-
lated reachable 3-D point cloud. Accordingly, the alpha-radius
was set as the semi-minor axis of the transversal cross-section of
the ellipsoid used to wrap the serratus anterior muscle elements
around the rib cage as described in (Castro et al., 2019) and exem-
plified in Fig. 4.

The RWS volumes of the meshes corresponding to the experi-
mental (Vexp), simulated (Vsim) and respective intersection
Vexp \ Vsim
� �

and union Vexp [ Vsim
� �

were computed in MATLAB
and compared. Finally, to avoid potential over-estimation
misinterpretations, the corresponding values of Intersection-
over-Union (IoU), Vexp \ Vsim

� �
= Vexp [ Vsim
� �

, were reported and
the models compared using Wilcoxon Signed Rank tests.
Fig. 6. Chart with the pre-multiplying JSFs for each individual muscle-tendon unit.
The colour bar represents the scalar grade and the black colour represents values
that reached the maximum value of the scale.
3. Results

The evaluation of the optimisation procedure for enhancing the
subject-specificity of the model with the addition of strength mea-
surements is presented in Fig. 5. The LMF scaling seemed to pro-
duce globally weak models with activations greater than 100%
(MMACT� 1) for the MVCs. The optimised JSF models approxi-
mated the strength measurements better, as the overall activations
approached 100% (MMACT � 1).

The JSF products obtained from the optimisation procedure for
each muscle element (Fig. 6) showed an increase in all muscles’
isometric strengths. In some circumstances, these products
reached the upper bound value, i.e. three times the strength values
obtained on the LMF models. In some participants, this increase
was more evident for the muscles inserting on the scapula, namely
supraspinatus, infraspinatus, teres minor and major, subscapularis,
posterior and medial deltoids, serratus anterior, pectoralis minor,
and lastly also pectoralis major.

The shapes of the reconstructed experimental RWS obtained for
one of the participants are presented in Fig. 7. They indicate that
the volume of the RWS decreased with increasing hand-payload.
This shrinking effect seemed to affect mostly the lateral and frontal
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Fig. 7. The experimental RWS for one of the participants: no hand payload; first load case, second load case, third load case. The RWS shape shrinks and its volume decreases
with increasing hand-payload. The RWS seems to evolve to an hourglass shape.

Fig. 8. Comparison of the simulated RWS predictions (blue) for both LMF and JSF models against the experimental RWS (green) for the four payload cases in one of the
participants. The optimized JSF model seems to better capture the RWS shape for all cases. (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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aspects of the RWS. Larger volume and shape differences were
detected for the RWS predictions for both LMF and JSF model
(Fig. 8). All participants RWS predictions can be seen in the Supple-
mentary Material.

The default scaled LMF model was not able to follow the exper-
imental volume decrease rate. As payload increased, the LMF
model quickly stopped performing on the lateral and frontal far-
from-torso RWS regions, corresponding to shoulder abduction
and flexion movements, respectively. The top (above-head) portion
seemed also to be compromised, especially for simulations using
both no-payload and current-payload data.
The JSF model was stronger than the LMF and able to follow the
experimental data for heavier payload cases. The most frontal far-
from-torso aspect of the predicted RWS was however compro-
mised, which might also relate to shoulder flexion or abduction
capabilities.

Lastly, both Vsim and Vexp \ Vsim
� �

were compared against the
original Vexp as presented by the Bland-Altman plots in Fig. 9-A/
B. Volume-wise, Vsim for the LMF and JSF models showed trends
of under- and over-estimation, respectively. The accuracy of the
volume estimation also decreased with increasing hand-payload,
for both models. With respect to Vexp \ Vsim

� �
, the LMF models



Fig. 9. Comparison of the RWS volume predictions for both LMF and JSF models against those measured for the experimental RWS for all payload cases: (A) a Bland-Altman
plot between experimental Vexp and simulated Vsim volumes; (B) a Bland-Altman plot between experimental Vexp and intersection Vexp \ Vsim volumes; (C) box plots showing
the significant Intersection-over-Union (IoU) differences between the LMF and optimized JSF models for all load cases.
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behaved poorly while the JSF models nearly estimated the same
amount of volume as Vexp. However, the specific RWS envelope
matching between predictions and experimental values were
observed using the IoU metric (Fig. 9C), showing that the model
performance was the lowest for the LMF models. For all load cases,
the differences between IoU values were found to be significant
(p < 0.002). The JSF models predicted the RWS with more accuracy
than did the LMF models.
4. Discussion

The results indicate that the subject-specific JSF models perform
better than the LMF models. Thus, the use of the RWS as a valida-
tion metric captured differences between model predictions. The
simulations, as depicted in Fig. 5, showed that the LMF models
are generally weak and unable to represent the participants during
maximal effort tasks. This finding contradicts the study by Chander
and Cavatorta (2018), but this might be explained by the fact that
LMF scales relatively to an initial model that is based on cadaver
data containing for instance muscle cross sections that are smaller
than those for the average person. The use of Hill-type muscle-
tendon units with poorly calibrated tendon slack lengths may also
influence these results, since they were not further optimised. This
variable is known to be the most sensitive (Ackland et al., 2012;
Carbone et al., 2016; De Groote et al., 2010; Redl et al., 2007) and
can be detrimental to the accuracy given its effect on shifting the
force-length curve. A better approximation of the strength mea-
surements was achieved by the JSF models. The optimiser adjusted
the isometric strengths through the JSF factors until all MMACTs
were as closer to one within the imposed bounds. The higher JSF
products revealed for each muscle on Fig. 6 can be explained by
the poor performance of the LMF on matching the strength mea-
sures of shoulder flexion, abduction, internal and external rota-
tions, and of pushing and pulling tasks. All these reached median
values above twice the nominal strength. Nevertheless, such
subject-specificity approach can be extended to other upper
extremity (Quental et al., 2016; Saul et al., 2015) or lower extrem-
ity (Carbone et al., 2015; Rajagopal et al., 2016) models as imple-
mented in other modelling software.

The RWS shape evolution with increasing payload (Fig. 7)
showed a shrinkage on both lateral and frontal far-from-torso
aspects of the RWS towards an hourglass shape. This can be
explained by the larger moments that heavy payloads generate
about the shoulder joint for both abduction and flexion movements
(Castro et al., 2019). Only close-to-torso regions prevail for heavy
payloads. This trend affects all participants as it can be later con-
firmed by the empirical volume data illustrated in Fig. 9. Both
LMF and JSF predictions follow this trend (Fig. 8). However, the
muscle-tendon units in the default LMF-scaled model could not
reproduce the experimental trend of RWS volume decrease on
Fig. 9, most evident for heavier payloads. This suggests that, either
by incorrectly estimated muscle isometric strength or poorly cali-
brated tendon slack lengths, such models are weak. On the other
hand, the JSF models performed far better than the LMF scaling,
suggesting that subject-specificity is important in musculoskeletal
modelling (Hicks et al., 2015; Lund et al., 2012). Nonetheless,
since the JSF models could at most present an IoU value of 0.56
for the effective load cases, the lack of accuracy may still relate
to the calibrated tendon slack lengths.

This study has some limitations. Even though an effort was
made to minimise fatigue, the RWS assessment duration and sub-
maximal isometric contractions cannot be disregarded. Since the
participants were not strapped to the chair, it might have con-
tributed for some submaximal contractions that could have influ-
enced our results. On the model side, the computational cost and
complexity of optimising also tendon slack lengths was avoided.
Preliminary optimisations without the bounds on JSF products
resulted in some muscles having products greater than 10, which
is not physiological. As the passive muscle stiffness is linked to
the isometric muscle strength, this is likely caused by the optimiser
overfitting the data using passive forces. To avoid this overfitting,
we introduced the bounds but another possible solution could be
to include measurements of the arm postures towards the
extremes of the ROM but supported such that the subject is fully
relaxed. Hereby, terms specifying no or low muscle activities could
be added to optimisation problem to ensure that large muscle
forces are not necessary at the extreme of the ROM to counteract
passive forces. Another important issue regards the accuracy of
volume estimation upon very sparse point clouds. This has mostly
impact on the heavier payload cases, but such effect is systematic,
thus affecting the predictions of both LMF and JSF models.

As a validation metric, the RWS quantified the performance of
both models. Still, this metric should be further studied, for
instance to establish its sensitivity on the reachable point cloud
density while using alpha-shapes. Interpolation with radial basis
functions might enable definition of the space with a smaller num-
ber of points. Finally, more computational power and perhaps neu-
ral networks could investigate the direct sensitivity of both RWS
volume and shape to the muscle-tendon unit parameters, thus
enabling to scale well-performing and clinically relevant models.
Likewise, this validation method can potentially be extended to
lower extremity models, since these also behave like open kine-
matic chains. Consequently, the RWS can be generated and studied
for different leg or foot payloads.
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