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Static optimization is commonly employed in musculoskeletal modeling to estimate muscle and joint
loading; however, the ability of this approach to predict antagonist muscle activity at the shoulder is
poorly understood. Antagonist muscles, which contribute negatively to a net joint moment, are known
to be important for maintaining glenohumeral joint stability. This study aimed to compare muscle and

Keywords: joint force predictions from a subject-specific neuromusculoskeletal model of the shoulder driven
Sthl)tul%er entirely by measured muscle electromyography (EMG) data with those from a musculoskeletal model
eltol

employing static optimization. Four healthy adults performed six sub-maximal upper-limb contractions
Rotator cuff . : . . . . . . R
EMG including shoulder abduction, adduction, flexion, extension, internal rotation and external rotation. EMG
data were simultaneously measured from 16 shoulder muscles using surface and intramuscular elec-
trodes, and joint motion evaluated using video motion analysis. Muscle and joint forces were calculated
using both a calibrated EMG-driven neuromusculoskeletal modeling framework, and musculoskeletal
model simulations that employed static optimization. The EMG-driven model predicted antagonistic
muscle function for pectoralis major, latissimus dorsi and teres major during abduction and flexion;
supraspinatus during adduction; middle deltoid during extension; and subscapularis, pectoralis major
and latissimus dorsi during external rotation. In contrast, static optimization neural solutions showed lit-
tle or no recruitment of these muscles, and preferentially activated agonistic prime movers with large
moment arms. As a consequence, glenohumeral joint force calculations varied substantially between
models. The findings suggest that static optimization may under-estimate the activity of muscle antag-
onists, and therefore, their contribution to glenohumeral joint stability.
© 2019 Elsevier Ltd. All rights reserved.

Neuromusculoskeletal
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Biomechanical model

1. Introduction ing anterior-posterior and superior-inferior joint translation. For

example, during humeral abduction, deltoid generates an agonist

The glenohumeral joint facilitates a large range of upper limb
motion that is essential for performing many activities of daily liv-
ing, including lifting, reaching, pushing and driving (Magermans
et al., 2005). Stability of the glenohumeral is dependent on a bal-
ance of the individual forces and moments produced in the sur-
rounding muscles to generate a net joint articular force that
passes within the bounds of the glenoid fossa (Veeger and Van
Der Helm, 2007). The simultaneous activity of the rotator cuff,
and other muscles spanning the glenohumeral joint, compresses
the humeral head into the concave glenoid fossa, thereby prevent-
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elevation torque and superior-directed force, which combined
with the antagonist torque and inferior-directed force of the infe-
rior rotator cuff, results in a scapular-plane force couple that com-
presses the glenohumeral joint (Ackland and Pandy, 2009; Lucas,
1973). Similarly, humeral flexion and extension requires simulta-
neous activation of the anterior and posterior rotator cuff muscles
to produce joint compression via a transverse-plane force couple
(Rathi et al., 2016; Wattanaprakornkul et al., 2011). The role of
the musculature in stabilizing the glenohumeral joint is clinically
relevant, since muscle dysfunction can ultimately result in exces-
sive joint shear, subluxation, pain and early-onset osteoarthritis
(Yousif and Bicos, 2017). While several studies have advanced
our understanding of muscle and joint loading at the shoulder
(van der Helm and Veeger, 1996; Giroux and Lamontagne, 1992),


http://crossmark.crossref.org/dialog/?doi=10.1016/j.jbiomech.2019.109348&domain=pdf
https://doi.org/10.1016/j.jbiomech.2019.109348
mailto:dackland@unimelb.edu.au
https://doi.org/10.1016/j.jbiomech.2019.109348
http://www.sciencedirect.com/science/journal/00219290
http://www.elsevier.com/locate/jbiomech
http://www.elsevier.com/locate/jbiomech
http://www.JBiomech.com

2 A. Kian et al./Journal of Biomechanics 97 (2019) 109348

there remains debate about the relative contributions of each
shoulder muscle to net joint moments and glenohumeral joint
articular forces. This is because shoulder muscle forces cannot be
measured non-invasively, and the glenohumeral joint is a statically
indeterminate system, which precludes calculation of a unique
muscle force solution (An et al., 1984).

Computational models have been developed to estimate muscle
and joint forces using numerical optimization subject to cost-
functions that minimize the sum of squares of muscle stresses
(Karlsson and Peterson, 1992; Charlton and Johnson, 2006;
Nikooyan et al., 2011), muscle activations (Delp et al., 2007;
Crowninshield and Brand, 1981; Kaufman et al., 1991), energy con-
sumption (Praagman et al., 2006) and fatigue (Dul et al., 1984).
These primarily estimate activation of agonist muscles
(Yanagawa et al., 2008), but may not accurately predict the func-
tion of muscles that generate joint stiffness and are associated with
dynamic stabilization, nor the motor recruitment strategies
employed in cases of neuromuscular impairment. Musculoskeletal
models that constrain the glenohumeral joint force to pass within
the boundaries of the glenoid fossa have been shown to predict
activity of the rotator cuff muscles during simulations of shoulder
abduction (Van der Helm, 1994) and forward reaching (Dickerson
et al,, 2007); however, the capacity of this strategy to predict
antagonist muscle function during activities of daily living is yet
to be evaluated.

The use of electromyography (EMG) to drive simulations of
movement using neuromusculoskeletal models is an alternative
approach to quantifying muscle and joint loading that has been
applied at the spine (Cholewicki et al., 1995; Gagnon et al.,
2001), hip (Hoang et al., 2019, 2018), knee (Lloyd and Besier,
2003), ankle (Bogey et al., 2005; Manal et al., 2012), and elbow
(Pau et al., 2012; Manal et al., 2002). EMG-driven modeling can
account for subject-specific muscle recruitment strategies that
are not mathematically constrained to specific cost functions
(Buchanan et al., 2004; Sartori et al., 2012; Pizzolato et al., 2015).
This is achieved by employing musculotendon and neural activa-
tion parameters calibrated to each subject, together with experi-
mental measures of muscle activity to estimate musculotendon
forces. Neuromusculoskeletal shoulder models driven from EMG
recordings of each individual muscle have been challenging to
develop due, in part, to the difficulties associated with recording
EMG data from the extensive deep musculature using intramuscu-
lar electrodes. Hybrid neuromusculoskeletal shoulder models have

Table 1

been developed by utilizing EMG data from superficial muscles
(Nikooyan et al., 2012), but these still require optimization and
predictive functions to obtain a complete muscle force solution.

The aims of this study were twofold. First, to develop a neuro-
musculoskeletal model driven entirely from EMG data recorded
from the major superficial and deep shoulder muscles; and second,
to compare shoulder muscle and joint force predictions from the
EMG-driven model with those calculated with static optimization
using a musculoskeletal model of identical structure. It was
hypothesized that the EMG-driven model would predict different
muscle activity associated with the rotator cuff and prime-mover
muscles than that obtained using static optimization. The findings
will help elucidate the role of the shoulder musculature in gleno-
humeral joint stabilization, and in development of computational
shoulder models.

2. Materials and methods
2.1. Subject recruitment

Four healthy adults (mean age + one standard deviation: 25.0 +
5.9 years; body mass: 65.9 £ 21.28 kg; height: 170.5+11.21 cm; 3
female and 1 male) with no history of upper limb disease or previ-
ous surgery were recruited for testing (see Supplementary Material
for further details). Ethical approval was obtained from The
University of Sydney Human Research Ethics Committees and par-
ticipants provided their written informed consent.

2.2. Subject testing protocol

Subjects were seated and performed, in random order, seven
maximum voluntary contractions (MVCs) with their dominant
limb, which included shoulder abduction, horizontal adduction,
flexion, extension and internal rotation as well as elbow flexion
and extension (Table 1). Each MVC task was performed against
manual resistance and repeated three times (Ginn et al., 2011;
Doheny et al., 2008; Jaskolska et al., 2006). Six isolated isometric
ramp contractions were then undertaken at 50% maximal effort,
specifically, abduction, adduction, flexion, extension, internal rota-
tion and external rotation (Table 1). Each isometric contraction
was performed by pulling a handle attached to a cord instru-
mented with a uniaxial load cell (Xtran, Applied Measurement,

Upper limb maximum voluntary contractions and isometric contractions performed by each subject (Ginn et al., 2011; Doheny et al., 2008; Jaskolska et al., 2006). All isometric
contractions were performed at 50% of the peak load generated during maximum isometric contractions.

Task Task Description

Maximum Voluntary  Shoulder abduction
Contraction

Shoulder horizontal adduction

Maximum shoulder abduction torque with the shoulder abducted to 90° in plane of scapula, the
humerus internally rotated, and the elbow fully extended
Maximum shoulder horizontal adduction torque with both shoulders flexed to 90° and the elbows flexed

to 20°, pressing the heel of the hands together

Shoulder flexion
Shoulder internal rotation

Maximum shoulder flexion torque with the shoulder flexed to 125° and the elbow fully extended
Maximum shoulder internal rotation torque with the shoulder abducted to 90° in plane of scapula and

with neutral humeral rotation, and the elbow flexed to 90°

Shoulder extension
scapula plane

Elbow flexion
Elbow extension
90°

Isometric Contraction Shoulder flexion
Shoulder extension
Shoulder abduction
extended
Shoulder adduction
extended
Shoulder internal rotation
Shoulder external rotation

Maximum shoulder extension torque with the arm by the side and shoulder abducted to 30° in the

Maximum elbow flexion torque with the shoulder positioned at 0° of flexion and the elbow flexed to 90°
Maximum elbow extensor torque with the shoulder positioned at 0° of flexion and the elbow flexed to

Shoulder flexion with the shoulder in 90° of flexion and the forearm fully extended
Shoulder extension with the shoulder flexed to 90° and the forearm fully extended
Shoulder abduction with the shoulder in 90° of abduction in scapular plane and the forearm fully

Shoulder adduction with the shoulder in 90° of abduction in scapular plane and the forearm fully

Shoulder internal rotation with the shoulder in 45° degrees of abduction and the elbow flexed to 90°
Shoulder external rotation with the shoulder in 45° degrees of abduction and the elbow flexed to 90°
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Australia). Trajectories of retro-reflective markers placed on the
cord were measured using a 4-camera video motion analysis sys-
tem (Vicon, UK) sampling at 120 Hz, and used to quantify the
direction of the cord tension. Loading was maintained normal to
the load-cell’s sensing axis and perpendicular to each gleno-
humeral joint motion axis to ensure production of a pure joint
moment, with non-prime joint moments considered negligible
(<2% of net moment) and not analysed further. Each ramp contrac-
tion consisted of four seconds of gradual load increase to 50% max-
imal effort, three seconds of sustained contraction at 50% maximal
effort, followed by four seconds of load decrease to resting level.
The predefined ramp profile was based on the subject’s maximum
effort, which was determined with an MVC prior to testing. Sub-
jects followed a visual trajectory of their contraction on a monitor
to guide the execution of each contraction, and a minimum rest
interval of one minute between tasks was provided. The chosen
ramp profile was based on a pilot study that showed shorter ramp
times lead to participants overshooting the 50% target, while
longer times resulted in fatigue and long breaks.

During testing of each participant, EMG was measured from 16
shoulder muscles. Pairs of surface EMG electrodes (Red Dot, 2258,
3 M) were placed over pectoralis major, upper trapezius, lower
trapezius, biceps brachii and triceps brachii following skin debride-
ment and application of conducting gel (De Luca, 1997). Interelec-
trode distances were 20 mm, and skin impedance verified to be
less than 5 kQ (Day, 2002). Bipolar intramuscular (in-dwelling)
electrodes were placed in anterior, middle and posterior deltoid
sub-regions, rhomboid major, supraspinatus, infraspinatus, sub-
scapularis, pectoralis minor, serratus anterior, teres major, and
latissimus dorsi (Boettcher et al., 2008; Johnson et al., 2011; Ginn
and Halaki, 2015), with ultrasonic guidance employed for rhom-
boid major and pectoralis minor electrode placement (Mindray,
DP-9900). A ground electrode was placed on the contralateral acro-
mion and scapular spine (Universal Electrosurgical Pad: Split,
9160F, Australia). Testing was undertaken over 2 days with one
week between the test sessions. The functional tasks undertaken
on each test day were identical, with the total number of intramus-
cular electrodes employed divided between the two test days. All
EMG data were subsequently superimposed into one EMG super-
set. Common muscles tested on both days were used to verify
the repeatability of the experimental protocol and EMG measure-
ment (see Supplementary Material). EMG data were processed
using a zero-lag, 8th order 10 Hz high-pass Butterworth filter, then
full-wave rectified. Subsequent EMG linear envelopes were pro-
duced using a zero-lag 8th order 3 Hz low-pass Butterworth filter
(Ginnetal., 2011). All EMG data were normalized to maximum val-
ues recorded from the MVC tasks.

Upper limb motion was simultaneously recorded during testing
by tracking the trajectories of 15 retroreflective markers placed on
the upper-limb using the video motion analysis system (Vicon,
UK). The markers were placed according to a previously published
upper limb markerset (Wu et al., 2016) (Fig. 1). Resultant marker
trajectories were filtered using a fourth-order, zero-lag, 6 Hz low-
pass Butterworth filter.

2.3. Musculoskeletal modeling

A 5-segment, 10 degree-of-freedom rigid-body musculoskeletal
model of each subject’s dominant upper limb was created in
OpenSim by scaling a generic model to each subject’s mass and
anthropometry (Wu et al., 2016). The glenohumeral and acromio-
clavicular joints were modeled as 3-DOF constrained ball and
socket joints, the sternoclavicular joint as a 2-DOF universal joint,
and the forearm and wrist as one rigid segment that articulated
with the elbow via a 2-DOF universal joint. The model was
actuated by 23 Hill-type musculotendon units, which included 5

axiohumeral, 10 axioscapular and 8 scapulohumeral muscles and
muscle sub-regions (Fig. 1). Each musculotendon unit’s optimum

muscle fibre length, [I', and tendon slack length, L, were linearly
scaled in equal proportion to match the scaled overall musculoten-
don unit length with the upper limb in the neutral position. Joint
angles and moments for each sub-maximal isometric contraction
were calculated using inverse kinematics and inverse dynamics,
respectively.

Muscle forces were calculated using either static optimisation
or calibrated EMG-driven modeling approaches, and the muscle
forces then used to calculate glenohumeral joint forces. Employing
a custom-developed Matlab plugin (Mathworks, MA, USA), the net
joint moments were decomposed into muscle forces using static
optimisation by minimising the sum of squared muscle activations
(Wu et al., 2016). An anisotropic elliptical shape ratio constraint
was applied between the compressive and shear components of
the glenohumeral joint contact force, constraining the resultant
glenohumeral joint force vector to pass within the articular bound-
ary of the glenoid. Specifically, superior (F;), anterior (F;) and com-
pressive components of the GH joint force (F.) were computed and
constrained using

F: F
Bt sk (M

where the constants a=0.61 and b = 0.34 were derived previously
(Lippitt and Matsen, 1993).

By implementing each subject’s musculotendon shoulder mod-
els as used in static optimisation simulations, EMG-driven models
were developed using the calibrated EMG-informed neuromuscu-
loskeletal modeling toolbox (CEINMS) (Pizzolato et al., 2015). Each
muscle’s neural excitation was calculated from its pre-processed
EMG signal using a second-order linear differential equation of
backward differences (Thelen et al., 1994; Lloyd and Besier, 2003)

u(t) = ae(t — d) — (C; + Co)u(t — 1) — C;.Cou(t — 2) 2)

where e(t) is the time-varying muscle excitation,u(t) the neural
excitation, d the electromechanical delay, « a muscle gain coeffi-
cient, and C;and C; recursive coefficients (Lloyd and Besier, 2003).
Muscle activation was modeled using a non-linear function of neu-
ral excitation (Lloyd and Besier, 2003)

eAult) — 1
at) == 3)

where a(t) is the time-varying muscle activation, u(t) the time-
varying neural excitation and A, a non-linear shape factor ranging
between zero (a straight-line) and 3 (highly non-linear). Muscle
forces were subsequently calculated using a Hill-type model of each
musculotendon actuator

F™(t) = F(t)
= F"[fo(ln).f o (Vm)-0(8) +fy(In) + dm.vm].cOS 0 @

where F"(t) is the time-varying force generated by the sum of mus-
cle fibers, F' the tendon force, F™™ the maximum isometric muscle
forcef,(I) the active force-length relationf,(vn) the muscle fibre
contraction velocity relation, f,(l,,) the passive force- length rela-
tion, d, a muscle damping coefficient, and ¢ the muscle pennation
angle.

Each subject-specific EMG-driven neuromusculoskeletal model
was calibrated over all sub-maximal contractions collected during
the first test day. Specifically, the EMG-to-activation coefficients

(C1, G, and A) and musculotendon parameters (F™*, I°, I;;) were
adjusted using a simulated annealing algorithm to minimize errors
between joint moments calculated from inverse dynamics and

those generated by muscles using the EMG-driven neuromuscu-
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Fig. 1. Anterior view (A) and posterior view (B) of neuromusculoskeletal upper limb model structure employed in the present study. Displayed are the major musculotendon
actuators (red lines) and markerset adopted. Symbol definitions are as follows: MEPI, medial epicondyle; LEPI, lateral epicondyle; OLP, olecranon process; RST, radial styloid
of wrist; MDW, mid-dorsal region of wrist; OST, ulna styloid of wrist; IAR, inferior aspect of 11th rib; 7CV, 7th cervical vertebra; 8TV, 8th thoracic vertebra; SSN, suprasternal
notch; XYP, xyphoid process; ACP, acromion process; IAS, inferior angle of scapula; ACA, acromial angle; TRS, trigonum spinae. For descriptions of musculotendon actuators,
see Wu et al. (2016). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

loskeletal model (see Supplementary Material). This was achieved
by mapping the EMG from the 16 muscles to the 23 musculoten-
don units in the model, with the EMG of multi-sub-region muscles
distributed in proportion to their volume across the separate mus-
culotendon units representing each sub-region. The calibrated
EMG-driven neuromusculoskeletal model was then used to calcu-
late musculotendon and joint forces using the combined EMG-data
and joint kinematics for each sub-maximal isometric contraction
without use of static optimisation or implementation of a gleno-
humeral joint force constraint. Shoulder joint contact forces were
determined using the same approach as for static optimisation.
Predictions of muscle and joint forces and muscle-generated tor-
ques between the EMG-driven neuromusculoskeletal model and
the static optimization-based models were calculated. Results
were reported for selected muscles known to have an important
role in glenohumeral joint actuation and stability (Wu et al,
2016, 2017, 2018). EMG data and computed model outputs were
expressed as a percentage of task duration, and all forces express
as a percentage of body weight (%BW). Standard deviation between
subjects was used as a measure of data dispersion.

3. Results
3.1. Abduction

For the isometric abduction tasks, the EMG-driven neuromus-
culoskeletal model predicted that anterior deltoid, middle deltoid,
supraspinatus and infraspinatus were agonists (contributing
abduction torque), while latissimus dorsi, pectoralis major and
teres major were antagonists (contributing adduction torque)
(Fig. 2C). In contrast, static optimization predicted antagonist func-
tion in subscapularis (Table 2). Both models predicted antagonistic
function in the posterior deltoid and supraspinatus, but these mus-
cles made negligible contributions to the net joint moment. The

EMG-driven model predicted more force in anterior deltoid
(78.5 £ 34.3%BW) than middle deltoid (52.1 +21.0%BW), in con-
trast to static optimisation estimates of 25.4 +4.8%BW and
65.3+13.1%BW for anterior and middle deltoid, respectively
(Table 3). The EMG-driven model also predicted a lower mean peak
subscapularis force (7.8 + 8.2%BW) compared with that predicted
by static optimisation (44.9 + 8.0%BW). Similarly, muscle recruit-
ment predicted using the EMG-driven model and static optimiza-
tion during flexion and extension were shown to vary
substantially (see Supplementary Material). The EMG-driven and
static optimisation model demonstrated similar peak gleno-
humeral joint force magnitudes during isometric abduction
(139.9 £48.6%BW and 139.7 + 26.5%BW, respectively), but differ-
ent anterior-posterior shear force directions (Fig. 2D).

3.2. Adduction

For the isometric adduction tasks, the EMG-driven model
showed that latissimus dorsi, teres major and pectoralis major
were active agonists, while anterior deltoid, middle deltoid,
supraspinatus and infraspinatus were antagonists (Fig. 3C). Static
optimization predicted similar levels of antagonist function in
infraspinatus, but lower in anterior and middle deltoid (Table 2).
Both models showed posterior deltoid and subscapularis to be an
antagonist and agonist, respectively; however, their contributions
to the net joint moment were extremely small. EMG-driven mod-
eling predicted a maximum teres major force of 16.5 + 10.0%BW,
while static optimization predicted negligible force generation
from this muscle, with similar trends observed with middle deltoid
and supraspinatus. Peak glenohumeral joint force magnitude pre-
dictions were similar between EMG-driven model (83.5 + 25.4%
BW) and static optimization solutions (72.3 + 13.6%BW), although,
static optimization produced joint shear of opposite direction to
that of the EMG-driven model (Table 3).
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Fig. 2. Mean data during isometric abduction including EMG (A), muscle and joint forces calculated using the EMG-driven neuromusculoskeletal model and static
optimization (B) muscle contributions to the maximum net joint moment calculated using the EMG-driven model and static optimization (C), and glenohumeral joint force
components at the maximum joint moment calculated using the EMG-driven model and static optimization for each of the four subjects (D). Data are displayed for nine
selected muscles including the anterior deltoid (DeltA), middle deltoid (DeltM), posterior deltoid (DeltP), supraspinatus (Supra), infraspinatus (Infra), subscapularis (Subs),
pectoralis major (PMaj), latissimus dorsi (LDorsi) and teres major (TMaj). A positive moment represents abduction, while a negative moment represents adduction.

Table 2

Mean and standard deviation (SD) of individual muscle contributions to maximum net joint moments calculated during isometric abduction, adduction, flexion, extension,
internal rotation, and external rotation using the EMG-driven neuromusculoskeletal model (NM) and static optimization (SO). All data are expressed in BW.m.

Abduction Adduction Flexion Extension Internal rotation External rotation

NM SO NM SO NM SO NM SO NM SO NM SO

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
Anterior deltoid 2.22 0.97 0.72 0.14 0.16 0.03 0.07 0.07 233 197 1.95 0.70 0.11 0.03 0.10 0.12 0.00 0.00 -0.01 0.00 -0.01 0.00 -0.01 0.00
Middle deltoid 1.83 0.74 230 0.46 0.17 0.09 0.05 0.06 0.99 0.71 043 0.13 0.29 0.22 0.05 0.03 0.00 0.00 0.00 0.00 -0.04 0.01 -0.04 0.01
Posterior deltoid -0.03 0.02 -0.01 0.00 0.03 0.02 0.01 0.00 -0.27 0.20 -0.06 0.00 -099 055 -1.98 029 -0.05 0.04 -0.10 0.04 -0.09 0.05 0.00 0.00
Supraspinatus 037 033 008 002 016 018 0.00 000 034 036 034 011 022 031 062 008 -0.04 004 000 000 -0.10 0.08 -0.09 0.03
Infraspinatus 0.54 0.27 043 0.08 0.13 0.11 0.14 0.02 0.87 0.62 0.60 0.23 0.10 0.10 0.57 0.09 -0.06 0.07 -048 0.13 -1.59 092 -096 033
Subscapularis -0.01 0.01 -0.06 0.01 -0.02 0.01 -0.02 0.0 -0.01 0.01 -0.01 0.0 0.11 0.03 055 008 039 040 1.86 088 023 031 0.04 003
Pectoralis major -0.14 0.11 -0.01 0.00 -0.09 0.08 -0.01 000 -0.31 0.07 0.00 0.00 -0.05 0.03 0.00 0.00 0.05 0.03 0.01 0.00 0.05 0.05 0.00 0.00
Latissimus dorsi —0.28 0.44 0.00 0.00 -0.80 032 -0.67 0.15 -0.44 0.59 0.00 0.00 -054 038 -0.58 0.11 0.26 0.23 0.27 0.28 0.16 0.24 0.00 0.00
Teres major —0.08 0.13 0.00 0.00 -0.59 036 -0.12 0.03 -0.22 0.23 0.00 0.00 -049 0.26 -0.59 0.09 0.06 0.04 0.00 0.00 0.02 0.03 0.00 0.00

3.3. Internal rotation

For the isometric internal rotation tasks, EMG-driven model-
ing showed that subscapularis, latissimus dorsi, teres major
and pectoralis major were agonists, while infraspinatus and pos-
terior deltoid behaved as weak antagonists (Fig. 4C). Static opti-
mization recruited the subscapularis and latissimus dorsi as
agonists, and infraspinatus and posterior deltoid as antagonists
(Table 2). Both models predicted that anterior and middle del-
toid and supraspinatus were antagonists that contributed very

little to the net joint moment. The EMG-driven model calculated
a mean peak middle deltoid force of 21.0 £ 9.5%BW, while static
optimization predicted minimal middle deltoid force generation
(Table 3). Similarly, the EMG-driven model calculated a maxi-
mum teres major force of 8.6 +6.2%BW; however, static opti-
mization predicted no activity in this muscle. In contrast, the
mean maximum subscapularis force calculated using static opti-
mization was 81.8 +38.9%BW, while that estimated using the
EMG-driven model was 17.1 + 17.8%BW. The peak glenohumeral
joint force magnitude estimated using static optimization and



Table 3

Mean and standard deviation (SD) of the peak muscle and joint forces calculated during isometric abduction, adduction, flexion, extension, internal rotation, and external rotation
using the EMG-driven neuromusculoskeletal model (NM) and static optimization (SO). All data are given at the point of maximum glenohumeral joint force magnitude for each
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task and expressed as a percentage of body weight (%BW).

Abduction Adduction Flexion Extension Internal rotation External rotation
NM NeJ NM SO NM SO NM NeJ NM SO NM SO
Muscle Forces Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
Anterior deltoid 785 343 254 48 63 1.3 26 26 610 516 51.1 184 3.1 0.7 2.7 33 207 117 231 27 250 63 248 73
Middle deltoid 52.1 21.0 653 13.1 541 26 16 1.8 329 236 143 45 115 90 21 14 210 95 26 41 236 89 264 6.8
Posterior deltoid 8.5 57 3.6 02 174 115 55 06 122 91 28 02 332 186 664 99 119 92 242 94 129 73 0.2 0.0
Supraspinatus 19.7 175 43 1.1 93 106 0.1 00 131 139 132 44 9.0 126 252 34 6.7 76 03 0.0 248 193 216 75
Infraspinatus 589 289 473 89 178 145 194 32 720 514 494 187 125 124 709 106 3.0 35 226 63 771 44.5 46.3 15.8
Subscapularis 7.8 82 449 80 146 109 161 19 108 143 162 39 142 32 693 97 171 178 818 389 96 132 16 1.1
Middle pectoralis major 4.8 36 03 0.0 29 26 03 0.0 116 26 0.1 00 21 13 0.1 0.0 3.1 1.8 05 00 33 32 02 0.0
Latissimus dorsi 129 206 0.1 0.0 41.7 16.8 350 7.6 182 242 0.1 00 270 190 291 55 148 132 152 161 109 16.6 0.1 0.0
Teres major 2.0 33 00 0.0 16.5 100 3.3 0.7 49 51 0.0 00 106 55 126 19 86 6.2 0.0 0.0 3.0 42 00 0.0
Glenohumeral joint force
Compressive 127.6 424 1288 242 747 224 674 125 223.1 106 162.1 59.6 856 28.7 2215 325 69.6 143 1099 499 97.7 372 1238 564
Anterior -87 56 381 69 -181 186 212 38 344 308 270 7.7 211 182 734 108 -135 7.0 371 166 -38.1 28.0 28.1 124
Superior -53.7 315 -387 81 266 164 -153 36 409 68 862 339 443 120 305 44 -194 139 37 94 217 254 -56.2 263
Magnitude 1399 486 139.7 265 835 254 723 136 231.1 57 1856 689 99.8 316 2353 345 751 117 1162 53.0 110.1 439 1389 63.5
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Fig. 3. Mean data during isometric adduction including EMG (A), muscle and joint forces calculated using the EMG-driven neuromusculoskeletal model and static
optimization (B) muscle contributions to the maximum net joint moment calculated using the EMG-driven model and static optimization (C), and glenohumeral joint force
components at the maximum joint moment calculated using the EMG-driven model and static optimization for each of the four subjects (D). Data are displayed for nine
selected muscles. For muscle definitions, see caption of Fig. 2. A positive moment represents abduction, while a negative moment represents adduction.

the EMG-driven models were 116.2 + 53.0%BW and 75.1 +11.7%
BW, respectively. Static optimization predicted anterior joint
force shear, while the EMG-driven model estimated posterior
joint shear.

3.4. External rotation

For the isometric external rotation tasks, EMG-driven modeling
recruited infraspinatus as the major agonist, while supraspinatus,
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Fig. 4. Mean data during isometric internal rotation including EMG (A), muscle and joint forces calculated using the EMG-driven neuromusculoskeletal model and static
optimization (B) muscle contributions to the maximum net joint moment calculated using the EMG-driven model and static optimization (C), and glenohumeral joint force
components at the maximum joint moment calculated using the EMG-driven model and static optimization for each of the four subjects (D). Data are displayed for nine
selected muscles. For muscle definitions, see caption of Fig. 2. A positive moment represents internal rotation, while a negative moment represents external rotation.

and all deltoid subregions were weak agonists, and subscapularis,
latissimus dorsi, pectoralis major and teres major antagonists
(Fig. 5C). There were no muscles recruited as external rotation
antagonists using static optimization (Table 2). Static optimization
predicted little force generation in posterior deltoid (0.2 + 0.0%
BW), while the EMG-driven model predicted a peak posterior del-
toid force of 12.9 + 7.3%BW (Table 3). In external rotation tasks,
EMG-driven modeling and static optimization predicted a gleno-
humeral joint force peak of 110.1 +43.9%BW and 138.9 + 63.5%
BW, respectively. EMG-driven modeling calculated superior and
posterior glenohumeral joint shear, while static optimization pre-
dicted inferior and anterior joint shear.

4. Discussion

The results of the present study provide strong evidence in sup-
port of the hypothesis that EMG-driven models and static opti-
mization predict different muscle activity associated with the
rotator cuff and prime-mover muscles. For example, the RMS dif-
ferences in muscle forces between static optimization and EMG-
driven neuromusculoskeletal model estimates were 19.1%BW,
5.6%BW, 21.0%BW and 8.0%BW for abduction, adduction, internal
rotation and external rotation, respectively. Static optimization
preferentially recruited large volume prime mover muscles with
large lever arms, such as deltoid and latissimus dorsi, which was
inconsistent with EMG and the EMG-driven neuromusculoskeletal
modeling results (Ackland et al., 2008; Ackland and Pandy, 2011).

Recruitment of muscles with large torque capacity is a hallmark of
the static optimization objective function to minimize the sum of
squared muscle activations, and has been demonstrated previously
(Wu et al,, 2016; Van der Helm, 1994). For example, middle deltoid
and supraspinatus had peak abduction moment arms of 29.6 mm
and 12.1 mm, respectively, and while the EMG-driven model
recruited both middle deltoid and supraspinatus during isometric
abduction, the static optimization solution predicted negligible
force in supraspinatus (Fig. 3B). Thus, while static optimization
may provide reasonable estimates of prime-mover muscle contri-
butions to net joint moments, the EMG data and results of EMG-
driven modeling in the present study suggest static optimization
may underestimate activity of muscles with small leverage.

The EMG-driven model predicted antagonist muscle function
during isometric abduction and flexion in pectoralis major, latis-
simus dorsi and teres major. While the peak EMG measurements
in some of these muscles were low (<5%MVC), the cumulative tor-
que contribution of the antagonist muscles is likely to play an
important role in glenohumeral joint stabilization. Importantly,
the EMG-driven modeling glenohumeral joint force passed within
the boundaries of the glenoid without use of a constraint function
for abduction and flexion, as well as adduction and internal rota-
tion. Active shoulder elevation requires considerable antagonist
muscle activity to balance the prominent superior shear force gen-
erated by deltoid due to its large volume, force capacity and supe-
rior inclination (Ackland and Pandy, 2009). The present study
demonstrates that at 90° of abduction, antagonist muscle function
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Fig. 5. Mean data during isometric external rotation including EMG (A), muscle and joint forces calculated using the EMG-driven neuromusculoskeletal model and static
optimization (B) muscle contributions to the maximum net joint moment calculated using the EMG-driven model and static optimization (C), and glenohumeral joint force
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is predominantly achieved by the combined action of the sub-
scapularis as well as latissimus dorsi and teres major, the latter
of which are large muscles that insert below the neck of the
humerus and have substantial humeral depressor leverage.

When decomposing net shoulder joint moments into muscle
forces using static optimization, it has been shown that a con-
straint on the glenohumeral joint force direction is required to sim-
ulate activation in the rotator cuff muscles (Wu et al., 2016). While
our static optimization simulations used a previously established
function to constrain the ratio of shear to compression produced
by the shoulder musculature (Lippitt and Matsen, 1993), the resul-
tant rotator cuff muscle activity was at times inconsistent with the
measured EMG and EMG-driven modeling data. For instance, dur-
ing isometric external rotation the neuromusculoskeletal model
estimated a mean subscapularis force peak of 9.6 + 13.9%BW, and
the peak subscapularis EMG was 10.5%MVC, yet static optimization
predicted negligible activity in this muscle (Table 3). These find-
ings suggest that detailed numerical models of personalised mus-
cle recruitment may be required for predicting antagonistic
muscle activity and quantifying each muscle’s contributions to
glenohumeral joint stability.

The present study showed that the varying muscle activation
patterns calculated using the EMG-driven neuromusculoskeletal
model and static optimisation solutions resulted in markedly dif-
ferent predictions of glenohumeral joint force direction. For exam-
ple, during isometric adduction the neuromusculoskeletal model
calculated a glenohumeral joint force with superior and posterior
shear components, while static optimization predicted anterior

and inferior joint shear force (Fig. 3). This discrepancy may be
due to the absence of substantial middle deltoid and supraspinatus
force generation in static optimization calculations, which would
otherwise have the potential to contribute superior and posterior
glenohumeral joint shear (Ackland and Pandy, 2009).

The present study has some limitations. First, the static opti-
mization modeling assumed rigid tendons, while the EMG-driven
neuromusculoskeletal model had passive elastic tendons; how-
ever, estimation of muscle forces assuming stiff and compliant ten-
dons have been shown to produce similar results. Millard et al.,
(2013) reported large errors with high ratios of optimal fibre
lengths and tendon slack lengths, but this had minimal effect at
sub-maximal activation levels. For the musculoskeletal models in
the present study, optimum fibre lengths and tendon slack lengths
were initially tuned to ensure muscles operated on the ascending
limb and around the peak of the muscle force-length curve, thus
reducing the effect of passive force. Second, the objective of the
present study was to compare muscle and joint force predictions
from an EMG-driven model with those of a non-EMG-based static
optimization model. Because calibration was not undertaken with
the static optimisation model, musculotendon parameters may
have varied between models, influencing muscle and joint force
predictions. Therefore, static optimization solutions with and with-
out musculotendon parameter calibration were also explored (see
Supplementary Material for a comparison). Third, there may have
been some differences in each subject’s isometric contractions
between test days, though contractions were standardized by visu-
ally following a ramp profile in real-time, and EMG measured from
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common muscles on both test days showed high levels of agree-
ment (see Supplementary Material). Fourth, low level activity
recorded from muscles with intramuscular electrodes may be
due to pain, and not directly associated with the motor task tested
(Farina et al., 2004). Finally, a small sample size was employed in
the study design, and this resulted in large standard deviations of
EMG-driven model outputs because of between-subject variations
in measured muscle EMG. However, strong trends were observed
across all subjects and used to derive the study conclusions, includ-
ing differences in model predictions of muscle onset and offset.
Comparison of muscle-generated net joint moments using the
EMG-driven neuromusculoskeletal model with inverse dynamics
joint moments also showed a high level of agreement in most tasks
(see Supplementary Material). Furthermore, we have shown high
agreement between glenohumeral joint force magnitudes calcu-
lated using the EMG-driven model compared with those measured
using an instrumented implant (see Supplementary Material).

5. Conclusion

In conclusion, EMG-driven neuromusculoskeletal modelling
demonstrated antagonist muscle function at the shoulder that
was not predicted using static optimization. This was characterized
by activation and force generation by the pectoralis major, latis-
simus dorsi and teres major during abduction and flexion,
supraspinatus during adduction, middle deltoid during extension,
and subscapularis, pectoralis major and latissimus dorsi during
external rotation. As a consequence, glenohumeral joint force
direction varied substantially between the neuromusculoskeletal
model and static estimation-based calculations. While the mea-
sured EMG activity of some antagonist muscles was low (<5%
MVC), the combined contribution of all anatagonist muscles to
net joint moments suggests co-contraction as a means for generat-
ing joint compression and therefore stability. The findings high-
light limitations in the use of static optimization for predicting
muscle function at the shoulder. Specifically, static optimization
may be useful in estimating agonistic shoulder muscle force but
may not provide accurate subject-specific estimations of antago-
nistic muscle activity associated with glenohumeral stabilising
function. The results may be useful in development and interpreta-
tion of computational models of the upper limb.
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