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Abstract: Over the past decades, the use of computational physics-based models representative
of the musculoskeletal (MSK) system has become increasingly popular in many fields of clinically
driven research, locomotor rehabilitation in particular. These models have been applied to various
functional impairments given their ability to estimate parameters which cannot be readily measured
in vivo but are of interest to clinicians. The use of MSK modelling and simulations allows analysis
of relevant MSK biomarkers such as muscle and joint contact loading at a number of different
stages in the clinical treatment pathway in order to benefit patient functional outcome. Applications
of these methods include optimisation of rehabilitation programs, patient stratification, disease
characterisation, surgical pre-planning, and assistive device and exoskeleton design and optimisation.
This review provides an overview of current approaches, the components of standard MSK models,
applications, limitations, and assumptions of these modelling and simulation methods, and finally
proposes a future direction.
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1. Introduction
The rise of high-powered computing has revolutionised both clinical and research fields, allowing
the processing and collection of large amounts of data. In addition, new and complex methodologies
have and continue to be developed addressing clinically relevant questions. These developments
are present in many fields including cell biology, oncology, and drug development to name a few.
One other field which has greatly benefitted is that of human movement biomechanics. The emergence
of computational musculoskeletal (MSK) models in the past 30+ years has allowed great progress to
be made in the field. MSK models present a mathematical description of the human musculoskeletal
system (See Section 2 for detailed explanation), in terms of its segments, joints, and muscles as well as
functional components including joint movement (i.e., kinematics) as well as muscle geometry and
force-generating capacity.
The use of MSK models within both the research (considering all research fields, including sports,
clinical, etc.) and clinical fields has and continues to rise (Figure 1). These physics-based modelling
and simulation workflows provide an integrative platform that allows users to combine traditionally
collected experimental data (i.e., three dimensional (3D) motion capture) with information on 3D
structure and function of the MSK system (i.e., MSK model) allowing more advanced parameters to
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be estimated. Specific parameters which can be estimated using these methods include joint angles
(i.e., kinematics) and moments (i.e., kinetics), but extend to MSK structure loading (i.e., ligament and
muscle forces) and joint contact loading. Many of which cannot be estimated without the use of
MSK models. In addition to studying these parameters in isolation, interactions (e.g., effect of
kinematics/moments on joint contact loading) can also be investigated. These additional parameters
can be applied to various MSK conditions and numerous stages of the clinical treatment pathway.

Figure 1. Total numbers of papers (blue) using musculoskeletal (MSK) modelling (Source: PubMed
https://pubmed.ncbi.nlm.nih.gov/), and number of clinical science papers (orange) using MSK modelling
(Source: Dimensions https://app.dimensions.ai/).

The remainder of this paper will present three sections: first, an educational component
explaining MSK models (See Section 2.1) and their associated simulation methods (See Sections 2.2–2.8).
The second section provides examples of specific clinical applications where MSK models have
been and are currently being introduced to enhance treatment. Specifically, using MSK modelling
and simulations, MSK diseases and conditions can be investigated to determine disease-specific
characteristics (see Section 3). Furthermore, by testing patients at multiple time points, disease-specific
biomarkers can be determined which predispose patients to disease progression, giving insights
into disease aetiology (see Section 3). In the context of MSK rehabilitation using MSK modelling
and simulation tools, the precise load applied to MSK tissues during functional activities can be
estimated and compared to loading guidelines. Physical therapy or exercise regimes can then be
modified to provide optimal, patient-specific MSK loading to deliver the optimal regenerative response
(see Section 4). In addition to the investigation and optimisation of MSK loading, MSK modelling and
simulations can be employed in the design and optimisation of active prosthetics to improve motor
function. Likewise, critical parameters for pre-surgical planning procedures, implant and assistive
device design can be evaluated and their impact on post-intervention functionality evaluated in silico
(see Section 5). The applications introduced in this review have a strong emphasis on lower-limb joint
contact loading due to the high prevalence in literature and its widespread applications to various
MSK conditions. The third section of this review presents a discussion on modelling and simulation
considerations and a roadmap for the future integration of MSK modelling and simulations in clinical
practice. Indeed, despite clear integration pathways and advantages for clinical applications, the use of
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MSK modelling and simulations remains scarce in standard clinical practice. Poor integration is likely
multifactorial with barriers, including lack of easy point-of-care integration, specialist knowledge for
use and interpretation and, in some cases, lack of knowledge of the added benefits of MSK modelling
and simulations (see Section 8). Additionally, technical limitations exist regarding the accuracy of
simulation results, simplifications made within MSK models, and the often cost- and time-intensive
frameworks (see Section 7).
2. Model-Based Analysis of MSK Function
2.1. Model Structure
Musculoskeletal models are, at their core, a mathematical representation of the MSK system
(Figure 2). Here, we will describe the general structure of commonly used MSK models. On the
simplest level, models contain simplified representations of bones, connected by a series of joints
which are then actuated by muscle tendon units (MTU) typically represented as line actuators that
have force-producing properties.

Figure 2. Left: Example of generic full-body MSK model [1] detailing each model component.
Displayed are each of the bones, an example of an experimental marker set (pink dots), and the biceps
femoris long head, vastus medialis and medial gastrocnemius muscle tendon units. Right: Example of
a more complex model [2,3] with representations of ligaments and cartilage surfaces of the tibiofemoral
and patellofemoral joint.

Each bone of the skeletal system is represented as a rigid body with a geometry, a mass,
and inertial properties.
Joints connect two adjacent bodies and define their articulation (i.e., location and orientation of
joint axis around which the body moves) and permitted motions (i.e., degrees of freedom (DOF)).
Several different joint definitions are used within MSK models which differ in the number of DOFs
(i.e., movement directions). These range in complexity from allowing no movement (weld joint
e.g., fibrous joint between the tibia and fibula), permitting a single rotation (hinge joint, e.g.,
dorsi-/plantar-flexion of the ankle), allowing three rotations (complex ball and socket joint, e.g., hip),
all the way up to joints permitting three rotations and three translations (6 DOF joint, e.g., tibiofemoral).
Joint kinematics describe how bony and soft tissues limit joint movement (e.g., defining hip rotation
range of motion due to the hip capsule). As a result, the permitted range of motion of each DOF
is defined, representing these bony and soft tissues structure function, without explicitly modelling
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them. Some models introduce more complex joint definitions, (e.g., through kinematic coupling) which
relates an undetermined (i.e., difficult or impossible to measure) DOF to a measured DOF. A specific
example of this kinematic coupling is the patellofemoral joint [4]. Given the difficulties in reliably
tracking its movement with markers, patella movement is defined as a function of the knee angle
rather than based on measured marker positions.
Muscle tendon units span joints and actuate them by developing force along their line of action
(i.e., path). In MSK models, muscles and tendons are modelled as a combined unit, hence the term
muscle tendon unit. The path of each MTU is defined by an origin and insertion point, but also
the intermediate pathway can be specified to represent wrapping over soft tissue or bony structures.
This intermediate pathway can be defined using a combination of static or moving points, or analytical
surfaces [5]. The pathway determines the elongation of the muscle as a function of the joint movement
and by extension the moment arm [6]. The force-producing capacity of the MTU is modelled based
on a Hill-type model of muscle contraction [7]. This model describes generic curves describing force
generation of active and passive MTU components as a function of length and velocity, thereby capturing
the effects of length and contraction velocity on force generation. These generic force-generating
curves are made actuator specific by assigning MTU-specific parameters (e.g., maximal isometric force,
optimal fibre length, tendon slack length, pennation angle and maximal fibre contraction velocity) to
appropriately scale and tune the force-generating capacity.
These MSK models can then be used in combination with 3D experimental gait data
(i.e., marker positions, and ground reaction forces) to estimate biomechanical parameters during
dynamic function—for example, joint angles—but also muscle activations and forces ultimately
allowing calculation of joint contact forces. Such a workflow is referred to as an inverse modelling
workflow and consists of the following different steps (Figure 3).
2.2. Model Customisation
First, a customised MSK model needs to be generated. This is typically done by scaling a generic
model to match the subject’s gross anthropometry or by utilising subject-specific geometry obtained
from medical imaging.
Scaling of a generic model is performed with the aim of matching the gross anthropometry of a
subject. This process linearly scales each body (e.g., femur and pelvis) to match measured segment
lengths, anthropometric table values, or most commonly, experimentally acquired motion capture
marker positions [8–10]. Along with model geometry, other parameters including joint positions,
segment mass and inertia, and MTU pathways are also scaled.
Alternatively, personalised models can be used [11–15]. Using medical imaging segmentation,
bone and joint (i.e., cartilage and ligament) geometries and positions, and MTU pathways can
also be personalised [11,16,17]. Different types of medical imaging allow the inclusion of different
personalised parameters, for example, using computer tomography (CT) information regarding bone
geometry can be obtained, however for information regarding soft tissues (i.e., muscle, ligaments,
and cartilage) magnetic resonance imaging (MRI) is required. In the absence of complete medical
imaging segmentations, statistical shape modelling methods can be utilised to reconstruct complete
subject-specific geometry from incomplete data [16,18–20]—see Section 9. The use of 2D ultrasound (US)
can provide information regarding MTU parameters (e.g., tendon resting length), and combined with
motion capture (i.e., 3D US), information regarding MTU and bone geometry can be obtained [21–26].
The collection of muscle strength data, via dynamometry allows for the customisation of the maximal
force-generating capacity (i.e., maximal isometric force) of muscle groups. Further, these dynamometry
data can be used to further refine parameters within the previously mentioned Hill-type muscle
model [26–29]. Despite the vast number of parameters which can be personalised, the inclusion of the
above personalised parameters is uncommon and building fully subject-specific MSK models is rare
given the complexity of the additional data collection. Typically, a selection of these personalised data
is used to customise existing generic models.
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Figure 3. Left: A typical MSK modelling and simulation workflow where data collected in a motion
capture laboratory is combined with a MSK model, and modelling and simulation software. Right:
Examples of more advanced MSK modelling and simulation methods for creating personalised models
and calculation of cartilage on cartilage contact pressure, and ligament forces. Note: colour coding on
the boxes indicates the difficulty of performing each task, where green is simple and relatively routine;
orange are tasks which are feasible, but can be problematic in specific steps and sensitive to parameters;
and red is not impossible, but there are a number of difficulties and a lack of consensus on best practice,
making their use uncommon. All coloured boxes represent procedural steps, e.g., data collection and
simulation; “free text” represents data passed between procedures, and arrows indicate the flow of
data between procedures.

2.3. Inverse Kinematics
Once the MSK model has been customised (either through scaling or personalised methods),
3D marker positions acquired within a gait laboratory based on a motion capture system can be
used to estimate the joint angles, velocities and accelerations (i.e., joint kinematics) throughout the
movement (e.g., walking, running, stair climbing) using an inverse kinematics procedure. In such
procedures, the error between recorded marker positions and model marker positions is minimised by
varying the segment positions in accordance with the permitted DOFs (i.e., rotations or translations)
and imposed constraints [30,31]. The resulting analyses provide an estimated joint angle for each
model DOF, at each time point of the specified task. From these kinematic analyses, additional
parameters such as MTU length and moment arms can also be estimated. The force-generating
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capacity of the MTU can be calculated, accounting for its length and lengthening velocity, as derived
from joint kinematics. Combined with MTU moment arm information, the potential of the MTU to
induce segmental acceleration and therefore its contribution to the movement can then be evaluated
(i.e., the moment generating capacity of the MTU).
2.4. Inverse Dynamics
In a next step, model and estimated kinematics can then be combined with ground reaction forces
acquired via force plates to estimate the joint moments during the same movement. To estimate joint
moments at each joint, and each DOF, typically an inverse dynamics approach [32] is taken using a
classic mechanical formulation. The joint moments represent the resulting action in the joint and are
representative of the gross muscle action required during movement.
2.5. Muscle Activation and Force Estimation
Following inverse dynamics, individual muscle activations and forces can be estimated which
balance the joint moments. Muscle activations are typically estimated using optimisation-based
methods that use mathematical criteria to divide the required muscle forces at a joint between all
muscles spanning that specific joint. The summed muscle forces must satisfy the constraints of
the system (i.e., produce the required muscle moments to balance the joint moments subject to an
objective function). Typical objective functions used within the literature are the minimisation of
muscle activations to the nth, typically the second, power. Muscle activations and forces can be solved
using various optimisation approaches, most commonly static optimization [33–35]. More complex
implementations include dynamic optimisation [34,36–38] which can account for more complex
muscle tendon dynamics. Another method is computed muscle control [39,40] which couples static
optimisation with feedforward and feedback controls to approximate a set of desired kinematics
(e.g., from inverse kinematics) and simultaneously estimate both muscle activations and forces.
These optimisation methods can be supplemented with experimentally acquired electromyography
(EMG) data to constrain estimated muscle activations [41,42]. Calculated muscle activation and force
patterns allow researchers and clinicians to imply any changes in muscle function due to different
pathologies, or locomotion strategies.
2.6. Joint Contact Force Estimation
With knowledge of muscle forces, analyses of joint contact forces can be performed. Typically,
MSK models are rigid body models, meaning ligaments and cartilage surfaces are not considered.
The output of a typical joint level analysis is therefore an intersegmental contact force [43] considering
the joint reaction forces, muscle forces, and body velocities and accelerations. In contrast to finite
element analysis (FEA) that provides local tissue loading and deformation, joint contact forces are
representative of the overall joint loading given the effect of the forces through foot–ground contact,
and the effect of muscle forces. While these approaches give an appreciation for the forces between two
bodies, typically these are used as a surrogate for the true variables of interest, cartilage on cartilage
contact forces/pressures that can be calculated using more complex models (see below) or different
modelling techniques (i.e., FEA).
2.7. Complex Models and Modelling Approaches
More advanced models have been developed that include additional components, such as cartilage
and ligament surfaces [3,44], allowing the estimation of ligament strains, and forces, along with cartilage
on cartilage contact (Figure 3). Estimations of cartilage on cartilage contact has been performed, in MSK
models, typically using either an elastic foundation [3] or Hertzian contact model [45], where force
is estimated based on overlap or penetration of two surfaces. In addition to cartilage-level analysis,
these more complex models allow for ligament level analysis. The inclusion of ligaments in MSK
models allows for the estimation of ligament strain and subsequently forces from inverse kinematics

Appl. Sci. 2020, 10, 7255

7 of 22

analysis (i.e., due to changes in joint angle). Furthermore, estimates of ligament forces can be used in
the estimations of joint kinematics in complex six DOF joints. Such methods have been applied to
the knee joint [3] where estimations of joint kinematics are subject not only to the marker positions,
but also cartilage on cartilage contact and ligament forces. These complex MSK models, considering
both cartilage and ligaments, provide models and simulation results which can better represent in vivo
joint mechanics.
2.8. Forward Simulations
An alternate method to the inverse approach detailed above are forward simulation methods
which use muscle activations and the resulting muscle force to drive MSK models and subsequently
estimate the resulting kinematics and dynamics. As such these models allow users to establish a
causal relationship between the forces acting on the human body and the resulting movement, thereby
allowing an analysis of ‘what if’ scenarios. An extension of these forward simulations are predictive
simulations, which can be employed to generate novel movements without relying on experimental
data. Predictive simulations are typically used to identify muscle excitations and therefore movement
patterns that optimise a user-defined cost function (e.g., minimise joint contact forces, muscle fatigue,
etc.) subject to constraints describing, among others, the dynamics of the MSK system. These methods
exist stand-alone [46] but have also been integrated into existing software packages [47,48].
The following sections will detail specific examples of the use of MSK modelling and simulations
and detail pathways for integration into clinical practice. A majority of the detailed applications are
focused on lower-limb MSK loading due to the extensive available literature and its relevance to a
range of MSK conditions rather than a specific pathology. However, these methods can and have been
extending to other segments including the spine [49], upper limbs [50], and head–neck [51].
To conclude, parameters and analyses made available through the use of MSK models and
modelling provide valuable information that can be used for not only research studies on clinical
populations, but also enhancing clinical treatment pathways, as described below. Indeed, MSK models
combined with the tools and methods described above allow detailed analyses of muscle and joint
contact forces, in addition to joint angle and moment analysis that most clinical practice software
(e.g., Vicon Plug-in-gait (Vicon Motion Systems, Oxford, UK)) provide. Facilitating the adoption of
these models are a number of software packages, both commercial (e.g., AnyBody [52]) and open
source (e.g., OpenSim [53,54]). Both modelling and simulation platforms are typically released with
different generic models and are supported by a combination of dedicated developers and their
respective research community. The provision of predictive simulation techniques was just recently
facilitated through the extension of commonly used software (i.e., OpenSim) to include these predictive
simulations as a standard tool [47,48].
3. Role of Musculoskeletal Models in Disease Prevention and Patient Stratification
The use of MSK modelling and simulations in cross sectional studies (i.e., single time point) can
provide valuable information into disease states and biomarkers (e.g., joint contact forces) that cannot
be (easily) measured in vivo. For example, MSK modelling and simulation methods have been applied
to patients who have undergone knee ligament reconstructions [55] who are at an elevated risk of
osteoarthritis (OA) development. This was previously thought to be driven by higher joint contact
forces following reconstructive surgery, it was shown, utilising MSK modelling and simulations,
that these patients exhibit lower joint contact forces. This suggests that lower knee joint contact forces,
instead of higher, play an important role in OA development. Likewise, others [56] were unable
to indicate significant differences in knee joint contact forces in subjects with focal cartilage defects,
following traumatic injury. Based on this insight, the magnitude of joint contact forces may be used as
a biomarker to monitor disease development in this specific population. These biomarkers can then
inform targeted rehabilitation, be used as model-based outcome measures, and as early warning signs
or detectors for developing diseases which do not present in typical clinical tests or static medical
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imaging modalities. Likewise, the use of MSK modelling and simulations enables researchers to
determine differences in the role of altered mechanical joint environment in OA at different lower-limb
joints (i.e., knee vs. hip OA). For example, during gait, joint contact forces in the involved joint is
elevated in knee OA [57], whereas elevated joint (i.e., hip) contact forces are not present in hip OA
patients [58,59].
Although MSK modelling and simulations are highly valuable in investigating MSK diseases,
a potentially more powerful use is in preventing and slowing the progression of different MSK
conditions. In this respect, MSK models can be employed within longitudinal trials to study changes in
joint contact loading over time [60] (Figure 4). These longitudinal studies allow researchers/clinicians
to identify patients who do and do not develop/progress with respect to a specific MSK condition.
Examining parameters such as joint moments and in particular joint contact forces would allow
researchers/clinicians to identify potentially modifiable parameters to slow disease progression.
These biomarkers can then be targeted in rehabilitation such as gait retraining to reduce the likelihood
Appl. Sci. 2020, 10, 7255
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4. Role of Musculoskeletal Models in Rehabilitation
4. Role of Musculoskeletal Models in Rehabilitation
Along with investigating MSK disease state, and aetiology, MSK modelling and simulations can
Along with investigating MSK disease state, and aetiology, MSK modelling and simulations can
provide benefits relating to MSK rehabilitation. Rehabilitation is typically aimed at restoring muscle
provide benefits relating to MSK rehabilitation. Rehabilitation is typically aimed at restoring muscle
strength, joint stability, or joint loading to a typical or pre-injury state. Prescription of rehabilitation is
strength, joint stability, or joint loading to a typical or pre-injury state. Prescription of rehabilitation
is typically based on general guidelines and are not highly tailored to individual patients. It is in this
generic prescription where MSK modelling and simulations can enhance the rehabilitation pathway
and decision making. By investigating MSK loading during various rehabilitation exercises and
determining the load applied to specific tissues, exercise dosage can be tailored to achieve the optimal
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typically based on general guidelines and are not highly tailored to individual patients. It is in this
generic prescription where MSK modelling and simulations can enhance the rehabilitation pathway
and decision making. By investigating MSK loading during various rehabilitation exercises and
determining the load applied to specific tissues, exercise dosage can be tailored to achieve the optimal
loading and inform rehabilitation progression [61,62]. Previous research [63] in this area has provided
insights into the magnitudes and locations of knee joint loading during different rehabilitation exercises
(Figure 5). This information can be particularly useful to personalise the prescribed exercises based
on injury location and rehabilitation stage. Utilising the disease biomarkers mentioned previously,
the effectiveness of different rehabilitation programs can also be assessed in terms of restoration of
typical joint loading or effect on a targeted biomarker. In addition to the investigation and refinement
of current clinical guidelines, MSK modelling and simulations can be employed to, for instance,
evaluate the effectiveness of new rehabilitation exercises to restore appropriate loading. For example,
based on MSK modelling and simulations input, a ranking of exercise regimes was proposed to prevent
femoral neck bone loss in females at risk of osteoporosis [64,65]. Using MSK modelling and simulations,
compensatory movement strategies to lower knee joint contact forces in patients with knee OA during
stair climbing could be identified [57]. These insights may assist clinicians in providing guidelines for
rehabilitation of patients to potentially avoid further progression and joint degeneration.

Figure 5. Average tibiofemoral joint contact forces for a range of different functional and rehabilitation tasks [63].

This is even more clear in the field of gait retraining, where the therapist instructs the patient to
modify their walking pattern in an attempt to alter the loading on a specific MSK tissue, typically
cartilage. These retraining methods have been initially applied to patients with OA whereby specific
kinematic gait features (e.g., toe position, trunk lean) are modified to reduce the moments around
the knee [66–71] or hip joint [72]. Similar to rehabilitation exercises, these gait retraining goals are
based on generic guidelines and the effect on the MSK loading in the individual patient is typically
not verified. Over the last decade, the optimisation of MSK modelling and simulation frameworks
has driven the development of real-time feedback tools for gait retraining [73–76]. These tools allow
clinicians to monitor gait patterns and estimate joint moments in real-time to assess their adherence
to the prescribed gait strategy but also to evaluate its effect on MSK loading. Although the testing
of different gait strategies can be performed based on experimentally acquired data of the patient’s
gait, newly developed predictive simulations have been employed to test the effect of an imposed
gait strategy on MSK loading without the need for repetitive and time consuming in-person patient
assessments. The effect on various MSK tissues can then be investigated to determine if the gait
strategy is a viable rehabilitation option. If further developed, this may provide not only optimised
treatment planning and likely improved rehabilitation, but also significant time and cost savings for
both the patient and clinician. In conclusion, incorporation of MSK modelling and simulations in the
evaluation of rehabilitation programs can provide a critical evaluation of the MSK effect of current and
proposed rehabilitation strategies and can thus be used to determine if a long term effect of a dedicated
program is warranted. Such investigatory studies are currently not standard practice, however the use
of MSK modelling approaches to evaluate relevant parameters (i.e., joint contact loading) should be
considered for future research.
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5. Role of Musculoskeletal Models in Pre-Surgical Planning, and Implant and Assistive
Device Design
Previously mentioned clinical treatment applications were primarily focused on physical therapy
and rehabilitation, however MSK modelling and simulation applications also extend to orthopaedics.
The testing of joint implants has long been performed in the engineering field to improve patient
satisfaction, implant lifespan and design, and post-surgical functionality. Implant testing is now often
performed using standardised loading procedures, but in the future the use of in silico approaches,
performing virtual implant testing will become part of the standard design and testing process
enabled and enhanced by MSK modelling and simulations. Using MSK modelling and simulations,
population-based or even patient-specific loading parameters (i.e., magnitude and orientation) can
be used to perform in silico implant testing, as well as expand on current experimental testing rig
protocols. The inclusion of physiological loading data is highly relevant and the logical next step
especially in implants which were designed using patient-specific data [77–83]. Another factor also
related to the one-size-fits-all design of custom implants, MSK can help in providing guidance to
the physical design or alignment of implant components (e.g., femoral head and acetabulum cup
positioning—femoral neck off set). Previous studies [84], albeit in native knees, has illustrated the
coupling between tibial alignment and knee joint contact force magnitude and location, as well
as ligament strains. These insights, in addition to illustrating the importance of tibial component
alignment, may serve as guidelines for component alignment during surgery, especially given the
importance on soft tissue balancing. Similarly, these assessments have been performed in total knee
joint replacements [85–87], investigating the relationship between component alignment and loading
parameters (i.e., component stress). Furthermore, using MSK modelling and simulations, identification
of gait kinematics which increase the risk of edge loading following total hip replacement could be
determined, thereby identifying movement patterns to be corrected during the post-operative phase [72].
Using MSK modelling and simulation workflows, it is already feasible to study the interaction between
patient gait characteristics, implant type, and surgical approach, allowing surgeons to optimally tune
the surgical intervention based on function rather than patient geometrical features [88]. Ultimately,
both design (i.e., sizing, component radius) and alignment (i.e., stem alignment and head angle)
parameters can be assessed in silico to design patient-specific implants based on the previously described
predictive simulations. This would allow fully optimised post-operative functionality not only at the
level of implant loading, but also at the level of gait kinematics and maybe, one day, energy expenditure.
Similar design optimisation (i.e., arch size, location, and manufacturing material) can be applied
to shoe insoles to study the effect of variables such as joint contact forces and plantar pressures [89–93]
and, more recently, in the optimised design of insoles [94]. This approach is highly relevant in the area
of diabetic foot care, where individual insole design is key in preventing foot ulcer formation [89,95].
Further, MSK modelling and simulations can be used in the optimisation of assistive devices
(Figure 6) and exoskeletons. In addition to the design parameters discussed previously, control of
active components (i.e., motor torques) in these devices can be optimised using MSK models and
simulations [94,96–99]. With respect to exoskeletons, the use of predictive simulations can be used to
optimise control strategy (e.g., for balance control or evaluation of comfort based on contact pressure
evaluation [100,101]).

[89,95]. Further, MSK modelling and simulations can be used in the optimisation of assistive devices
(Figure 6) and exoskeletons. In addition to the design parameters discussed previously, control of
active components (i.e., motor torques) in these devices can be optimised using MSK models and
simulations [94,96–99]. With respect to exoskeletons, the use of predictive simulations can be used to
optimise control strategy (e.g., for balance control or evaluation of comfort based on contact pressure
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Figure 6. Example of a MSK model implemented in OpenSim which includes a model of a transtibial
Figure 6. Example
of a MSK model implemented in OpenSim which includes a model of a transtibial
prosthetic
device [102].
prosthetic device [102].
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modelled marker trajectories, and assessment of residual forces following inverse dynamics [103].
More advanced validation steps include comparing estimated muscle activations to acquired EMG data
to illustrate muscle on–off timings and muscle activation magnitudes. These comparisons are done
using correlations where current methods show correlations ranging from 0.46–0.99 [104]. Along with
these stand-alone validation steps, some initiatives have provided validation data sets for joint contact
forces and joint kinematics derived from instrumented endoprosthesis [105–108]. Using these validation
datasets, estimation of joint contact loading magnitude within 0.1–0.5 [3,109] and 0.5–1.0 [110,111] body
weights for the knee and hip joints, respectively, have been reported. These studies, although showing
good agreement with validation data, cannot be carried out for each subject in large cohort studies.
A number of studies using these datasets have already provided not only confidence in the modelling
and simulation approaches but important methodological advances and consideration [109,112,113].
With such datasets available, and becoming more common, the refinement of methods, and the validity
of simulations will continue to improve.
7. Modelling and Simulation Assumptions
Although MSK models provide the opportunity to investigate various pathologies and in vivo
parameters, just as important as their strengths, limitations are present and must be considered.
These limitations relate to both modelling and simulation assumptions and implementations.
A commonly criticised assumption within MSK models is their simplified representation of
MTU parameters, and the activation/force estimations. This stems from two origins, first the
generic MTU parameters being estimated from cadavers. To partially overcome this, numerous
calibration and optimisation techniques have been proposed [41,113–118] and implemented to produce
a set of MTU parameters which are likely more accurate than those in generic estimates. Second,
the previously mentioned optimisation methods, although providing a set of forces and activations
which balance the MSK system, may not accurately represent various features including antagonistic
muscle contraction, and muscle spasticity in specific pathologies such as cerebral palsy. With respect
to muscle activations, estimates can be improved by using experimentally acquired EMG [113,119].
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Additionally, further processing and pathology-specific procedures have been developed to better
represent known differences in muscle function [118]. The sensitivity of simulations to differences in
MTU parameters and optimization method have shown variations in estimated hip joint contact force
from 2.5 body weights to 5.4 body weights [111].
Along with these MTU related assumptions, simplified representations of anatomy may affect
simulation result accuracy. For the lower limbs, the ankle–foot is often represented with a single
plantar-/dorsi-flexion DOF despite the numerous joints and DOF present in vivo. This simplification
has implications when calculating model parameters [120]. Additionally, the tibiofemoral joint is often
represented as a single DOF hinge joint where kinematic constraints are often used for the remaining
DOFs. To overcome these joint model simplifications a number of methods have been proposed to
more accurately represent in vivo joint motions [121–126]. These simplifications also exist in the upper
body where the torso is typically represented as a single unit without muscles and highly simplified
articulation not representative for the complexity of spinal movement [49].
8. Barriers for Clinical Implementation
The adoption of MSK models, modelling, and simulations into clinical research and practice is
hindered by additional barriers, independent of the above modelling and simulation assumptions.
The first barrier is knowledge of the benefits of MSK modelling and simulations within clinical practice
and the added value and information they can provide. Although within research fields and journals
advancements are well documented, transfer of knowledge to relevant clinical partners is often scarce.
As such, clinicians may be unaware of cases where MSK models can provide fast and reliable answers
to clinically relevant questions. Therefore, there is a clear need for education of the various applications.
Along with education, simple implementation of complicated workflows should be developed
and made available to clinicians. These workflows should be able to provide the desired parameters
(e.g., joint moments, joint contact forces) without the need to execute complete time-consuming
workflows. Such approaches [127,128] have been implemented for simple applications where
gastrocnemii and gastrocnemius muscle lengths are estimated using MSK modelling and simulation
outputs as reference and clinically feasible measures (i.e., kinematics). Additionally, specific clinically
orientated software has been developed for the analysis of gait [129] where simplified approaches
have been used, with previous research showing similar accuracy to more complex research driven
software [130]. However, the extension of similar interfaces to estimate more complex parameters
remain largely unavailable, although some progress is being made in the area of pre-operative planning
in cerebral palsy [131]. Along with these easy to use applications, training for both data collection
and simulation workflows is imperative for clinical implementation. Additionally, training and
simplification of workflow output, will ensure simulation results can be implemented in clinical
practice with minimal burden. To ensure MSK simulations are valid and reliable, standardisation
of both models and methods is required. A number of different models and frameworks are used
throughout research to address different questions; however, to allow comparison of simulation result
both between patients and time points, standardisation of modelling frameworks is imperative.
9. Roadmap for Future Transfer of MSK Modelling and Simulations into Clinics
The final section of this review provides a roadmap for future applications, developments,
and improvements to current MSK modelling and simulation workflows. Several application fields
are quickly evolving and will likely provide a next generation of treatment pathways, which build
on current applications. Specifically, surgical related applications, both in the design of prosthetics
and surgical technique optimisation. Personalised representations of patients, coupled with different
implant/prosthetics designs allow for virtual device testing (i.e., loading of the implant/prosthetics).
These virtual testing can be performed using a combination of pre-surgical data and predictive
simulations. Utilising these predictive simulations further, the effect of different surgical techniques
(e.g., femoral de-rotation, tendon transfer) can be refined to achieve the optimal treatment outcomes.
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If these MSK modelling and simulation methods are to be extended to those requiring surgery,
accuracy in modelling not only otherwise healthy individuals but those with pathologies is imperative.
A specific challenge is appropriately modelling those with motor impairment, and MSK disorders.
These may relate to altered muscle activation strategies, bony deformities, or altered MTU characteristics
(e.g., muscle weakness). Many of these applications, particularly surgical planning, hinge on highly
personalised representation of the MSK system, specifically through subject-specific MSK models.
Despite a number of researchers and groups developing these subject-specific models and
modelling platforms, their use especially in clinical research is scarce. This is due to the large amount
of data which is required to build these models, along with the cost and time burden to collect this
data. Simplification of this personalisation process is required if these models, and applications are
to be realised. With respect to anatomical data (i.e., bone segmentations), the use of incomplete
or sparse data to synthesize full data is a promising pathway. To this end, the use of statistical
shape models (representative of the average shape of a specific population) and associated principal
components (describing the shape and size variation) is becoming more common. These methods can
use either incomplete segmentations [18,19,132] or a motion capture trial [18,133,134] to reconstruct
personalised lower-limb geometries and assemble them into a MSK model. While becoming more
common, the application of similar methods to other MSK tissues (muscles, ligaments, and cartilages)
would allow for the generation of fully personalised MSK models from low-fidelity clinically feasible
data. An alternative approach here is the use of population-based modelling approaches to evaluate
model predictions for a range of parameters rather than aiming to accurately represent the individual
patient [135,136].
Along with the need to use low-fidelity data to create these models, low-fidelity data for executing
these workflows is also required. For example, reducing the need for 3D motion capture, force plate,
and EMG data will facilitate the use of MSK models in clinical practice. Using inertia measurement units
(IMUs) combined with machine learning and artificial intelligence methods, joint angles, moments,
and joint contact forces [137–143] can be estimated in standard clinical practice. These machine learning
methods have also been applied to estimate gait speed, cadence, knee flexion angle, and common
gait impairment metrics using 2D video [144]. Joint kinematics estimated using such methods could
potentially serve as low-fidelity inputs into the previously discussed MSK modelling frameworks.
These machine learning methods, combined with low-fidelity data (e.g., IMU, 2D video) will likely
provide the most practical clinically feasible assessment of gait. Likewise, collection of a subset of
muscle activity may be sufficient to provide an estimated of the muscle coordination strategy without
the need of collecting a large number of EMG channel. These data can then be used to improve
estimates of muscle forces and activations. Similar to the previously mentioned statistical shape
modelling methods, using a subset of collected EMG, muscle activations can be reconstructed through
the use of muscle synergy methods [145–149]. However, the use of these low-fidelity data methods,
combined with simplified MSK modelling for simulation purposes still needs to be further explored in
a research context prior to its adoption in clinics.
In this respect, the adoption of low-fidelity input data for both model creation and execution
should however be carefully coupled with both uncertainty and sensitivity analyses to evaluate the
set of parameters that have a large effect on simulation results, and as such should be accurately
defined. Conversely parameters which have little effect on simulation results can be defined using
low-fidelity and less accurate methods, hence reducing the data collection burden. Such analyses have
already been performed showing the influence of mass and inertial properties [150]. joint location
estimations [123,150], bone–joint geometry and alignment [84,151], muscle parameters [38,152,153],
and muscle redundancy formulation [111] on various simulation results including joint moments,
muscle force estimates, and joint contact forces. Despite these previous studies, these forms of sensitivity
and uncertainty analyses have not been systematically completed on a single dataset, meaning the
ranking of these parameters, in terms of simulation sensitivity is difficult to interpret. Additionally,
previous research has typically investigated the effect on a single or limited simulation results. As the
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importance of a specific parameter is likely dependent on the output of interest, extensive sensitivity
analysis on an output by output basis will provide the ideal balance between data collection burden
and simulation validity.
In conclusion, the integration of clinically collected data (i.e., 3D motion capture) with MSK models
can provide estimates of numerous clinically relevant parameter related to MSK loading which cannot
be estimated using commercially available clinical gait analysis suites. Estimates of these biomarkers
can enhance several clinical treatment pathways including rehabilitation, patient stratification,
and disease aetiology investigation. Additionally, optimisation of endoprosthesis, prosthetics, assistive
devices, and exoskeletons design and controls can be performed using novel predictive simulations.
Although numerous clinical applications exist, the adoption of these models and methods are not
common, hindered by the specialist knowledge requirements for the execution of workflows and
interpretation of results. A specific focus should be increasing the access and useability for non-expert
users. This should be accompanied by information regarding appropriate data collection to ensure
quality simulation results. Simulation result reports, which give the clinician and patient easy to
interpret answers to clinically relevant questions, should be made a priority if these modelling and
simulation methods are to be widely adopted. Further integration of MSK modelling and simulations
as a clinical tool cannot be achieved by MSK modelling and simulation experts alone, but requires
an effort from an interdisciplinary team including modelling and simulation experts and clinicians
in order to adequately balance the clinical expectations with the constraints of the modelling and
simulation approaches and clinically feasible data.
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