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Abstract
This thesis aims to enhance the accuracy, reliability, and accessibility of estimating
intervertebral forces during lifting/lowering tasks, with implications for improving back health in
diverse settings, including workplaces. Four musculoskeletal multibody modelling studies using

OpenSim were conducted to achieve these objectives.

First, a novel Stability-Constrained Static Optimization framework (SCSO) was developed
for OpenSim to improve reliability in estimating spinal loads during static lifting tasks. The muscle
activities predicted by the SCSO framework demonstrated closer agreement with
electromyography data compared to those obtained by the default optimization solver in OpenSim,

making it more suitable for estimating muscle forces and spinal joint loads during static tasks.

Next, the impact of five approaches for modelling hand-mass interaction on estimated
spinal joint loads during dynamic lifting tasks was evaluated. Results indicated substantial

differences in predicted spinal loads, particularly with increasing movement speed.

A new fully articulated thoracolumbar spine (FATLS) model was developed for Studies 3
and 4. Study 3 assessed techniques for normalizing spinal forces, aiming to remove body weight
variation effects on spinal force estimates. The discussions of this study facilitated better result

comparisons against experimental data in the final study.

The newly developed FATLS model’s estimation of spinal forces was validated against
experimental data during dynamic lifting/lowering tasks in Study 4. The results of Study 4
demonstrated accurate capture of changes in maximum forces across various dynamic lifting tasks

as well as effectively predicting time-varying spinal forces using the FATLS model.

Xi



Key recommendations of the present thesis include using the FATLS model for estimating
intervertebral forces during lifting tasks due to its high biofidelity, accessibility, and validation to
a greater extent than previous models. Additionally, employing the SCSO framework is advised
for estimating muscle activation patterns during static lifting tasks. Lastly, it is suggested to report
uncertainty of spinal force estimates associated with the employed modelling approach for external

hand forces and moments.

Adhering to these recommendations can empower researchers and practitioners in
occupational biomechanics, enabling more effective use of musculoskeletal modelling and

contributing to improved back health.
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Chapter 1: General Introduction
1.1 Work-Related Musculoskeletal Disorders of the Spine
Work-related musculoskeletal disorders (WMSDs), and more specifically back disorders,
are highly prevalent and represent a major worldwide health problem (Bonfiglioli et al., 2022;
Cieza et al., 2020). For instance, WMSDs accounted for 29-35% and 50% of all occupational
injuries and illnesses causing absence from work in the United States and Europe, respectively
(Bevan, 2015; Bhattacharya, 2014). Based on Workplace Safety and Insurance Board reports, the

total cost of work-related back disorders in 2021 was more than $90 million in Ontario alone.

The risk factors in the etiology of WMSDs can be characterized into three broad categories:
1) physical and biomechanical (e.g., inappropriate postures and repetitive movements), 2)
psychosocial (e.g., low social support and stressful work), and 3) individual (e.g., gender and age)
(Afsharian et al., 2023). These risk factors separately or through their interactions may lead to the
development of WMSDs (Hernandez and Peterson, 2012). The present thesis is focusing on the
physical and biomechanical aspect in the etiology of work-related back disorders. Injuries due to
manual lifting play a major role in the etiology of back disorders, where statistical findings suggest
about half of all back pain is related to manual lifting tasks (Ahmad and Muzammil, 2023).
Therefore, more specifically, this thesis examines a specific aspect (i.e., biomechanical factors) of
the etiology of work-related back disorders during lifting/lowering tasks, which paves the way for

improving back health in workplaces.

1.2 Biomechanical Perspectives on Back Injuries
When investigating the risk of injuries from a biomechanical perspective, the assessment
focuses on whether the internal loads on affected tissues exceed their internal tolerances. The term

‘load’ can refer to physical stresses with kinetic, kinematic, oscillatory, or thermal energy sources
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(Radwin et al., 2002). In this thesis, the term ‘internal loads’ specifically refers to physical stresses
with Kinetic sources. Tissue failure or damage, which may result in pain, discomfort, impairment,
and possibly disability, can be due to acute or repetitive loading (Kumar, 1994). In an acute trauma,
a single identifiable event causes the internal loads to exceed tissue tolerance. In a cumulative
trauma, repetitive loading (such as repeated exposures or exposures of sufficiently long duration)
reduces the tissue’s tolerance to the point where previously acceptable loads can now result in
injury (Kumar, 1990; Potvin, 2008; Radwin et al., 2002). Therefore, determining internal loads is

necessary for the biomechanical investigation of work-related back injuries.

Intervertebral loads have been measured in vivo by inserting needles equipped with
pressure transducer tips into the intervertebral discs (Polga et al., 2004; Schultz et al., 1982; Wilke
et al., 2001), or by inserting instrumented implants into patients who had received vertebral body
replacement (Rohlmann et al., 2013). Due to the invasiveness associated with direct measurement
of intervertebral loads, computational biomechanical models have been widely used to estimate
intervertebral loads for various applications, including occupational biomechanics. These models
aim to apply mechanical principles to analyze biological tissues, specifically the human spine in
this thesis, and find the solution to mathematical equations that incorporate the geometry, physical

attributes, and biomechanical properties of the modelled structure.

1.3 Computational Modelling of the Spine

Numerous computational models of the spine, varying in complexity, have been developed
and used to estimate intervertebral forces during lifting/lowering tasks (Alizadeh et al., 2020;
Bassani and Galbusera, 2018; Dreischarf et al., 2016; Lerchl et al., 2023). These models can be
differentiated from each other based on various factors, including i) the biomechanical modelling

approach (e.g., multibody vs. finite element models), ii) the motion-solving approach (e.g., inverse
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vs. forward dynamics), iii) the constitutive elements of the model (e.g., properties and numbers of
body segments, muscles, and ligaments), iv) the extent to which these models were validated, and
v) the musculoskeletal modelling tool used for the simulation. All studies in the present thesis are
focusing on estimating intervertebral forces using multibody dynamics—based musculoskeletal
models along with inverse dynamic analyses in OpenSim. The rationale for this concentration will

be briefly reviewed as follows.

In classic musculoskeletal multibody modelling of the spine, vertebral bones are idealized
as rigid bodies (segments), and intervertebral discs are represented as mechanical joints (e.g.,
spherical joints), which restrict the relative motion between segments (Simeon, 2013). Muscles are
modelled as actuators, and depending on the model complexity, additional mechanical elements
such as springs, dampers, and bushings might be employed to simulate ligaments and other
connective tissues (Bassani and Galbusera, 2018). Multibody modelling is well-suited for
investigating macroscopic biomechanics and addressing fundamental questions regarding human
motion (Stops et al., 2012). However, to gain insight into the microstructural, nonlinear material
properties of tissues, and complex deformations of intervertebral discs, finite element models offer
greater suitability. Finite element models discretize the domain into finite sub-domains or
elements, based on continuum mechanics. Therefore, these models can analyze strain and stress
distributions within different components of the spine, providing valuable information on
phenomena such as remodelling, degradation, failure, and multi-physics couplings (Schmidt et al.,
2013). While finite element models offer detailed insights, they are computationally demanding
due to their higher level of complexity. Therefore, in the context of analyzing intervertebral loads

at a holistic level, multibody modelling is more appropriate for the studies in this thesis. Its



simplified representation allows for efficient analysis and aligns with the research objectives of

understanding intervertebral loads within a broader context.

Multibody spine models have been developed using various tools, including in-house codes
as well as commercial and open-source software packages. The commercial software packages
include, but are not limited to, AnyBody (AnyBody Technology, Aalborg, Denmark), ADAMS
(Hexagon AB, Newport Beach, United States), SIMM (Musculographics Inc., Santa Rosa, United
States), SIMPACK (Dassault systémes, France), RECURDYN™ (Function Bay Inc., Seongnam,
Korea), and LifeMOD™ (LifeModeler Inc., San Clemente, United States). The two notable open-
source software packages utilized in the development of multibody spine models are OpenSim
(SimTK, Stanford, United States) and ArtiSynth (University of British Columbia, Vancouver,
Canada). OpenSim (Delp et al., 2007) is the most widely used multibody musculoskeletal
modelling platform, offering a comprehensive set of extensible tools and libraries designed for
musculoskeletal modelling and simulation (Seth et al.,, 2018). Considering the versatility,
reliability, and extensive documentation of OpenSim, as well as its widespread adoption in the
field of biomechanics, it was selected as the primary software platform for all the studies conducted

in this thesis.

In multibody modelling, the motion of constrained bodies and the forces acting on them
are described using equations derived from Newton’s second law. These equations can be solved
using inverse or forward dynamics approaches. In inverse dynamics simulations, internal forces
and moments (e.g., muscle forces and moments) are calculated based on known (measured or
estimated) movements and external forces (Otten, 2003). On the other hand, in the forward
dynamics motion-solving approach, internal forces and moments are first derived without

assuming known kinematics, and then the motion is calculated from the known internal forces and
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moments (Otten, 2003). The overarching purpose of this thesis is to provide insights into the safety
of lifting/lowering tasks by estimating intervertebral loads based on known movements and
external forces, thus requiring a descriptive motion-solving approach rather than a predictive one.

Therefore, the modelling studies in this thesis focus on inverse dynamics analysis.

In the inverse dynamics motion-solving approach, the calculation of net external forces and
torques at each joint becomes possible once the kinematic data and known external forces and
moments are available. The subsequent step involves computing muscle forces using dynamic
equilibrium equations, enabling the determination of intervertebral forces that represent the
internal loads borne by the joint structure. However, it is essential to note that biofidelic spine
models pose a challenge, as the number of unknown muscle forces exceeds the available
equilibrium equations, resulting in a highly redundant muscle recruitment problem. To address
this redundancy, various methods can be employed, including mathematical optimization,
electromyography (EMG), or hybrid approaches. EMG and hybrid approaches, by leveraging
EMG signals, possess a physiological foundation that accounts for inter- and intra-subject
variability, potentially enabling a more comprehensive capture of various patterns of agonistic
synergy and antagonistic co-contraction in solving the muscle recruitment problem compared to
optimization-based models (Banks et al., 2022; Gagnon et al., 2001). However, optimization-based
models are commonly utilized in spine modelling due to limitations associated with EMG, such as
numerous assumptions related to cross-talk issues (recording nearby muscle activity) and the
challenge of determining appropriate gains for muscles to satisfy equilibrium equations
(Dreischarf et al., 2016; Lerchl et al., 2023). Hence, this thesis employed mathematical
optimization in all studies to solve for muscle forces, making it a more ecologically suitable choice

for applications outside of laboratory settings, such as in workplaces.



1.4 Thesis Statement

The global objective of this thesis is to estimate intervertebral forces during lifting and
lowering tasks with improved accuracy, reliability, and accessibility compared to previous studies.
Achieving this goal ultimately enhances our knowledge of identifying hazardous lifting and
lowering conditions in workplaces and enables the design of new ergonomic interventions to
reduce the risk of occupational back injuries. This overarching objective was achieved through the

execution of the following four studies.

1.5 Study 1

The common optimization-based models used in musculoskeletal modelling software
packages, including OpenSim, have a major shortcoming: they do not account for the realistic
activations of antagonist muscles (Bassani and Galbusera, 2018; Le et al., 2017; Lerchl et al.,
2023). This limitation arises from the optimization goal of minimizing a cost function which avoids
increasing the joint demand, thus disregarding the co-contraction of antagonist muscles.
Consequently, the muscle activation patterns assessed by common optimization-based models may
not accurately reflect reality, thereby limiting the accurate prediction of intervertebral forces.
Recognizing this inherent limitation, a few studies have tackled this issue by incorporating
mechanical joint stability as an additional constraint in their in-house codes and captured more
realistic muscle activation patterns during static tasks (Hajihosseinali et al., 2014). In line with
these efforts, Study 1 presents an open-source framework which incorporates stability constraints
within the default optimization solver in OpenSim. This framework is designed to be generalizable

to a wide range of OpenSim models, regardless of their complexity.



1.6 Study 2

While Study 1 made significant advancements in predicting the synergy of antagonist and
agonist muscle activations during static and quasi-static tasks, the validation of spinal forces
estimated by the previously developed models during such tasks has generally demonstrated good
agreement with experimental data (Bayoglu et al., 2017; Bruno et al., 2015). On the other hand,
the importance of analysis of dynamic lifting tasks and its substantial influence on spinal forces
are well understood (Fathallah et al., 1998; McGill and Norman, 1985). For instance, it has been
shown that the risk of back injuries considerably increases with greater trunk velocities (Bazrgari
et al., 2008; Marras et al., 1995). Nevertheless, few validation efforts have been conducted on
spine models in the context of dynamic lifting/lowering tasks. Therefore, presenting and validating
a spine model to a greater extent during dynamic lifting/lowering tasks will enhance the practical

impact and applicability of the model.

The forces and moments that interact between the lifted mass and the hands, referred to as
external hand forces and moments (EHF&M), play a critical role in estimating intervertebral forces
as they are known quantities in the dynamic equilibrium problem within the inverse dynamics
simulation workflow. In spine-modelling studies, two common approaches are used to model
EHF&M during dynamic lifting tasks: considering them as static loads (i.e., applying gravity-
oriented loads to the hands) or increasing the mass of the hands themselves. However, these
common approaches greatly simplify the effect of EHF&M during dynamic lifting tasks, and the
effect of these simplifications on the estimated intervertebral loads have not been investigated.
Study 2 of this thesis introduces and thoroughly discusses five approaches (i.e., the two common
approaches and three other proposed approaches) to model the interaction between the lifted mass

and the hands during two-handed lifting tasks. Additionally, Study 2 is the first investigation that



explores the impact of different modelling decisions for hand-mass interaction on the estimated

spinal joint loads.

1.7 Study 3

As stated earlier, numerous computational models of the spine have been developed,
greatly contributing to our knowledge of spine biomechanics. However, the main goal of this thesis
is to build upon the strengths of previous spine modelling studies while addressing their important
limitations in modelling and validation. To address the modelling limitations, a new model was
developed by enhancing a previously developed fully articulated thoracolumbar spine model in
OpenSim. During the validation of estimated intervertebral forces by the new model in dynamic
lifting tasks, it became apparent that to account for anthropometric differences, previous studies
often divided spinal forces by body weight or by intervertebral loads during a neutral, unloaded
standing posture. However, it has been recognized in the literature that these normalization
techniques may not be adequate for other kinetic variables or tasks, such as ground reaction forces
in walking (Stickley et al., 2018; Wannop et al., 2012). Therefore, Study 3 was conducted to
investigate, for the first time, the effectiveness of four techniques for normalizing spinal forces

and removing the effect of body weight.

1.8 Study 4

Building upon the developed methods and findings in Studies 2 and 3, Study 4 serves two
main purposes. Firstly, it aims to validate the new model across a broader range of dynamic
lifting/lowering tasks compared to previous spine musculoskeletal models. Secondly, it seeks to
investigate the accuracy of the resulting spinal forces using each EHF&M approach. Ultimately,
the author hopes that the findings from this thesis will pave the way towards achieving a consensus

on the most suitable multibody model for estimating intervertebral loads during lifting/lowering
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tasks, enabling the more effective use of musculoskeletal modelling in practice, and more
specifically with occupational biomechanics. Therefore, all models and coding scripts are made
freely available on our SimTK pages: https://simtk.org/projects/handloadinterac and

https://simtk.org/projects/stab-so.
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Chapter 2: Literature Review

2.1 Work-Related Musculoskeletal Disorders of the Spine

Vos et al. (2020) conducted a comprehensive assessment of disease incidence, prevalence,
and several other population health metrics, covering 369 diseases and injuries across 204
countries and territories from 1990 to 2019. Using data from this extensive global burden study,
Cieza and colleagues (2020) identified and analyzed 25 health conditions characterized by high
prevalence, substantial disability burdens, and the potential for rehabilitation intervention during
the course of the disease. Among these conditions, musculoskeletal disorders were identified as
the most prevalent, affecting approximately 1.71 billion individuals out of a total of 2.45 billion
worldwide. Musculoskeletal disorders encompass a range of injuries, including sprains, strains,
and tears of muscles, tendons, ligaments, and damage to joints and bones (Bonfiglioli et al., 2022).
In Canada, musculoskeletal disorders represent the most prevalent category among all chronic
conditions and incur approximately $15 billion annually in disability-related costs (Maas et al.,

2020).

Occupational (work-related) risk factors play a crucial role in the development,
exacerbation, and persistence of musculoskeletal disorders. Work-related musculoskeletal
disorders (WMSDs) pose a substantial public health challenge and impose a significant economic
burden on healthcare systems. Across European industries, more than 50% of employees affected
by WMSDs report work absenteeism, a rate notably higher than those affected by the influenza
virus (10-12%) (Govaerts et al., 2021). The annual financial costs attributable to WMSDs in
Europe are estimated at 240 billion euros, equivalent to nearly 2% of the Gross Domestic Product

(Rosado et al., 2022). A provincial survey conducted in 2007-2008 in Québec, Canada, revealed
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that one in five workers in the province had experienced non-traumatic WMSDs in at least one

body region during the preceding 12 months (Sultan-Taieb et al., 2017).

Among musculoskeletal disorders, back disorders stand out as the leading cause of
disability on a global scale. A recent meta-analysis focusing on the prevalence and incidence of
WMSDs in Europe’s secondary industries, known for their role in converting raw materials into
consumer products, underscored that the back is the most common site for WMSDs (Govaerts et
al., 2021). According to data from the Bureau of Labor Statistics, back injuries constitute the
largest share of cases involving days away from work in the U.S. private sector, with back

musculoskeletal injuries representing 38.5% of all reported WMSDs in 2016.

The causation of WMSDs is multifactorial, with various physical, psychosocial, and
personal risk factors extensively explored in the literature. Researchers from diverse disciplinary
backgrounds have examined different risk factors, focusing on various body regions and
occupations. Consequently, numerous ergonomic tools and interventions have been developed to
reduce work-related musculoskeletal injury rates. Strong associations between back injuries and
occupational tasks involving lifting and lowering have been reported. Some examples include
nurses lifting patients (Soylar and Ozer, 2018), heavy lifting in agriculture activities (Benos et al.,
2020), and lifting objects such as wall sections and trusses in construction (Wang et al., 2015).
From a biomechanical perspective, excessive mechanical loads on spinal joints during lifting and
lowering tasks have been identified as one of the most important physical risk factors for work-
related back injuries (Coenen et al., 2014a; Parreira et al., 2018). Therefore, the primary focus of
the studies in this thesis is to enhance the evaluation of spinal joint loads during lifting and

lowering tasks using biomechanical methods.
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2.2 Biomechanical Perspectives on Back Injuries

Tissue injuries or mechanical failures occur when applied mechanical loads surpass the
tissue’s failure tolerance or strength (Bahr and Krosshaug, 2005). Tissue failure pathways
generally fall into two categories: instantaneous and cumulative (Coenen et al., 2014b; McGill,
1997; Potvin, 2008). In the former, an event imposes a load on the tissue that exceeds its tolerance,
leading to mechanical failure (Marras, 2000). In contrast, the cumulative failure scenario involves
the repeated application of relatively low loads or the sustained application of loads over extended
durations, resulting in trauma accumulation, reduced tissue recovery rates, and diminished

tolerance limits, ultimately leading to injury (Kazemi et al., 2023; Waters et al., 2006).

Among various spinal tissues, the evaluation of mechanical loads on intervertebral discs
(IVDs) is a subject of great interest in numerous studies. IVDs serve as the principal joints of the
spine and play a vital role in distributing mechanical loads across vertebral bodies (Clouet et al.,
2009; Desmoulin et al., 2020). Moreover, injuries related to IVDs, such as disc degeneration, are
recognized as the primary cause of severe and chronic back pain and disorders (Adams and Dolan,
2005; Petit and Roquelaure, 2015). Therefore, the outcomes and discussions in the four studies of

this thesis focus on the improved evaluation of intervertebral joint loads.

Desmoulin and colleagues (2020) conducted a review of various types of VD injuries and,
using data from in vitro studies, provided insights into various types of structural failures in 1VVDs,
such as annulus tears and disc degeneration, and how these failures are associated with different
types of mechanical loading (instantaneous and cumulative loading). However, regardless of the
mechanical failure type, it is essential first to obtain spinal loads in in vivo conditions to
comprehensively assess individuals’ susceptibility to injury and effectively mitigate the incidence

of work-related back injuries. Hence, in the following sections (2.3 and 2.4), measurement and
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computational modelling methods employed to quantify intervertebral loads in vivo will be

reviewed.

2.3 In Vivo Measurement of Spinal Joint Loads

Intradiscal pressure (IDP) measurement and measuring forces and moments using
instrumented implants are two methods that can provide direct in vivo measurements of physical
stresses with kinetic sources in the spine. IDP measurements involve measuring the hydrostatic
pressure of the nucleus pulposus of the intervertebral disc using needle-mounted strain gauge
pressure sensors (Li et al., 2022). Nachemson and Morris (1964) were the first to measure IDP in
vivo using liquid-filled sensors, and Nachemson’s pressure measurements in the 1960s and 1970s
significantly advanced our knowledge of the loads acting on the human spine (Dreischarf et al.,
2016). With the increased accuracy and advancements of pressure transducers, from liquid-filled
sensors to piezoresistive ones, two important IDP measurement studies were published at the end
of the 1990s. Sato et al. (1999) measured LsLs IDP for eight healthy individuals and 28 patients in
a total of eight different body positions, which included various lying, sitting, and standing
postures. Wilke and colleagues provided a comprehensive set of LsLs IDP data for many activities,
eight of which involved lifting, yet for a single subject (Wilke et al., 2001, 1999). Most of the IDP
measurements are reported for the lumbar spine (Andersson et al., 1977; Schultz et al., 1982,
Takahashi et al., 2006). Polga et al. (2004) are the only group to report in vivo thoracic IDP
measurements. They measured IDP in the middle (TeT7 or T7Tg) and lower (TgoT1o0 Or T10T11)
thoracic discs of six healthy volunteers for 18 static body positions, four of which involved static

lifting.

The second method for measuring internal spinal loads is through instrumented implants,

which record the temporal course of transmitted forces and moments within the spine (Rohlmann
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et al., 2014b; Rohlmann et al., 2000). Internal spinal fixation devices and vertebral body
replacement implants are often used to stabilize a severely injured and unstable spine, posteriorly
and anteriorly, respectively (Rohlmann et al., 2013). Telemeterized internal spinal fixation devices
and vertebral body replacement implants have been used by the Julius Wolff Institute team

(https://orthoload.com/) to measure the loads acting on the human spine. The loads on

telemeterized internal spinal fixation implants for 10 patients and vertebral body replacement
implants for five patients were monitored and reported for numerous activities (Damm et al., 2020;

Rohlmann et al., 2014e, 2014d, 2014c, 2014b, 2014a; Rohlmann et al., 2002, 2001).

The measured forces and moments in the implant data provide valuable information for
addressing clinical questions related to vertebral body fusion, gaining a better understanding of
remodelling processes, and advising patients on post-surgery exercises (Rohlmann et al., 2013).
However, implant data are available in a small cohort, and interpreting loading patterns for the
healthy population from implant data requires further care. On the other hand, IDP data can provide
insight into the spinal loading of healthy individuals with non-degenerated discs, but the IDP
measurement is also invasive, resulting in a limited number of in vivo IDP measurement studies.
Additionally, to evaluate intervertebral compression forces, these forces should be estimated from
IDP measurements, necessitating measuring the cross-sectional area of the disc and assuming a
correction factor accounting for the heterogeneous material composition and non-uniform load
transfer within the disc (Dreischarf et al., 2013). In summary, due to the invasive nature,
complexity, and the limited number of available volunteers for in vivo measurement of spinal
loads, computational models have been widely employed to estimate spinal loads in various

conditions, as will be reviewed in the following sections.
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2.4. Computational Modelling of the Spine

Numerous computational models have been developed, ranging from simple 2D link-
segment models with a single-equivalent trunk extensor muscle (Chaffin, 1969) to models that
consider the detailed geometries and nonlinear mechanical properties of spinal joint components
(Khoddam-Khorasani et al., 2018). The existing modelling studies exhibit significant variation in
several aspects, including the simplifications and assumptions made about geometry, the number
and properties of components, the methodology used to estimate motion, and the biomechanical
formulation of the problem, among others. Consequently, these modelling studies can be
categorized and reviewed in multiple ways. One primary classification method for the existing
spine models is to differentiate between finite element (FE) models and multibody models (Knapik
et al., 2022). This classification serves as the basis for the subsequent review, shedding light on

why the present thesis focuses on multibody modelling.

2.4.1 Finite Element Models

FE analysis is a computational technique employed for solving differential equations that
are used to describe various phenomena in diverse fields, such as mechanical stress analysis, fluid
flow, and heat transfer. An FE model is created based on the system’s geometry and divided into
a multitude of discrete/finite elements. These elements can have varying materials and structural
properties and are interconnected through nodes (Welch-Phillips et al., 2020). To predict the
mechanical behaviour of a structure, apart from defining the geometry and material properties of
the mechanical system, it is essential to specify loading conditions. In FE analysis, loading
conditions and other constraints that have external influences on the structure are referred to as
boundary conditions (Kramer et al., 2019). Once the mechanical system and boundary conditions

are established, numerical methods are employed to solve the differential equations for each
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element. This enables the determination of key quantities such as displacements at nodal points
and strains and stresses within each element. Subsequently, a comprehensive understanding of the
entire system’s behaviour can be derived through the integration of these individual elements

(Brekelmans et al., 1972).

The capability to represent intricate systems with geometric and material nonlinearities
makes FE models invaluable for gaining insights into a diverse range of phenomena, such as
remodelling, degradation, and failure in various spinal structures, including intervertebral discs
(Khuyagbaatar et al., 2023; Schmidt et al., 2013). Despite the increased accessibility of imaging
techniques for creating FE models and the affordability of computational costs for FE simulations
over the past four decades, the calibration of detailed and accurate FE models remains a
challenging and time-consuming task. Defining realistic boundary conditions for FE models, for
example, continues to be a major challenge due to the limited possibilities for in vivo measurements
(Nispel et al., 2023). In certain applications, the complexity of calibration and computational costs
associated with FE models is indispensable. FE models find their predominant application in the
field of orthopedics (Welch-Phillips et al., 2020), particularly in investigating the impacts of
various surgical procedures (Wang and Guo, 2021; Xu et al., 2019) and designing new surgical
instrumentations (Chen et al., 2015; Guo and Wang, 2020). However, the detailed investigation of
structural behaviour and the mechanical load-sharing and distribution among various spine tissues
were not the focus of the present thesis. On the contrary, the overarching purpose of this thesis
was to provide a model that could be scaled within the simulation workflow relatively quickly for
large populations, used easily for both static and dynamic lifting tasks, and plausibly predict
intervertebral loads at the holistic level to gain insight into the potential biomechanical risk factors

associated with lifting and lowering tasks in various workplaces. To achieve this purpose,
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multibody models were deemed more appropriate and were thus employed in all studies within the

current thesis, as will be reviewed in the following sections.

2.4.2 Multibody Modelling Components — Bodies and Joints

In multibody modelling of the spine, vertebral bodies are treated as rigid segments, and
intervertebral discs are commonly represented as spherical or ball joints, connecting the rigid
segments together and allowing three rotational degrees of freedom (DOF) between them (Bruno
et al., 2015; Christophy et al., 2012; De Zee et al., 2007; Favier et al., 2021; Huynh et al., 2015).
In a few modelling studies, six DOF (three translational and three rotational DOF) were defined
for modelling intervertebral joints (Ignasiak et al., 2016; Khurelbaatar et al., 2015; Malakoutian et
al., 2018). While it is feasible to measure the motion of individual intervertebral joints using
medical imaging techniques (Aiyangar et al., 2014; Li et al., 2009), for practical and widespread
application of musculoskeletal models, optoelectronic and inertial sensors are commonly utilized
to record motion. Subsequently, an optimization process is employed to estimate human joint
kinematics (Begon et al., 2018; Duprey et al., 2017). When obtaining joint kinematics using skin-
surface markers or inertial sensors, certain assumptions become necessary. For instance, coupling
the rotations of the vertebral bodies (reducing independent DOF) is required to account for all
rotational DOF of the entire thoracolumbar spine (51 DOF = 17 segments x 3 degrees of freedom).
This helps avoid calculating unrealistic spine angles or encountering discontinuities in spinal
motion (Alemi et al., 2021). If the complexity of a spine musculoskeletal model is further increased
by introducing translational DOF between vertebral bodies, additional assumptions are needed to
elucidate the joint kinematics of the model during the motion of interest and these assumptions

require further validation (Hicks et al., 2015).
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2.4.3 Multibody Modelling Components — Muscles

To obtain spinal forces through multibody modelling, following the definition of skeletal
geometry (bodies and joints), it is crucial to delineate the muscle structure. The role of muscles
during motion can be implicitly modelled within a simulation pipeline by incorporating
information on muscle moment arms (McGill and Norman, 1987), which can be sourced from
cadaveric or imaging studies (Jorgensen et al., 2003, 2001). An alternative method involves
explicit modelling of muscles, wherein their geometry is defined based on attachment points
relative to segments (e.g., vertebral bodies and pelvis). Subsequently, the model takes into account
muscle dynamics throughout the motion. Explicitly modelling muscles has become a prevailing
approach, particularly with the advancement of multibody software packages, affording the

opportunity to construct detailed anatomically based models of musculoskeletal geometry.

In earlier models, all torso muscles were represented as straight-line force vectors (Granata
and Marras, 1993; McGill and Norman, 1986; Schultz and Andersson, 1981). However, this
assumption may not align well with the reality of anatomical structures during certain movements.
For instance, in flexed trunk postures, the modelled straight-line long back muscles might penetrate
into the vertebral bodies (Arjmand et al., 2006; Garner and Pandy, 2000). The realistic definition
of muscle geometry is crucial for estimating internal loads in biomechanical models. For example,
Arjmand and colleagues (2006) demonstrated that modelling global erector spinae muscles (i.e.,
with upper attachments at the rib cage) using curved paths significantly influences the estimated

muscle and spinal forces at all lumbar levels during static lifting tasks.

Various methods exist for considering the curvature of muscles, broadly categorized into
two approaches (Hwang et al., 2017): i) the “via-points’ approach (Delp and Loan, 1995), where

fixed or moving intermediate points (Suderman and Vasavada, 2012) defined along the muscle
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path allow for the generation of realistic curved muscle paths as the joint moves, and ii) the
‘wrapping surface’ approach, in which the muscles wrap around pre-defined shapes or rigid bodies
(Garner and Pandy, 2000). The ‘via-points’ approach is more common in spine biomechanics,
especially for modelling back muscles, due to the inherent challenges in developing effective
wrapping surfaces. Moreover, the predicted spinal forces were more accurate when the ‘via-points’

approach was used (Hwang et al., 2017).

The fundamental components of musculoskeletal multibody modelling—bodies, joints,
and muscles—were briefly outlined and reviewed above. However, a musculoskeletal model can
represent various biological structures, and there exists a spectrum of choices ranging from simple
to complex for each structure (Hicks et al., 2015). For instance, in some spine modelling studies,
the role of passive structures was neglected (Beaucage-Gauvreau et al., 2019; Bruno et al., 2015),
whereas others incorporated passive stiffness properties using bushing elements to represent the
entire passive joint structure (Christophy et al., 2013; Favier et al., 2021; Senteler et al., 2016), and

some others explicitly modelled passive structures such as ligaments (Khurelbaatar et al., 2015).

2.5 Estimating Spinal Forces using Multibody Modelling

Irrespective of the model’s complexity in terms of the number, geometry, and features of
biological tissues, dynamic equations of motion must be solved in all biomechanical models when
the aim is to derive Kinetic variables, such as intervertebral forces. These dynamic equations of
motion establish and maintain dynamic equilibrium between external and internal forces
(Dreischarf et al., 2016). In their general vector format, they can be expressed as Equation 2.1
(Pandy, 2001), where q, q, and ¢ are vectors of the generalized positions, velocities, and
accelerations, respectively, M(q) is the system mass matrix, C(q, q) is the vector of coriolis and

centrifugal forces and torques; G(q) is the vector of gravitational forces and torques; R(q) is the
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matrix of muscle moment arms, FMT is the vector of musculotendon forces, and E is the vector of

external forces and torques.

M(q)§ + C(q)g* + G(q) + R(qQ)FMT + E(q,q) = 0 (Eq.2.1)

2.5.1 Motion Solving Approaches (Forward vs. Inverse Dynamics)

The equations of motion (Eq. 2.1) can be solved using either a forward or an inverse
approach. Various methods can be employed in both forward and inverse dynamics simulations of
musculoskeletal systems (Shourijeh et al., 2016), but fundamentally, in forward dynamics
simulations, the inputs consist of muscle activations/forces or joint torques, and the equations of
motion are integrated forward in time to determine the resulting human body movement from the
applied forces and moments (Shourijeh and McPhee, 2014a). In contrast, the inverse dynamics
approach utilizes measured or specified kinematics as inputs to compute essential kinetic data,

such as net joint moments, muscle forces, and contact forces (Ackermann and Schiehlen, 2009).

The complexity and computational costs of simulations depend on many factors, including
the model components and the chosen algorithm for either forward or inverse dynamics.
Nonetheless, forward dynamics simulations of human movements tend to be more intricate and
computationally demanding compared to inverse dynamics simulations (Damsgaard et al., 2006).
This heightened complexity arises because prior knowledge of muscle excitations or joint torques
is typically scarce. Consequently, determining a set of muscle excitations/forces that produce a
desired movement in forward dynamics simulations becomes a more challenging task,
necessitating an iterative process with feedback or correction mechanisms (Shourijeh and McPhee,

2014a; Thelen et al., 2003).
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Forward dynamic simulations prove valuable in predictive scenarios and are particularly
well-suited for answering ‘what-if” questions, such as exploring the outcomes when control of
muscles or muscle forces undergoes alterations (Shourijeh and McPhee, 2014b). On the other
hand, the inverse dynamics approach finds applications in descriptive studies and is comparatively
more straightforward to implement in the examination of human musculoskeletal dynamics,
especially when motion data is readily available (Erdemir et al., 2007). In the context of this thesis,
all studies involve inverse dynamics musculoskeletal modelling. Consequently, the subsequent
sections delve into various methods within the inverse dynamics simulation pipeline, focusing on

the estimation of spinal muscle forces and joint loads.

2.6 Inverse Dynamics—based Simulations

As highlighted earlier, irrespective of the chosen motion-solving approach, equations of
motions should be solved in biomechanical models to maintain dynamic equilibrium between
external and internal forces and moments. Certain biomechanical models adhere to dynamic
equilibrium equations at a single spine level, typically LsLs or LsS: (Merryweather et al., 2009;
Potvin, 1997). These models have gained popularity in ergonomics applications due to their
simplicity in setup and usage (Rajaee et al., 2015). However, Arjmand et al. (2007) demonstrated
that, for identical kinematics and external force inputs during lifting activities, muscle forces and
intervertebral forces estimated based on single-level equilibrium models exhibit a significant level
dependence. Furthermore, muscle forces estimated from these models can substantially violate
equilibrium at levels other than the one considered in the model (Arjmand et al., 2007). Therefore,
for more reliable estimations of muscle forces and intervertebral loads, it has been recommended
to employ models and software packages capable of satisfying equilibrium equations at all joint

levels (Arjmand et al., 2010).
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In physical reality, the skeletal system is redundantly actuated by muscles, meaning that
the number of muscles exceeds the degrees of freedom, and many muscles are multi-articular,
spanning more than one joint (Ackermann and Schiehlen, 2009). Consequently, the number of
unknown muscle forces surpasses the available equilibrium equations, resulting in the problem of
solving equations of motion for muscle forces being mathematically indeterminate (with more
unknowns than equations). To tackle this challenge in the context of inverse dynamics—based
simulations of spine musculoskeletal models, various approaches have been introduced. These
approaches can be broadly categorized into four groups: single-equivalent muscle models,
optimization-driven models, electromyography (EMG)-driven models, and hybrid (EMG-assisted

optimization) models (Dreischarf et al., 2016).

2.6.1 Single-Equivalent Muscle Modelling Approach

The single-equivalent muscle models group agonistic muscles into a single equivalent
muscle, disregarding antagonistic muscles to overcome kinetic redundancy. For instance, a single
muscle is considered to represent the erector spinae muscle group, balancing the flexion moments
exerted on the LsS1 joint by inertial and external forces (Chaffin, 1969; Merryweather et al., 2009).
Single-equivalent muscle models are limited to estimating intervertebral forces and cannot be
employed to assess individual trunk muscle activations and forces. In some modelling studies that
utilized a single-equivalent muscle model, adjustments to the net muscle moment arm and its angle
relative to the axis of rotation have been made during the movement to account for various factors,
such as the coactivation between the erector spinae and external abdominal obliques determined
from EMG data (Howarth et al., 2009). Nevertheless, the efficacy of these models is heavily
contingent on the assumed single equivalent muscle moment arm, with a wide range of reported

values for the line of action and moment arm of the single equivalent back muscle in the literature
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(Nussbaum et al., 1995). While these models are commonly used in routine ergonomics
evaluations to assess hazardous lifting situations due to their ease of use, their accuracy remains

highly debatable (Dehghan and Arjmand, 2022; Rajaee et al., 2015).

2.6.2 Optimization-based vs. EMG-based Modelling Approaches

The optimization-based approach is most commonly employed in spine musculoskeletal
multibody modelling (Lerchl et al., 2023), where a single or multiple cost functions (such as the
sum of muscle stresses or the sum of squared muscle activations) are minimized while
simultaneously solving for the equations of motion (Dreischarf et al., 2016). The optimization
approach provides a purely mathematical solution to the muscle redundancy problem and may,
therefore, suffer from a lack of physiological content and inter-/intra-individual variations in
muscle recruitment patterns, such as those observed between symptomatic and asymptomatic cases

(Mohammadi et al., 2015).

Alternatively, the incorporation of electrical signals from muscles, collected using surface
EMG electrodes, into musculoskeletal modelling has been advocated to account for inter- and
intra-subject variability in muscle recruitment and overcome the redundancy present in
biomechanical models. Although surface EMG signals are highly correlated with muscle forces,
the exact relationship between muscle tensions and EMG signals remains undetermined due to the
inability to directly measure muscle forces non-invasively. Many assumptions are required to
estimate muscle forces from EMG signals, especially during dynamic movements (Disselhorst-
Klug et al., 2009). Given the physiological complexities in estimating muscle forces from
measured EMG activities and experimental challenges, such as cross-talk (Farina et al., 2004) or
recording activity from deep and wide muscles (Staudenmann et al., 2005; Stokes et al., 2003),

muscle forces derived solely from EMG data cannot satisfy equilibrium equations. Consequently,
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hybrid or EMG-assisted optimization approaches have been introduced to simultaneously consider

both EMG signals and equilibrium requirements.

2.6.3 EMG-assisted Optimization Approach

Cholewicki and McGill (1994) pioneered one of the initial EMG-assisted optimization
approaches in spine biomechanics. Their method (Cholewicki et al., 1995; Cholewicki and McGill,
1994), or variations thereof with the same underlying concept (Gagnon et al., 2011; Vigouroux et
al., 2007), has found application in various spine modelling studies (Banks et al., 2022;
Mohammadi et al., 2015). In this approach, muscle forces are initially estimated based on EMG

activities using Eq. 2.2:

EMG;
EMGmax,i

Fi = ( )0'769 X Ai X Omax + Fp,i (Eq 22)

Here, F; represents the total force of the i" muscle, EMG; and EMG g, are the i"™ muscle’s
activation during the performed task and the maximum voluntary isometric contraction task,
respectively, 4; is the i muscle cross-sectional area, o,,4, is the maximum allowable muscle

stress, and F,; accounts for the passive force in muscle i.

As mentioned earlier, these initially estimated muscle forces do not satisfy equilibrium
requirements. Consequently, hybrid algorithms aim to fulfill equilibrium equations around the
joints by making the least possible adjustments to individual muscle forces calculated using EMG.
These adjustments to muscle forces are applied through coefficients known as the gains. During
each instant of the inverse dynamics simulation, the optimization problem presented in Eq. 2.3

needs to be solved:

Minimize Y}, M; ;- (1 — g;)* where M;; = \/M,f(m + Mj(i'j) + Mzz(l.’j)
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SUbJect to Z?I:l gi- Mx(l,]) = Mx]
Tit19i My j) = My, (Eq. 2.3)
Y1 90 My jy = My

gi >0 i= 1,2,...,N

In Eq. 2.3, M;; represents the moment of muscle i (of which there are N) acting at joint j. The

objective function ensures that the muscle gains (g;) do not deviate significantly from unity, and
the equality constraints in the optimization problem work to balance the internal and net external

moment components (i.e., M,;, M,,;, M;) at each joint in three planes.

Although the hybrid approach is proposed as a physiological solution for the muscle
redundancy problem, the chosen objective function in Eq. 2.3 lacks a direct physiological basis for
adjusting individual muscle forces estimated from EMG signals. Moreover, the necessity of EMG
data as inputs restricts the ecological applicability of this method for workplaces, as considered in
the current thesis. Therefore, all studies in the current thesis employ the optimization method to
address the muscle redundancy problem. The following sections review spine modelling studies
utilizing the optimization approach, discuss their limitations, and outline how the studies in the

current thesis address these limitations.

2.7 Optimization-driven Spine Multibody Models

Various linear and nonlinear objective functions have been employed in the inverse
dynamics simulation workflow to tackle the muscle redundancy problem and subsequently
calculate intervertebral contact forces (Arjmand and Shirazi-Adl, 2006). Most optimization-driven

models aim to minimize a polynomial objective function represented by G:
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G =3P (Eq. 2.4)

where F; denotes the muscle force in the i muscle and S; represents a measure of muscle strength
(e.g., the physiological cross-sectional area of the muscle) at each simulation instant (Damsgaard
et al., 2006; De Zee et al., 2007; Rasmussen et al., 2001). Irrespective of the power (p) in the
objective function or how different methods of modelling muscle dynamics impact both F; and S;,
this cost function inherently introduces bias against predicting antagonistic muscle activations.
Assigning activations/forces to antagonistic muscles requires higher activations/forces in the
agonistic muscles to maintain dynamic equilibrium, leading to an increase in the value of the cost
function. Consequently, the inability of optimization-based models to predict antagonistic

coactivity is acknowledged as a major shortcoming (Dreischarf et al., 2016; El Ouaaid et al., 2013).

The general limitation of optimization-driven models—their inability to predict
antagonistic coactivity—has been underscored in spine models validated and used for
lifting/lowering tasks. These models estimate nearly zero activities for antagonistic muscles during
standing or flexed forward lifting tasks (Alemi et al., 2023; Beaucage-Gauvreau et al., 2019),
which contradicts EMG experimental data. Predicted muscle forces directly impact estimated
contact forces, the primary variables of interest in this thesis. Therefore, addressing the issue of
predicting the co-activity of antagonistic muscles when using optimization-driven models in the
inverse dynamics simulation workflow is a crucial step toward obtaining more accurate spinal

loads from such models.

Several techniques have been introduced to tackle the challenge of estimating coactivity in
antagonistic muscles within optimization-driven models. Hughes et al. (1995) demonstrated that

estimating some degree of co-contraction is achievable in a single-level (LsL4) spine model when

28



minimizing intervertebral compression force, assuming non-zero lower bounds for muscle
activations (Hughes et al., 1995). Raikova (1999) highlighted the necessity of assigning different

signs to weight factors (C;) for agonist and antagonist muscles to predict muscle co-activations

when the objective function is of the form ), Ci|17‘i|n (I?‘l- is a module of the i muscle force). The
sign of C; depends on the joint net external moment (Raikova, 1999). For instance, El Ouaaid et
al. (2013) used G = Y.(Op%ck muscies — Tabdominal muscles) @S their objective function (o is
denoting muscle stress) to simulate static lifting tasks where back and abdominal muscles were
agonist and antagonist, respectively. However, these approaches are often perceived more as
mathematical solutions than as physiologically-grounded strategies to address optimization-driven

model limitations.

In reality, both biomechanical and non-biomechanical factors can influence the level of
muscle co-activations. For example, sedentary tasks may necessitate increased muscle co-
activations to promote blood flow and muscular substitution, mitigating myalgia or myofascial
pain induced by prolonged loading (Le et al., 2017). Nevertheless, one crucial pathway used to
illustrate trunk muscle co-activations involves providing neuromuscular stabilization to protect the
spine (Granata and Orishimo, 2001; McGill and Cholewicki, 2001). Therefore, incorporating
mechanical stability criteria, in addition to solving the equations of motion (Eq. 2.1), has been
introduced as a method with a physiological basis to address the major shortcomings of common

optimization problems (Eq. 2.4).

2.7.1 Mechanical Stability and Optimization-driven Spine Models
Stability stands as a foundational concept in diverse scientific realms, particularly within
the domain of musculoskeletal biomechanics; nevertheless, a universal definition of stability

remains elusive (Reeves et al., 2007). The definition of stability can vary depending on the context,
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such as in clinical vs. engineering settings. Moreover, diverse interpretations of the term
mechanical stability emerge across applications in continuum mechanics, dynamics, or control
within mechanical engineering. The exploration of stability, however, generally strives to
“examine and improve the system performance under regular design inputs (e.g., loads) and
sudden small external-internal perturbations to mitigate excessive outputs (e.g., motions),

dysfunction, and failure” (Ghezelbash et al., 2023).

In this thesis, mechanical stability specifically refers to the static mechanical stability
criterion designed to prevent Euler buckling, a concept commonly addressed in structural stability
textbooks. The static mechanical stability entails the capacity of a mechanical structure to sustain
static equilibrium in the face of disturbances around its equilibrium position. When subjected to a
critical load, the shift from stability to instability takes place, leading to structural buckling (McGill
et al., 2003). The derivation of stability equations in this context involves perturbing the
equilibrium state with a small admissible displacement and forming equilibrium equations in this
perturbed configuration. These equations are then linearized for small perturbations, and by
leveraging non-trivial solutions, the critical load can be determined (Simitses and Hodges, 2006).
An equivalent method to assess the stability of a mechanical system at equilibrium is the energy-
criterion approach. In this approach, the equilibrium position is considered stable if the total
potential energy of the system is locally minimal at that position. Consequently, the total potential
energy is expressed in terms of the system’s DOF in the energy-criterion approach. Stability is
confirmed when the Hessian matrix (i.e., the second variation) of the total potential energy is
positive definite; a loss of positive definiteness occurs at the critical load (Ghezelbash et al., 2023,

Simitses and Hodges, 2006).
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Cadaveric studies have revealed that the human ligamentous thoracolumbar spine shows
instability (buckling) under very small compression loads, approximately 100 N, a stark contrast
to the forces experienced during routine activities of daily living (Crisco et al., 1992; Shirazi-Adl
and Parnianpour, 2000). These findings emphasize the crucial role of the motor control system,
particularly muscles, in ensuring sufficient stiffness to prevent spinal instability (Ghezelbash et al.,
2023). Co-activations of antagonist muscles have proven to be effective in stiffening and
stabilizing the spine, particularly in standing lifting tasks where the spine is inherently less stable
(Arjmand et al., 2008). Therefore, the incorporation of stability criteria (i.e., positive definiteness
of the Hessian matrix) as constraints in optimization-driven models could potentially address their

limitations in accurately predicting antagonist muscle activities.

Granata and Wilson (2001) developed an inverted double-pendulum model that
represented the spine with six rotational DOF. This model was governed by 12 muscle equivalents,
including three bilateral abdominal muscles and three bilateral back muscles. The researchers
instructed ten participants to perform 12 static lifting tasks, holding an 11.3 kg mass at forward
flexion angles of 0° (upright), 15°, 30°, and 45°, along with all combinations of these flexion
angles at asymmetric postures of 10° and 20° of left twist. They concurrently measured EMG
activities of the back and abdominal muscles. The model mirrored the flexion and rotation angles
executed by the participants. The optimization problem to determine muscle forces aimed to
minimize the sum of muscle stress, subject to three constraints: i) ensuring that muscle forces
equilibrate the external moment at the joints, ii) maintaining a positive definite Hessian matrix of

potential energy, and iii) ensuring that muscle forces did not exceed their physiological limits.

In Granata and Wilson’s (2001) optimization-driven spine model, abdominal muscles,

though antagonistic in their simulated tasks, were recruited in accordance with their measured
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EMG data. This demonstrated the suitability of incorporating stability criteria as one of the
constraints in the optimization algorithm (Granata and Wilson, 2001). Hajihosseinali et al. (2014)
adopted a similar optimization approach but applied it to a more intricate spine model comprising
seven segments (pelvis, thorax, and five lumbar vertebrae), six joints (18 rotational DOF), 76 trunk
muscle fascicles, and considerations for the role of passive structures. Their study revealed that
while this approach may not comprehensively explain the central nervous system’s strategy in
activating antagonistic muscles, the muscle activations predicted by this method were in better
agreement than those estimated by the optimization-driven model that did not account for stability

(Hajihosseinali et al., 2014).

The potential energy function (V) for an intervertebral joint j and about an axis i can be

defined as (Howarth et al., 2004; Potvin and Brown, 2005) follows:
Vji = Uji Muscles + Uji Passive ~— Vl/ji External (Eq 2-5)

Here, Uj; musciesr Uji passive: aNd Wj; gxeernar TEPresent the energy stored in the muscles, passive
tissues, and the work performed on each joint by inertial and external loads, respectively. The
formulation for the total potential energy of the system depends on the number of joints and DOF,
as well as how ligaments, discs, and other passive structures are represented in the model. For a
spine model with n generalized coordinates (Q;, Q,, ..., @), the Hessian matrix (H) of the

potential energy (V) is an n X n matrix.

v 3
8Q? 8Q10Qn
H=| : : (Eq. 2.6)
aQnan aQTZI nxn
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To maintain stability, both the determinant and principal minors of H must be positive (Cholewicki
and McGill, 1996). Deriving and checking the positive definiteness of H is challenging, especially
in inverse dynamics—based simulations. This complexity arises because the potential energy stored
in muscles is a function of muscle activations/forces, which are the desired outputs of inverse
dynamics simulations. Therefore, the Hessian matrix, its determinant, and its principal minors
should be calculated and implemented implicitly in the optimization algorithm, posing a non-trivial

task.

While the concept of mechanical stability of the spine and the role of muscles in providing
stability are not new in spine biomechanics (Bergmark, 1989), widely-used spine models in well-
known multibody modelling software packages (Lerchl et al., 2023) often employ the common
optimization approach without stability constraints. Only a few spine models, developed using in-
house codes, have considered stability constraints in simulating lifting tasks (Hajihosseinali et al.,
2014). Therefore, the development of a framework capable of estimating muscle forces while
considering joint stability criteria, and which is generalizable across various modelling studies,
regardless of their model’s features (e.g., number of joints and muscles), would be highly

beneficial.

2.7.2 Modelling Software and Stability

OpenSim (Delp et al., 2007; Seth et al., 2018, 2011) is an open-source, extensible, and
collaborative platform that provides advanced computational tools for musculoskeletal multibody
modelling and has been downloaded over 705,000 times. According to Google Scholar, the paper
describing the first version of OpenSim (Delp et al., 2007) has been cited 4,891 times as of
December 7, 2023. OpenSim was chosen as the musculoskeletal modelling platform in all studies

within the current thesis because it is the most widely used open-source platform in biomechanics
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worldwide, and it is well understood that the sharing of the model, simulation, and software

directly affects the research’s overall impact (Hicks et al., 2015).

The Static Optimization Tool in OpenSim is designed to calculate muscle forces using the
common optimization approach in the inverse dynamics simulation workflow, as described in
Section 2.7. Therefore, both the original spine models developed and validated in OpenSim (Bruno
et al., 2015; Christophy et al., 2012; Favier et al., 2021), and their modified or extended versions
(Beaucage-Gauvreau et al., 2021; Lerchl et al., 2023; Schmid et al., 2020), rely solely on the Static
Optimization Tool and have not incorporated stability criteria in the calculation of muscle forces.
The absence of stability criteria in muscle force calculations is not unique to OpenSim models.
Muscle recruitment solvers in other well-known software packages, such as AnyBody, exclusively
solve the equations of motion without considering stability criteria. Models developed in these
software packages also lack such considerations (Bassani et al., 2017). Study 1 of the current thesis
aims to address this gap by developing a framework that enhances the default Static Optimization
solver in OpenSim. Importantly, this framework is designed to be generalizable across many
OpenSim models, focusing on the broader consideration of stability in muscle recruitment
algorithms rather than on the specific accuracy of intervertebral loads estimated by a particular

spine model.

2.8. Sensitivity of Spine Musculoskeletal Models

The presented literature review on the modelling of bodies, joints, muscles, and the
underlying assumptions in various motion-solving approaches underscores the inevitability of
uncertainty and variability in nearly all aspects of musculoskeletal modelling. Consequently, it is
important to assess the sensitivity of musculoskeletal models to unavoidable uncertainties in the

input parameters (Anderson et al., 2007). This is particularly crucial for interpreting results and
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elucidating which parameters are insignificant and can be eliminated from the model, reducing the
complexity and computational cost of the problem (Antoniadis et al., 2021). It also aids in
identifying inputs that significantly contribute to output variability, thereby requiring meticulous

configuration in the model (Hicks et al., 2015).

Previous studies, employing different models, have explored the sensitivity of estimated
intervertebral forces to various model components. Examples of these model components include
the position of intervertebral joint centres (Ghezelbash et al., 2018; Senteler et al., 2018; Zander
etal., 2016), intervertebral disc stiffness parameters (Bauer et al., 2016), anatomical parameters of
vertebral bodies (Putzer et al., 2016), muscle geometry (Akhavanfar et al., 2018; Bayoglu et al.,

2019), and personalized factors such as age and sex (Ghezelbash et al., 2016).

For lifting tasks, characteristics of the lifted mass, including its inertial properties and
physical configuration (e.g., horizontal and vertical distances from the body and the asymmetry of
the load handling posture), can significantly influence spinal stability, trunk muscle activations,
and spinal loads predicted by spine musculoskeletal models (El-Rich and Shirazi-Adl, 2005;
Madinei et al., 2018; Rohlmann et al., 2014e; Skals et al., 2021; Zander et al., 2015). The modelling
method used for hand-mass interaction can affect the kinematics, external forces, and moments
applied to a musculoskeletal model, thereby directly impacting the estimated muscle forces and
joint loads. However, the extent to which different modelling decisions regarding external hand
forces and moments could affect the estimated spinal joint loads remains unknown. This critical

knowledge gap forms the basis of Study 2 in the present thesis.

2.9. Validation of Spine Musculoskeletal Models
In the past decade, various research groups have developed numerous multibody spine

models, including those in OpenSim as well as other open-source and commercial software
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packages (e.g., AnyBody, Simpack, ArtiSynth, and LifeMOD). One of the reasons for the
existence of numerous spine models is the complexity of the human neuro-musculoskeletal system
in general. Each newly developed model focuses on specific aspects of previously established
models to address some of their limitations, and these limitations are diverse and numerous. Many
of the spine models developed in the past decade have been used to simulate lifting tasks (Lerchl
et al., 2023). These models exhibit significant improvements relative to earlier biomechanical
models, all featuring detailed musculature, considering muscle dynamics to varying extents, and
adhering to crucial equilibrium equations at all spinal levels. Therefore, reaching a consensus on
which model is more appropriate for ergonomics and lifting applications is not a straightforward
task, and appropriate validation studies are required to determine how well a model and simulation
framework are able to represent a reality of interest (Viceconti et al., 2021); in the context of this

thesis, the focus is on spinal joint loads.

As highlighted in Section 2.3, the measurement of intervertebral mechanical loads in vivo
is a rare opportunity, constrained by ethical and safety considerations. Consequently, there are
limited experimental datasets available, to which the intervertebral forces estimated by
biomechanical models can be compared. To address this gap, many studies have sought alternative
comparisons with variables that are more easily measurable experimentally. For instance,
researchers have compared muscle activations or forces derived from a model with surface EMG
data measurements (Alemi et al., 2023; Raabe and Chaudhari, 2016). While these indirect
comparisons may offer some insights into a model’s behaviour, they do not assure the model’s

ability to accurately predict the actual quantity of interest (Lund et al., 2012).

Table 2.1 presents recent validation studies in spine multibody modelling, detailing the

total number of activities during which estimated intervertebral forces were validated against IDP
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and implant data. The table also includes information on the total number of static and dynamic
lifting tasks specifically analyzed. As depicted in Table 2.1, the majority of spine validation studies
for intervertebral forces have focused on static lifting tasks. This trend may be attributed to the
fact that existing IDP experimental studies (Andersson et al., 1977; Polga et al., 2004; Schultz et
al., 1982; Wilke et al., 2001) measured IDP mostly during static lifting tasks. Additionally, it could
be due to the challenges associated with estimating tissue loads for dynamic lifting tasks, which
often involve intensive and time-consuming data collection and analysis (Banks et al., 2023).
Nevertheless, it is crucial to recognize that in dynamic movements, trunk strength is diminished
and external moments imposed on it are increased. Consequently, the risk of back injuries

significantly rises during dynamic lifting tasks (Banks et al., 2023).

Table 2.1. Overview of recent spine multibody modelling validation studies. This table summarizes spine multibody
modelling studies, detailing the total number of activities where estimated intervertebral forces were validated against
intradiscal pressure (IDP) and implant data. It also indicates the number of static and dynamic lifting tasks, along with
the primary software package used for each validation study. The table is organized in ascending order based on the
publication year.

Study Total Static Dynamic Software
Activities Lifting Lifting
Huynh et al., (2013) 1 1 0 LifeMOD
Bruno et al., (2015) 27 17 0 OpenSim
Ignasiak et al., (2016) 6 1 1 AnyBody
Malakoutian et al., (2016) 3 2 0 ArtiSynth
Bassani et al., (2017) 12 2 3 AnyBody
Actis et al., (2018) 5 0 0 OpenSim
Beaucage-Gauvreau et al., (2019) 9 3 2 OpenSim
Favier et al., (2021) 10 0 0 OpenSim
Lerchl et al., (2022) 12 6 0 SIMPACK
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In addition to comparing computational and experimental results in validation studies, it is
crucial to extrapolate model predictions to the intended usage conditions and assess whether the
accuracy aligns with the intended application (Lund et al., 2012). The availability of both IDP and
implant measurements is limited, with vertebral body implant data derived from older patients
undergoing surgery. Consequently, validating a spine model for healthy individuals and extending
beyond the anthropometric characteristics considered in experimental studies presents a
considerable challenge. Therefore, Studies 3 and 4 aim to enhance the accuracy and reliability of
musculoskeletal modelling in predicting spinal forces beyond the scope achieved in previous
validation studies. Specifically, in Study 3, the advantages of previous spine modelling studies
were integrated into a newly developed model. Study 3 served as a preliminary investigation for
Study 4, where the appropriate mathematical approach to remove the effect of body weight from
estimated spinal forces by the newly developed spine model was explored, given that body weight
has been recognized as the most important anthropometric characteristic affecting predicted spinal
loads (Ghezelbash et al., 2016). In Study 4, spinal forces estimated by this new model were
validated for healthy individuals with body weights beyond the range of participants in the
experimental datasets and for more dynamic lifting tasks than those for which previous models

were validated.

2.10 Summary

The preceding discussion has highlighted several key factors:

1) Work-related back injuries are highly prevalent and incur significant costs.
2) High mechanical loads on intervertebral joints, particularly during lifting tasks, play a crucial

role in the development of work-related back injuries.
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3)

4)

Optimization-driven spine models are deemed appropriate computational tools for gaining
comprehensive insights into spinal loading during lifting activities in work settings.

Despite the development of numerous biofidelic spine models over the past decade, there is a
lack of adequate validation studies to confirm the accuracy and reliability of these models for

dynamic lifting tasks.

In my PhD studies, the focus is on enhancing existing biofidelic spine models and

providing researchers with more accurate methods and tools for estimating muscle forces and joint

loads during lifting tasks. The specific objectives of the present thesis are threefold:

1)

2)

3)

1)

Development of a stability-based optimization framework for OpenSim (Study 1): This
framework aims to improve the accuracy of estimated muscle activations in optimization-
driven models during static lifting tasks.

Assessment of modelling decisions on external forces applied to the hands (Study 2): This
study examines how different modelling decisions regarding external hand forces and moments
impact estimated spinal loads during dynamic lifting tasks.

Development and validation of a new model for dynamic lifting tasks (Study 3 & 4): The goal
is to create a model suitable for simulating dynamic lifting tasks and validate estimated
intervertebral forces across a broader range of tasks compared to previous spine modelling

studies.

The general hypotheses in this thesis are as follows:

The developed stability-based optimization framework can generate muscle activations
aligning better with experimental EMG data than the default OpenSim muscle recruitment

solver.
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2) Various decisions for modelling external hand forces and moments greatly influence estimated
spinal loads in dynamic lifting tasks, necessitating researchers to report uncertainties in their
results due to these decisions.

3) The newly developed model can predict spinal forces accurately during dynamic lifting tasks.
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