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ABSTRACT 
Osteoarthritis (OA) is a common and progressive joint disease with a prevalence of 

3.6-4.1% of the global population in 2010 and one of the leading causes of worldwide 

disability. Hip OA is less common than knee OA; although the prevalence of hip OA is 

8% in people aged 85 years and over. There is no cure for hip OA, and pain and 

disability can be only managed through conservative therapies, or finally total hip 

replacement. Inappropriate hip joint loading, measured as hip joint contact forces 

(HJCF), during daily activities is believed to be a factor in hip OA initiation and 

progression.  

Neuromusculoskeletal (NMS) models, which are anatomical and physiological 

mathematical representations of an individual, can be used to estimate muscle-tendon 

and internal joint contact forces (JCF) during human movement. However, the 

musculoskeletal system is inherently indeterminant and there are infinite 

combinations of muscle-tendon forces that can produce the same external joint loads. 

Two main neural control solutions that have been employed to solve this muscle-

tendon force distribution problem: optimisation and electromyography (EMG)-

informed solutions.  

Although static optimisation is commonly used, an EMG-informed NMS approach may 

offer more physiologically plausible HJCF estimates, since it accounts for an 

individual’s unique muscle activation patterns. Indeed, individuals with hip OA have 

abnormal muscle activation, which may influence the HJCF. Calibration, or tuning, of 

the neuromuscular parameters in EMG-informed NMS modelling is required to create 
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subject-specific models. There are various cost functions used for calibration and their 

selection is crucial for obtaining physiological plausible estimates of JCF.  

EMG-informed NMS modelling is driven by EMG signals experimentally measured 

with surface electrodes. However, surface electrodes cannot record deep muscles 

important for hip function, which limits this application of EMG-informed modelling. 

Recently, EMG-hybrid and EMG-assisted modes have been developed to address this 

limitation, although, to date, there have been only two limited studies using these 

EMG-informed approaches for the hip, and only in healthy individuals. Furthermore, 

no studies have assessed how different calibrations cost functions and EMG-informed 

neural control solutions affect HJCF estimates. Subsequently, this thesis aimed to 

assess the use of calibrated EMG-informed NMS modelling, available in the Calibrated 

EMG-informed Neuromusculoskeletal Modelling toolbox (CEINMS), to explore the 

HJCF from healthy individuals and patients with mild-to-moderate hip OA during 

walking.  

The first study compared how different calibration cost functions and EMG-informed 

neural solution modes affected the estimated HJCF from a healthy population.  

Calibrating with a cost function to minimise joint moments prediction errors and peak 

HJCF, used together with the EMG-assisted neural solution mode well tracked the 

external joint moments and measured EMGs, and was the recommended approach to 

calculate physiologically plausible HJCF. The study has been submitted to the Journal 

of Biomechanics with following author order and title: Hoang, H.X., Pizzolato, C., 

Diamond, L.E., Lloyd, D.G., 2017. “Subject-specific calibration of neuromuscular 
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parameters enables neuromusculoskeletal models to estimate physiologically plausible 

hip joint contact forces in healthy adults.”  

The second study compared estimated HJCF in people with mild-to-moderate hip OA 

obtained with the calibrated EMG-assisted pipeline in CEINMS (recommendation from 

the first study) and the static optimisation pipeline in OpenSim. The results showed 

that EMG-assisted mode and static optimisation both well tracked lower limb joint 

moments. However, the EMG-assisted mode was able to track hip muscle co-

contraction patterns, whereas static optimisation did not. The associated manuscript is 

in preparation for submission to the Journal of Biomechanics as: Hoang, H.X., 

Diamond, L.E., Lloyd, D.G., Pizzolato, C., 2017. “A calibrated EMG-informed 

neuromusculoskeletal modelling method can appropriately account for muscle co-

contraction to estimate hip joint contact forces in people with hip osteoarthritis.” 

The third study assessed the hip muscle co-contraction and HJCF in people with mild-

to-moderate hip OA and healthy individuals using the calibrated EMG-informed NMS 

modelling approach as recommended in the previous two studies. Higher hip muscle 

co-contraction and lower HJCF were observed in individuals with hip OA compared to 

controls. These findings challenge previous beliefs of over-loading due to muscle co-

contraction in people with hip OA. The associated manuscript is in preparation for 

submission to Osteoarthritis and Cartilage as: Hoang H.X., Loureiro, A., Constantinou, 

M.,Barrett, R., Pizzolato C., Lloyd D.G., Diamond L.E., 2017. “People with symptomatic 

mild-to-moderate hip osteoarthritis exhibit higher muscle co-contraction and walk 

with lower hip joint contact forces compared to healthy people.” 
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The findings of this thesis showed that (i) the neural solution control is essential when 

estimating muscle-tendon forces and HJCF with NMS models and, therefore, subject-

specific muscle activation patterns should be included in any modelling framework, 

(ii) calibration through tracking of joint moments and peak HJCF in conjunction with 

the EMG-assisted neural solution mode resulted in more physiologically plausible 

HJCF compared to other methods, and (iii) people with mild-to-moderate hip OA walk 

with more hip muscle co-contraction and lower HJCF compared to healthy people. 
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1 INTRODUCTION 

1.1 General Overview 
Osteoarthritis (OA) is one of the most common musculoskeletal diseases with the 

prevalence predicted to increase (Arthritis and Osteoporosis Victoria, 2013; Hootman 

and Helmick, 2006). Radiographic OA involves the progressive degeneration of the 

articular musculoskeletal tissues in and around a synovial joint with symptoms of joint 

swelling, stiffness, and pain (Hayami et al., 2006). Consequently, the quality of life of 

OA sufferers is reduced and the progressive nature of the disease eventually culminates 

in expensive joint replacement surgeries. As such, there is a substantial burden on the 

sufferer, health care system and economy (Goldring and Goldring, 2007).  

Research on hip OA has often trailed knee OA research due to the higher prevalence of 

knee OA (Neogi and Zhang, 2013). Despite the consensus that OA at each joint share a 

common final pathway, it is still believed that each joint has unique conditions that 

cause OA onset and progression. A few studies on cartilage compositions using 

biomarkers have shown that the osteoarthritic knee joints are constantly in a state of 

repair, while the same is not seen in the osteoarthritic hip joints (Catterall et al., 2012; 

Maroudas et al., 1998). Despite evidence for the uniqueness between hip and knee OA, 

clinical guidelines for hip OA management are still drawn from knee OA 

recommendations.  

There are several risk factors for OA; however, the aetiology of the disease is complex 

and multifactorial (Brandt et al., 2008; Murphy et al., 2016). Age, gender, body weight, 
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and genetics have all been associated with influencing the risk of OA in the knee joint, 

and likewise in the hip joint. Other risk factors for hip OA include abnormal joint 

morphology, hip dysplasia, joint injury, and femoroacetabular impingement (FAI) 

(Doherty et al., 2008; Gelber et al., 2000; Zhang et al., 2015). All of these risk factors 

alter joint mechanics in some way and as such joint loading in the hip is believed to be 

the main cause and progression of hip OA (Felson, 2013), similarly to what has been 

seen in knee OA (Andriacchi and Dyrby, 2005; Andriacchi and Mündermann, 2006). 

The current understanding is that abnormal loading of the joint, whether that is 

overloading, static loading or under-loading, may play a role in the onset and 

progression of knee OA, as well as hip OA (Felson, 2013; Saxby et al., 2016b). Hence, 

restoring joint loading to appropriate levels may improve musculoskeletal tissue health 

and provide for more effective means for rehabilitation and treatments, in general 

(Wang et al., 2015).  

So how are joint contact forces (JCF) at the hip measured or estimated? Direct 

measurement of hip joint contact forces (HJCF) is possible through instrumented hip 

implants (Bergmann et al., 2016; N. Rydell, 1966). However, in-vivo HJCF cannot be 

measured in the native joint of healthy people or people with early stage of hip OA, or 

any other joint for that matter. The estimation of in-vivo JCF remains a challenge 

(Fregly et al., 2012a) and requires the use of computational neuromusculoskeletal 

(NMS) modelling that account for movement, morphological, and neurological 

abnormalities in people with knee and hip OA (Gerus et al., 2013; Manal and 

Buchanan, 2013). There is evidence that these neuromuscular factors affect joint 

loading, which influences disease onset and progression in knee OA (Astephen et al., 

2008; Childs et al., 2004; Hubley-Kozey et al., 2008; Wang et al., 2012); hence, it is also 
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believed that neuromuscular factors may affect joint loading patterns in the hip and 

contribute onset and progression of hip OA. Consequently, neuromuscular 

biomechanical factors must be considered to estimate physiological plausible JCF 

(Childs et al., 2004; Correa et al., 2010; Gerus et al., 2013; Jonkers et al., 2008; Saxby et 

al., 2016b; Serrancolí et al., 2016). Furthermore, understanding the early onset and 

progression of hip OA and HJCF in people with early signs of hip OA is critical to 

inform and develop successful treatments (Bennell, 2013).  

As already stated, NMS modelling is a non-invasive alternative to direct measurements 

that can be used to estimate in-vivo JCF in the native hip. NMS models are a 

mathematical representation of the anatomical and neurological characteristics of an 

individual and can be used to assess the forces inside the human body during 

movement. However, the NMS system of the human body, and specifically the 

articular joint, is indeterminate, where the number of muscles spanning a joint is 

greater than its degrees of freedom. This problem has been solved by estimating the 

neural control solutions used by people to generate movement. Traditionally, this is 

based purely on optimisation; either static or dynamic approaches (Anderson and 

Pandy, 2001a; Crowninshield, 1978; Davy and Audu, 1987). These methods now 

commonly use inverse kinematics and inverse dynamics to generate external joint 

angles and moments respectively (Delp et al., 2007; Reinbolt et al., 2011), and then 

solve for a set of muscle-tendon forces using optimisation to minimise an a priori 

mathematical objective criterion (Anderson and Pandy, 2001a; Crowninshield, 1978; 

Davy and Audu, 1987). However, the results of the optimisation approach strongly 

depends on the aforementioned objective criterion, which is not physiologically based 

and does not account for muscle co-contraction or varied activation patterns unique to 
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an individual (Lloyd and Buchanan, 1996) or control task (Buchanan and Lloyd, 1995; 

Lloyd and Buchanan, 2001; Tax et al., 1990).  

In a pathological population such as OA, altered muscle activation and co-contraction 

patterns have been shown to exist (Heiden et al., 2009a; Hubley-Kozey et al., 2009). 

Additionally, a variety of muscle activation patterns can be employed for the different 

control tasks, but with the exact same movement and biomechanics (Buchanan and 

Lloyd, 1995; Lloyd and Buchanan, 2001; Tax et al., 1990), and these activation patterns 

may be an adaption from training, injury and/or disease (Buchanan and Lloyd, 1995; 

Lloyd and Buchanan, 2001). Finally, current NMS modelling studies using static 

optimisation have estimate higher HJCF compared to instrumented hip implants 

(Heller et al., 2001; Modenese et al., 2011; Stansfield et al., 2003)(Bergmann et al., 2016, 

2001; Stansfield et al., 2003)(Bergmann et al., 2001, 2016; Stansfield et al., 

2003)(Bergmann et al., 2016, 2001; Stansfield et al., 2003) which may be due to the 

limitation of static optimisation in estimating subject-specific muscle activation 

patterns.  

An alternative to a purely optimisation approach is EMG-informed NMS modelling. 

This approach uses recorded EMG signals from the individual to estimate their neural 

control solutions and solve for the indeterminacy problem (Buchanan et al., 2004; 

Lloyd and Besier, 2003; Pizzolato et al., 2015; Sartori et al., 2014). Importantly, this 

approach has been shown to correctly account for muscle co-contraction in the knee 

(Saxby et al., 2016a; Winby et al., 2013, 2009). There are several neural solution modes 

in EMG-informed modelling: EMG-driven mode that uses only recorded EMG signals 

to drive the model (Lloyd and Besier, 2003), EMG-hybrid mode that synthesises EMG 
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signals with static optimisation for signals that cannot be acquired (Sartori et al., 2014), 

and EMG-assisted mode that additionally adjusts recorded EMG excitations to account 

for errors in measurement (Sartori et al., 2014). These EMG-informed neural solution 

modes have been made available in the open-source software CEINMS, Calibrated 

EMG-informed Neuromusculoskeletal Modelling (Pizzolato et al., 2015). EMG-

informed NMS modelling has extensively been used to determine JCF in the knee 

(Gerus et al., 2013; Kumar et al., 2012; Manal and Buchanan, 2013; Saxby et al., 2016b), 

and in healthy hips (Fernandez et al., 2014). Although the later have been on only a 

very limited number of participants. Thus, EMG-informed NMS modelling is a 

promising approach to permit exploration of HJCF during walking in a population with 

early hip OA.  

Calibration requires to tune the EMG-informed NMS model to the indivdiual 

(Buchanan and Lloyd, 1995; Lloyd and Buchanan, 2001). However, the best calibration 

for EMG-informed NMS modellling for the hip has not yet been established. NMS 

models include mathematical representations of the anatomical musculoskeletal 

(MSK) features and neuromusclar properties for an individual. The anatomical MSK 

features of a generic NMS model have traditionally been scaled and personalised to an 

individual through anthroprometrical measurements or medical imaging segmentation 

(Kainz et al., 2016; Valente et al., 2014; Wesseling et al., 2016a). However, the 

neuromusclar properties are not personalised to an individual with these methods. 

Calibration is a process to tune the neuromuscular model parameters that are 

infeasible to directly measure during the creation of subject-specific NMS models 

(Buchanan and Lloyd, 1995; Lloyd and Buchanan, 2001). Importantly, it has been 

shown that calibration of the neuromuscular model parameters is required to estimate 
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physiologically plausible KJCF (Gerus et al., 2013; Serrancolí et al., 2016). Nevertheless, 

different types of calibration methods have not been assessed to study the hip joint 

and to estimate physiologically plausible HJCF. 

1.2 Statement of the problem 
Hip OA is a degenerative disease that affects the musculoskeletal tissue health of the 

hip joint, also referred to as the acetabulofemoral joint. The hip joint, located between 

the femur and acetabulum of the pelvis, is unique in its anatomy, physiology, and 

development (Mosca, 1989). The mechanisms of how musculoskeletal tissue health 

deteriorates in and around the hip joint are not well understood; however, HJCF has 

been implicated as a risk factor for hip OA (Felson, 2013). Direct measurement of in-

vivo HJCF is not possible due to technical and ethical limitations; therefore, NMS 

models have been used to estimate in-vivo HJCF. The standard modelling approach, 

static optimisation, to estimate muscle-tendon forces and calculate HJCF does not 

account for muscle activation patterns that may be unique to an individual. EMG-

informed NMS modelling is an alternative approach and has been implemented for the 

knee joint to estimate KJCF (Gerus et al., 2013; Saxby et al., 2016b). In the hip, surface 

EMG electrodes are not able to record from deep muscles that are important in hip 

biomechnics. Only recent development of the EMG-hybrid or EMG-assisted modes 

(Sartori et al., 2014)made it potentially possible to use EMG-informed modelling for 

hip OA studies. Still, these methods have not been implemented to estimate 

physiologically plausible HJCF in a population with hip OA. 
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1.3 Significance of the problem 
Hip OA imposes pain and functional limitations on an individual and poses a 

significant socioeconomic burden, with substantial direct costs in Australia alone 

(Arthritis and Osteoporosis Victoria, 2013). Despite this, hip OA has been an 

understudied area in research, and our understanding of the neuromuscular 

biomechanical mechanism of the disease remains unclear. A better understanding of 

the neuromuscular biomechanical mechanisms driving this debilitating disease is 

critical to developing effective treatment. 

1.4 Purpose and aims 
The general purpose of this research was to explore HJCF, as well as the muscle-tendon 

forces, in individuals with hip OA and healthy adults during walking. Additionally, the 

overarching aim was to determine if EMG-informed modelling is a viable method to 

estimate HJCF and to develop a pipeline using the latest in EMG-informed NMS 

modelling techniques. The general purpose was divided into the following aims and 

addressed in chapter 4-6 of this thesis:  

i. Chapter 4: To analyse the effect of different calibration on the estimation of 

HJCF, as well as exploring the effect of the different neural control solutions in 

CEINMS on the HJCF. 

ii. Chapter 5: To compare the standard static optimisation method to a calibrated 

EMG-informed NMS modelling method and the effect each method has on the 

JCF, as well as exploring if a calibrated EMG-informed NMS modelling method 

accounts for muscle co-contraction. 
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iii. Chapter 6: To compare the difference in HJCF and muscle co-contraction 

between people with hip OA and healthy people during walking. 

1.5 Thesis overview 
This thesis is composed of seven chapters, inclusive of this introduction, with a single 

reference list for all chapters. Chapter 1 is a general overview of this thesis. Chapter 2 

reviews previous research relevant to the topic of this thesis and includes published 

material as of July 2017. Chapter 3 outlines the overarching methods used in this thesis. 

Chapters 4, 5, and 6 are the main study chapters and are presented in manuscript 

format and their purpose and aims have been presented above in section 1.4. All 

manuscripts have either been submitted and are currently under review or being 

prepared for submission. An additional co-first authored article was included in this 

thesis (Appendix). This paper focused on methods to scale anatomical musculoskeletal 

models, which relevant to the current work, but since it focused on children with 

cerebral palsy it was not included in the body of this thesis. Chapter 7 summarises the 

results of this thesis and discusses directions for future work. 
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2 LITERATURE REVIEW 
The focus of the literature review will be on osteoarthritis (OA) at the hip. However, in 

current literature there is a much higher number of knee OA published research 

papers compared to hip OA; as such, our understanding of OA has largely been knee 

related and are much more advanced. Subsequently, knee OA literature will be 

reviewed in regard to our understanding of OA, and although hip and knee are 

different joints and have different functions, we can use our current understanding of 

OA from the knee to help fill in our understanding of the onset and progression of hip 

OA.  

2.1 What is hip osteoarthritis? 
Osteoarthritis is a debilitating joint disease that affects the articular tissues (e.g. 

cartilage) of a synovial joint (Bijlsma et al., 2011). The lower-limb load-bearing joints 

are the most typically affected with OA (Felson, 2006). The hip joint, also typically 

referred to as the acetabulofemoral joint, is located between the acetabulum of the 

pelvis and femur and is the second most common site for OA in the lower limb 

(Pereira et al., 2011). Hip OA presents with cartilage and bone degeneration with 

synovium inflammation of the hip joint. One of the primary functions of the hip joint 

is to support the body weight and is, therefore, an important joint in human 

movement, and subsequently hip OA impairs physical activity (van Dijk et al., 2009, 

2008). However, the knee joint is the most prevalently afflicted; as such, the hip joint 

has been understudied with most of the OA literature focusing on the knee. Although 

hip OA and knee OA share the same outcome (joint destruction) and have 
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traditionally been treated the same in clinics, there is evidence to treat hip OA and 

knee OA as distinct diseases. Studies have shown that the cartilage in 

osteoarthritic knee repairs itself at a higher rate compared to the cartilage in 

osteoarthritic hips (Catterall et al., 2012; Maroudas et al., 1998) suggesting that hip OA 

should be treated differently to knee OA.  

The pathogenesis of OA is believed to be multifactorial and devised of complex sets of 

interactions that work closely together to promote joint degeneration over time in a 

vicious cycle (Saxby and Lloyd, 2017). Several pathways can initiate the OA progress 

and start the vicious cycle, which can include joint injury, abnormally shaped 

bone/joint, and abnormal loading (Felson, 2013).  These pathways may promote bone 

remodelling, inflammation, and cartilage damage which eventually causes joint failure. 

Individuals with hip OA may suffer from the disease for many years, and the 

degenerative nature of disease may include any or morphological changes to all tissues 

in and around the affected joint (Brandt, 1997; K D Brandt et al., 2006; Lories and 

Luyten, 2011). Individuals with symptomatic hip OA suffer from loss of function and 

hip joint pain (Cibulka et al., 2009; Kim et al., 2015), with the subsequent medical costs 

relating to hip OA being major economic and public health burdens (Goldring and 

Goldring, 2007). Since there is no cure for hip OA, management of the disease is the 

only option available to control symptoms and improve function of the sufferer. 

However, hip OA is a progressive disease and that eventually results in complete hip 

joint failure. At this point, arthroplasty, the surgical replacement of a joint, is usually 

the only treatment option remaining for individuals at the end stage of the disease. 

Hip OA is the major reason for patients to undergo total hip arthroplasty (THA) 
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(Australian Orthopaedic Association National Joint Replacement Registry, 2013), and 

this procedure is expensive and invasive. So what are the features of hip OA? 

The definition of OA varies in the literature, but these are generally categorised as 

symptomatic OA and radiographic OA (Felson and Zhang, 1998). Symptomatic OA is 

assessed using self-reported or clinician-reported questionnaires and details the 

occurrence of symptoms such as, for example, joint stiffness and joint pain. OA is 

commonly further examined for radiographic evidence when presented in the clinic 

(Sellam and Berenbaum, 2010). Radiographic OA is characterised by loss of joint space 

width (JSW), subchondral sclerosis, cyst formation, and osteophyte formation (Arden 

et al., 2009). Radiographic OA now includes other medical imaging assessment 

methods, e.g. magnetic resonance imaging (MRI), to identify changes to the joint 

tissues morphology (Cohen et al., 1999; Raynauld et al., 2006). 

OA causes deterioration of the articular cartilage and subchondral bone (Hunter et al., 

2006; Radin et al., 1972; Radin and Rose, 1986). Progressive narrowing of the joint space 

indicates advancement of the disease process. Furthremore, subchondral bone 

sclerosis indicates hardening of the bone just below the cartilage and often found 

together with joint space narrowing (Lajeunesse and Reboul, 2003). The traumatised 

subchondral bone can also initiate cyst formation, which are fluids-filled sacs 

extruding from the affected joint (Li et al., 2013). Osteophytes, protrusions of the bone 

and cartilage and commonly seen in degenerative joints, can cause stiffness and pain in 

the diseased joint. Radiographic OA is diagnosed with X-ray and based on the 

Kellgren-Lawrence (K-L) classification that assesses the degree of radiographic OA 

from zero to four (Kellgren and Lawrence, 1957). A K-L grade of two corresponds to the 
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presence of radiographic OA. It should be noted that individuals with radiographic 

characteristics do not necessarily show symptoms, and vice versa (Salaffi et al., 1991). 

The relationship between the clinical symptoms and structural degeneration of the 

disease is unclear (Hochberg et al., 1989). 

The presence of radiographic OA is not necessarily related to pain. Studies have 

reported the presence of hip pain in people without radiographic hip OA, and also the 

presence of radiographic hip OA without reported hip pain (Kim et al., 2015). Although 

the presence of pain does not indicate the presence of radiographic OA, pain is the 

major symptom for individuals to present to clinics. Over two-thirds of the people in 

the Newcastle 85+ study reported joint pain occurring regularly (Duncan et al., 2011). 

However, the loss of cartilage in the joint due to OA is one of the leading causes of 

pain (Hayami et al., 2006). The presence of pain in individuals with OA imposes 

functional limitations and several studies have reported reduced range of motion 

(Constantinou et al., 2017; Eitzen et al., 2012) and weakness of muscles (Hurley, 1999; 

Loureiro et al., 2013b). People with hip OA also take longer in performing everyday 

tasks such as chair rise (Pai et al., 1994) and have difficulty walking up the stairs 

(Heller et al., 2001). The pain and physical limitations may prevent individuals with the 

disease from working. As such, OA limits an individual’s productivity and reduces their 

overall quality of life, often resulting in end-stage expensive arthroplasty, which has a 

costly socio-economic impact.  

2.2 The burden of OA 
OA is a disease affecting over 8.6% of the Australian population and poses an 

economic burden on the healthcare system (Arthritis and Osteoporosis Victoria, 2013; 
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Q. Wang et al., 2011). The costs associated with the treatment and ongoing care of 

people suffering from OA presents an economic and public health burden (Goldring 

and Goldring, 2007). The Australian Institute of Health and Welfare (AIHW) report 

(2010) shows that the direct cost of OA accounted AU$1.4 billion in direct expenditures 

in Australia during 2004 to 2005. The direct costs of musculoskeletal conditions were 

estimated to total $AU9.15 billion in 2012, of which OA accounted for AU$3.8 billion 

and increased three fold in a decade (Arthritis and Osteoporosis Victoria, 2013). The 

indirect costs of OA (e.g. loss work, decreased productivity, and premature retirement) 

is substantial and likely greater than direct expenditure (Rabenda et al., 2006). The 

impact of premature retirement due to arthritis alone was estimated to be AU$9.4 

billion in lost gross domestic product (Schofield et al., 2013). Furthermore, the 

prevalence of OA in Australia was projected to increase 58% by 2032 and likely to 

increase costs of healthcare (Arthritis and Osteoporosis Victoria, 2013). Costs of OA 

accounted for 40.9% of the total costs for musculoskeletal conditions, and OA had the 

most expensive per person health costs in 2012. Due to this, musculoskeletal 

conditions, of which OA is the most prevalent and costly, have been a National Health 

Priority Area (NHPA) in Australia for the past decade (Arthritis and Osteoporosis 

Victoria, 2013). Although knee OA is more common than hip OA, the rate of THA due 

to hip OA have increased by 31% compared to 29% for the knee from 2004-2015 

(AIHW National Hospital Morbidity Database, 2014–15). In the United States, the rate 

of THA increased by 81% from 2000 to 2010 (Wolford et al., 2015). Clearly, hip OA is a 

major contributor to the rising costs on the healthcare system. The high cost may be 

due to the fact that there is currently no cure for hip OA and individuals with hip OA 

http://www.aihw.gov.au/hospitals-data/national-hospital-morbidity-database/
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have the disease for the duration of their life, as such costly lifetime management of 

the disease is the only option. 

2.3 Management  
Management of hip OA usually entails a combination of different non-surgical 

treatments to reduce pain (Mushtaq et al., 2011). This encompasses pharmacological 

treatments and/or non-pharmacological methods such as conservative exercise 

rehabilitation. However, these non-surgical treatments only have modest effects, and 

ultimately, THA is the final treatment to reduce pain and improve function. Each of 

these modes of non-surgical treatment will now be briefly discussed. 

2.3.1 Pharmacological 
There are many pharmacological treatments available for OA and they include 

analgesic, anti-inflammatory, and injectables. Analgesic medications (i.e. painkillers) 

do not stop the disease process but may allow an individual with a painful joint to be 

asymptomatic (Hochberg et al., 1995). Several studies have shown analgesics are 

effective for reducing pain in OA patients (Altman et al., 2007; Shen et al., 2006). 

Decreasing pain may lead to improvements in joint function and disability. However, 

the main criticism of analgesia is that it does not modify the state and progression of 

the disease, such as providing an anti-inflammatory effect (Costa et al., 2017).   

Inflammation has been recognised to be part of the disease process due to signs of the 

inflammatory type of lesions found in people with knee OA (Mootha et al., 2010). 

Subsequently, an alternative medication is that of nonsteroidal anti-inflammatory 

drugs (NSAID) that have both analgesia and anti-inflammatory components. Some 

evidence exists for NSAID to have an effect on inflammation and reduce pain in 
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individuals with OA (Kenneth D. Brandt et al., 2006). However, treatment of OA with 

NSAID is controversial due to the toxicity of NSAID, which includes gastrointestinal 

and cardiovascular (Flower, 2003; Silverstein et al., 2000). Due to this, topical NSAID, 

which have less toxicity, have been used in individuals with OA and have been shown 

to reduce pain with minimal side effects such as skin irritation (Bookman et al., 2004; 

Lin et al., 2004). Use of topical NSAID is less effective at the hip than for the knee, 

since the hip joint is much deeper with a lot of surrounding soft tissues.  

Intra-articular joint injections have also long been used to treat people with OA 

(Bijlsma et al., 2011; Raynauld et al., 2003). Although the costs of treatments are high, 

the injections of drugs in the articular joint are thought to relieve pain and provide 

anti-inflammatory effects. However, no long term benefit has been shown with 

corticosteroid injectables, and there has been no evidence for changes in the disease 

process with use of injectables (Raynauld et al., 2003). Other injectable agents such as 

hyaluronic acid and glucosamine have been used with moderate effects (Bannuru et 

al., 2009; Towheed et al., 2005; Vlad et al., 2007). Due to moderate outcomes and 

disadvantages of various pharmacological agents (i.e. toxicity, adverse effects, short 

term benefits, high costs), some recommendations have been to utilise non-

pharmacological treatments first (Conaghan et al., 2008; Harvey and Hunter, 2010).  

2.3.2 Non-pharmacological 
There are several risk factors associated with the onset and progression of hip OA; 

however, mechanics of movement and the related physical forces have been implicated 

as primary risk factors. Subsequently, non-pharmacological therapies, tend to focus on 

possible mechanical approaches to manage the disease, such as conservative exercise 
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and manual therapy. Additionally, the use of orthotic devices or aids to modify gait 

and mechanically “protect” the hip have also been advised (Mushtaq et al., 2011; Nérot 

and Nicholls, 2017), as well as to avoid prolonged activities and postures to prevent 

overloading of the joint while walking, with the latter believed to be one of the main 

mechanical risk factors associated with hip OA (Felson, 2013). However, there is no 

evidence to support this view for the hip, and indeed, evidence for the knee suggest 

that reduced loading, i.e. under-loading (Saxby et al., 2017; Wellsandt et al., 2016), or 

overloading (Chang et al., 2015; Hall et al., 2015) during walking can contribute to onset 

and progression of knee OA.  Nevertheless, therapies to lower hip overloading are used 

to manage hip OA. 

Gait aids such as using a cane on the contralateral side has been demonstrated to 

offload the affected hip joint (Ajemian et al., 2004). However, a four-week trial with 

the use of a cane did not show significant improvements in hip pain and function of 

people with hip OA (Fang et al., 2012). In line with the aim of reducing joint loading, 

losing weight has been a recommendation for people with hip OA who are overweight 

(Zhang et al., 2010). Obesity, typically defined as body mass index (BMI) greater than 

25 (Hochberg et al., 2012), may be a risk factor for hip OA (Jiang et al., 2011). However, 

there have been no randomised trials of weight loss intervention for clinical benefits in 

people with hip OA (Zhang et al., 2010). Limited trials on knee OA have shown support 

for at least a 5% in body weight reduction be the aim of patients (Christensen et al., 

2007).  

Conservative exercises (e.g. low-impact physical therapy, stretching) are thought to 

relieve stiff and painful joints in individuals with hip OA (Bennell, 2013). However, 
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studies have not conclusively shown that various exercise therapies are effective in 

reducing pain and improving joint functions for people with hip OA (Green et al., 1993; 

Hoeksma et al., 2004; McNair et al., 2009; Stener-Victorin et al., 2004; Sylvester, 1990; 

Tak et al., 2005). Furthermore, recent studies from large randomised trials, in general, 

did not find significant improvements in pain with various exercises that are typically 

prescribed for sufferers of hip OA (Abbott et al., 2013; Fernandes et al., 2010; French et 

al., 2013; Juhakoski et al., 2011). The shortage of effective exercise therapies could stem 

from a lack of understanding of how exercise, and different types of exercise, actually 

affects neuromuscular function, hip loading, and hip biomechanics (Bennell, 2013; 

Bennell et al., 2014). 

Manual therapy has been recommended for people with hip OA and can range from 

mobilisation to stretches and physiological manipulation (Cibulka et al., 2009; 

Conaghan et al., 2008). There has been some evidence, from randomised trials, for 

improved treatment outcomes (Abbott et al., 2013; Hoeksma et al., 2004) and one that 

did not show improvements (French et al., 2013).  Again, there is a lack of 

understanding of how manual therapy actually affects neuromuscular and 

biomechanical function at the hip, if at all.  

Unfortunately, these non-surgical therapies used as hip OA management strategies 

have no or small affect sizes (Fransen et al., 2002; McNair et al., 2009; Nüesch et al., 

2010). Therefore, symptomatic hip OA sufferers will eventually reach the end stage of 

the disease where THA is needed to alleviate major joint pain that is part of the end-

stage of the disease.    



 

18  

2.3.3 Total hip replacements 
The progression of hip OA can be very quick and studies have shown that 37.4% 

(Gossec et al., 2005) and 53% (Ledingham et al., 1993) of patients with symptomatic hip 

OA elect for THA within two years of diagnosis. Total hip replacements have been 

shown to reduce pain in people with symptomatic hip OA (Goldberg et al., 2011), and 

subsequently the number of THA has increased (Schwartz et al., 2016).  

There are several types and brands of hip implants available on the market (e.g. 

cemented, uncemented, metal-on-metal). However, less than 50% of the 59 different 

combination of implants available in Australia have a low a 5.0% or less chance of 

being  being rivised  at 10-year as reported by the Australian Orthopaedic Association 

National Joint Replacement Registry (2015). This indicates that the type of hip implant 

is an important choice for a successful THA. Nonetheless, the success rate for the hip is 

better than for the knee, with the 10-year success rates for hip replacements to be over 

90% (Kendal et al., 2013). Although the success rate is encouraging, it is a temporary 

solution as a revision surgery eventually occurs due to implant loosening or 

dislocations and joint infections (Ogino et al., 2008). Not only are these potential 

failure modes with the implants, but several problems can occur with patients after 

surgery.  

As indicated, undergoing THA does not guarantee that the patient does not return to 

the levels of joint pain and dysfunction experienced prior to THA. For example, 

abnormal bone formation around the hip joint components may occur in as much as 

70% of THA patients (Siopack and Jergesen, 1995). Additionally, post-THA patients 

experience functional limitations. Extensive rehabilitation is undertaken after surgery 

to reduce weakness in the muscle groups surrounding the hip to reduce the risk of 
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implant failure (Shih et al., 1994). Despite this, there is evidence that THA patients do 

not achieve normal kinematics even after 10-year post-THA (Bennett et al., 2008). 

Furthermore, there is the risk of short-term increased in mortality for patients after 

undergoing hip replacements (Berstock et al., 2014).  

Although there have been a large number of studies in pharmacological and non-

pharmacological therapies for managing hip OA, clinical guidelines still rely on clinical 

opinions for some recommendations (Hochberg et al., 2012; Zhang et al., 2008). This is 

principally due to clinicians’ questioning the small effects of some of these non-

surgical therapies (Nüesch et al., 2010), and lack of clarity surrounding the long term 

effects of these therapies on disease progression (Y. Zhang et al., 2014). Consequently, 

THA is often the only choice for patients to alleviate joint pain and dysfunction. 

Further investigation into the biomechanical and neuromuscular mechanism of these 

therapies may help refine non-surgical treatments and improve outcomes. 

Additionally, a better understanding of the biomechanical and neuromuscular 

contributors to disease progression in hip OA is necessary to inform future directions 

for treatments. With a basic overview of hip OA and how it is managed, we now turn 

our attention to its risk factors. 

2.4 Osteoarthritis risk factors 
As noted earlier, there is no cure for hip and knee OA, and it is unclear the causes of 

OA. Our understanding of the major causative risk factors for the progression of hip 

OA is still lacking and has failed to produce effective treatments for this condition. 

Effective treatments, however, can only be developed with a thorough understanding 

of the major underlying risk factors for disease development and progression. Several 
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risk factors have been identified and implicated in the onset and progression of OA, 

which have been grouped into biological and neuromusculoskeletal biomechanical risk 

factors. However, the pathogenesis of OA is believed to be multifactorial and includes 

a combination of biological and neuromusculoskeletal biomechanical risk factors that 

contribute to the disease.  

2.4.1 Biological risk factors  
Although non-modifiable, biological risk factors may predispose certain individuals to 

increased risk of OA. Therefore, understanding their contribution to increased 

incident may offer insights into disease progression and provide guidelines to target 

types of treatment to specific individuals. Some of the main biological risk factors, 

pertaining to both knee and hip OA, include age (Cooper et al., 1998; Felson et al., 

1987), gender (Boyer et al., 2008), and genetics (Spector et al., 1996).  

Although present in some young individuals, knee and hip OA generally affects older 

people. People over the age of 65 usually show some evidence of radiographic OA 

(Felson, 1988). The prevalence of OA increases with age and several studies have 

suggested that increasing age leads to higher incidence of OA (Oliveria et al., 1999; van 

Saase et al., 1989). It is unclear why the incident of OA increases with age, but it is 

believed that age may affect the joint’s capability to protect itself from biomechanical 

stress, possibly through changes to the underlying musculoskeletal system such as 

increased articular cartilage thinning (Hudelmaier et al., 2001).  

The incidence of OA in women have been reported to be higher than men, with some 

estimate that women have 1.7 times higher incidences of knee OA (Felson et al., 1995). 

The risk of hip OA is also higher in women than in men (Srikanth et al., 2005). The 
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leading hypothesis is that hormones, specifically oestrogen, may have an effect on the 

development of OA due to the observed increased in knee OA during menopause 

(Oliveria et al., 1999). However, studies linking oestrogen to radiographic incidence 

OA have been inconclusive, with studies showing protective effect in hip and knee OA 

(Cirillo et al., 2006; Nevitt et al., 1996) and another showing no effect in knee OA 

(Hannan et al., 1990).  

Genetics and OA have been shown to be associated in twin studies with 60% 

probability of  inheritability  in hip OA and 40% in knee OA (Spector and MacGregor, 

2004). A genome study on the Rotterdam cohort identified a locus on chromosome 

7q22 that influences the progression of knee OA (Kerkhof et al., 2010). Several other 

genome studies have identified genes associated with OA (Meulenbelt et al., 2008; 

Miyamoto et al., 2008). This area of genomics has been given much attention as 

identification of specific genes associated with OA may lead to insights into the disease 

mechanism and allow for the development of gene therapy for OA treatments in the 

future. 

2.4.2 Neuromusculoskeletal biomechanical risk factors 
Neuromusculoskeletal biomechanical risk factors are of interest for hip and knee OA 

as some are potentially modifiable and may inform treatment and intervention 

strategies. In general, neuromusculoskeletal biomechanical risk factors are believed to 

increase the risk of OA incidence through changes in kinematic, kinetics, and 

neuromusculoskeletal system that result in abnormal loading patterns on the joint and 

ultimately affect cartilage and bone health. Neuromusculoskeletal biomechanical risk 

factors may include, but are not limited to obesity (Cooper et al., 1998; Felson and 
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Chaisson, 1997; Oliveria et al., 1999; Toivanen et al., 2010; van Saase et al., 1989), 

occupation (Pope et al., 2003), previous joint injury (Englund and Lohmander, 2004; 

Gelber et al., 2000; Lohmander et al., 2004), anatomical abnormalities (Anderst and 

Tashman, 2009; Gregory et al., 2007; Reijman et al., 2005), and malalignment (Brouwer 

et al., 2007; Sharma et al., 2001). Abnormal joint loading has long been implicated in 

the onset and progression of OA at the knee (Miyazaki et al., 2002) and also suggested 

to the same for the hip (Felson, 2013).  

Loading at the hip joint is believed to be a risk factor for hip OA as it can cause damage 

to the joint tissues (Felson, 2013). However, this opinion stems from animal studies and 

research on knee OA. It has been shown in animal studies that manipulating the 

loading experienced by the joint results in joint degeneration (Radin et al., 1982; Wu et 

al., 1990). Wu and colleagues (1990) introduced malalignment in the knee joints of 

rabbits and saw increased cartilage degeneration compared to the unoperated 

contralateral joint. Radin and colleagues (1982) exposed sheep to prolonged walking on 

different surfaces and saw significant bone and cartilage changes for those walking on 

harder surfaces. Both studies seem to indicate abnormal joint loading is a cause of 

cartilage degradation and may be a factor in causing OA. The review by Bader et al. 

(2011) provides an extensive overview of biomechanical influences of cartilage health. 

Summarised in Table 2-1, the evidence from animal studies show that different forms 

of non-physiological loading have negative effects on cartilage health. Although it is 

infeasible for ethical reasons to prove causation of OA in people like that shown in 

animal studies, we can reasonably imply causation through the relationship between a 

risk factor (e.g. joint injury) and later onset of OA. The following sections describe the 

different biomechanical and neuromuscular changes that may affect hip joint loading. 
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Table 2-1: Experimental evidence indicating the range of non-physiological loading 

modalities in articular cartilage reproduced from Bader et al. (2011).  

 Type of load Regimen Model system    Major effect  Reference 

Over-
loading 

Strenuous 
exercise   

Running 40 
km/day for 
one year 

Beagle dogs 
Decreased proteoglycan 
content in load bearing 
regions 

(Arokoski et al., 
1993) 

Strenuous 
exercise 

Running uphill 
on a treadmill 
for 40 weeks 
and 20 km/day 
for 15 weeks 

Beagle dogs 
Reduced GAG content in the 
superficial zone and reduced 
cartilage thickness 

(Kiviranta et al., 
1992) 

No 
loading 

Immobilisation  3 weeks  Adult dogs  Reduction in proteoglycan 
synthesis  

(Palmoski et al., 
1979) 

Rigid 
immobilisation  11 weeks  Canine knee Decrease in cartilage 

thickness 
(Jurvelin et al., 
1986) 

Post ankle 
fracture model 
of partial 

load bearing 
7 weeks 20 
subjects with 
ankle fractures 

Cartilage atrophy and 
reduced thickness in 
patellae and medial tibia 

(Hinterwimmer et 
al., 2004) 

Joints are 
unloaded and 
restricted in 
movement 

24 months 

26 subjects 
with traumatic 
spinal cord 
injury 

Progressive thinning of 
cartilage in the patella, 
medial tibia and decrease 
stiffness 

(Vanwanseele et 
al., 2003, 2002) 

Immobilisation 
& 
remobilisation 

Initial 11 week 
immobilisation 
and 
subsequent 50 
week 
remobilisation 
period 

Canine knee 

Immobilisation caused 
softening of tissue 
Remobilisation partially 
restored biomechanical 
properties 

(Haapala et al., 
2000) 

Impact 
loading 

Single impact 
load  

15–20MPa, 24 
hrs  

Bovine cartilage 
explants  

Cell death and collagen 
damage Apoptosis (4.5MPa), 
collagen breakdown 

(Torzilli et al., 
1999) 

Impact load 
with variable 
peak stress  

4.5 to 20MPa, 
24 hrs  

Bovine cartilage 
explants 

(7–12MPa), sGAG (6–13MPa), 
and nitrite release (20MPa) 

(Loening et al., 
2000) 

High strain 
rate 0.1 and 
1/sec  

18 and 24MPa  Bovine cartilage 
explants 

Reduction in protein 
biosynthesis and 
compressive/shear stiffness 

(Kurz et al., 2001) 

High velocity 
single impact 
load  

24 hrs  
Human and 
bovine cartilage 
explants 

Matrix inhibition was more 
pronounced in bovine than 
human tissue 

(Aspden et al., 
2002; Jeffrey et al., 
1995; Jeffrey and 
Aspden, 2006) 

Repetitive 
impact load  

5MPa, 0.3 Hz, 
2 hrs  

Bovine cartilage 
explants 

Necrosis, apoptosis, followed 
by collagen and 
proteoglycan degradation 

(Chen et al., 2001) 

Static 
loading 

Static 
compression  50%, 24 hours  Bovine cartilage 

explants 

Inhibits proteoglycan 
synthesis and collagen type 
II 

(Guilak et al., 
1994; Sah et al., 
1989) 
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2.4.2.1 Altered kinematics and kinetics 

Joint kinematics (e.g. joint angles) and kinetics (e.g. external joint moments) have long 

been used as a proxy for joint loading. Several studies have compared gait 

characteristics between healthy, hip OA and knee OA populations. From a study of 

knee OA patients, there was no significant difference found in knee motion compared 

to healthy people; however, the study found significantly reduced internal knee 

extensor moments (Kaufman et al., 2001). Higher knee adduction moments during 

walking and knee malalignment have also been associated with progression of knee 

OA (Chang et al., 2015; Miyazaki et al., 2002; Sharma et al., 2001). Although, the use of 

external joint moment associating with cartilage health has recently been a subject of 

debate (Saxby et al., 2017; Saxby and Lloyd, 2017; Wellsandt et al., 2016), since other 

studies have shown knee adduction moment to have affect a positive adaptive change 

in the cartilage (Koo and Andriacchi, 2007). So this has raised questions about what is 

abnormal loading and normal loading (Saxby et al., 2017; Saxby and Lloyd, 2017; 

Wellsandt et al., 2016). 

From several studies, people with hip OA have been found to walk with reduced hip 

flexion, extension, and adduction angle along with reduced hip extension and 

abduction moment (Constantinou et al., 2017; Eitzen et al., 2012; Ornetti et al., 2011). In 

general, reduced range of motion in the affected joint has also been found in people 

with hip OA (Lin et al., 2001). Slower walking speeds were also found in individuals 

with hip OA in these studies. These changes in gait may be an adaptation strategy to 

cope with the disease. The various changes in kinematics and kinetics may shift loads 

to regions of the hip cartilage that are not accustomed to chronic loading (Mabuma et 

al., 2015; Saxby and Lloyd, 2017). These findings all seem to implicate altered hip joint 
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loading in people with hip OA through changes in kinematics and kinetics. However, 

kinetic variables, i.e. joint moments, are only an indirect representation and surrogate 

measure of joint articular loading. Further studies are needed to calculate hip joint 

loading to confirm altered loading patterns in people with hip OA. 

2.4.2.2 Altered skeletal tissues 

Loss of cartilage, as seen in people with OA, has been proposed to be a mechanically 

mediated process that occurs from altered areas of cartilage stress, of which the 

geometry of the bone is a key factor (Williams et al., 2010). It is believed that abnormal 

bone deformity such as femoroacetabular impingement (FAI) increases the risk of hip 

OA (Zhang et al., 2015) and the prevalence of abnormal femoral head to femoral neck 

ratio is two times greater in people with hip OA compared to healthy (Doherty et al., 

2008). The abnormal femoral head and neck geometry have been shown to be factors 

in the progression of radiographic hip OA in a 6-year follow up study (Gregory et al., 

2007) and in women (Lynch et al., 2009). From a pure mechanical perspective, we can 

intuitively  reason that geometric parameters, such as lengths and angles of the bones, 

will have an effect on the resulting joint loading and how these are transmitted 

(Pierrynowski, 1995; Yamaguchi, 2005). 

2.4.2.3 Altered neuromuscular  factors 

Muscular and neural abnormalities, which will affect how the joints are loaded, are 

evident in hip and knee OA sufferers. In people with knee OA, it was shown that 

increasing the vastus medialis cross-sectional area (CSA) was associated with reduced 

medial tibial loss and reduced knee pain (Wang et al., 2012). Muscle weakness and 

dysfunction have been cited as important factors in hip OA (Hurley, 1999; Loureiro et 

al., 2013b). Muscle weakness may be a result of alterations in muscle activation 
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patterns (i.e. muscle recruitment), reduction in muscle activation (i.e. muscle 

inhibition), and reduction in muscle physiological cross-sectional area (PCSA), which 

in turn can affect the hip joint loading (Hubley-Kozey et al., 2008).  

Different neural activation patterns have been shown to be different in knee OA  

(Astephen et al., 2008; Childs et al., 2004; Liikavainio et al., 2010) and hip OA (Sims et 

al., 2002) sufferers compared to healthy subjects. Several studies have found increased 

gluteus medius activation people with hip OA (Dwyer et al., 2013; Sims et al., 2002). 

Rutherford and colleagues (2015) also found altered gluteus medius activation patterns 

along with altered gluteus maximus and slightly increased timing of hamstring activity 

in patients with hip OA. Suetta and colleagues (2007) showed that people with hip OA 

exhibited lower muscle activation of the vastus lateralis, vastus medialis, and rectus 

femoris on the affected side compared to the contralateral leg. Suetta and colleagues 

(2007) also showed lower muscle mass in the quadriceps muscle group of the affected 

leg of people with hip OA. There is evidence for higher adipose tissues in older 

compared to young adults (Lynch et al., 1999); this would indicate reduction in muscle 

PCSA in older people, who have high prevalence of hip OA. The altered neuromuscular 

patterns and muscular tissues in people with hip OA suggest several neuromuscular 

adaptations exist for the disease.  

Altered muscle activation is also expressed as increased levels of muscle co-

contraction, the co-activation of antagonists around a joint. The greater degree of 

muscle co-contraction may be needed for joint stability and complex movements 

(Damiano, 1993) for knee and hip OA sufferers. Increased levels of muscle co-

contraction during walking and other activities (Hortobágyi et al., 2005; Lewek et al., 
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2005) have been reported in people with knee OA (Childs et al., 2004; Hubley-Kozey et 

al., 2008). Increased duration of muscle co-contraction in the knee has been associated 

with progression of knee OA (Heiden et al., 2009a; Hodges et al., 2016). Although the 

presence of muscle co-contraction has been suggested to occur in people with hip OA, 

it has only been studied in people with hip replacements (Park et al., 1999). The 

presence of hip muscle co-contraction corresponded to higher pressure magnitudes as 

evident in a person with in-vivo endoprosthesis pressure transducers (Park et al., 1999). 

Muscle co-contraction is thought to increase loading and accelerate cartilage 

degradation (Hubley-Kozey et al., 2008; Rudolph et al., 2007, p. 2007; Rutherford et al., 

2011), although this has never been shown. Clearly, there are numerous 

neuromusculoskeletal abnormalities of hip OA sufferers that can affect joint loading 

patterns.  

2.4.3 Joint loading 
The vast literature shows that inappropriate loading during walking is a major risk 

factor in initiating and progressing knee OA (Andriacchi and Mündermann, 2006; 

Felson, 2013; Felson and Neogi, 2004; Goldring and Goldring, 2007; Loeser et al., 2012; 

Radin et al., 1972). As highlighted earlier, there are several neuromuscular and 

biomechanical changes seen in people with hip OA that can potentially affect hip joint 

loading. Altered kinematics and kinetics may altered the loading magnitude and shift 

the loading to different regions of the cartilage. The altered hip joint loading can  cause 

damage to the bone and cartilage, furthering the vicous cycle of hip OA and eventually 

leading to total joint failure. However, altered hip joint loading and its association to 

diease onset and progression is yet to be examined. Nevertheless, we can logically infer 
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that altered joint loading in the hip is an important risk factor for the initiation and 

development of hip OA, similar to what has been shown at the knee.  

Inappropriate joint loading is believed to initiate a cascade of events that result in 

morphological changes in joint tissues which lead to joint instability (Felson et al., 

2000), although this is yet to be studied at the hip. Furthermore, what is considered 

inappropriate loading has not been well defined. The cause of joint degeneration have 

been suggested to be from under-loading (Saxby and Lloyd, 2017; Vanwanseele et al., 

2003; Wellsandt et al., 2016), static loading (Bader et al., 2011), through to overloading 

(Andriacchi and Mündermann, 2006; Felson, 2013; Radin et al., 1972). All these loading 

conditions have been linked to cartilage degeneration (Bader et al., 2011), suggesting 

that loading that is outside of the “normal” range is inappropriate.  

The confusion on what is inappropriate loading may be due to the difficulty in 

obtaining good estimates of normal loading in the native hip. Nevertheless, the causes 

of degenerative articular cartilage are multifaceted and comprise of biological and 

neuromusculoskeletal biomechanical pathways that induce structural changes 

(Seedhom, 2006; Wong et al., 1999). These pathways are interconnected and point to 

abnormal loading (e.g. under-loading or over-loading) for the initiation and 

progression of OA. The estimation of hip joint contact forces (HJCF), which is a 

measurement of hip joint articular loading, during walking and understanding the 

contributions of muscles and external loads to these forces may be vital to 

understanding the disease process. Furthermore, understanding if abnormal loading is 

lower or higher than normal may inform development of future therapies in hip OA. 
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2.5 Approaches to estimating hip joint contact forces 
There are two ways of assessing joint contact forces (JCF) during walking: direct 

measurement or computational neuromusculoskeletal (NMS) modelling-based 

estimation. Direction measurement is possible through the use of instrumented 

implants (Bergmann et al., 2014, 2016; Fregly et al., 2012a). However, this is not possible 

in the native joint; therefore, computational NMS modelling has been used to estimate 

JCF (Gerus et al., 2013; Jonkers et al., 2008; Lenaerts et al., 2008; Saxby et al., 2017; 

Wesseling et al., 2015a). The following describes these two approaches and the 

resulting HJCF.  

2.5.1 Direct Measurement 
There have been several studies that have used instrumented implants to measure 

HJCF directly; various direct measurement studies on the hip joint are summarised in 

Table 2-2. Direct measurement of JCF has improved our understanding and provided 

insights into JCF patterns during gait. For example, choice of footwear hardness 

influences HJCF magnitudes, with harder soles relating to higher HJCF measured 

(Bergmann et al., 1995). This was expected as animal models, as mentioned previously, 

linked cartilage degeneration with ground hardness  (Radin et al., 1982). Also direct 

measurement has also provided evidence for the direct relationship of walking speeds 

on HJCF magnitudes (Bergmann et al., 1993). However, instrumented implants are only 

available in people at the end stage of disease that elected to undergo total hip 

replacements and therefore the available data set is usually limited.  

Direct measurement of these forces in individuals who do not have implants is not 

viable due to ethical and technological limitations. As previously noted, people with 



 

30  

hip implants have altered gait patterns (Bennett et al., 2008), muscle alterations (Shih 

et al., 1994), and abnormal bone formations (Siopack and Jergesen, 1995). Furthermore, 

these studies have been limited to a small number of subjects with implants, whose 

gait patterns may not be representative of people with hip OA (Bergmann et al., 2001, 

1993; Brand et al., 1994; N. W. Rydell, 1966). As such, our current understanding of the 

role mechanics plays in the onset and progression of hip OA is hindered by the 

limitations in directly measuring HJCF. Consequently, we currently do not have a 

comprehensive understanding of hip muscle-tendon forces and the HJCF during 

walking. Realistic JCF in the native joints are also essential for total hip replacement 

innovations. Therefore, computational NMS modelling has been used as an alternative 

to estimate HJCF for people with hip OA. 
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Table 2-2: Studies with direct measurement of hip joint contact forces (HJCF) in 

bodyweight (BW) 

Reference Gender n 
HJCF (BW) 

Activity Walking speed 
(m/s) max average 

(Rydell, 1965) 1 male 
1 1.8  walking 0.9 
 2.4  walking 1.3 
 2.4  one-legged stance  

(N. W. Rydell, 1966) 1 female 
1 3  walking 1.1 
 3.3  walking 1.4 
 2.9  one-legged stance  

(English and 
Kilvington, 1979) 1 female 

1 2.7  walking 0.73 
 3.59  one-legged stance  

(Davy et al., 1988) 1 female 
1 2.8 2.64 walking 0.5 
 2.6  stair climbing  
 2.1  one-legged stance  

(Kotzar et al., 1991) 1 male 
1 female 

2  2.4 walking 0.9 
  2.5 walking 1.1 
  2.8 walking 1.3 
  3.6 walking 1.8 
  2.6 one-legged stance  
 5.5  instability   
  2.6 ascending stairs  
  1.23 rising from chair  

(Bergmann et al., 1993) 1 female 

1 2.93  walking 0.28 
 4.64  walking 0.83 
 4.71  walking 1.39 
 5.5  jogging 1.94 
 8.54  maximum jogging > 1.94 
 8.7  stumbling  

(Brand et al., 1994) 1 male 
1 3.5  walking 0.94-0.97 
 3.3  walking 1.11-1.36 

(Bergmann et al., 2001) 3 males 
1 female 

4 2.85 2.33 walking 1.08 
 3.69 2.32 one-legged stance  
 3.14 2.52 stairs ascent  
 3.16 2.6 stairs descent  
 2.2 1.9 rising from chair  

(Stansfield et al., 2003) 1 male 

2  4.54 walking 1.27 
  4.56 stairs descent  
  4.33 stairs ascent  
  4.55 ramp descent 1.02 
  4.52 ramp ascent 1.01 

(Bergmann et al., 2016) 8 males 
2 female 

10 2.82 2.54 walking 1.1 
10 3.21 2.70 one-legged stance  
8 3.33 2.72 stairs ascent  
9 3.57 2.92 stairs descent  
9 3.46 1.97 rising from chair  
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2.5.2 Neuromusculoskeletal modelling 
Computational NMS modelling is a viable non-invasive alternative to direct 

measurement of JCF (Arnold and Delp, 2005; van den Bogert et al., 1999). NMS models, 

composed of the anatomical musculoskeletal (MSK) model and the neuromuscular 

model, are a mathematical representation of the anatomy and physiology of an 

individual. Computational NMS modelling is comprised of NMS model and the various 

computational techniques to calculate JCF. 

The anatomical MSK model represents the skeletal and muscular tissues of a person. 

The anthropometry (e.g. bone lengths, joint centres) and muscle-tendon parameters 

(e.g. maximum isometric force, force-length velocity) of a “generic” model are usually 

obtained from cadavers. These generic anatomical MSK models are linearly scaled to 

fit each individual’s anthropometry. However, linear scaling does not introduce 

appropriate curvature into bones that may be essential when modelling subjects with 

potential movement and morphological abnormalities such as hip OA (Murray et al., 

2002).  

In the literature, it has been shown that subject-specific anatomical geometries have 

an effect on the resulting JCF (Gerus et al., 2013; Jonkers et al., 2008). In people prior to 

total hip replacements (THR), the femoral neck-length (FNL) and femoral neck-shaft 

angle (FNSA) affects the HJCF with increased FNL resulting in an increase in all three 

HJCF components (Lenaerts et al., 2008). In the same study, the differences in FNL and 

FNSA resulted in altered muscle activation patterns of the hip abductors and increased 

the HJCF by up to three times body weight (Lenaerts et al., 2008). Another important 

geometrical parameter that affects the muscle-tendon forces and HJCF is the femoral 

neck anteversion angle (FNA) (Cibulka, 2004). FNA is the angle between the femoral 
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neck axis and knee axis in the transverse plane (Gulan et al., 2000) and excessive FNA 

has been linked with initiation and progression of hip OA (Halpern et al., 1979; 

Terjesen et al., 1982). Furthermore, the bone geometry will also affect the insertion 

points of muscles and the line of action of the muscles. This will affect the muscle 

moment arm and will have an effect on HJCF. The geometry of the bone also 

determines the hip joint centre, which is weight bearing during walking (Greenwald 

and Haynes, 1972). Furthermore, muscles have been shown to be major contributors to 

HJCF (Correa et al., 2010). Importanatly, generic MSK models, however, do not account 

for subject-specific bone geometry (e.g. FNA, FNL, and FNSA). 

It has been demonstrated that people with hip OA have significantly smaller muscle 

cross-sectional area (CSA) compared to healthy subjects (Grimaldi et al., 2009b, 2009a; 

Rasch et al., 2007; Suetta et al., 2007). Generic MSK models, however, do not account 

for subject-specific muscle parameters (e.g. CSA, maximum isometric force), which 

may affect muscle-tendon forces and JCF in the hip. So it appears that MSK models 

need to be subject-specific in regards to bone and muscle-tendon geometry (Gerus et 

al., 2013; Lenaerts et al., 2008; Scheys et al., 2011b; Wesseling et al., 2016a). 

The NMS model also includes a neuromuscular model, which is a mathematical 

representation of the neuromusclar properties of an individual (Buchanan and Lloyd, 

1995; Lloyd and Buchanan, 2001). Muscular properties (e.g. tendon slack length, 

optimal fibre length)  are often from cadaveric data, which is not subject-specific, as 

directly measuring muscular parameters is difficult or unfeasible. The neuromusclar 

properties (e.g. muscle activation dynamics parameters, nonlinear shape factor) govern 

how the neural commands, measured from electromyography (EMG), transformed to 
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muscle-tendon force (Buchanan et al., 2004; Lloyd and Besier, 2003). The 

neuromuscular properties are complex and not completely understood (Buchanan et 

al., 2004; Lloyd and Besier, 2003); therefore, obtaining these properties is impossible or 

difficult in a living perons. However, calibration, discussed in section 2.5.3.2, is an 

optimisation process that can tune the neuromuscular parameters to personalise NMS 

models to be subject-specific (Buchanan and Lloyd, 1995; Lloyd and Buchanan, 2001). 

Several techniques have been used to create complex subject-specific NMS models 

such as host mesh fitting (Fernandez et al., 2004; Oberhofer et al., 2009), statistical 

shape modelling (J. Zhang et al., 2014a), and directly using medical imaging (Valente et 

al., 2014). However, these are all time intensive, and only a few groups have the 

expertise and experience to create these personalised models. Consequently, this is a 

huge barrier for adoption in clinical and research laboratories despite the importance 

of personalising NMS models to each individual.  

2.5.3 Modelling the neural patterns and muscle forces 
To estimate JCF muscle-tendon forces must be estimated. For this one must first use 

inverse dynamics, involving the equations of motion, to solve for the external joint 

moments and forces (Cleather et al., 2011; Crowninshield et al., 1978). However, this 

calculates the net joint moment to produce given movements and does not directly 

account for the individual muscle-tendon force contributions at each joint. The 

musculoskeletal system is highly redundant, which poses a computational challenge 

when attempting to distribute forces amongst the muscles that cross the joint 

(Crowninshield and Brand, 1981a), i.e., there are numerous possible solutions of 

muscle-tendon forces to satisfy the musculoskeletal system. However, methods to 
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solve for this “force distribution problem” are required before being able to estimate 

the JCF and two general methods have been used: i) optimisation, and ii) EMG-

informed NMS approaches.  

2.5.3.1 Optimisation approach 

Optimisation, uses objective functions such as minimising muscle stresses or 

minimising muscle activation to solve for each muscles neural drive in the 

indeterminate system (Anderson and Pandy, 2001b; Davy and Audu, 1987). Standard 

optimisation approaches have been used to solve for the individual muscle-tendon 

forces in NMS modelling, and consequently for HJCF. However, these use objective 

functions to solve for the force distribution problem that generally have no 

physiological basis. Standard optimisation assumes that everyone has the same 

neuromuscular control strategy. That is, optimisation will result in the same muscle 

activation pattern for the same joint moments and joint angles. However, it has been 

shown that the muscle activation patterns can vary for different controls tasks 

requiring the same joint angles and joint moments in the same person (Buchanan and 

Lloyd, 1995; Tax et al., 1990) or between people (Lloyd and Buchanan, 2001). Static 

optimisation may lead to overestimation of muscle-tendon force magnitudes (Prilutsky 

et al., 1997) and also does not predict muscle co-contraction very well (Caldwell and 

Chapman, 1991; Gottlieb, 2000). It has been shown that prediction of muscle co-

contraction is not possible in a single degree-of-freedom (DOF) joint and only possible 

in a general three DOF joint if the muscles are not exact antagonists (Ait-Haddou et 

al., 2004). As noted earlier, people with OA may have higher levels of muscle co-

contraction and weaker muscles. Consequently, results from techniques such as 
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optimisation may not physiologically reflect individual’s actual activation patterns that 

are adapted to their underlying pathology (Buchanan and Shreeve, 1996). 

Current NMS models using static optimisation have overestimated the peak JCF in the 

knee and the hip compared to available in-vivo data. In the knee, JCF estimates range 

from 1.8 bodyweight (BW) to over 6 BW during walking (Catalfamo et al., 2010; Fregly 

et al., 2012a; Lin et al., 2010; Seireg and Arvikar, 1975); however, measured peak JCF in 

instrumented knee implants have been reported to be around 2 to 2.5 BW (D’Lima et 

al., 2008, 2005; Fregly et al., 2009). NMS models to estimate HJCF have also been 

widely overestimated with peaks up to 5.5 BW (Seireg and Arvikar, 1975), which is 

much larger when compared to instrumented hip implants that are around 2.5 BW for 

normal walking (Bergmann et al., 2016, 2001, 1993). Several publications have used in-

vivo data of patients with instrumented hip prosthesis (Bergmann, 2001) to estimate 

HJCF, but these have generally overestimated peak HJCF using an optimisation 

approach (Heller et al., 2005, 2001). The magnitude of the peak HJCF have been shown 

to be largely dependent on the power of the objective function (e.g. minimising 

activation squared) used in static optimisation (Modenese et al., 2011), and studies have 

shown better agreement with HJCF with the addition of subject specific bones, but the 

mediolateral and anterioposterior components of the JCF are still larger (Jonkers et al., 

2008; Lenaerts et al., 2008). An alternative method is to use EMG signals in EMG-

informed NMS modelling to estimate the unique neural drive of individuals for JCF 

estimation (Lloyd and Buchanan, 1996; McGill and Norman, 1986; Olney and Winter, 

1985; Thelen et al., 1994) 
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2.5.3.2 EMG-informed NMS modelling approaches 

The EMG-informed NMS model uses EMG signals to account for each individual’s 

unique neural solution to estimate muscle-tendon forces (Lloyd and Buchanan, 1996; 

Thelen et al., 1994). EMG-informed NMS models have been used to solve for the 

muscles neural drive, and subsequently forces, in the knee (Gerus et al., 2013; Lloyd et 

al., 2008; Lloyd and Besier, 2003; Olney and Winter, 1985), the lower back (McGill and 

Norman, 1986; Thelen et al., 1994), and the wrist (Buchanan et al., 1993). However, the 

hip is still an understudied joint in this regard due to the perceived importance of the 

other joints.  

The hip joint is one of the largest joints in the human body and is surrounded by many 

muscles and ligaments (Gray, 1918). There are also many more muscles surrounding 

the hip than the knee, including muscles such as the iliacus and psoas that cannot be 

measured using surface EMG electrodes. Intramuscular EMG is an alternative to 

surface EMG electrodes to measure these deep muscles, but this is invasive as it 

requires a needle attached to a wired system to be inserted into the muscle belly 

(Farina and Negro, 2012). Intramuscular EMG has also been shown to alter gait in 

children with cerebral palsy (Young et al., 1989). Subsequently, for an NMS model to 

be used in hip joint studies, these models must use a combination of EMG information 

for the measured muscle activations and optimisation for the unknown muscle 

activations (Sartori et al., 2013a). However, there have been only two limited studies of 

the hip using this combined EMG-informed NMS modelling approach: one study used 

a single subject (Fernandez et al., 2014) and the other five subjects (Pizzolato et al., 

2015), and all were healthy. 
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EMG-informed NMS modelling can take on various forms. There are calibrated and 

uncalibrated models, and three different neural control solution modes: EMG-driven 

(Lloyd and Besier, 2003; Sartori et al., 2012), EMG-hybrid (Sartori et al., 2014), and 

EMG-assisted (Sartori et al., 2014). All these options are available in the Calibrated 

EMG-informed Neuromuscular Modelling Toolbox (CEINMS) (Pizzolato et al., 2015). 

These forms will now be briefly discussed.  

The EMG-driven mode uses only recorded EMG signals to drive the NMS model in an 

open-loop predictive system (Lloyd and Besier, 2003). The EMG-hybrid mode uses 

static optimisation to estimate EMG signals for muscles that cannot be acquired (i.e. 

iliacus and psoas), but that are necessary for hip functions (Sartori et al., 2014). The 

quality of EMG signals can be affected by crosstalk, poor electrode placement, and skin 

impedance (Farina and Negro, 2012); therefore to lessen the effect of measurement 

errors, the EMG-assisted mode allows an optimisation to adjust EMG-derived 

excitations to improve joint moment tracking (Sartori et al., 2014). EMG-assisted 

modelling has been shown to provide the balance between predicting both measured 

joint moments and EMG derived excitation patterns, so is probably the best method to 

use for hip joint NMS modelling, although this is yet to be examined. 

The EMG-informed NMS models can be uncalibrated (McGill, 1992; McGill and 

Norman, 1986; Tsai et al., 2012a; Tsai et al., 2012b) or calibrated (Lloyd and Besier, 2003; 

Pizzolato et al., 2015; Sartori et al., 2012). Both methods obtain neuromuscular 

parameters that cannot be measured or are infeasible to measure from each individual 

person. The muscle-tendon parameters include maximum isometric force, optimal muscle 

fibre length, pennation angle, and tendon slack length. The “neural” parameters include 
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muscle activation dynamics and the non-linear relationship between muscle force and 

neural activation. The uncalibrated model uses neuromuscular parameters reported in 

the literature. The calibrated model, however, uses an optimisation procedure that 

estimates a set of neuromuscular parameters to best match experimentally estimated 

joint moments (Lloyd and Besier, 2003; Pizzolato et al., 2015). The advantage of 

calibrating is that the model can be customised to an individual and provided better 

dynamic consistency; although, this comes at the expense of computational time 

needed to calibrate (Lloyd and Besier, 2003; Pizzolato et al., 2015).  

Unfortunately, calibrating when only tracking joint moment (i.e. minimising the error 

between experimental and estimated joint moments) does not guarantee accurate hip 

and knee JCF estimations (Fregly et al., 2012a; Gerus et al., 2013). As discussed 

previously, NMS models typically estimate JCF that are larger than those measured 

using instrument implants (Heller et al., 2001; Modenese et al., 2011; Stansfield et al., 

2003). With this is mind, performing a calibration that minimises both i) the peak 

KJCFs, and ii) the error between experimental and estimated joint moments has been 

shown to produce better estimates of measured KJCF (Gerus et al., 2013). This has not 

been shown for the hip, but possibly improving predictions of HJCF, i.e. smaller HJCF, 

could also be improved by minimising the HJCF peaks and the joint moment errors 

during the calibration procedure. 

In summary, the factors involved in the incidence and progression hip OA are poorly 

understood and, historically, not as well studied as the knee joint. NMS biomechanics 

may constitute major factors in the initiation and progression of OA. However, our 

current knowledge of the role NMS biomechanics in hip OA is incomplete due to 
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limitations in being able to measure the muscles and HJCF directly. The complexity of 

the hip joint geometry and the deep location of some hip muscles make it challenging 

to estimate muscle-tendon forces and JCF on the articular surfaces of the hip joint. 

Nevertheless, a better understanding of the internal muscle-tendon forces and HJCF 

acting on the surrounding human hip joint can have a substantial impact on clinical 

assessments of movement abnormality as well as improving the design of prosthetics 

for hip OA sufferers. There are several factors that are altered in people with hip OA, 

such as changes in gait biomechanics and altered muscle activation patterns, which 

may impact HJCF. Calibrated EMG-informed NMS modelling is capable of accounting 

for these changes, thus, the overall modelling framework of this thesis uses a calibrated 

EMG-informed NMS modelling approach to estimate HJCF patterns in people with hip 

OA during walking.  

2.6 Aims  
The first aim of this thesis was to investigate, in healthy individuals, the effect of 

different parameter calibration on the HJCF using an EMG-informed NMS modelling 

approach. The second aim focussed on the effect of the different neural solution modes 

in EMG-informed NMS modelling (EMG-driven, EMG-hybrid, and EMG-assisted) 

compared with static optimisation. The hypothesis was that HJCF would be affected by 

the type of calibration and that including HJCF peaks in the calibration will improve 

predictions, similarly to what has been seen in the knee (Gerus et al., 2013; Serrancolí 

et al., 2016). Secondly, the EMG-assisted mode would provide the most physiologically 

plausible estimates of HJCF.  
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The second aim was to compare the calibrated EMG-informed NMS modelling method 

in CEINMS to the standard static optimisation method in OpenSim on HJCF estimates 

in people with hip OA. With the numerous neuromusculoskeletal changes seen in 

people with hip OA, we expected to see a higher level of muscle co-contractions using 

an EMG-informed NMS modelling method over a static optimisation method. The 

hypothesis was that EMG-informed NMS modelling would account for muscle co-

contraction and provide better estimates of HJCF similarly to available instrumented 

hip data (Bergmann et al., 2016). 

The final aim was to use the best modelling technique to compare HJCF patterns in a 

population with early symptomatic mild-to-moderate hip OA to a healthy population. 

HJCF has always been considered to be altered in people with hip OA using kinematics 

and kinetics as surrogate measures. At the time of this thesis, it would be the first 

study to calculate and compare HJCF in a population with early symptomatic mild-to-

moderate hip OA and a healthy population. The hypothesis was that people with hip 

OA would have higher muscle co-contraction than healthy people. The various 

neuromuscular and biomechanical changes present in people with hip OA would 

result in altered HJCF patterns compared to healthy people.  
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3 METHODS 
3.1 Overview 
This chapter presents the participants and overarching methodology used for the 

studies in Chapter 4, 5, and 6. The participants and data collection used for this thesis 

was part of a larger 12-month prospective study to identify biomechanical risk factors 

for progression of hip OA at Griffith University. Although the data were collected at 

baseline and 12-month follow-up, only the baseline dataset was available. Furthermore, 

processing and analysing follow-up data was out of scope of this thesis.  Ethical 

approval was granted by the Griffith Human Research Ethics Committee 

(PES/23/08/HREC), and all participants gave their informed, written consent before 

commencing any experiments. 

The overall processing pipeline from experimental data to estimating joint contact 

forces (JCF) is outlined in Figure 3-1. The approach involved collecting three-

dimensional (3D) gait analysis data in combination with electromyography (EMG) 

signals for use in computational neuromusculoskeletal (NMS) modelling. Experimental 

data was processed using MOtoNMS (Mantoan et al., 2015), an established MATLAB 

software to process human movement data. A generic anatomical musculoskeletal 

(MSK) model was linearly scaled in OpenSim (Delp et al., 2007, p. 2007). Joint angles, 

joint moments, and muscle kinematics was calculated using inverse kinematics, 

inverse dynamics, and muscle analysis tools available in OpenSim (Delp et al., 2007, p. 

2007), respectively. Muscle-tendon forces were estimated using two methods (which 

corresponded to two pipelines): (i) static optimisation in OpenSim and (ii) the 
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Calibrated EMG-informed NMS modelling (CEINMS) in the CEINMS software 

(Pizzolato et al., 2015). CEINMS was initially developed for studying joint loading at the 

knee (Lloyd and Besier, 2003; Sartori et al., 2011; Winby et al., 2009), but it was 

modified for this thesis to also estimate joint loading at the hip and ankle. Finally, JCF 

were estimated using a force balance method via the Joint Reaction Analysis Tool from 

the OpenSim Application Programming Interface (API). The following sections will 

describe each step in the overall processing pipeline in more detail. 

 

  

Figure 3-1: The overall processing pipeline to process experimental data to estimate 

joint contact forces included two different pipelines corresponding to the neural 

solution method: A) Calibrated EMG-informed NMS (CEINMS) modelling pipeline, and 

B) static optimisation pipeline in OpenSim. The experimental EMG and 

neuromuscular parameters in the musculoskeletal model (red dashed-lines) were only 

used for the CEINMS modelling pipeline, which employed the different CEINMS neural 

solutions: EMG-driven, EMG-hybrid, and EMG-assisted modes. Each solid line square 

box represents a process (e.g. inverse dynamics) that takes an input (e.g. ground 

reaction forces and joint angles) and gives an output (e.g. experimental joint 

moments).  
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3.2 Participants 
All participants gave their written informed consent prior to experimentation. The 

participants consisted of adults aged 45 to 80 years with mild-to-moderate 

radiographic hip OA (Kellgren-Lawrence score = 2 or 3, Harris Hip Score < 95) and 

experienced hip pain in the three months before data collection. Participants were 

excluded if they had any previous fracture, surgery, or pain in the hip, knee, ankle, or 

back; infection in the hip joint; any of the following diagnoses, symptoms, or 

medication: rheumatoid arthritis, endocrine disease, cancer, epilepsy, Parkinson’s 

disease, cerebrovascular disease, polyneuropathy, neuromuscular disorder, debilitating 

cardiovascular disease in spite of medication; and/or use of corticosteroid medication. 

Data from 18 participants of this cohort with symptomatic radiographic hip mild-to-

moderate OA (13 females, 5 males, 64 ± 7 years, 166 ± 10 cm, 76.2 ± 14.1 kg) and 23 

healthy participants (17 females, 6 males, 69.9 ± 9.5 years, 167 ± 8 cm, 69.9 ± 9.5 kg) 

will be the focus of this thesis. 

3.3 Data collection 
Data collection was conducted at Griffith University motion capture laboratory. The 

data collection comprised of gait analysis where 3D marker trajectories, ground 

reaction forces (GRF), and EMG signals were synchronously and concurrently 

acquired. A full-body reflective marker-set developed at Griffith University (Barrett et 

al., 2012; Graham et al., 2014) was used. The 3D marker trajectories were recorded with 

a Vicon 3D motion analysis system (Vicon, Oxford, UK) consisting of 12 MX-cameras 

sampling at a rate of 200 Hz. The GRF were recorded sampling at 1000 Hz using two 

Kistler force-plates (Type: 9287A & Type: 9865C; Kistler, Amherst, USA).  
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Surface EMG was wirelessly recorded from 16 electrode pairs sampling at 1000 Hz using 

a Wave Wireless EMG System (Cometa, Milan, Italy). The electrodes used were 

circular preformed bipolar Ag/AgCl electrodes with an interelectrode distance of 19 

mm (Duo-Trode, Myotronics, USA), which were placed on the participant’s lower limb 

muscles to record EMG signals for all trials. The surface EMG electrode pairs were 

placed on the affected side for people with hip OA and the side of the leg was chosen 

randomly in Excel 2010 (Microsoft, USA) for the healthy controls. Placement of surface 

electrodes was in accordance with SEINAM guidelines (Hermens et al., 2000) and as 

per previous EMG-informed NMS modelling studies (Gerus et al., 2013; Konrath et al., 

2017; Pizzolato et al., 2015; Saxby et al., 2016b). Locations of the EMG placement were 

shaved, abraded, and cleaned with alcohol swabs to improve the contact between skin 

and electrodes, and to lower input impedance. 

The 16 muscles instrumented with surface EMG electrodes were chosen in accordance 

with Sartori and colleagues (Sartori et al., 2014, 2012, 2011). The muscles chosen had 

large cross sectional areas (CSA) and were readily and reliably accessible, and were:  

biceps femoris (BF), semimembranosus (SM), gluteus maximus (GMAX), gluteus medius 

(GMED), adductor magnus (AM), rectus femoris (RF), sartorius (SAR), vastus lateralis 

(VL), vastus medialis (VM), tensor fascia latae (TFL), gracilis (GRA), medial 

gastrocnemius (GM), lateral gastrocnemius (GL), peroneals (PER), soleus (SOL), and 

tibialis anterior (TA). Note that no EMG signals were recorded for the psoas major and 

iliacus as they are too deep to sample with surface EMG electrodes successfully. 

Each participant completed a range of gait tasks as well as maximal voluntary isometric 

contractions (MVC). Participants performed all tasks barefooted. Each participant 
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stood still during a static calibration trial, required to linearly scale the anatomical 

MSK model. The gait tasks comprised of walking at a self-selected speed over a 10-

metre walkway. A minimum of 10 trials with successful force-plate strikes were 

captured for each participant. Participants also performed a single maximal vertical 

jump with counter-movement (Padulo et al., 2013).  

A set of trials to obtain MVC were completed on a dynamometer (System 4, Biodex 

Medical Systems Inc, Shirley, NY, USA). Following an initial warm up contraction, two 

MVC trials were performed. MVC for muscles crossing the hip joint were obtained with 

hip extension, hip abduction, knee flexion, and ankle plantarflexion at 0 degrees. MVC 

for muscles crossing the knee and ankle were obtained with the participant in a seated 

position with hip flexion at 80 degrees, knee flexion at 30 degrees, and ankle 

plantarflexion at 15 degrees.  

3.4 Data processing 
The raw 3D marker trajectories collected from motion capture were labelled, and gaps 

were filled in Vicon Nexus version 1.8. The gait trials were manually marked for heel 

contact and foot-off events to determine the window for stance phase. Data processing 

was then completed using MOtoNMS (Mantoan et al., 2015), a MATLAB (MathWorks, 

USA) software to process human movement data.  

In MOtoNMS, all 3D marker trajectories and GRF were filtered using a zero-lag 4th 

order low-pass Butterworth filter with a cut-off frequency of 6 Hz (Winter et al., 1974). 

Raw EMG signals were first band-pass filtered with a pass band range of 30-300 Hz to 

remove movement artefacts, then full-wave rectified, and finally low-pass filtered with 

zero-lag Butterworth filter at a cut-off frequency of 6 Hz to produce the linear 
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envelope (Lloyd and Besier, 2003). The resulting EMG envelopes were amplitude 

normalised to the maximal values recorded from all dynamic and MVC trials from 

motion capture(Sartori et al., 2012), as established by previous research (Besier et al., 

2003; Neptune et al., 1999, p. 199; Sartori et al., 2012). This EMG signal normalisation 

approach was used as it has been shown to reduce inter-subject variability compared 

to only using MVC tasks (Branch et al., 1989; Suydam et al., 2017). The resulting muscle 

linear envelope of EMG excitation amplitude ranged from 0 (no muscle excitation) to 1 

(maximum muscle excitation), and were the normalised muscle excitations used as 

inputs into the CEINMS modelling pipeline (Figure 3-1). 

The hip joint centres were defined with the Harrington regression equation 

(Harrington et al., 2007). The Harrington regression equation was used because the 

participants were not able to perform the tasks for a functional method (Besier et al., 

2003) to estimate hip joint centres (Kainz et al., 2017a). The knee joint centres were 

defined as the midpoint of lateral and medial femoral condyle markers. The ankle joint 

centres were calculated as the midpoint of lateral and medial malleoli markers, with an 

added offset (0.027 x shank length), as described by Bruening and colleagues (2008). 

3.5 Anatomical MSK model 
The anatomical MSK model used in this thesis was the OpenSim generic model, 

gait2392, that was based heavily on Delp et al. (1990) and made available in OpenSim 

(Delp et al., 2007). Briefly, the gait2392 model included 34 muscle-tendon units (MTU) 

in the lower limb. The MTU lines of action were defined from anatomical landmarks 

on the bone surface of a cadaver (Delp et al., 1990). The muscles included intermediate 

via points to represent wrapping over bones. The maximum isometric force of each 
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muscles were from Delp et al. (1990) and scaled based on joint torque-angle 

relationship in healthy living subjects or based on muscle strength parameters from 

Anderson and Pandy (1999). The skeletal body segment lengths were from Delp et al. 

(1990), and the inertial parameters for the body segments were from Anderson and 

Pandy (1999). The joints were modelled as follows: the hip joint as a ball and socket 

(Delp et al., 1990), the knee as a hinge (Yamaguchi and Zajac, 1989), and the ankle as 

revolute joints at the talocrural and subtalar joints (Delp et al., 1990). The 

anthropomorphic data for this model were based on a cadaver (Delp et al., 1990), 

which was a male that had a height of 1.8 m and a weight of 75.16 kg. As such, the 

generic anatomical MSK model would not have the same anthropomorphic data as our 

participants.  

To account for the mass and size difference, a procedure in OpenSim called “scaling” 

was performed to scale the generic anatomical MSK model to the size of each 

participant. The procedure scaled the mass properties and body segments using the 

experimental markers collected during gait analysis in the static trial. The dimension 

of each segment was estimated using distances between joint centres or other 

experimental markers on bony landmarks, which is detailed in the Appendix and 

published (Kainz et al., 2017b). The accuracy and reliability study (Appendix) 

compared the scaling of body segments in OpenSim using different surface marker 

measurements to segmented bones from medical imaging children with cerebral palsy 

and typical developed participants. The findings showed that scaling approaches based 

on pelvis marker locations and lower limb joint centre estimates were the most 

accurate scaling approaches to replicate the anatomy of the pelvis, thigh and shank 

segments.  
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Scaling in OpenSim does not preserve the dimensionless muscle fibre and tendon 

operating curves of each MTU (Modenese et al., 2016). Therefore, the muscle 

parameters were morphometrically scaled using an optimisation technique (Modenese 

et al., 2016). This final scaled anatomical MSK model included the anatomical skeletal 

model, anatomical MTU model, and MTU properties that was used in both the 

Calibrated EMG-informed NMS modelling pipeline and static optimisation pipeline to 

calculate joint angles, joint moments, muscle kinematics, muscle-tendon forces, and 

JCF (Figure 3-1).  

3.6 Joint angle calculations  
Inverse kinematics (IK) provided in OpenSim was used to calculate each participant’s 

joint angles during walking (Lu and O’Connor, 1999). The IK process adjusted the 

poses and joint angles of the model to match the positions of the participant’s 

experimental markers for each time step of each simulation. IK calculated joint angles 

by minimising the marker errors in a weighted least squares algorithm. IK is different 

from direct kinematics in that it does not result in bone elongation and respects the 

mechanics of the joints (Kainz et al., 2016). Bone elongation would cause an unnatural 

change in the MTU lengths, making calculations erroneous; therefore, IK was chosen 

as it allowed advanced analysis with muscles, which was required in the later steps of 

the processing pipeline (Figure 3-1). 

3.7 Joint moments calculations 
Using the joint angles from IK and subject’s segmental anthropometry along with GRF, 

inverse dynamics (ID) was used to calculate the net joint forces and joint moments at 

each joint. ID calculated the net joint forces and joint torques for each time step that 
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were needed for the model to move in the given joint angles. The conventional inverse 

dynamics method solves the Newton-Euler equations of motion for each body segment 

using an iterative method (Winter, 2005). OpenSim implements ID as a least-squares 

estimation method, which has been shown to improve estimates of joint moments 

compared to the conventional method (Kuo, 1998). 

3.8 Muscle kinematics calculations 
The muscle analysis tool in OpenSim was used to calculate the MTU lengths and 

moment arm for each muscle. The MTU line of action in the MSK model is defined by 

a series of attachment points on the body segment, which have via points representing 

muscle wrapping over bones. The muscle analysis tool used the previously calculated 

joint angles to calculate the MTU lengths and moment arm at each time step. The 

description to calculation muscle moment arm using “moving muscle points” method 

in OpenSim, which was detailed in Sherman et al. (2013). The MTU lengths and 

moment arms were used as inputs in the CEINMS modelling pipeline (Figure 3-1). 

3.9 Muscle-tendon forces 
ID only resulted in the net forces and moments acting at each joint and not the 

internal forces, i.e. JCF and muscle-tendon forces. The estimation of the internal forces 

is problematic due to the indeterminacy problem, as previously discussed. The two 

pipelines (Static Optimisation pipeline and CEINMS pipeline) in the overall process 

(Figure 3-1) are differentiated in this step to solve the indeterminacy problem for 

estimating of the muscle-tendon forces.  The indeterminacy problem to estimate the 

muscle-tendon forces was solved by using two methods: (i) static optimisation method 
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in OpenSim and an (ii) EMG-informed NMS modelling method in CEINMS. These are 

discussed in the following sections. 

3.9.1 Static optimisation  
Static optimisation (Crowninshield, 1978; Crowninshield and Brand, 1981b) in OpenSim 

calculated the muscle-tendon forces that matched the joint angles and external joint 

moments. Static optimisation solved the indeterminacy problem by using an objective 

function that minimised the sum of the activation squared (Crowninshield and Brand, 

1981b; Kaufman et al., 1991). A squared power was deemed the best approached based 

on a previous study (Modenese et al., 2011). Note that static optimisation in OpenSim 

does not include the contribution of the muscle’s parallel elastic element and assumes 

an inextensible tendon, which are both simplifications of the Hill-type muscle model 

(Hill, 1938; Zajac, 1989) in that the muscle model’s spring components are ignored. 

This simplification of the muscle model was not made in EMG-informed NMS 

modelling. 

3.9.2 EMG-informed NMS modelling 
The software package used for this thesis was the CEINMS software and is the result of 

collaborations among several research groups (Pizzolato et al., 2015). CEINMS is a suite 

of EMG-informed NMS modelling methods that has been developed and used by 

various studies (Buchanan et al., 2004; Lloyd and Besier, 2003). Due to the availability 

of in-vivo data (Fregly et al., 2012), it has been validated and utilised extensively for 

estimating JCF in the knee (Gerus et al., 2013; Konrath et al., 2017; Pizzolato et al., 2017; 

Saxby et al., 2016b). However, EMG-informed NMS modelling has not been used to 

study the hip joint to calculate hip joint contact forces (HJCF). A brief overview of 



 

52  

EMG-informed NMS modelling follows; however, the reader should refer to Lloyd and 

Besier (2003), Sartori and colleagues (2012), and Pizzolato and colleagues (2015) for 

more in-depth descriptions. 

The EMG-informed NMS modelling framework in CEINMS is comprised of three main 

components: anatomical MSK model, muscle activation dynamics model, and 

musculotendon contraction dynamics model. CEINMS operates first by calibrating the 

NMS model, and then executing neural control solutions to estimate muscle-tendon 

forces. The following is a description of the components in the EMG-informed NMS 

modelling, calibration of the NMS model (Figure 3-2), and execution of the neural 

control solutions (Figure 3-3). 

The anatomical MSK model used is the same scaled anatomical MSK model discussed 

previously (Section 3.5). The anatomical MSK model provides the MTU kinematics 

(e.g. moment arms and lengths), MTU parameters (e.g. maximum isometric force, 

tendon slack length), as well as the joint definitions. The EMG signals were allocated 

and mapped to the EMG-informed NMS model according to previously published 

study (Sartori et al., 2012).  

The dynamics of how muscles generate force is divided into activation dynamics and 

contraction dynamics. The muscle activation dynamics component maps muscle 

excitation, e(t), to neural activation, u(t), and then to muscle activation, a(t). Neural 

excitations were mapped from muscle excitations using the excitation-to-neural 

activation dynamics modelled as a discrete critically damped second order recursive 

filter to account for the twitch response of muscle (Buchanan et al., 2004; Lloyd and 
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Buchanan, 1996; Milner-Brown et al., 1973) and is represented by the following 

equation:  

  𝒖𝒖𝒊𝒊(𝒕𝒕) =  𝜶𝜶 𝒆𝒆𝒊𝒊(𝒕𝒕 − 𝒅𝒅) −  (𝑪𝑪𝟏𝟏 + 𝑪𝑪𝟐𝟐)𝒖𝒖𝒊𝒊(𝒕𝒕 − 𝟏𝟏) − 𝑪𝑪𝟏𝟏𝑪𝑪𝟐𝟐𝒖𝒖𝒊𝒊(𝒕𝒕 − 𝟐𝟐) Equation 3-1 

where α is the gain coefficient of the muscle, d is the electrochemical delay, and C1 and 

C2 are the recursive coefficients to constrain the solution to be positive and stable. The 

neural excitations were mapped to the muscle activations using a function with a 

variable nonlinear shape factor as represented by the following equation (Buchanan et 

al., 2004; Lloyd and Besier, 2003; Lloyd and Buchanan, 1996):  

 𝒂𝒂(𝒕𝒕) =
�𝒆𝒆𝑨𝑨𝒖𝒖(𝒕𝒕) −  𝟏𝟏�
𝒆𝒆𝑨𝑨 −  𝟏𝟏

 Equation 3-2 

where A is the nonlinear shape factor that varies between -3 (highly exponential) and 0 

(linear). Equation 3-2 accounts for the nonlinearity between muscle activation and 

muscle force development (Lloyd and Buchanan, 1996; Manal et al., 2002; Manal and 

Buchanan, 2003). The muscle activations in conjunction with the muscle kinematics 

were used as inputs to drive a model of muscle contraction dynamics (Figure 3-3).  

The musculotendon contraction model was based on the Hill-type model (Hill, 1938; 

Zajac, 1989). The Hill-type muscle model represents the mechanical force generating 

capacity of the muscle and consists of a tendon in series with a muscle. The tendon 

was modelled as a nonlinear spring and represents the elasticity of the myofilaments. 

This nonlinear spring contributes to the total passive force of the MTU. The muscle 

was modelled as a contractile element in parallel with a nonlinear spring and damper. 

The contractile element represents the active force generated by the actin and myosin 

cross-bridges in the muscle’s sarcomere level. The parallel nonlinear spring and 



 

54  

damper represent the passive force of the connective tissues around the muscle (e.g. 

epimysium, perimysium, endomysium, fascia). The equation that was used to calculate 

the muscle force (𝐹𝐹𝑀𝑀): 

 𝑭𝑭𝑴𝑴(𝒕𝒕) = 𝑭𝑭𝒐𝒐𝑴𝑴 ∙ �𝒂𝒂(𝒕𝒕) ∙ 𝒇𝒇(𝒗𝒗) ∙ 𝒇𝒇(𝑳𝑳) +  𝒇𝒇𝒑𝒑(𝑳𝑳)� Equation 3-3 

where 𝑭𝑭𝒐𝒐𝑴𝑴is the maximum isometric force,  𝒇𝒇(𝒗𝒗) and 𝑓𝑓(𝐿𝐿) are the current positions on 

the force-velocity and force-length curves, and 𝑓𝑓𝑝𝑝(𝐿𝐿) is the passive force at the current 

length. The force produced by the MTU was calculated by projecting the muscle force 

onto the tendon line of action based on the fibre’s pennation angle (𝛾𝛾) to the tendon: 

 𝑭𝑭𝒎𝒎𝑻𝑻 (𝒕𝒕) = 𝑭𝑭𝑻𝑻(𝒕𝒕) = 𝑭𝑭𝑴𝑴(𝒕𝒕) ∙ 𝐜𝐜𝐜𝐜𝐜𝐜 (𝜸𝜸)  Equation 3-4 

The tendon was modelled as in series with the muscles; therefore the forces developed 

in the muscle must be transmitted to the tendon. The tendon strain was modelled as 

follows:  

 𝜺𝜺(𝒕𝒕) =
(𝒍𝒍𝒕𝒕 − 𝒍𝒍𝒔𝒔𝒕𝒕)

𝒍𝒍𝒔𝒔𝒕𝒕
 Equation 3-5 

where 𝜀𝜀 is tendon stain, 𝑙𝑙𝑡𝑡 is tendon length, and 𝑙𝑙𝑠𝑠𝑡𝑡 is tendon slack length. The tendon 

is compliant and reaches ~3.3% strain at maximum isometric force (Zajac, 1989). The 

overall force produced from the MTU is governed by several parameters (e.g. tendon 

slack length, tendon stiffness, MTU length, muscle pennation angle, MTU optimal 

fibre length) which affect the force-length and force-velocity curves. 

3.9.3 Calibration of neuromuscular parameters 
There are a large number of subject-specific parameters that comprise the muscle 

activation and muscle contraction models, many of which are not feasible or 
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technically possible to directly measure for each subject. To solve for unknown 

neuromuscular parameters, a calibration of the NMS model for each subject was 

performed to create a subject-specific NMS model (Figure 3-2).  

 

Figure 3-2: Calibration of NMS model refined the neuromuscular parameters in the 

NMS model with an objective function (Pizzolato et al., 2015). The objective functions 

available were “minMoments” and “minHJCF”. The minMoments calibration 

minimised the error between the experimental joint moments and estimated joint 

moments. The minHJCF calibration included the peak hip joint contact force (HJCF) in 

the objective function to minimise the joint moment error and peak HJCF. The 

execution of the EMG-informed model utilised the EMG-driven mode.  

 

The calibration process was initialised with parameters values reported from literature, 

then adjusted using simulated annealing (Goffe et al., 1994), which is a global 

optimisation routine to minimise an objective function. The parameters being 

optimised include the recursive filter coefficients (C1 and C2), nonlinear shape factor 

(A), optimal fibre length (𝒍𝒍𝑜𝑜𝑚𝑚), and tendon slack length (𝒍𝒍𝒔𝒔𝒕𝒕), and strength coefficient. 

These parameters were bounded to be within physiological range (Lloyd and Besier, 

2003). The initial value and boundary of each parameter can be seen in Table 3-1.  
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Table 3-1: Initial value and the boundary for the neuromuscular parameters adjusted 

during calibration for each muscle 

Neuromuscular Parameter Initial Value Boundary 

Tendon slack length Gait2392 valuea ±15% of initial value 

Optimal fibre lengthb Gait2392 valuea ±15% of initial value 

Maximum isometric forcec Gait2392 value 50% to 250% of initial 
l  

Non-linear shape factor (𝐴𝐴) 0.1 (-3, 0) 

EMG-to-activation recursive filter 
coefficients (𝐶𝐶1 and 𝐶𝐶2) -0.5 (-0.95, -0.05) 

      aValues were optimised via Modenese et al. (2015)  
      bNormalised fibre length constraint to (0.8, 1.2) 
      cStrength coefficient used to scale the maximum isometric force(Lloyd and Besier, 2003) 

 

This thesis used an uncalibrated (unCal) NMS model and two different calibration 

methods to create subject-specific NMS models. The first calibration method 

“minMoments” used the standard objective function in EMG-informed NMS modelling 

to minimise the sum of the square error between the predicted joint moments and the 

experimental joint moment and normalised by trial variance. The joint moments 

included in the calibration were hip flexion/extension, hip adduction/abduction, knee 

flexion/extension, and ankle dorsi/plantar flexion (Figure 3-2). Recent studies in the 

knee have also used peak knee joint contact forces (KJCF) in the calibration process, 

which resulted in improvements in the predictions compared to instrumented data 

(Gerus et al., 2013; Serrancolí et al., 2016). Therefore, a second calibration method 

“minHJCF” was implemented in CEINMS that added a criterion to minimise peak HJCF 

along with the joint moment error. For both calibration methods the first four out of 

the ten trials were used in the calibration process. After calibration, the resulting NMS 
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model was used to execute CEINMS with the remaining six trials using the different 

neural control solutions available to predict muscle-tendon and HJCF forces. The effect 

of using the uncalibrated NMS model (unCal) the two different calibrated NMS models 

(minMoments, minHJCF) on HJCF are presented in further detail in the corresponding 

Chapter 4 of this thesis. 

The calibration in this thesis used only walking tasks;  however, a previous study 

(Falisse et al., 2017) reported variation in musculoskeletal parameters when using 

multiple different tasks in the calibration. On the other hand, their model included 

only a single degree of freedom at single joint in the calibration procedure. In contrast, 

the calibration in this thesis included multiple degrees of freedom from hip, knee and 

ankle joints, which has been demonstrated to produce more physiologically plausible 

results for biarticular and monoarticular muscles  compared to single degree of 

freedom calibrations (Sartori et al., 2012). Consequently, findings on musculoskeletal 

parameters variations from Falisse and colleagues (2017) may not be directly applicable 

to the calibration procedure utilised in this thesis. Although using different calibration 

tasks could affect musculotendon parameters, a direct comparison could not be 

performed as more dynamic tasks were deemed unachievable and unsafe for the 

participants in this study. Furthermore, it was shown that calibrating a model with 

more degrees of freedom was more effective in tracking joint moments and producing 

intuitively correct muscle forces than when calibrating using multiple different tasks 

(Sartori et al, 2012). Hence, the approach focused on calibrating for more degrees of 

freedom (i.e. hip FE, hip AA, knee FE, ankle DPF) to obtain a better overall model 

(Sartori et al., 2012).  
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3.9.4 Neural control solution algorithms 

 

Figure 3-3: Execution of EMG-informed NMS modelling in CEINMS from Pizzolato et al. 

(2015) that takes experimental excitations and joint moments in conjunction with the 

muscle-tendon lengths and moment arm as inputs to estimate muscle-tendon forces 

and joint moments. The neural control solution algorithms available in CEIMNS 

includes: EMG-driven mode, EMG-hybrid mode, and EMG-assisted mode.  The neural 

control solution algorithm used the mapped excitations and the joint moment 

tracking error to minimise a weighted objective function. In the EMG-hybrid mode, 

un-recorded muscle excitations can be synthesised. In the EMG-assisted mode, muscle 

excitations can by synthesised and adjusted and the error between mapped and 

adjusted is included in the weighted objective function to estimate muscle-tendon 

force.  

 

The neural control solution algorithms in CEINMS that were used included the 

following: EMG-driven mode, EMG-hybrid mode, and EMG-assisted mode. The 

uncalibrated or calibrated NMS models used the experimental EMG-derived excitation 

data and muscle-tendon kinematics as inputs for the different the neural control 

solutions of EMG-informed NMS modelling in CEINMS (Figure 3-3). The EMG-driven 

mode used the recorded EMG-signals to directly predict MTU forces. The EMG-hybrid 
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mode used the available recorded EMG-signals and used static optimisation to 

synthesise the excitations for the psoas and iliacus that were not recorded. The EMG-

assisted mode further adjusted the existing excitations using an optimisation to 

minimise errors in tracking joint moments and muscle excitations, which also 

accounting for noise and other errors associated with surface EMG recordings. The 

EMG-assisted mode has been validated by Sartori et al. (2014) and showed that 

minimally adjusting for muscle excitations and synthesising unavailable muscle 

excitations improved external joint moment tracking over the EMG-driven and EMG-

hybrid modes. The objective function minimised in the EMG-assisted modelling 

approach: 

 

𝑱𝑱 =  𝜶𝜶� (𝒂𝒂𝒎𝒎)𝟐𝟐
𝒏𝒏

𝒎𝒎=𝟏𝟏

+  𝜷𝜷� �𝝉𝝉𝒊𝒊𝑰𝑰𝑰𝑰 − 𝝉𝝉𝒊𝒊𝑵𝑵𝑴𝑴𝑵𝑵�
𝟐𝟐𝒋𝒋

𝒊𝒊=𝟏𝟏

+ 𝜸𝜸� �𝑬𝑬𝒎𝒎
𝒆𝒆𝒆𝒆𝒑𝒑 − 𝑬𝑬𝒎𝒎

𝒂𝒂𝒅𝒅𝒋𝒋� 
𝒋𝒋

𝒊𝒊=𝟏𝟏
  

Equation 3-6 

where 𝑎𝑎𝑚𝑚 is the activation of muscle m, 𝜏𝜏𝑖𝑖𝐼𝐼𝐼𝐼is the experimental joint moments about 

the ith joint axis calculated from ID, 𝜏𝜏𝑖𝑖𝑁𝑁𝑁𝑁𝑁𝑁is the joint moments about the ith joint axis 

predicted from the NMS model, the 𝐸𝐸𝑚𝑚
𝑒𝑒𝑒𝑒𝑝𝑝 is the recorded linear envelope for muscle m, 

𝐸𝐸𝑚𝑚
𝑎𝑎𝑎𝑎𝑎𝑎  is the adjusted linear envelope for muscle m, (α, β, γ) are the positive weighting 

coefficients. The EMG-assisted mode required finding the positive weighting 

coefficients to best balance the tracking of joint moments and experimental EMG-

derived excitations (Sartori et al., 2014). 
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As introduced above, to run EMG-assisted mode correctly, tuning of the positive 

weighting coefficients (β, γ) must be performed to obtain the best balance in tracking 

both the experimental excitations and joint moments. The process has been done in 

Sartori et al. (2014) and Pizzolato et al. (2015).  The coefficient α was set equal to 1 to 

ensure low errors for the excitation and joint moments (Sartori et al., 2014). In Sartori 

et al. (2014), the value of β was varied from 0 to 300 in 30 steps, and the value of γ was 

varied from 0 to 300 in 60 steps. However, in this thesis β ranged from 0 to 30 and γ 

from o to 60 as we found the best balance for our data to be within these ranges from 

pilot testing.  

All of the muscle excitation error (EmusEXC) and joint moment error (Emom) for the 

different β and γ combinations were determined and a normalised error surface 

created. By using this approach we did not have to employ an L-method (Salvador and 

Chan, 2005) to find β and γ as used by Sartori et al. (2014). The varying combinations of 

β and γ produced 30 x 60 values for EmusEXC and Emom, which were each normalised to 

the respective maximum error and averaged across all calibration trials. The tracking 

error magnitude was calculated from the EmusEXC and Emom components to create a 

surface (Figure 3-4). The β and γ values corresponding to the minimum tracking error 

magnitude was used in the EMG-assisted mode. This process was completed using the 

Griffith Gowonda High-Performance Computer (HPC) as it was computationally 

intensive. 
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Figure 3-4: An example error magnitude surface to calculate β (beta) and γ (gamma). 

The β and γ corresponding to the minimum error magnitude was used for execution in 

the EMG-assisted mode. 

3.10 Joint contact forces 
The Joint Analysis tool in OpenSim was used to calculate the JCF by balancing the 

forces on each body starting at the most distal. The Joint Analysis tool was integrated 

into CEINMS using the OpenSim API. The tool uses an iterative procedure that is 

completed at each time step. The desired JCF for a given body can be solved using the 

following equation: 

 𝑹𝑹��⃗ 𝟎𝟎 + 𝑭𝑭��⃗ 𝒆𝒆𝒆𝒆𝒕𝒕 + 𝑭𝑭��⃗ 𝒎𝒎𝒖𝒖𝒔𝒔𝒔𝒔𝒍𝒍𝒆𝒆𝒔𝒔 + 𝑹𝑹��⃗ 𝒊𝒊+𝟏𝟏 − 𝑭𝑭��⃗ 𝒔𝒔𝒐𝒐𝒏𝒏𝒔𝒔𝒕𝒕𝒄𝒄 = 𝑴𝑴𝒊𝒊(𝒒𝒒��⃗ )𝒂𝒂��⃗ 𝒊𝒊 Equation 3-7 

which can be rewritten as: 

 𝑹𝑹��⃗ 𝟎𝟎 = �
𝝉𝝉�⃗ 𝟎𝟎
𝑭𝑭��⃗ 𝟎𝟎
� = 𝑴𝑴𝒊𝒊(𝒒𝒒��⃗ )𝒂𝒂��⃗ 𝒊𝒊 + 𝑭𝑭��⃗ 𝒔𝒔𝒐𝒐𝒏𝒏𝒔𝒔𝒕𝒕𝒄𝒄�𝑭𝑭��⃗ 𝒆𝒆𝒆𝒆𝒕𝒕 + 𝑭𝑭��⃗ 𝒎𝒎𝒖𝒖𝒔𝒔𝒔𝒔𝒍𝒍𝒆𝒆𝒔𝒔 + 𝑹𝑹��⃗ 𝒊𝒊+𝟏𝟏 � Equation 3-8 

where 𝑅𝑅�⃗ 0 is the joint contact force (F�⃗ 0) and moment (τ�⃗ 0) at the origin of the body 

segment, Mi(q�⃗ ) is the mass matrix of the body segment, a�⃗ iis the acceleration,  q�⃗  is the 
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external forces generalised coordinates, F�⃗ constr is any constraints applied to the body, 

F�⃗ ext is the external forces, F�⃗ muscles is the muscle-tendon forces, and R��⃗ i+1 is the joint 

contact force applied at the distal joint. Muscle-tendon forces were calculated from the 

static optimisation pipeline or the calibrated EMG-informed NMS modelling pipeline, 

as discussed in the previous section. JCF can be calculated as it is the only unknown in 

the equation.   

The HJCF and KJCF calculated from the static optimisation pipeline in OpenSim and 

calibrated EMG-informed NMS modelling pipeline in CEINMS were compared to 

instrumented prosthesis data from the OrthoLoad database (www.Orthoload.com). 

The data from Bergmann and colleagues (2016, 2014) is currently the most 

comprehensive instrumented data available for the hip and knee joint, respectively. 

However, the subjects (e.g. age, height, and walking speeds) and condition in which 

the JCF were generated (i.e. native hip vs implant) were not the same. The HJCF data 

were from people that had hip OA before arthroplasty for instrumented hip prosthesis. 

The KJCF data were from a different set of people that had knee OA before 

arthroplasty for instrumented knee prosthesis. Currently, there is no instrumented 

data in the ankle available. The comparison served as a limited verification that the JCF 

estimates calculated from either pipeline were estimates of the directly measured JCF. 

This comparison is described in the corresponding Chapter 5 of this thesis for people 

with hip OA during walking at a self-selected speed.  
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3.11 Statistics 
Relevant statistics are included in each study in Chapter 4, 5, and 6. All statistics were 

performed using SPPS version 24 (IBM, USA). The tests used were Student’s t-test, 

one-way analysis of variance (ANOVA), one-way repeated measures ANOVA, and one-

way analysis of covariance (ANCOVA) if there are covariates. All assumptions relevant 

to each test were performed. Significance for all tests was set at p<0.05, and Bonferroni 

correction was applied if a posthoc test was required. 
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4.1 Abstract 
In-vivo hip joint contact forces (HJCF) can be estimated using computational 

neuromusculoskeletal (NMS) modelling. However, different neural solutions can result 

in different HJCF estimations. NMS model predictions are also influenced by the 

selection of neuromuscular parameters, which are either based on cadaveric data or 

calibrated to the individual. To date, the best combination of neural solution and 

parameter calibration to obtain plausible estimations of HJCF have not been  identified. 

The aim of this study was to determine the effect of three electromyography (EMG)-

informed neural solution modes (EMG-driven, EMG-hybrid, and EMG-assisted) and 

static optimisation, each using three different parameter calibrations (uncalibrated, 

minimise joint moments error, and minimise joint moments error and peak HJCF), on 

the estimation of HJCF in a healthy population (n=23) during walking. When 

compared to existing in-vivo data, the EMG-assisted mode and static optimisation 

produced the most physiologically plausible HJCF when using a NMS model calibrated 

to minimise joint moments error and peak HJCF. EMG-assisted mode produced peaks 

of 3.55 times body weight (BW) and 3.97 BW; static optimisation produced 3.75 BW 

and 4.19 BW. However, compared to static optimisation, EMG-assisted mode 

generated muscle excitations closer to recorded EMG signals (average across hip 

muscles R2=0.60 ± 0.37 versus R2=0.12 ± 0.14). Findings suggest that the EMG-assisted 

mode combined with minimise joint moments error and peak HJCF calibration is 

preferable for the estimation of HJCF and generation of realistic load distribution 

across muscles.  
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4.2 Introduction 
Abnormal joint contact forces during walking are considered a primary mechanical 

risk factor for initiation and progression of osteoarthritis (OA) (Andriacchi and 

Mündermann, 2006; Felson, 2013; Loeser et al., 2012; Radin et al., 1972). Although in-

vivo joint contact forces have been measured in the knee (Fregly et al., 2012a) and hip 

(Bergmann et al., 2016; Brand et al., 1994) with instrumented implants, direct 

measurement in the native joint is invasive. Computational neuromusculoskeletal 

(NMS) modelling is a feasible, non-invasive alternative to estimate joint contact forces, 

although it is unclear which computational modelling approach is best (i.e. 

electromyography (EMG)-informed or static optimisation). Identification of a viable 

and accurate computational approach to estimate hip joint contact forces (HJCF) is 

critical for the advancement of treatments for individuals with hip OA.  

Computational NMS models, which are mathematical representations of the anatomy 

and physiology of an individual, can estimate joint contact forces in the native joints 

during various motor tasks (Gerus et al., 2013; Saxby et al., 2016b; van den Bogert et al., 

1999). However, the musculoskeletal system is highly redundant, whereby infinite 

combinations of muscle forces result in the same external joint kinematics and kinetics 

(Crowninshield and Brand, 1981a). Neural solutions are computational algorithms to 

solve for this redundancy can be grouped into optimisation and EMG-informed 

approaches. Static or dynamic optimisation solve for each muscle’s neural drive by 

minimising an objective criterion, e.g. muscle stresses or muscle activations (Anderson 

and Pandy, 2001b; Crowninshield and Brand, 1981a). However, these optimisation 

criteria have limited physiological basis and assume identical neuromuscular control 

strategies across individuals. This assumption has dramatic implications for the 
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viability of the optimisation approach as muscle activations can vary across tasks and 

individuals, even when joint angles and joint moments are the same (Buchanan and 

Lloyd, 1995; Tax et al., 1990). EMG-informed approaches make no assumptions 

regarding optimisation criteria, rather using EMG signals to determine muscle 

activation patterns to account for each individual’s unique neural solution (Lloyd and 

Buchanan, 1996; Thelen et al., 1994).  

EMG-informed modelling has three neural solution modes: EMG-driven, EMG-hybrid, 

and EMG-assisted. The EMG-driven mode uses only recorded EMG signals to drive the 

model in an open-loop predictive system (Lloyd and Besier, 2003). However, many 

muscles important for hip function (i.e. iliacus and psoas) are located below the 

surface, making the acquisition of EMG signals challenging. The EMG-hybrid mode 

uses static optimisation to synthesise EMG signals that were not acquired 

experimentally (Sartori et al., 2014). Although EMG-driven and EMG-hybrid 

approaches are advantageous compared to static optimisation methods, the quality of 

EMG signals can be affected by crosstalk, poor electrode placement, and skin 

impedance (Farina and Negro, 2012). To mitigate the effect of measurement errors, the 

EMG-assisted mode uses recorded EMG signals as inputs and allows optimisation to 

adjust excitations to improve joint moment tracking. 

EMG-informed models are calibrated to the individual, whereby an optimisation 

procedure (i.e. calibration) estimates a set of neuromuscular parameters (i.e. tendon 

slack length, optimal fibre length, maximum isometric force, non-linear shape factor, 

EMG-to-activation recursive filter coefficients) to best match experimental and 

estimated joint moments (Lloyd and Besier, 2003; Pizzolato et al., 2015). Unfortunately, 
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this optimisation does not guarantee accurate joint contact force estimations (Fregly et 

al., 2012a). Performing a calibration where both peak joint contact forces and the error 

between experimental and estimated joint moments are minimised has been shown to 

improve estimations and produce more physiologically plausible knee joint contact 

forces (KJCF) (i.e. more comparable results to in-vivo data while best matching all 

experimental data) (Gerus et al., 2013). Conceivably, the prediction of HJCF could also 

be improved by minimising HJCF peaks and joint moment errors during the 

calibration procedure. 

Although EMG-informed methods are now well established at the knee (Gerus et al., 

2013; Konrath et al., 2016; Lloyd and Besier, 2003; Manal and Buchanan, 2013; Saxby et 

al., 2016b), their application to the hip is still limited (Fernandez et al., 2014; Pizzolato 

et al., 2015). Thus, it is unclear how EMG-informed approaches compare with static 

optimisation when modelling the hip joint and if any calibration procedure is 

favourable for estimating physiologically plausible HJCF. The aims of this study were: 

(1) to determine if EMG-informed modelling is a viable method to estimate HJCF 

compared to static optimisation; and (2) to identify the effects of three different 

parameter calibrations (uncalibrated, minimise joint moments error, and minimise 

joint moments error and peak HJCF) on the prediction of HJCF. We hypothesised that 

the EMG-assisted mode of EMG-informed modelling would produce the best tracking 

of joint moments and muscle excitations, and lower HJCF when compared to other 

EMG-informed modes and static optimisation. Furthermore, we hypothesised that 

minimising peak HJCF in the calibration will produce models that estimate more 

physiologically plausible HJCF compared to those produced with other calibrations.  



Chapter 4  

69 of 252 

 

4.3 Methods 
This study integrated gait analysis data with surface EMG signals for use in EMG-

informed modelling to estimate muscle forces. The resulting muscle forces were used 

to estimate HJCF. The Griffith University Human Research Ethics Committee granted 

ethical approval. All participants gave their written informed consent prior to starting 

experimentation. The 23 participants (age 60.1±7.6 years, body mass 69.7±8.9 kg, 

height 1.67±0.08 m) were healthy and included if their: (i) radiological hip joint space 

width > 3mm in both hips; (ii) Kellgren-Lawrence grades ≤ 1 (Kellgren and Lawrence, 

1957); and (iii) Harris Hip Score > 95 points (Mahomed et al., 2001).  

Retro-reflective skin surface markers were placed on each participant following the 

Griffith marker set (Graham et al., 2014). A 12-camera VICON MX motion analysis 

system (Vicon, Oxford, UK) sampling at 200 Hz acquired marker trajectories. Ground 

reaction forces (GRF) were measured using two force plates (Kistler, Amherst, USA) 

sampling at 1000 Hz. EMG signals from 16 muscles (Sartori et al., 2014) of a single 

randomly-selected leg were recorded at 1000 Hz using a wireless EMG system (Cometa, 

Milan, Italy) . Surface EMG electrodes were placed in accordance with SENIAM 

guidelines (Hermens et al., 2000) for the following muscles: biceps femoris (BF), 

semimembranosus (SM), gluteus maximus (GMAX), gluteus medius (GMED), adductor 

magnus (AM), rectus femoris (RF), sartorius (SAR), vastus lateralis (VL), vastus 

medialis (VM), tensor fascia latae (TFL), gracilis (GRA), medial gastrocnemius (GM), 

lateral gastrocnemius (GL), peroneals (PER), soleus (SOL), and tibialis anterior (TA).  

Participants performed ten walking trials barefoot at a self-selected speed (1.20±0.11 

m/s) over a 10-metre walkway. To elicit maximum muscle contractions, particpants 
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performed a maximal vertical counter movement jump (Padulo et al., 2013) and a set of 

maximum isometric voluntary contractions (MVC) (Pizzolato et al., 2017) on a 

dynamometer (Biodex Medical Systems, Shirley, NY, USA) for hip and knee 

flexion/extension (FE), hip adduction/abduction (AA), and ankle dorsi/plantar flexion 

(DPF). MVC for muscles crossing the hip were acquired in standing, with the leg in 0° 

hip abduction, hip flexion, knee flexion, and ankle plantarflexion. MVC for muscles 

crossing the knee and ankle were acquired in a seated position at 80° hip flexion, 30° 

knee flexion, and 15° ankle plantarflexion. 

4.3.1 Experimental data processing 
Data was processed using MOtoNMS (Mantoan et al., 2015). Marker trajectories and 

GRF were low-pass filtered using a zero-lag, 2nd order, 6 Hz Butterworth filter 

(Robertson and Dowling, 2003). Hip joint centres were defined using the Harrington 

regression equation (Harrington et al., 2007); knee joint centres were defined as the 

midpoint of the lateral and medial femoral condyle markers;  ankle joint centres were 

defined as the midpoint between the medial and lateral malleoli markers with an offset 

(0.027 x shank length) (Bruening et al., 2008). EMG signals were band-pass filtered (30-

300 Hz), full wave rectified, and low-pass filtered at 6 Hz (Lloyd and Besier, 2003). The 

filtered EMG signals were amplitude-normalised to the maximum processed EMG 

value recorded across all dynamometer and dynamic trials (i.e. walking and jump 

trials) to calculate muscle excitations. 

A generic OpenSim model (gait2392) was linearly scaled to each participant in 

OpenSim version 3.2 (Delp et al., 2007) per Kainz et al. (2017b). The model had the 

following degrees-of-freedom (DOF): hip and knee FE, hip AA, hip internal/external 
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rotation (IER), and ankle DPF. The model included 34 muscle-tendon units (MTUs) 

actuating the lower limb. The MTU parameters were morphometrically scaled using an 

optimisation technique (Modenese et al., 2016). The optimisation adjusted the optimal 

fibre length and tendon slack length of each MTUs to preserve the dimensionless 

muscle fibre and tendon operating curves after OpenSim model scaling. The final 

scaled model was used in the EMG-informed modelling pipeline. 

OpenSim was employed to calculate joint angles and moments, and MTU kinematics 

(i.e. muscle lengths and moment arms). Inverse kinematics and inverse dynamics were 

respectively used to calculate joint angles and moments for each walking trial. The 

muscle analysis tool was used to calculate MTU lengths and moment arms, which were 

visually checked to be continuous. The OpenSim data and EMG-derived muscle 

excitations were used as inputs to the EMG-informed modelling package, Calibrated 

EMG-informed Neuromusculoskeletal Modelling Toolbox (CEINMS) (Pizzolato et al., 

2015). CEINMS was used to calculate muscle forces, which was then used to estimate 

the HJCF via the Joint Reaction analysis (Opensim application programming interface). 

The Joint Reaction analysis calculated the HJCF using a force balance on each rigid 

body starting from the most distal and moving proximally (Steele et al., 2012). 

 

CEINMS operates in two steps: first in the calibration process and then in predictive 

execution mode. In CEINMS, the neural activation was represented by a critically-

damped linear second-order differential system (Lloyd and Besier, 2003): 

 𝒖𝒖(𝒕𝒕) = 𝜶𝜶𝒆𝒆(𝒕𝒕 − 𝒅𝒅) − (𝑪𝑪𝟏𝟏 + 𝑪𝑪𝟐𝟐)𝒖𝒖(𝒕𝒕 − 𝟏𝟏) − 𝑪𝑪𝟏𝟏𝑪𝑪𝟐𝟐𝒖𝒖(𝒕𝒕 − 𝟐𝟐) Equation 4-1 
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where 𝑢𝑢(𝑡𝑡) is the neural activation, 𝑎𝑎 is the muscle gain, 𝑒𝑒(𝑡𝑡) is a muscle excitation at 

time 𝑡𝑡, 𝑑𝑑 is the electromechanical delay, and 𝐶𝐶1 and 𝐶𝐶2 are the recursive coefficients. 

The relationship between the neural activation and muscle activation is non-linear and 

described by Lloyd and Besier (2003) as: 

 𝒂𝒂(𝒕𝒕) =
𝒆𝒆𝑨𝑨𝒖𝒖(𝒕𝒕) − 𝟏𝟏
𝒆𝒆𝑨𝑨 − 𝟏𝟏

 Equation 4-1 

where 𝑎𝑎(𝑡𝑡) is the muscle activation, 𝐴𝐴 is the non-linear shape factor, constraint to be 

between -3 and 0. Musculotendon dynamics were solved using a Winjingaarden-

Dekker-Brent optimisation routine (Brent, 1973) implemented in CEINMS (Pizzolato et 

al., 2015). As per previous studies in EMG-informed modelling (Gerus et al., 2013; Lloyd 

and Besier, 2003; Pizzolato et al., 2015; Sartori et al., 2012), a simulated annealing 

optimisation (Corana et al., 1987) was used to adjust 𝐴𝐴, 𝐶𝐶1, 𝐶𝐶2, tendon slack length, 

optimal fibre length, and maximum isometric force, which were bound to be within 

physiological range (Table 4-2).  
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Table 4-1: Initial value and the boundary for the neuromuscular parameters adjusted 

during calibration for each muscle 

Neuromuscular Parameter Initial Value Boundary 

Tendon slack length Gait2392 valuea ±15% of initial value 

Optimal fibre lengthb Gait2392 valuea ±15% of initial value 

Maximum isometric forcec Gait2392 value 50% to 250% of initial value 

Non-linear shape factor (𝐴𝐴) 0.1 (-3, 0) 

EMG-to-activation recursive filter 
coefficients (𝐶𝐶1 and 𝐶𝐶2) -0.5 (-0.95, -0.05) 

      aValues were optimised via Modenese et al. (2015)  
      bNormalised fibre length constraint to (0.8, 1.2) 
      cStrength coefficient used to scale the maximum isometric force(Lloyd and Besier, 2003) 

 

Two calibration methods were implemented. The first was the default calibration 

method (minMoments) in EMG-driven modelling (Lloyd and Besier, 2003; Sartori et 

al., 2012). The objective function being minimised for minMoments calibration was: 

 𝒇𝒇𝒎𝒎𝒊𝒊𝒏𝒏𝑴𝑴𝒐𝒐𝒎𝒎𝒆𝒆𝒏𝒏𝒕𝒕𝒔𝒔 = � � 𝑬𝑬𝒕𝒕,𝒅𝒅

𝑵𝑵𝑰𝑰𝑫𝑫𝑭𝑭

𝒅𝒅

𝑵𝑵𝒕𝒕𝒄𝒄𝒊𝒊𝒂𝒂𝒍𝒍𝒔𝒔

𝒕𝒕

 Equation 4-3 

where the error term, 𝐸𝐸𝑡𝑡,𝑎𝑎, is the sum of the squared differences between the predicted 

joint moments and the experimentally measured joint moments for each degree of 

freedom and trial in the calibration normalised by trial variance (Pizzolato et al., 2015). 

The experimental joint moments were acquired from previously calculated joint 

moments in OpenSim using inverse dynamics. The joint moments included in the 

calibration were hip and knee FE, hip AA, and ankle DPF (Sartori et al., 2012). The 
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second calibration method includes an additional term in the cost function to 

minimise the peak HJCF (minHJCF). The objective function being minimised for 

minHJCF calibration was: 

 𝒇𝒇𝒎𝒎𝒊𝒊𝒏𝒏𝒎𝒎𝑱𝑱𝑪𝑪𝑭𝑭 = � � 𝑬𝑬𝒕𝒕,𝒅𝒅 + 𝒘𝒘𝒎𝒎𝑱𝑱𝑪𝑪𝑭𝑭𝒑𝒑𝒆𝒆𝒂𝒂𝒑𝒑

𝑵𝑵𝑰𝑰𝑫𝑫𝑭𝑭

𝒅𝒅

𝑵𝑵𝒕𝒕𝒄𝒄𝒊𝒊𝒂𝒂𝒍𝒍𝒔𝒔

𝒕𝒕

 Equation 4-4 

where 𝑤𝑤 is a weight factor and 𝐻𝐻𝐻𝐻𝐶𝐶𝐹𝐹𝑝𝑝𝑒𝑒𝑎𝑎𝑝𝑝 is the peak HJCF magnitude for all the trials 

used in the calibration. To ensure the minimisation of HJCF did not obscure joint 

moment tracking, 𝑤𝑤  was calculated so that the 𝐻𝐻𝐻𝐻𝐶𝐶𝐹𝐹𝑝𝑝𝑒𝑒𝑎𝑎𝑝𝑝  error term had similar 

magnitude to the 𝐸𝐸𝑡𝑡,𝑎𝑎  error term. The 16 experimental muscle excitations were 

allocated to the 34 MTUs in CEINMS according to Sartori et al. (2012). Four walking 

trials were used during calibration. Finally, an uncalibrated model (unCal) was created 

for comparison, resulting in three calibration models (i.e. unCal, minMoments, and 

minHJCF) per participant with different neuromuscular parameters. The unCal model 

had muscle parameters previously scaled in OpenSim while 𝐴𝐴, 𝐶𝐶1, and 𝐶𝐶2 were set to 

initial values (Table 4-2) 

After calibration, muscle forces were estimated for each calibration model with the 

remaining six walking trials using each of the neural solution modes in CEINMS: EMG-

driven, EMG-hybrid, EMG-assisted, static optimisation (Pizzolato et al., 2015). For the 

EMG-assisted mode, the objective function being minimised was: 

 𝒇𝒇𝑬𝑬𝑴𝑴𝑬𝑬−𝒂𝒂𝒔𝒔𝒔𝒔𝒊𝒊𝒔𝒔𝒕𝒕𝒆𝒆𝒅𝒅 = 𝜶𝜶𝑬𝑬𝑴𝑴𝒐𝒐𝒎𝒎𝒆𝒆𝒏𝒏𝒕𝒕 + 𝜷𝜷𝑬𝑬𝒔𝒔𝒖𝒖𝒎𝒎𝑬𝑬𝒎𝒎𝑪𝑪 + 𝜸𝜸𝑬𝑬𝑬𝑬𝑴𝑴𝑬𝑬 Equation 4-5 

where 𝐸𝐸𝑁𝑁𝑀𝑀𝑁𝑁 is the sum of the squared differences between experimental and predicted 

joint moments, 𝐸𝐸𝑠𝑠𝑠𝑠𝑚𝑚𝐸𝐸𝑋𝑋𝑋𝑋  is the sum of squared excitations for all 34 MTUs, 𝐸𝐸𝐸𝐸𝑁𝑁𝐸𝐸  is the 

sum of the differences between experiment and adjusted EMG excitations for the 32 
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MTUs with EMG recordings, and (α, β, γ) are positive weighting coefficients. With α 

set to 1, β and γ weightings (Pizzolato et al., 2015) were optimised to balance between 

joint moment error (𝐸𝐸𝑁𝑁𝑀𝑀𝑁𝑁) and muscle excitation errors (𝐸𝐸𝐸𝐸𝑁𝑁𝐸𝐸) (Sartori et al., 2014). 

For static optimisation, the standard objective function to minimise the sum of the 

excitation squared was used to estimate muscle forces (Pizzolato et al., 2015).  

4.3.2 Statistical analysis 
Coefficient of determination (R2) and root-mean-square error (RMSE) were calculated 

for the predicted and experimental hip FE moments for each calibration and neural 

solution mode. First and second peaks of the resultant HJCF (HJCFpeak1, HJCFpeak2) were 

calculated for each calibration and neural solution mode. In-vivo HJCF data were 

included for comparison (n = 10, age = 56.9±5.2yr, body mass = 88.7±12.4kg, height = 

174.0±5.9cm, walking speed = 1.1m/s (range 1.0-1.3m/s) (Bergmann et al., 2016). The R2 

and RMSE were calculated for predicted muscle excitations using the EMG-assisted 

mode and static optimisation. The EMG-driven and EMG-hybrid modes were not used 

in this analysis since these directly used recorded EMG signals as inputs and thus 

produce R2=1 and RMSE=0. For each neural solution mode, a one-way repeated 

measures ANOVA (p<0.05) was used to compare hip FE moments R2, HJCF peaks, and 

hip muscle excitations R2 produced from all calibrations. When significant differences 

were detected (p<0.05), a Bonferroni correction was applied (IBM SPSS Statistics 24). 

4.4 Results 
The hip FE moment R2 was higher in both minHJCF (p<0.001) and minMoments 

(p<0.001) calibrations for all EMG-informed solution modes when compared to unCal 
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(Figure 4-1, Table 4-2). The minMoments calibration had higher R2 and lower RMSE 

than minHJCF calibration for EMG-driven and EMG-hybrid modes (p<0.001). R2 was 

lower with calibration for static optimisation; however, R2 was not significantly 

different between the calibrations with all values close to 1. EMG-assisted mode and 

static optimisation produced high R2 (>0.97) and low RMSE (<0.12 Nm/kg) for all 

calibrations.  

 

Figure 4-1: R2 and RMSE for hip flexion/extension moments for each calibration (unCal, 

minMoments, and minHJCF) and neural solution mode (EMG-driven, EMG-hybrid, 

EMG-assisted, and static optimisation). Calibrated models produced higher R2 than the 

uncalibrated models. 
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Table 4-2: R2 and RMSE joint moments for hip flexion/extension (FE), hip adduction/abduction (AA), hip internal/external rotation 

(IER), knee flexion/extension (FE), and ankle dorsi/plantar flexion (DPF) with standard deviation (STD) for each calibration (unCal, 

minMoments, minHJCF) and neural solution mode (EMG-driven, EMG-hybrid, EMG-assisted, Static Optimisation) 

  EMG-driven EMG-hybrid EMG-assisted Static Optimisation 
 calibration R2±STD RMSE±STD R2±STD RMSE±STD R2±STD RMSE±STD R2±STD RMSE±STD 
   (Nm/kg)  (Nm/kg)  (Nm/kg)  (Nm/kg) 
hip unCal 0.63±0.04 0.35±0.03 0.89±0.05 0.23±0.05 0.99±0.01 0.05±0.01 0.99±0.01 0.01±0.01 
FE minMoments 0.96±0.01 0.14±0.04 0.98±0.01 0.18±0.05 0.99±0.01 0.06±0.01 0.99±0.01 0.03±0.01 
 minHJCF 0.85±0.03 0.34±0.03 0.93±0.01 0.28±0.04 0.99±0.01 0.12±0.01 0.99±0.01 0.05±0.01 
knee unCal 0.25±0.08 0.34±0.03 0.25±0.08 0.34±0.03 0.96±0.01 0.06±0.01 0.99±0.01 0.01±0.01 
FE minMoments 0.65±0.05 0.13±0.02 0.65±0.05 0.13±0.02 0.97±0.02 0.05±0.01 0.97±0.00 0.04±0.01 
 minHJCF 0.62±0.06 0.14±0.02 0.62±0.06 0.14±0.02 0.97±0.02 0.05±0.01 0.98±0.01 0.04±0.01 
hip unCal 0.23±0.10 0.45±0.02 0.27±0.11 0.45±0.02 0.93±0.01 0.17±0.01 0.99±0.01 0.01±0.01 
AA minMoments 0.87±0.04 0.13±0.02 0.88±0.04 0.12±0.02 0.97±0.02 0.07±0.02 0.99±0.01 0.04±0.01 
 minHJCF 0.83±0.04 0.28±0.02 0.83±0.04 0.29±0.02 0.95±0.02 0.23±0.02 0.92±0.01 0.17±0.01 
hip unCal 0.58±0.05 0.16±0.02 0.54±0.05 0.17±0.02 0.92±0.02 0.06±0.01 0.99±0.01 0.01±0.01 
IER minMoments 0.85±0.03 0.18±0.01 0.84±0.03 0.19±0.01 0.89±0.04 0.14±0.01 0.87±0.03 0.05±0.01 
 minHJCF 0.81±0.03 0.07±0.01 0.83±0.03 0.06±0.01 0.82±0.04 0.05±0.01 0.87±0.03 0.06±0.01 
ankle unCal 0.37±0.07 0.37±0.02 0.37±0.07 0.37±0.02 0.88±0.02 0.17±0.02 0.99±0.01 0.01±0.01 
DPF minMoments 0.89±0.03 0.16±0.03 0.89±0.04 0.16±0.03 0.98±0.01 0.05±0.03 0.97±0.02 0.08±0.04 
 minHJCF 0.90±0.04 0.15±0.03 0.90±0.04 0.15±0.03 0.99±0.01 0.05±0.02 0.98±0.02 0.07±0.03 
unCal = uncalibrated model  
minMoments = calibration with minimise predicted joint moment error cost function  
minHJCF = calibration with minimise predicted joint moment error plus peak hip joint contact force cost function 
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Calibrating with minHJCF produced significantly lower HJCFpeak1 for all EMG-informed 

modes when compared to the unCal and minMoments calibration (Figure 4-2, Table 4-

3, Table 4-4) Calibrating with minMoments did not produce significantly different 

HJCFpeak1 when compared with unCal for all EMG-informed modes. The minMoments 

in static optimisation produced significantly higher HJCFpeak1 than unCal (p<0.001) and 

minHJCF (p<0.001). Using static optimisation with minHJCF produced lower, albeit 

not significant, HJCFpeak1 compared to unCal. This pattern was similar for HJCFpeak2 

using EMG-driven and EMG-hybrid modes where unCal and minHJCF were not 

significantly different, but were both significantly lower than minMoments calibration 

(p<0.001). Calibrating with minHJCF for EMG-assisted and static optimisation 

produced significantly lower HJCFpeak2 when compared to unCal (p<0.001) and 

minMoments calibrations (p<0.001).  

Table 4-3: Average first and second peak hip joint contact force (Peak1 and Peak2, 

respectively) normalised to body weight (BW) with standard deviation (STD) for each 

calibration (unCal, minMoments, minHJCF) and neural solution mode (EMG-driven, 

EMG-hybrid, EMG-assisted, Static Optimisation) 

 EMG-driven EMG-hybrid EMG-assisted Static Optimisation 

calibration 
Peak1±STD 

(BW) 
Peak2±STD 

(BW) 
Peak1±STD 

(BW) 
Peak2±STD 

(BW) 
Peak1±STD 

(BW) 
Peak2±STD 

(BW) 
Peak1±STD 

(BW) 
Peak2±STD 

(BW) 

unCal 4.75±1.57 2.56±0.53 5.09±2.14 3.68±0.98 4.71±1.55 4.73±0.94 3.86±0.49 5.49±1.06 

minMoments 4.82±0.80 4.63±0.73 4.88±0.81 5.25±1.00 4.98±0.78 5.27±1.01 5.09±1.19 5.17±0.99 

minHJCF 2.83±0.36 2.73±0.28 2.85±0.39 3.70±0.91 3.55±0.99 3.97±0.89 3.75±1.17 4.19±0.84 

unCal = uncalibrated model 
minMoments = calibration with minimise predicted joint moment error cost function 
minHJCF = calibration with minimise predicted joint moment error plus peak hip joint contact force cost function 
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Figure 4-2: Ensemble average with standard deviation for hip flexion/extension 

moments and hip joint contact forces for each neural solution mode (EMG-driven, 

EMG-hybrid, EMG-assisted, and static optimisation) and calibration (unCal, 

minMoments, and minHJCF). Hip flexion/extension moments are shown with hip 

flexion/extension moments calculated with inverse dynamics (Experimental). Hip 

joint contact forces are shown with hip joint contact forces recorded from 

instrumented hip implants (Bergmann et al. 2016). 
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Table 4-4: Significant differences for each calibration (unCal, minMoments, minHJCF) 

and neural solution mode (EMG-driven, EMG-hybrid, EMG-assisted, Static 

Optimisation) for the resultant hip joint contact forces (HJCF) 

 neural solution mode compared calibration p-value a 

HJCF 
peak 1 
 

EMG-driven 
unCal minMoments 1.000 
unCal minHJCF <0.001 
minMoments minHJCF <0.001 

    

EMG-hybrid 
unCal minMoments 1.000 
unCal minHJCF .011 
minMoments minHJCF <0.001 

    

EMG-assisted 
unCal minMoments 1.000 
unCal minHJCF <0.001 
minMoments minHJCF <0.001 

    

Static Optimisation 
unCal minMoments <0.001 
unCal minHJCF 1.000 
minMoments minHJCF <0.001 

    
 

HJCF 
peak 2 
 

EMG-driven 
unCal minMoments <0.001 
unCal minHJCF .128 
minMoments minHJCF <0.001 

    

EMG-hybrid 
unCal minMoments <0.001 
unCal minHJCF .352 
minMoments minHJCF <0.001 

    

EMG-assisted 
unCal minMoments <0.001 
unCal minHJCF <0.001 
minMoments minHJCF <0.001 

    

Static Optimisation 
unCal minMoments .031 
unCal minHJCF <0.001 
minMoments minHJCF <0.001 

a One-way repeated measures ANOVA with Bonferroni adjustment (bold indicates significant at p<0.05) 
unCal = uncalibrated model 
minMoments = calibration with minimise predicted joint moment error cost function 
minHJCF = calibration with minimise predicted joint moment error plus peak hip joint contact force cost function 
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For the EMG-assisted mode, minHJCF calibration produced higher R2 for all hip 

muscles excitations except gluteus maximus, rectus femoris, and gracilis (Figure 4-3, 

Table 4-5). For static optimisation, there was a systemic increase in R2 with minHJCF 

calibration, but only the lateral hamstring produced an R2 value > 0.5. Calibration 

lowered the standard deviation (STD) for all muscles compared to unCal in EMG-

assisted mode, though calibration increased the STD for static optimisation. RMSE for 

all hip muscles excitations were low in the EMG-assisted mode (<0.2).  

 

 

Figure 4-3: Hip muscle excitation R2 and RMSE for EMG-assisted (top) and static 

optimisation (bottom). For each calibration (unCal, minMoments, and minHJCF), 

recorded hip muscle excitations were compared (GMED=gluteus medius, 

GMAX=gluteus maximus, HL=lateral hamstring group, HM=medial hamstring group, 

AG=adductor group, RF=rectus femoris, SAR= sartorius, TFL=tensor fascia latae, and 

GRA=gracilis). EMG-assisted mode produced higher R2 and lower RMSE than static 

optimisation for all calibrations. 
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Table 4-5: Significant differences for each calibration (unCal, minMoments, minHJCF) 

and neural solution mode (EMG-assisted and static optimisation) for the R2 hip muscle 

excitations 

muscle neural solution mode compared calibration p-value a 

gluteus medius EMG-assisted unCal minMoments <0.001 

  
unCal minHJCF <0.001 

  
minMoments minHJCF <0.001 

 
Static Optimisation unCal minMoments <0.001 

  
unCal minHJCF <0.001 

  
minMoments minHJCF <0.001 

gluteus maximus EMG-assisted unCal minMoments <0.001 
    unCal minHJCF <0.001 
    minMoments minHJCF <0.001 
  Static Optimisation unCal minMoments <0.001 
    unCal minHJCF <0.001 
    minMoments minHJCF <0.001 
lateral hamstring group EMG-assisted unCal minMoments <0.001 

  
unCal minHJCF <0.001 

  
minMoments minHJCF <0.001 

 
Static Optimisation unCal minMoments <0.001 

  
unCal minHJCF <0.001 

  
minMoments minHJCF <0.001 

medial hamstring group EMG-assisted unCal minMoments <0.001 
    unCal minHJCF <0.001 
    minMoments minHJCF 0.066 
  Static Optimisation unCal minMoments 0.836 
    unCal minHJCF 0.598 
    minMoments minHJCF 1.185 
adductor group EMG-assisted unCal minMoments 0.021 

  
unCal minHJCF <0.001 

  
minMoments minHJCF <0.001 

 
Static Optimisation unCal minMoments 0.140 

  
unCal minHJCF <0.001 

  
minMoments minHJCF <0.001 

rectus femoris EMG-assisted unCal minMoments <0.001 
    unCal minHJCF <0.001 
    minMoments minHJCF <0.001 
  Static Optimisation unCal minMoments <0.001 
    unCal minHJCF <0.001 
    minMoments minHJCF <0.001 
sartorius EMG-assisted unCal minMoments <0.001 

  
unCal minHJCF <0.001 

  
minMoments minHJCF <0.001 

 
Static Optimisation unCal minMoments 0.543 

  
unCal minHJCF 0.051 

  
minMoments minHJCF <0.001 

tensor fascia latae EMG-assisted unCal minMoments <0.001 
    unCal minHJCF <0.001 
    minMoments minHJCF <0.001 
  Static Optimisation unCal minMoments <0.001 
    unCal minHJCF <0.001 
    minMoments minHJCF <0.001 
gracilis EMG-assisted unCal minMoments <0.001 

  
unCal minHJCF <0.001 

  
minMoments minHJCF <0.001 

 
Static Optimisation unCal minMoments <0.001 

  
unCal minHJCF 0.088 

    minMoments minHJCF <0.001 

a One-way repeated measures ANOVA with Bonferroni adjustment (bold indicates significant at p<0.05) 
unCal = uncalibrated model 
minMoments = calibration with minimise predicted joint moment error cost function 
minHJCF = calibration with minimise predicted joint moment error plus peak hip joint contact force cost function 
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4.5 Discussion 
The aim of this study was to determine if EMG-informed modelling is suitable to 

estimate HJCF and assess the effects of different calibrations on HJCF estimates. A 

calibration that minimised joint moments error and peak HJCF (minHJCF) resulted in 

lower HJCF estimates for all neural solution modes. Further, EMG-assisted mode was 

able to match experimental moments and estimate physiologically plausible HJCF 

despite lacking recorded EMG signals from the deep hip muscles. 

EMG-assisted and static optimisation modes correctly estimated hip FE moments 

(Figure 4-1) and as well as joint moments in the other DOF (Table 4-1). EMG-assisted 

mode can effectively track joint moments because it allows for adjustment of EMG 

signals to match joint moments; static optimisation matches joint moments by design. 

Conversely, EMG-driven and EMG-hybrid modes were unable to correctly estimate hip 

FE moments (Figure 4-1). Though the EMG-driven mode was predicted to perform 

poorly given the absence of EMG signals from iliacus and psoas major, the poor 

prediction of the EMG-hybrid mode was surprising. This was most evident for the hip 

extension moment in early stance, and thus may relate to low signal to noise in surface 

EMG signals for the gluteus maximus, a primary contributor to hip extension, which 

was not adjusted by the EMG-hybrid mode.  

The minMoments calibration improved the estimation of hip FE moments for EMG-

driven and EMG-hybrid. However, it did not further improve EMG-assisted and static 

optimisation joint moment tracking when compared to the unCal calibration (Figure 

4-1, Table 4-2). Conversely, the minHJCF calibration increased the error between 
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experimental and predicted hip FE for all modes, but also reduced the HJCF peaks for 

all the modes (Figure 4-2).  

Among the neural solution modes tested, EMG-assisted and static optimisation, in 

conjunction with minHJCF calibration, were the best neural solution modes for 

estimating HJCF and produced comparable results for our healthy cohort (Figure 4-2; 

Table 4-3). This suggests that an additional objective function such as minimising peak 

HJCF during the calibration process is needed to adjust neuromuscular parameters 

that best track joint moments and muscle excitations to produce physiologically 

plausible HJCF. Our estimated HJCF using EMG-assisted and static optimisation were 

generally larger than the in-vivo data (Bergmann et al., 2016). However, our healthy 

participants, with native joints, cannot be directly compared to individuals with a hip 

implant, who generally have weaker muscles and altered motor control (Long et al., 

1993; Shih et al., 1994). These neuromuscular deficits may explain the differences 

between our HJCF estimates and the in-vivo data, given HJCF depend on both muscle 

and external forces (Herzog et al., 2003). With minHJCF calibration, EMG-driven and 

EMG-hybrid modes produced HJCF closer to that of Bergmann’s in-vivo dataset (2016). 

However, neither EMG-driven nor EMG-hybrid are suitable approaches to estimate 

HJCF given their inability to match external hip joint moments (Figure 4-1). 

Although EMG-assisted and static optimisation predicted similar HJCF for our cohort, 

EMG-assisted was superior for tracking hip muscle excitations, resulting in higher R2 

and lower RMSE for all hip muscles (Figure 4-3; Table 4-5). This suggests a more 

plausible distribution of load across hip muscles, suggesting the EMG-assisted mode 

may be most suitable for hip joint investigations. It was expected that calibration 
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would improve tracking of muscle excitations for EMG-assisted; however, calibration 

also improved muscle excitation tracking for static optimisation. The gluteus maximus 

was the only major contributor to HJCF (Correa et al., 2010) that had a decrease in R2 

muscle excitations after calibration. This may relate to low quality recordings from 

surface electrodes applied in an area with adipose tissue. 

Collection of experimental EMG signals and model calibration are time intensive, but 

essential for EMG-informed modelling. Static optimisation is often used due to its 

simplicity; however, the EMG-assisted mode combined with minHJCF calibration 

presented here proved better for tracking hip muscle excitations. This may have 

important implications for people with hip OA, who often exhibit hip muscle weakness 

(Loureiro et al., 2013b) and altered hip muscle activation patterns (Rutherford et al., 

2015; Sims et al., 2002). Wesseling et al. (2016a) demonstrated that HJCF minimisation 

had no effect on overall prediction of HJCF. However, their HJCF minimisation was 

performed within the static optimisation criteria, thus influencing the estimation of 

muscle activation rather than neuromuscular parameters of the NMS model. This 

differs from our implementation, which influenced neuromuscular parameters in the 

model and generated lower prediction of HJCF peaks. 

Previous studies involving people with instrumented knee implants (Fregly et al., 

2012a) have also shown that calibrating the NMS model to the individual is essential in 

estimating accurate KJCF (Gerus et al., 2013; Serrancolí et al., 2016). Furthermore, 

tracking experimental KJCF measurements (Serrancolí et al., 2016) or minimising peak 

KJCF (Gerus et al., 2013) were additional calibration criteria that successfully improved 

KJCF estimates. Although lower HJCF peaks were expected by imposing an objective 
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function to minimise peak HJCF during calibration, our results show that tracking of 

joint moments and muscle excitations also improved with this calibration. Our results 

from the hip joint corroborate and extend previous findings on the importance of 

tuning musculoskeletal parameters to the individual. Furthermore, our findings also 

suggest that using external joint moments tracking alone to calibrate the model’s 

neuromuscular parameters is insufficient to attain physiologically plausible joint 

contact forces (Figure 4-2). 

There are several limitations to this study. The absence of in-vivo HJCF data for a 

healthy population hinders direct validation of our results. Further validation of EMG-

informed modelling to estimate HJCF will be feasible if EMG signals become available 

with in-vivo HJCF data, similar to those available at the knee (Fregly et al., 2012a). We 

have provided a comparison to instrumented HJCF data from people with hip 

replacement (Bergmann et al., 2016), which is the only currently available; however, 

EMG data was not available for comparison. The challenges in recording muscle 

excitations from the iliacus and psoas major is also a limitation of estimating muscle 

forces at the hip using EMG-informed modelling. As such, we are unable to determine 

how well our models predict these muscle excitations. We used walking trials to 

calibrate the NMS model as they were the only task available in this study. Results may 

be different if additional tasks were included in the calibration (Falisse et al., 2017). 

However, different to previous studies (Falisse et al., 2017; Gerus et al., 2013, Lloyd and 

Besier, 2003) we did not use a single joint with single DOF calibration. Rather, our 

calibration used hip, knee, and ankle joints with multiple degrees of freedom, which 

has been shown to produce superior results (Sartori et al., 2012). Nevertheless, future 

evaluations should investigate the effect of different motor tasks in the calibration on 
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HJCF estimates. We used an objective function to minimise the peak HJCF in the 

calibration; however, other objective functions should be explored in future studies. 

The anatomical model used was generic and linearly scaled. This could introduce 

errors in the muscle lines of action and moment arms, which in turn affect the 

resulting HJCF. Though this is commonly done in NMS modelling (Graham et al., 2016; 

Kainz et al., 2016; Steele et al., 2012), future investigation should include imaging data 

to create models with subject-specific geometries (Gerus et al., 2013; Wesseling et al., 

2016a) and joint kinematics (Brito da Luz et al., 2017). Subject-specific imaging data 

will also improve hip joint centre location calculations, an important parameter in 

estimating HJCF (Lenaerts et al., 2009). Finally, the current contact model for the hip 

is a simple point contact; more complex models, such as elastic foundation or finite 

element modelling, could be used to better represent the acetabulum morphology 

(Fernandez et al., 2014).  

This study estimated HJCF during walking in a healthy adult population using 

different calibration cost functions and different neural solution modes in EMG-

informed modelling, and compared these with static optimisation. Findings suggest 

the calibration cost function is a major factor in estimating physiologically plausible 

HJCF and that minHJCF calibration and EMG-assisted mode should be used when 

investigating the hip joint. Conversely, EMG-driven may not be appropriate for 

investigations of the hip joint, as it cannot account for iliacus and psoas major muscles 

in the absence of direct recordings. Although our results show similar HJCF prediction 

with EMG-assisted and static optimisation, EMG-assisted generated a more realistic 

load distribution across the hip muscles because it estimated muscle excitations closer 
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to measured muscle excitations. Consequently, EMG-assisted mode may be most 

appropriate for investigations of individuals with hip pathology who are likely to have 

different motor control strategies. 
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5.1 Abstract 
Abnormal hip joint contact forces (HJCF) are considered a primary mechanical contributor 

to the progression of hip osteoarthritis (OA). Compared to healthy controls, people with 

hip OA often present with altered muscle activation patterns and greater muscle co-

contraction, both of which can influence HJCF. Neuromusculoskeletal (NMS) modelling is 

non-invasive approach to estimating HJCF, whereby different neural control solutions can 

be used to estimate muscle forces. Static optimisation, available within the popular NMS 

modelling software OpenSim, is a commonly used neural control solution, but cannot 

account for an individual’s unique muscle activation patterns and/or co-contraction. 

Alternatively, electromyography (EMG)-assisted neural control solutions, available within 

CEINMS software, have been shown to account for individual activation patterns in 

healthy people. Nonetheless, their application in people with hip OA, with conceivably 

greater levels of co-contraction, is yet to be explored. The aim of this study was to compare 

HJCF estimations using static optimisation (in OpenSim) and EMG-assisted (in CEINMS) 

neural control solutions during walking in people with hip OA. The EMG-assisted neural 

control solution demonstrated superior tracking of muscle activation compared to static 

optimisation (average R2=0.93 vs 0.39; RMSE=0.02 vs 0.12, respectively), and predicted 

significantly higher (p<0.001) HJCF peaks than static optimisation. The EMG-assisted 

neural control solution also accounted for more muscle co-contraction (p=0.03) than static 

optimisation, which contributed to these higher HJCF peaks. Findings suggest that the 

EMG-assisted neural control solution may estimate more physiologically plausible HJCF 

than static optimisation in a population with high levels of co-contraction, such as hip OA. 
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5.2 Introduction 
Hip osteoarthritis (OA) is a degenerative and debilitating disease that poses a 

significant burden on the healthcare system (M. Wang et al., 2011). OA has no cure, 

and conservative treatments to reduce pain and improve function remain only 

modestly effective (Murphy et al., 2016). The progression of hip OA can be rapid, with 

almost 40% of people with symptomatic hip OA undergo a total hip replacement 

(THR) within 2-years following diagnosis (Gossec et al., 2005). THR is a last resort as it 

is costly and invasive; hence, conservative treatments must improve to slow disease 

progression and maintain quality of life for OA sufferers. Abnormal hip joint contact 

forces (HJCF) are considered a primary mechanical risk factor for the initiation and 

progression of hip OA (Felson, 2013). An understanding of HJCF in the native joint is 

therefore criticial to provide new insight into the pathology and to advance 

conservative treatments for people with hip OA. 

Instrumented hip implants have been used to measure in-vivo HJCF (Bergmann et al., 

2016; Brand et al., 1994); however, estimating in-vivo HJCF in people with hip OA still 

remains a challenge, as direct measurement is invasive and may not represent joint 

loading in the native joint. Computational neuromusculoskeletal (NMS) modelling is a 

non-invasive alternative to estimate contact forces in the native joints during dynamic 

movements (Arnold and Delp, 2005; van den Bogert et al., 1999). There are two 

popular neural control solution algorithms for calculating the muscle-tendon forces 

required for estimation of joint contact forces: static optimisation and 

electromyography (EMG)-informed. Static optimisation minimises pre-defined 

objective functions, such as the sum of muscle stress (Brand et al., 1994), muscle forces 
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(Heller et al., 2001; Stansfield et al., 2003), or muscle activations (Modenese et al., 2011). 

Static otimisation is commonly implemented in the freely available modelling software 

OpenSim (Delp et al., 2007), making it a popular and accessible tool to estimate 

contact forces across different joints. However, static optimisation cannot account for 

muscle co-contraction that are evident in individuals with hip OA (Park et al., 1999; 

Zeni et al., 2010) and, generally, poorly predicts muscle activation patterns from 

recorded EMG signals (Buchanan and Shreeve, 1996). Importantly, erroneous 

predictions of muscle activation patterns and/or muscle co-contractions are likely to 

influence joint contact force estimates (Challis, 1997; Gottlieb, 2000; Hughes et al., 

1995). 

Alternatively, EMG-informed NMS modelling approach can account for an individual’s 

unique activation patterns that are determined from experimental EMG signals (Lloyd 

and Besier, 2003; Lloyd and Buchanan, 1996; Thelen et al., 1994). Furthermore, the 

neuromuscular parameters in EMG-informed NMS models are calibrated to the 

individual to improve joint moment and joint contact force estimations (Gerus et al., 

2013; Chapter 4). EMG-informed NMS methods have been used to extensively 

investigate knee joint contact forces (Gerus et al., 2013; Konrath et al., 2017; Manal and 

Buchanan, 2013; Saxby et al., 2016a, 2016b; Wellsandt et al., 2016; Winby et al., 2009); 

however, their application to the hip joint has been limited (Fernandez et al., 2014; 

Pizzolato et al., 2015) due to the inherent challenges in acquiring EMG signals from 

primary deep hip muscles (e.g. iliacus and psoas major). Sartori et al. (2014) developed 

a method to account for this issue, i.e. the EMG-assisted neural control solution, an 

EMG-informed method designed to: (i) synthesise excitations for muscles that are 

difficult to record; (ii) adjust experimental muscle excitations to mitigate the errors 
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associated with surface EMG (e.g. crosstalk, poor electrode placement, skin impedance) 

(Farina and Negro, 2012); and (iii) improve joint moment tracking. Although the EMG-

assisted neural control solution is a promising alternative to static optimisation in 

estimating HJCF, it has never been used to investigate individuals with hip OA, nor 

validated against direct measures from instrumented hip implants (Bergmann et al., 

2016). 

The aims of this study were to: (1) determine whether a calibrated EMG-informed 

model, specifically the EMG-assisted neural control solution within the CEINMS 

software (Pizzolato et al., 2015), is a viable method to estimate physiologically plausible 

HJCF in people with hip OA; (2) determine if the EMG-assisted neural control solution 

can better account for muscle co-contraction compared to OpenSim’s static 

optimisation; and (3) compare HJCF estimates from static optimisation and EMG-

assisted methods with instrumented hip implant data (Bergmann et al., 2016). We 

hypothesised that the EMG-assisted neural control solution could be used to 

investigate individuals with hip OA and would generate HJCF estimates closer to 

instrumented data than static optimisation, and  in turn, better account for muscle co-

contraction in this patient group.  

5.3  Methods 
Ethical approval for this study was granted by the Griffith University Human Research 

Ethics Committee and all participants gave written informed consent before 

participation. The 18 participants (age=64.0±7.0yr, body mass=76.8±14.1kg, 

height=166.0±9.1cm) included in the study had: (i) radiographic hip OA (Kellgren-
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Lawrence grade 2 or 3 (Kellgren and Lawrence, 1957)); and (ii) Harris Hip Score ≤ 95 

(Mahomed et al., 2001). Nine participants we diagnosed with bilateral symptomatic 

and radiographic hip OA. In these cases, the study limb was the more affected side. 

Participants were excluded if they had other major lower limb musculoskeletal or 

neurological conditions.  

Full-body retro-reflective marker set (Graham et al., 2014) was affixed to the 

participants. A 12-camera motion analysis system (Vicon, Oxford, UK) recorded marker 

trajectories (200Hz); two force plates (Kistler, Amherst, USA) recorded ground 

reaction forces (GRF) (1000 Hz); and a 16-channel wireless EMG system (Cometa, 

Milan, Italy) recorded surface EMG signals from 16 lower limb muscles (1000 Hz) 

(Sartori et al., 2012). Participants were barefoot and performed a maximal vertical 

countermovement jump (Padulo et al., 2013), 10 walking trials over a 10-metre walkway 

at a self-selected speed (1.17±0.16m/s), and a series of maximum isometric voluntary 

contractions (MVC) (Pizzolato et al., 2017) on a dynamometer (Biodex Medical 

Systems, NY, USA). Hip muscle MVC were acquired with participants standing with 

the leg in 0° hip abduction, hip flexion, knee flexion, and ankle plantar flexion. Knee 

and ankle muscle MVC were acquired with participants in a seated position at 80° hip 

flexion, 30° knee flexion, and 15° ankle plantarflexion. 

5.3.1  Experimental data processing 
Marker trajectories, GRF, and EMG signals were processed using MOtoNMS software 

(Mantoan et al., 2015) in MATLAB (MathWorks, USA). Marker trajectories and GRF 

were low-pass filtered with a second-order zero-lag Butterworth filter (6Hz) (Winter et 

al., 1974). EMG signals were band-pass filtered (30–300 Hz), full-wave rectified, and 
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low-pass filtered (6 Hz)(Lloyd and Besier, 2003), and subsequently  amplitude-

normalised to their maximum value, obtained from the dynamic or MVC trials (Lloyd 

and Besier, 2003). The resulting EMG linear envelopes, which we call experimental 

muscle activations, were used as inputs to the EMG-assisted modelling pipeline (Figure 

5-1). The hip joint centres were calculated using the Harrington regression equation 

(Harrington et al., 2007). The knee and ankle joint centres were calculated as the 

centre of the medial and lateral markers of the femoral condyles and malleoli, 

respectively. An offset of 0.27 times the shank length was included for the ankle joint 

centre (Bruening et al., 2008). 

A generic musculoskeletal model (gait2392) with 34 muscle-tendon units (MTU) of the 

test lower limb was scaled in OpenSim version 3.2 (Delp et al., 2007) to match the 

anthropometry of each participant (Kainz et al., 2017b). Muscle-tendon operating 

curves were morphometrically scaled (Modenese et al., 2016). The final scaled NMS 

model was used in both the static optimisation and EMG-assisted modelling pipeline 

(Figure 5-1). 
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Figure 5-1: The overall processing pipeline to estimate joint contact forces. The two pipelines are A) EMG-assisted modelling pipeline 

and B) static optimisation pipeline. The EMG signals and neuromuscular parameters (in red) were only used in the EMG-assisted 

modelling pipeline in CEINMS. The EMG-informed modelling pipelines consisted of calibrating the NMS model, calculating the 

positive weighting coefficients, and then finally calculating muscle-tendon forces and joint moments using the EMG-assisted neural 

solution mode. The EMG-assisted neural solution mode synthesised muscle excitations for the iliacus and psoas major muscles and 

minimally adjusted recorded muscle excitations to best balance tracking errors from joint moments and muscle excitations. The static 

optimisation pipeline utilised static optimisation in OpenSim to calculate muscle-tendon forces and joint moments with an objective 

function to minimise the sum of the muscle activation squared.  
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For each walking trial, joint angles, joint moments, MTU lengths and moment arms 

were calculated using inverse kinematics, inverse dynamics, and muscle analysis tools 

in OpenSim, respectively. Muscle-tendon forces were estimated via two methods: (i) 

static optimisation in OpenSim; and (ii) the EMG-assisted neural control solution in 

CEINMS (Pizzolato et al., 2015). The static optimisation objective function in OpenSim 

was set to minimise the sum of the muscle activations squared. For the EMG-assisted 

neural control solution in CEINMS, a calibration using four trials was performed to 

adjust the neuromuscular parameters by minimising both peak HJCF and joint 

moment prediction errors (Hoang et al., 2017) for the hip flexion/extension (FE), hip 

adduction-abduction (AA), knee flexion/extension (FE), and ankle dorsi/plantar 

flexion (DPF) joint moments (Sartori et al., 2012). The 16 experimental muscle 

excitations were distributed to the 34 MTU (Sartori et al., 2012). After calibration, the 

remaining six walking trials were used with the calibrated NMS model to predict 

muscle forces. The EMG-assisted neural control solution was used with the positive 

weighting coefficients determined as follows: α was set to 1, and β and γ weightings 

(Pizzolato et al., 2015) were optimised to jointly minimise the errors from muscle 

excitation and joint moment (Sartori et al., 2014). With the estimated muscle-tendon 

forces from static optimisation and the EMG-assisted neural control solution, HJCF 

were calculated using the joint reaction analysis tool (Steele et al., 2012) for each 

pipeline (Figure 5-1). The knee and ankle joint contact forces (KJCF and AJCF, 

respectively) were also calculated.  
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5.3.2 Data analysis 
The coefficient of determination (R2) and root-mean-square error (RMSE) were 

calculated for the predicted and experimental hip FE, knee FE, and ankle DPF 

moments (normalised to body mass) for static optimisation and the EMG-assisted 

neural control solutions. In OpenSim, static optimisation matched joint moments by 

adding reserve actuators, and their contributions were removed to calculate R2 and 

RMSE for joint moments to enable comparison with the EMG-assisted solution. R2 and 

RMSE were calculated between the predicted and experimental muscle activation 

patterns for both neural solution approaches. Muscle activations in the EMG-assisted 

solution were calculated in CEINMS employing the same muscle activation dynamics 

as per previous studies (Buchanan et al., 2004; Lloyd and Besier, 2003). Muscle co-

contraction index (CCI) for the hip, knee, and ankle flexion-extension moments (Mf 

and Me, respectively) were calculated to examine the effect of the EMG-assisted neural 

control solution and static optimisation on muscle co-contraction during stance 

(Heiden et al., 2009b): 

 𝐂𝐂𝐂𝐂𝐂𝐂 =  

⎩
⎨

⎧𝟏𝟏 −
𝐌𝐌𝐞𝐞

𝐌𝐌𝐟𝐟
, 𝐢𝐢𝐟𝐟 𝐌𝐌𝐟𝐟 > 𝐌𝐌𝐞𝐞

𝐌𝐌𝐟𝐟

𝐌𝐌𝐞𝐞
− 𝟏𝟏,𝐜𝐜𝐨𝐨𝐨𝐨𝐞𝐞𝐨𝐨𝐨𝐨𝐢𝐢𝐜𝐜𝐞𝐞

 Equation 5-1 

This CCI provided an indication of relative muscle co-contraction between flexors and 

extensors (0=full co-contraction; 1: no co-contraction and only extensor activation; -1: 

no co-contraction and only flexor activation). The absolute mean CCI was calculated 

for four phases of stance: loading (0-15%), early (15-40%), mid (40-60%), and late (60-

100%). Joint moment R2, muscle activation R2, and mean CCI for each part of stance 
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predicted from the EMG-assisted neural control solution and static optimisation were 

compared using paired t-tests. 

Joint contact forces were normalised to body weight (BW). Resultant joint contact 

force peaks for the hip (HJCFpeak1 and HJCFpeak2), knee (KJCFpeak1 and KJCFpeak2), and 

ankle (AJCFpeak) were calculated for the EMG-assisted neural control solution and 

static optimisation and compared with available instrumented hip implant data (n=10, 

age=56.9±5.2yr, body mass=88.7±12.4kg, height=174±5.9cm, walking speed=1.1m/s, 12 

months post-operation) and knee implant data (n=8, age=72.5±5.0yr, body 

mass=91.4±12.6kg, height=172±3.9cm, walking speed=1.1m/s, 12 and 24 months post-

operation) (Bergmann et al., 2016, 2014) using a one-way analysis of variance 

(ANOVA). A Bonferroni correction was applied to account for multiple comparisons. 

Since instrumented data were unavailable for the ankle, a paired t-test was used to 

compare AJCFpeak predicted from the EMG-assisted and static optimisation solutions. 

All statistics were completed using SPSS statistics 24 (IBM, USA) (p<0.05).  

5.4 Results 
The EMG-assisted and static optimisation solutions both produced high R2 (>0.95) and 

low RMSE (<0.15 Nm/kg) for hip FE, knee FE, and ankle DPF moments compared to 

experimental data (Figure 5-2). R2 for hip and knee FE were not significantly different 

between approaches, while R2 for ankle DPF did differ significantly (p=0.001). The 

EMG-assisted solution produced lower RMSE than static optimisation for hip FE 

(0.11Nm/kg vs 0.15Nm/kg) and knee FE moments (0.07Nm/kg vs 0.14Nm/kg), but 

higher RMSE for the ankle DFPF moments (0.14Nm/kg vs 0.05Nm/kg). 
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Figure 5-2: Joint moment R2 and RMSE predicted from the EMG-assisted neural 

solution mode (EMG-assisted) and static optimisation (Static Opt.) for the hip, knee, 

and ankle joint. Since static optimisation in OpenSim matches the joint moments 

exactly by using reserve actuators, the reserve actuators contribution to the moments 

were used to calculate R2 and RMSE.  

 

The EMG-assisted muscle activation patterns produced high R2 and low RMSE for all 

muscles when compared to experimental EMG data (Figure 5-3). Compared to static 

optimisation, EMG-assisted solutions also had significantly higher R2 (p<0.001) with 

lower RMSE (p<0.001) metrics for all muscles. The EMG-assisted solutions produced R2 

muscle activations of at least 0.95 for all muscles except the adductor group (0.59) 

compared to experimental EMG data, while static optimisation produced R2 muscle 

activations of above 0.8 for only two muscles (biceps femoris and lateral 

gastrocnemius) (Figure 5-3).  
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Figure 5-3: Muscle activation R2 and RMSE predicted from the EMG-assisted neural 

solution mode (EMG-assisted) and static optimisation (Static Opt.) for all recorded 

EMGs. Muscles recorded were: gluteus medius (GMED), gluteus maximus (GMAX), 

biceps femoris (BFL), semimembranosus (SM), adductor magnus (AM), rectus femoris 

(RF), sartorius (SAR), tensor fascia latae (TFL), gracilis (GRA), medial vastus lateralis 

(VL), vastus medialis (VM), lateral gastrocnemius (GL), gastrocnemius (GM), peroneus 

(PR), soleus (SOL), and tibialis anterior (TA). The EMG-assisted neural solution mode, 

overall, predicted better matching activation for all muscles with low RMSE than static 

optimisation. AM was the only muscle with low R2 value (<0.6) from the EMG-assisted 

neural solution mode, but it was still higher than static optimisation.  

 

Compared to static optimisation the EMG-assisted neural control solution generally 

produced greater co-contraction, i.e. lower CCIs (Figure 5-4, Table 5-1). EMG-assisted 

had significantly lower mean hip FE CCIs during loading (p<0.001), early (p<0.001), 

mid (p<0.001) and late (p=0.03) stance phases. Knee FE CCIs were also lower in early 

(p<0.001) and mid (p=0.001) stance, while lower ankle DPF CCIs were observed in 

loading (p<0.001), early (p<0.001), mid (p<0.001) and late (p<0.001) stance phases.  
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Figure 5-4: The muscle co-contraction ratio (CCR) calculated from the EMG-assisted 

neural solution mode (EMG-assisted) and static optimisation (Static Opt.) are shown 

with experimental recorded muscle CCR. A) The muscle CCR during the stance phase. 

Muscle CCR value of 0 is full co-contraction while 1 and -1 means there is no co-

contraction. B) The mean muscle CCR during the four phases of stance:  loading [0-15% 

of stance], early [15-40% of stance], mid [40-60% of stance], and late [60-100%]. Mean 

muscle CCR value of 0 is full co-contraction while 1 is no co-contraction.  
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Table 5-1: Significant difference for co-contraction ratio between the EMG-assisted 

neural solution mode and static optimisation during stance phase (loading [0-15% of 

stance], early [15-40% of stance], mid [40-60% of stance], and late [60-100%]) for each 

joint using  

  stance phase 

 loading early mid late 

joint p-value 95% CI p-value 95% CI p-value 95% CI p-value 95% CI 

          
hip <0.001 -0.4515 to -0.4224 <0.001 -0.3123 to -0.2576 <0.001 -0.1786 to -0.1014 0.03 -0.2529 to -0.01783 

knee 0.118 -0.3160 to 0.03815 <0.001 -0.4771 to -0.3418 0.001 -0.1718 to -0.0481 0.247 -0.1885 to 0.05031 

ankle <0.001 -0.5252 to -0.2903 <0.001 -0.7188 to -0.6133 <0.001 -0.6274 to -0.5524 <0.001 -0.2392 to -0.1131 

         

 Student’s t-test with Welch correction applied (bold indicates significant at p<0.05) 

 

EMG-assisted estimated joint contact forces were significantly higher than those from 

static optimisation for the hip, knee, and ankle joint during stance (Table 5-2, Figure 5-

5). The EMG-assisted solutions estimated significantly higher HJCFpeak1 (p=0.03) 

compared to instrumented data, although there was no difference for HJCFpeak2 

(p=0.36) (Table 5-3). Joint contact forces estimated with static optimisation did not 

differ significantly for HJCFpeak1 (p=0.08), though they were significantly lower for 

HJCFpeak2 (p<0.001) compared to instrumented data. The EMG-assisted and static 

optimisation solutions estimated significantly different KJCFpeak1 (p=0.02) and KJCFpeak2 

(p<0.001) when compare to each other); however, neither KJCFpeak1 nor KJCFpeak2 from 

either mode were significantly different when compared to instrumented data. The 

AJCFpeak estimates did not differ between the EMG-assisted and static optimisation 

solutions. 
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Figure 5-5: Joint moment and joint contact forces predicted from the EMG-assisted 

neural solution mode (EMG-assisted) and static optimisation (Static opt.) for the hip, 

knee, and ankle. Joint moment is shown with experimental joint moments from 

inverse dynamics (Experimental). Hip joint contact forces (HJCF) is shown with 

Bergmann et al. (2016) hip data (population: hip OA, n=10, age=56.9±5.2yr, body 

mass=88.7±12.43kg, height=174±5.88cm, average walking speed=1.1m/s) and knee joint 

contact forces (KJCF) is shown with Bergmann et al. (2014) knee data (population: knee 

OA, n=8, age=70.25±5.0yr, body mass=91.38±12.6kg, height=172.2±3.9cm, average walking 

speed=1.1m/s). Note that the HJCF and KJCF from Bergmann et al. (2016, 2014) datasets 

were not from the same subjects and also different from our participants who were at 

the early stage of hip OA (population: mild-to-moderate hip OA, n=18, age=64.0±7.0yr, 

body mass=76.8±14.11kg, height=166.02±9.07cm, average walking speed=1.17±0.16m/s).  
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Table 5-2: The mean ± standard deviation (STD) normalised to bodyweight (BW) for the 

first and second peak for hip joint contact force (HJCF), knee joint contact force 

(KJCF), and ankle joint contact forces (AJCF) predicted from the EMG-assisted neural 

solution mode (EMG-assisted) and static optimisation (Static opt.). The instrumented 

data for the hip and knee are shown (Bergman et al., 20116, 2014). 

    peak 1 peak 2 
    Mean ±STD (BW) Mean ±STD (BW) 

 
   

HJCF 
Static opt. 2.18 ± 0.32 1.85 ± 0.25 
EMG-assisted 2.95 ± 0.48 2.86 ± 0.43 
Bergmann 2016 2.54 ± 0.24 2.47 ± 0.23 

 
   

   
  

KJCF 
Static opt. 1.86 ± 0.48 2.05 ± 0.25 
EMG-assisted 2.59 ± 0.55 3.20 ± 0.84 
Bergmann 2014 2.26 ± 0.22 2.67 ± 0.46 

     
    

AJCF Static opt. 3.95 ± 0.69 - 
EMG-assisted 4.08 ± 0.77 - 
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Table 5-3: Significant difference of hip joint contact force (HJCF), knee joint contact 

force (KJCF), and ankle joint contact forces (AJCF) predicted from the EMG-assisted 

neural solution mode (EMG-assisted) and static optimisation (Static opt.). The peaks 

for HJCF and KJCF are also compared with instrumented data (Bergmann et al., 2016, 

2014), respectively, using one-way ANOVA with Bonferonni correction (p<0.05). 

Joint contact force                       comparison p-value  

HJCF 

peak 1 
Static opt. EMG-assisted <0.001 a 
Static opt. Bergmann 2016 >0.05 a 
EMG-assisted Bergmann 2016 <0.05 a 

    

peak 2 
Static opt. EMG-assisted <0.001 a 
Static opt. Bergmann 2016 <0.001 a 
EMG-assisted Bergmann 2016 >0.05 a 

KJCF 

peak 1 
Static opt. EMG-assisted <0.05 a 
Static opt. Bergmann 2014 >0.05 a 
EMG-assisted Bergmann 2014 >0.05 a 

    

peak 2 
Static opt. EMG-assisted <0.001 a 
Static opt. Bergmann 2014 >0.05 a 
EMG-assisted Bergmann 2014 >0.05 a 

AJCF peak Static opt. EMG-assisted >0.05 b 

aOne-way repeated measures ANOVA with Bonferroni adjustment (bold indicates significant at p<0.05) 
bStudent’s t-test (bold indicates significant at p<0.05) 

 

5.5 Discussion 
The objective of this study was to determine if the EMG-assisted neural control 

solution is appropriate to estimate HJCF in people with hip OA. We compared two 

modelling methods to estimate HJCF: (i) static optimisation in OpenSim using a 

linearly scaled model with scaled muscular parameters (Modenese et al., 2016); and (ii) 

the EMG-assisted neural control solution in CEINMS using a linearly scaled model 

with calibrated neuromuscular parameters (Pizzolato et al., 2015). The EMG-assisted 
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neural control solution predicted higher HJCF and greater levels of co-contraction 

than static optimisation and, overall, better tracked experimental data. 

EMG-assisted and static optimisation joint moments estimates were comparable to 

results of inverse dynamics for hip FE, knee FE, and ankle DPF joint moments (Figure 

5-2). However, static optimisation poorly predicted experimental muscle activations 

(Figure 5-2), perhaps because static optimisation assumes an optimal neuromuscular 

control strategy, without accounting for the unique activation patterns across 

individuals (Buchanan and Shreeve, 1996). Nonetheless, static optimisation has been 

regularly employed to predict joint contact forces in both healthy and pathological 

populations (Graham et al., 2016; Steele et al., 2012; Wesseling et al., 2016b) due to its 

simplicity of use. Conversely, muscle activations from the EMG-assisted solutions 

closely resembled experimental muscle activations (Figure 5-3), with the exception of 

the adductor muscle group. The adductors are challenging to measure accurately, 

given their small size and the frequent rubbing between surface electrode and 

contralateral leg. Low quality experimental recordings may explain, at least in part, 

why adductor muscle activations were poorly matched, albeit still superior to static 

optimisation estimates. 

Lower CCI (i.e., more co-contraction between muscle groups) were observed using the 

EMG-assisted neural control solution compared to static optimisation for hip FE, knee 

FE, and ankle DPF (Table 5-1). Notably, these lower CCI were consistently closer to 

experimental CCI during all four phases of stance (Figure 5-4). The directionality of the 

CCI from static optimisation was also characterised by rapid changes, indicating 

activation of either agonist or antagonist muscle groups and absence of co-contraction 



 

108  

(Figure 5-4). This is in contrast to both the experimental data and the EMG-assisted 

neural control solution estimate, which both show CCI closer to zero, indicating higher 

co-contraction during walking.  

The EMG-assisted neural control solution predicted higher HJCF than static 

optimisation (Table 5-3, Figure 5-5). Muscle co-contractions affect joint contact force 

estimates (Challis, 1997; Gottlieb, 2000; Hughes et al., 1995), and differences in HJCF 

between neural control solutions were the direct contribution of the EMG-assisted 

correctly accounting for the increased levels of muscle co-contraction (Park et al., 1999; 

Zeni et al., 2010) evident in our hip OA participants (Table 5-1, Figure 5-4). These 

results are further corroborated by a previous study of healthy people who exhibited 

minimal co-contractions, and as such the EMG-assisted and static optimisation neural 

control solutions estimated similar HJCF (Chapter 4).  

When compared to instrumented hip data (Bergmann et al., 2016), the EMG-assisted 

neural control solution predicted higher HJCF, while static optimisation predicted 

lower HJCF (Table 5-3, Figure 5-5). Although data from instrumented implants are 

representative of a different patient population (i.e., 12-month post THR vs mild-to-

moderate hip OA), they still provide essential insight into which neural control 

solutions predicts more physiologically plausible HJCF. In previous studies, individuals 

with THR demonstrated decreased muscle strength compared to healthy controls 

(Fukumoto et al., 2013; Shih et al., 1994). Although direct comparison of muscle 

strength between data from Bergmann et al., (2016) and our cohort is not possible, it 

has been shown that muscle weakness increases with disease progression (Loureiro et 

al., 2013b). Thus, greater muscle strength potentially present in our cohort would result 
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in greater HJCF, as predicted by the EMG-assisted neural control solution. 

Furthermore, the EMG-assisted neural control solution also better predicted external 

joint moments (Figure 5-2), muscle activations (Figure 5-3), and CCI (Figure 5-4) when 

compared to static optimisation. Collectively, these findings suggest that the EMG-

assisted neural control solution predicted more physiologically plausible HJCF than 

static optimisation. 

Contrary to previous NMS modelling studies (Heller et al., 2001; Modenese et al., 2011; 

Stansfield et al., 2003), HJCFpeak2 was lower than instrumented hip data. However, 

these studies employed different static optimisation criteria and/or musculoskeletal 

models, and compared their result to HJCF from a different dataset (Bergmann et al., 

2001). Additionally, our processing pipeline (Figure 5-1) included the morphometrically 

scaling of musculoskeletal model muscle parameters (Modenese et al., 2016), which 

may further explain some of the discrepancies between our static optimisation results 

and those of previous NMS modelling studies (Heller et al., 2001; Modenese et al., 2011; 

Stansfield et al., 2003). 

As a further verification, KJCF peaks predicted from the EMG-assisted neural control 

solution and static optimisation were compared to measured KJCF from instrumented 

knee data (Bergmann et al., 2014), showing no significant difference. AJCF were also 

estimated, though no direct measurement data were available for the ankle. 

Nonetheless, both neural control solutions predicted similar peak AJCF. Comparable 

estimates at the knee and ankle joints further support the premise that greater co-

contraction around the hip joint underpins the different HJCF estimates, and notably, 
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the more physiologically plausible predictions of the EMG-assisted neural control 

solution. 

Some limitations of this study should also be considered. Analyses were performed 

using a linearly scaled generic musculoskeletal model (i.e., gait2392), which does not 

account for subject-specific muscle pathways and moment arms, an influencial factor 

in the estimations of joint contact forces (Gerus et al., 2013; Lenaerts et al., 2008; 

Wesseling et al., 2016a). Nevertheless, generic musculoskeletal models remain widely 

used due to their simplicity and availability (Graham et al., 2016; Kainz et al., 2016; 

Steele et al., 2012). Future investigation should consider creating musculoskeletal 

models with subject-specific geometries (Gerus et al., 2013; Wesseling et al., 2016a) and 

joint kinematics (Brito da Luz et al., 2017) from imaging data. 

Calibration of neuromuscular parameters has been shown to be necessary to properly 

run EMG-informed models (Gerus et al., 2013; Serrancolí et al., 2016). The calibration 

was performed in the EMG-assisted modelling pipeline, but not in the static 

optimisation pipeline (Figure 5-1), as generic muscular parameters are routinely used 

in OpenSim static optimisation studies (Hamner et al., 2010; Modenese et al., 2011; 

Steele et al., 2012; Wesseling et al., 2015b). Consequently, the muscular parameters (i.e., 

maximum isometric force, optimal muscle fibre length, tendon slack length) were 

different between models and might have influenced our results. 

Muscle activations were calculated differently between CEINMS and OpenSim. The 

EMG-assisted neural control solution in CEINMS estimated muscle activation using a 

second-order dynamic model (Lloyd and Besier, 2003). Conversely, static optimisation 

in OpenSim directly calculated muscle activations (Thelen, 2003). Muscle activations 
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estimated by both EMG-assisted and static optimisation neural control solutions were 

compared to experimental muscle activations, calculated using the same activation 

model used by the EMG-assisted neural control solution (Lloyd and Besier, 2003). 

While this may favour EMG-assisted over static optimisation, it was the only 

alternative to compare muscle activations between the two methods. Furthermore, 

muscle excitations from the iliacus and psoas major were not recorded due to surface 

EMG limitations; hence, it was not possible to determine how well the EMG-assisted 

neural control solution predicted activations from these muscles. 

Our findings demonstrate that the EMG-assisted neural control solution in CEINMS 

can predict physiologically plausible HJCF in a population with high levels of co-

contraction, including hip OA. Future investigations should consider using the EMG-

assisted neural control solution to estimate HJCF during more demanding activities 

(e.g. stair climbing) associated with initiation and progression of disease. 
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6.1 Abstract 
Objective: During walking people with hip osteoarthritis (OA) have altered movement 

and muscle activation patterns that may alter hip joint contact forces (HJCF) compared to 

healthy individuals. Subsequently, the objective of this study was to compare HJCF and hip 

muscle co-contraction in people with symptomatic mild-to-moderate hip OA and healthy 

people using an EMG-informed modelling approach. 

Design: This cross-sectionally designed study included eighteen participants with mild-to-

moderate hip OA and twenty-three healthy participants that walked at self-selected speed 

while motion capture and EMG data were synchronously collected. Calculations of HJCF 

was solved by balancing the external joint moments with internal muscle forces, which 

were estimated using Calibrated EMG-informed neuromusculoskeletal modelling.  

Results: Height, body mass, body mass index, and walking speeds did not significantly 

differ between groups. Hip OA participants walked with lower peak hip extension and hip 

adduction joint angles, lower peak hip flexion and hip extension joint moments, and 

higher hip muscle co-contraction during stance phase compared to controls. HJCF were 

11% lower in the first peak and 28% lower in the second peak for the hip OA group, which 

were significantly lower (p = 0.011 and p < 0.0001, respectively) even after accounting for 

body mass index. 

Conclusion: Symptomatic mild-to-moderate hip OA participants walked with lower HJCF 

than healthy participants, and exhibited similar HJCF to those with instrumented total hip 

implants. This under-loading in people with hip OA and may suggest that interventions 

aimed at reducing loading in this patient group may not be an appropriate form of 

rehabilitation.  
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6.2 Introduction 
Hip osteoarthritis (OA) is a progressive disease, that typically presents with a 

combination of radiographic evidence such as joint space narrowing, subchondral 

sclerosis, osteophytes. Symptoms of hip OA include pervasive pain and joint stiffness 

(Hunter and Felson, 2006). Conservative treatments to reduce pain and improve 

function are rarely successful, possibly because treatments are often based on 

anecdotal evidence and clinical intuition (Eitzen et al., 2015; Murphy et al., 2016).  

People with hip OA exhibit hip muscle weakness (Loureiro et al., 2013b), most 

commonly across the abductors, altered hip muscle activation patterns (Rutherford et 

al., 2015; Sims et al., 2002), and increased hip muscle co-contraction (Park et al., 1999; 

Zeni et al., 2010). Muscle co-contraction is the simultaneous activation of agonist and 

antagonist muscle groups (Levine and Kabat, 1952) and higher levels of co-contraction 

have been associated with knee OA severity (Hubley-Kozey et al., 2009) and faster 

progression of knee OA (Hodges et al., 2016). No study to date have studied the 

association of hip muscle co-contraction to hip OA severity or progression. However, 

muscle co-contraction as well as muscle weakness and altered muscle activation 

patterns could influence joint contact forces (Challis, 1997; Gottlieb, 2000; Hughes et 

al., 1995), a mechanical risk factor for OA (Andriacchi and Mündermann, 2006; Felson, 

2013). 

Altered hip joint contact forces (HJCF) during walking are believed to be causal in the 

pathogenesis of hip OA (Felson, 2013). Conceivably, abnormal HJCF due to altered hip 

joint biomechanics and/or neuromuscular impairments (e.g. strength deficits, altered 

muscle activations) may contribute to further cartilage degeneration and subsequent 
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disease progression in people with hip OA (Saxby and Lloyd, 2017). Individuals with 

hip OA have joint biomechanical (Constantinou et al., 2017; Eitzen et al., 2012) and 

neuromuscular (Dwyer et al., 2013; Loureiro et al., 2013b; Rutherford et al., 2015; Sims et 

al., 2002) alterations compared to healthy people, which may impact HJCF. Several 

studies have shown that individuals with hip OA exhibit both reduced range of motion 

and external joint moments at the hip  (Constantinou et al., 2017; Eitzen et al., 2012; Lin 

et al., 2001; Ornetti et al., 2011) compared to healthy individuals during gait. However, 

external joint moments only provide a surrogate for HJCF, which is dependent on both 

the external joint moments and muscle contributions to joint loading.  

Direct measurements from instrumented hip prostheses have provided valuable 

insight into HJCF patterns during walking; however, hip joints with implanted 

prostheses due to hip OA (Bergmann et al., 2016; Stansfield et al., 2003) are unlikely to 

be representive of native hip joints in individuals with mild-to-moderate hip OA. An 

alternative to direct measurement of joint contact forces (JCF) is to estimate these 

forces using neuromusculoskeletal (NMS) modelling. A promising NMS modelling 

approach is electromyography (EMG)-informed (Lloyd and Besier, 2003), which 

involves using measured EMG to determine muscle forces and JCF. EMG-informed 

modelling can account for subject-specific muscle activation patterns (Cholewicki et 

al., 1995) that could influence JCF as muscle forces are the major contributor to HJCF 

during walking (Correa et al., 2010). Feasibility of an EMG-informed modelling 

approach to estimate knee joint contact forces (KJCF) have been demonstrated 

previously in individuals with knee OA (Kumar et al., 2013, 2012), post-total knee 

replacements (Gerus et al., 2013), post anterior cruciate ligament-reconstructed knees 

(Saxby et al., 2016a), and in healthy individuals (Kumar et al., 2013, 2012; Saxby et al., 
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2016b). The authors previous work showed that using EMG-assisted neural solution 

(Pizzolato et al., 2015; Sartori et al., 2014) with a calibrated NMS model (Gerus et al., 

2013; Serrancolí et al., 2016) has been shown to estimate physiologically plausible HJCF 

in healthy people (Chapter 4).  

The aims of this study were to: (1) estimate HJCF during walking in people with mild-

to-moderate hip OA and healthy people using an EMG-informed modelling approach; 

and (2) compare levels of hip muscle co-contraction between groups. We hypothesised 

that people with hip OA will exhibit altered HJCF and increased hip muscle co-

contraction compared to healthy people. 

6.3 Methods 
The Griffith University Human Research Ethics Committee granted ethics approval 

(PES/23/08/HREC) and participants gave their informed, written consent before study 

participation. 

6.3.1 Participants 
All participants were over the age of 45 years and concurrently enrolled in another 

study (Constantinou et al., 2017). Eighteen participants with symptomatic mild-to-

moderate hip OA were included in the hip OA group and 23 healthy participants 

without hip OA were included in the healthy group. Nine hip OA participants were 

diagnosed with bilateral hip OA. The study limb for the bilateral hip OA participants 

was the most affected side. In the healthy group, the study limb selection was 

randomised using Excel 2010 (Microsoft, USA). Participants in the hip OA group had 

Kellgren-Lawrence (KL) grades of 2 or 3 (Kellgren and Lawrence, 1957) and hip joint 
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space width (JSW) ≤ 3 mm, hip pain in the last three months, and Harris hip score 

(HHS) ≤ 95(Mahomed et al., 2001). Participants in the healthy group had KL grades ≤ 1 

and JSW > 3mm, no hip pain or symptoms, and HHS > 95.  JSW and KL grades were 

assessed by an experienced radiologist from anterior-posterior radiographs of the 

pelvis and hip using OARSI criteria (Altman and Gold, 2007). The radiographs were 

filmed 100 cm from the source with the X-ray beam horizontal, and participants were 

standing with feet internally rotated at 15 ± 5° (Altman et al., 2004; Auleley et al., 

2000). Participants did not have any other major lower limb musculoskeletal or 

neurological disorders.   

6.3.2 Experimental Data 
Participants were fitted with retro-reflective markers using the Griffith full body 

marker set (Graham et al., 2016). Three-dimensional trajectories were recorded at 200 

Hz using a 12-camera Vicon MX motion capture system (Vicon, Oxford UK). Ground 

reaction forces (GRF) were simultaneously recorded at 1000 Hz using two 900 x 600 

mm force plates (Kistler, USA). EMG signals were recorded at 1000 Hz using a 16-

channel Wave wireless EMG system (Cometa, Milan, Italy). As per previous EMG-

informed modelling investigations (Sartori et al., 2014), circular preformed bipolar 

Ag/AgCl electrodes (Duo-Trode, Myotronics, USA) were placed on sixteen muscles of 

the study limb in accordance with SENIAM guidelines (Hermens et al., 2000). The 

muscle were: biceps femoris (BFL), semimembranosus (SM), gluteus maximus (GMAX), 

gluteus medius (GMED), adductor magnus (AM), rectus femoris (RF), sartorius (SAR), 

vastus lateralis (VL), vastus medialis (VM), tensor fascia latae (TFL), gracilis (GRA), 
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medial gastrocnemius (GM), lateral gastrocnemius (GL), peroneals (PER), soleus (SOL), 

and tibialis anterior (TA).  

Participants performed ten barefoot walking trials at a self-selected speed over a 10-

metre walkway, a single maximal vertical countermovement jump (Padulo et al., 2013), 

and a set of maximum isometric voluntary contractions (MVC) on a dynamometer 

(Biodex Medical Systems, Shirley, NY, USA)(Pizzolato et al., 2017). MVC for muscles 

crossing the hip joint were acquired on the dynamometer with participants standing in 

the neutral anatomical pose (0° of hip abduction, hip flexion, knee flexion, and ankle 

plantarflexion). MVC for muscles crossing the knee and ankle were acquired on the 

dynamometer with participants seated at 80° hip flexion, 30° knee flexion, and 15° 

ankle plantarflexion. Participants were verbally encouraged to push/pull as hard as 

possible. Marker trajectories, GRF, and EMG signals were acquired during the walking 

task, while EMG signals were acquired during the jumping and MVC tasks.  

The MOtoNMS software (version 2.2) in MATLAB R2014a (MathWorks, USA) was used 

to process the experimental data (Mantoan et al., 2015). Hip joint centres were 

calculated using the Harrington regression equation (Harrington et al., 2007; Kainz et 

al., 2015); knee joint centres were defined as the midpoint of the medial and lateral 

femoral condyle markers; and ankle joint centres were defined as the midpoint of the 

medial and lateral malleoli markers with an offset of 0.27 times the shank length 

(Bruening et al., 2008). Marker trajectories and GRF were filtered with a low-pass, 

zero-lag, second order, 6 Hz Butterworth filter (Winter et al., 1974). EMG signals were 

band-pass filtered (30-300 Hz), full-wave rectified, low-pass filtered (6 Hz), and 
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amplitude-normalised to the maximum processed EMG value recorded across all 

dynamometer, walking and jumping trials (Lloyd and Besier, 2003).   

6.3.3 EMG-informed modelling 
A generic OpenSim musculoskeletal model (gait2392) was linearly scaled (Kainz et al., 

2017b) to match each participant’s anthropometry in OpenSim version 3.2 (Delp et al., 

2007). The musculoskeletal model had thirty-four muscle-tendon units (MTU) 

actuating the lower limb. The optimal fibre length and tendon slack length were 

morphometrically scaled to preserve the dimensionless muscle and tendon operating 

curves using an optimisation technique (Modenese et al., 2016).  

In OpenSim, inverse kinematics was used to calculate joint angles, and inverse 

dynamics was used to calculate joint moments for each walking trial. The muscle 

analysis tool was used to calculate MTU lengths and moment arms. Joint angles, joint 

moments, MTU lengths and moment arms, processed EMG signals, and scaled 

musculoskeletal model were used as inputs into the Calibrated EMG-informed 

Neuromusculoskeletal Modelling Toolbox (CEINMS), a freely available EMG-informed 

modelling package (Pizzolato et al., 2015). CEINMS operates by first calibrating the 

neuromuscular parameters using optimisation, and then full predictive execution 

mode to estimate muscle forces (Lloyd and Besier, 2003; Sartori et al., 2012).  Using 

four walking trials the neuromuscular parameters for each model were calibrated by 

minimising the i) square error between NMS model predicted and inverse dynamics 

joint moments, and ii) peak HJCF. The joint moments included in calibration were hip 

and knee flexion/extension (FE), hip adduction/abduction (AA), and ankle 

dorsi/plantar flexion (DPF). The sixteen experimental EMG signals were allocated to 
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the thirty-four MTU in CEINMS according to Sartori and colleagues (2012). With the 

calibrated model, the EMG-assisted neural solution mode was used to estimate the 

muscle forces for the remaining six walking trials. To balance joint moment error and 

muscle excitation error, error weightings were optimised (Sartori et al., 2014). Using 

the joint reaction analysis from the OpenSim application programming interface, HJCF 

were calculated using a force balance on each rigid body starting with the most distal 

and moving proximally (Steele et al., 2012). The HJCF presented in this study are from 

trials that were used in the EMG-assisted neural solution mode and did not include 

trials utilised in the parameter calibration process.  

6.3.4 Statistics 
Root-mean-square error (RMSE) and coefficient of determination (R2) between joint 

moments calculated from inverse dynamics and predicted from EMG-informed 

modelling were calculated as a measure of model fit. Muscle co-contraction ratios 

(CCR) for hip FE and hip AA moments (Mf and Me, respectively) were calculated 

during stance per Heiden and colleagues (2009a). The mean co-contraction ratio was 

calculated for the four sub-phases of stance: loading (0-15% of stance), early (15–40% of 

stance), mid (40–60% of stance), and late (60-100%). The mean absolute CCR was used 

where the ratio spans from 0 to 1; a ratio of 0 indicates full co-contraction, and 1 

indicates no effective co-contraction. 

Statistical analysis was performed using Statistical Package for the Social Sciences 

(SPSS, version 24, IBM Corporations) using an alpha of 0.05. Data were assessed for 

outliers with standardised residuals, normality by Shapiro-Wilk's test, 

homoscedasticity by visual inspection of a scatterplot, and homogeneity of variances 
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by Levene’s test. Student’s t-tests were used to identify between-group differences and 

Cohen’s d for effect sizes (d) in demographic variables, walking speed, peak joint 

angles, peak external joint moments, mean muscle co-contraction ratios, first and 

second HJCF peaks (HJCFpeak1 and HJCFpeak2, respectively), and sum of the hip muscle 

forces at HJCFpeak1 and HJCFpeak2. A secondary analysis of HJCF peaks was performed 

using a one-way analysis of covariance (ANCOVA) with body mass index (BMI) as a 

covariate (adjusted model). This analysis also included a comparison with 

instrumented hip data (n = 10, age = 56.9 ± 5.2yr, height = 174.0 ± 5.9cm, body mass = 

88.7 ± 12.4kg, BMI = 29.4 ± 4.5, walking speed = 1.1m/s (range 1.0-1.3m/s) from 

Bergmann and colleagues (2016), hereafter referred to as Bergmann2016. A post hoc 

analysis with a Bonferroni correction was applied when significant differences were 

detected. 

6.4 Results 
The hip OA subgroups (bilateral and unilateral) were collated, as there were no 

significant differences in the demographic or gait measurements between the 

subgroups. The hip OA and healthy participant groups did not differ in height, body 

mass, BMI, and walking speed (Table 6-1), while the hip OA group was significantly 

older than the healthy group [mean difference 5.1 (95% CI 0.3 to 0.9) years, p = 0.036, d 

= 0.81].  
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Table 6-1: Mean ± standard deviation of relevant demographic data including between-

group differences for the healthy group and hip OA group.  

 Healthya Hip OAb p-Value c Mean difference d (95% 
CI) 

n [female, male] 23 [17, 6] 18 [13, 5]   

Age (years) 60 ± 8 64 ± 7 0.036 -5.1 (-9.8, -0.3) 

Height (cm) 167 ± 8 166 ± 10 0.824 1 (-5, 6) 

Body mass (kg) 69.9 ± 9.5 76.2 ± 14.1 0.095 -6.3 (-13.8, 1.2) 

Body mass index 25.1 ± 3.1 27.6 ± 4.8 0.052 -2.5 (-5.0, 0.2) 

Walking Speed (m/s) 1.23 ± 0.09 1.19 ± 0.14 0.384 0.04 (-0.04, 0.11) 
aParticipants in the healthy group had Kellgren-Lawrence (KL) grade ≤ 1, hip joint space width (JSW) > 
3mm, Harris Hip Score (HHS) > 95, and no pain or symptoms. 
 
 bParticipants in the hip OA group had KL grade of 2 or 3, hip JSW ≤3 mm, HHS ≤ 95, and hip pain 
experienced in last three months before the study. Nine participants with unilateral and nine with bilateral 
hip OA were pooled in the hip OA group as there were no significant differences in the demographic or gait 
measurements.  
 
cStudent’s t-test, (bold indicates significant at p<0.05) 
 
dpositive indicates value for the control group is higher than OA (Control – Hip OA) 

 

Participants with hip OA walked with significantly lower peak hip extension during 

early stance [mean difference 9.9 (95% CI 3.8 to 16.0) degrees, p = 0.002, d = 1.31], lower 

peak hip adduction during early stance [mean difference 3.5 (95% CI 0.3 to 6.6) 

degrees, p = 0.032, d = 0.98], and lower peak hip adduction during late stance [mean 

difference 3.5 (95% CI 1.1 to 5.9) degrees, p = 0.006, d = 1.37] compared to control 

participants (Figure 6-1, Table 6-2). Participants with hip OA walked with significantly 

lower hip flexion moment during stance [mean difference 0.12 (95% CI 0.04 to 0.25) 

Nm/kg, p = 0.007, d = .37], lower hip extension moment during stance [mean 
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difference 0.35 (95% CI 0.3 to 6.6) Nm/kg, p < 0.0001, d = 0.73], and lower peak hip 

abduction moment during early stance [mean difference 0.10 (95% CI 0.02 to 0.11) 

Nm/kg, p = 0.002, d = 0.38] compared to control participants. Finally, the hip OA 

group walked with more co-contraction (i.e. lower co-contraction ratios) than the 

healthy group for both hip flexion/extension and hip adduction/abduction muscle 

groups for all phases during stance (Table 6-3). 

 

Figure 6-1: Ensemble averages (shaded region is one standard deviation) of joint angles 

(degrees) and external joint moments (Nm/kg) for hip flexion/extension, hip 

adduction/abduction, and hip internal/external rotation for the hip osteoarthritis 

group [n = 18, body mass index (BMI) = 27.6 ± 4.8, walking speed = 1.19 ± 0.09 m/s] and 

healthy group [n = 23, BMI = 25.1 ± 3.1, walking speed = 1.23 ± 0.09 m/s].  
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Table 6-2: Mean ± standard deviation peak joint angles and external joint moments including between-group differences for the hip 

OA group and healthy group  

 Healthy Hip OA p-Value a Mean difference b (95% CI) 

     
Hip joint angle (degrees)     
Peak hip flexion during stance 28.7 ± 7.2 28.9 ± 5.2 0.944 -0.1 (-4.2, 3.9) 
Peak hip extension during stance 14.3 ± 9.3 4.5 ± 10 0.002 9.9 (3.8,16.0) 
Peak adduction during early stance 7.4 ± 3.6 4 ± 5.6 0.032 3.5 (0.3, 6.6) 
Peak adduction during late stance 9.4 ± 2.1 5.9 ± 4.5 0.006 3.5 (1.1, 5.9) 
     
External hip joint moment (Nm/kg)     
Peak flexion moment during stance 0.74 ± 0.17 0.59 ± 0.16 0.007 0.15 (0.04,0.25) 
Peak extension moment during stance 0.92 ± 0.28 0.57 ± 0.21 <0.0001 0.35 (0.19, 0.51) 
Peak abduction moment during early stance 0.64 ± 0.11 0.54 ± 0.07 0.002 0.10 (0.04,0.16) 
Peak abduction moment during late stance 0.55 ± 0.12 0.51 ± 0.08 0.218 0.04 (0.02,0.11) 
     
a Student’s t-test, (bold indicates significant at p<0.05)  
b positive indicates value for the healthy group is higher than OA (healthy – hip OA) 
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Table 6-3: Mean ± standard deviation co-contraction ratios including between-group differences for the hip OA group and healthy 

group for each phase of stance (loading, early, mid, and late) for hip flexion/extension and hip adduction/abduction 

 Phase of Stance a Healthy b Hip OA b p-Valuec Mean difference d (95% CI) 

      
Hip flexion/extension loading 0.76 ± 0.19 0.50 ± 0.10 <0.0001 0.27 (0.17, 0.36) 
 early 0.86 ± 0.12 0.53 ± 0.10 <0.0001 0.33 (0.25, 0.40) 
 mid 0.76 ± 0.20 0.39 ± 0.15 <0.0001 0.37 (0.25, 0.48) 
 late 0.37 ± 0.14 0.28 ± 0.11 0.029 0.09 (0.01, 0.17) 
       
Hip adduction/abduction loading 0.46 ± 0.17 0.32 ± 0.19 0.026 0.13 (0.02, 0.25) 
 early 0.70 ± 0.38 0.48 ± 0.24 0.040 0.22 (0.01, 0.42) 
 mid 0.75 ± 0.26 0.54 ± 0.26 0.017 0.20 (0.04, 0.37) 
 late 0.62 ± 0.13 0.48 ± 0.15 0.002 0.15 (0.06, 0.24) 
      

a Phases of stance: loading (0-15% of stance), early (15–40% of stance), mid (40–60% of stance), and late (60-100%) 
b co-contraction ratio where 0 indicates full co-contraction and 1 indicates no co-contraction 
c Student’s t-test, (bold indicates significant at p<0.05)  
d positive indicates value for the healthy group is higher than OA (healthy – hip OA) 
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The EMG-informed model predicted external joint moments that matched well with 

the joint moments calculated via Inverse Dynamic (R2 between 0.82 and 0.99 and 

RMSE between 0.05 and 0.23 Nm/kg, Table 6-4). The HJCFpeak1 and HJCF peak2 

estimated for the hip OA group were 5% and 17% lower than estimates in the control 

group (Table 6-5). The differences between groups were statistically significant for 

HJCFpeak1 [mean difference 235N (95% CI, 57-413N), p = 0.011, d = 1.14] and HJCFpeak2 

[mean difference 574N (95% CI, 304-844N), p < 0.0001, d = 1.83]. Differences were still 

statistically significant after adjusting for BMI for HJCFpeak1 [mean difference 313N (95% 

CI, 143-483N), p = 0.001, F(1,38) = 13.82, partial η2 = 0.267] and HJCFpeak2 [mean 

difference 666N (95% CI, 383-930N), p < 0.0001, F(1,38) = 23.57, partial η2 = 0.383]. The 

sum of the hip muscle forces were significantly lower for the hip OA group than the 

healthy group at the first peak [mean difference 224N (95% CI, 66-382N), p = 0.00, d = 

1.05] and second peak [mean difference 782N (95% CI, 399-1164N), p < 0.0001, d = 1.61]. 
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Table 6-4: Mean ± standard deviation (STD) R2 and RMSE for the comparison of hip 

flexion/extension (FE), hip adduction/abduction (AA), hip internal/external rotation 

(IER), knee FE, and ankle dorsi/plantar flexion (DPF) joint moments obtained with the 

EMG-informed model and Inverse Dynamics. R2 and RMSE are shown for the healthy 

and hip OA groups. 

 Healthy Hip OA 
Joint moment R2±STD RMSE±STD R2±STD RMSE±STD 
  (Nm/kg)  (Nm/kg) 

Hip FE 0.99 ± 0.01 0.12 ± 0.01 0.99 ± 0.01 0.13 ± 0.02 

Hip AA 0.95 ± 0.02 0.23 ± 0.02 0.95 ± 0.01 0.18 ± 0.02 

Hip IER 0.82 ± 0.04 0.05 ± 0.01 0.85 ± 0.02 0.08 ± 0.01 

Knee FE 0.97 ± 0.02 0.05 ± 0.01 0.87 ± 0.02 0.14 ± 0.2 

Ankle DPF 0.99 ± 0.01 0.05 ± 0.01 0.93 ± 0.01 0.11 ± 0.02 

 

Table 6-5: Mean ± standard deviation of hip joint contact forces and hip muscle forces 

including between-group differences for the hip OA and healthy groups 

 Healthy Hip OA p-Value a 
Mean difference b  
(95% CI) 

     
Hip joint contact force (N)     
First peak 2309 ± 273 2073 ± 288 0.011 235 (57, 413) 
Second peak 2643 ± 417 2068 ± 434 <0.0001 574 (304, 844) 
     
Hip Muscle Force (N)     
Sum of muscle forces at first peak  1694 ± 284 1470 ± 193 0.007 224 (66, 382) 
Sum of muscle forces at second peak 2704 ± 647 1923 ± 537 <0.0001 782 (399, 1164) 
     

a Student’s t-test, (bold indicates significant at p<0.05) 
b positive indicates value for the healthy group is higher than OA (healthy – hip OA) 

 

When compared to Bergmann2016, the HJCFpeak1 and HJCFpeak2 estimates for the hip 

OA group were 1.4% and 0.7% lower and for the healthy group were 10% and 28% 

higher (Figure 6-2). After adjusting for BMI, compared to Bergmann2016, the healthy 

group had significantly higher for HJCFpeak1 [mean difference 365N (95% CI, 87-643N), 

p = 0.006 , F(2,47) = 8.44, partial η2 = 0.264] and HJCFpeak2 [mean difference 698N (95% 
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CI, 316-1080N), p < 0.0001 , F(2,47) = 17.31, partial η2 = 4.24]. However, the hip OA 

group produced higher HJCFpeak1 and HJCFpeak2 compared to Bergmann2016, but they 

were not significant (p = 1.000 and p = 1.000, respectively).  

 

 

Figure 6-2: Ensemble averages (shaded region is one standard deviation) of hip joint 

contact forces (N) during self-selected speed walking for the hip osteoarthritis group 

[n = 18, body mass index (BMI) = 27.6 ± 4.8, walking speed = 1.19 ± 0.09 m/s] and healthy 

group [n = 23, BMI = 25.1 ± 3.1, walking speed = 1.23 ± 0.09 m/s]. Instrumented hip joint 

contact forces during walking (Bergmann 201625) are included for comparison [n =10, 

BMI= 29.4 ± 4.5, walking speed = 1.1 ± 0.09, range 1.0 - 1.3m/s]. The hip osteoarthritis 

group walked with similar hip joint contact forces to instrumented data. The healthy 

group walked with higher hip joint contact forces than the hip osteoarthritis group 

and data from instrumented implants.  
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6.5 Discussion 
The aim of this study was to estimate HJCF in people with mild-to-moderate hip OA 

and healthy people during walking using an EMG-informed modelling approach. The 

secondary aim was to determine if there is higher hip muscle co-contraction in people 

with symptomatic early hip OA compared to healthy people. Findings suggest that 

people with mild-to-moderate hip OA demonstrate lower HJCF during walking, 

despite exhibiting higher levels of hip muscle co-contraction, when compared to 

healthy people. The observed lower HJCF is a novel observation and contradicts 

previous assumptions regarding the effect of higher levels of co-contraction in this 

cohort. Under-loading and higher muscle co-contraction may be an adaptation that is 

part of the disease process and may have relevance for rehabilitation and prevention of 

OA.  

Previous investigations of individuals with hip OA reported reduced walking speeds 

compared to controls (Eitzen et al., 2012; Watelain et al., 2001). Increased walking 

speed has been shown to increase HJCF magnitudes and is an essential consideration 

in NMS modelling (Giarmatzis et al., 2015; Weinhandl et al., 2017). However, we found 

no differences in walking speed between our groups, which may relate to the early 

stage of the disease in our OA cohort.  

The significantly lower sagittal hip range of motion and external sagittal hip joint 

moment during walking observed in our hip OA group compared to the healthy group 

is consistent with previous studies in hip OA (Eitzen et al., 2012; Ornetti et al., 2011; 

Watelain et al., 2001). The reduced range of motion may inherently decrease the 

surface area in which the hip cartilage is loaded, potentially focusing the local contact 
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stresses and increasing the risk of disease development (Mabuma et al., 2015; Saxby 

and Lloyd, 2017). The reduction in external sagittal hip joint moment in people with 

hip OA has been suggested as a possible reduction in co-ordination and under-loading 

in the hip (Saxby and Lloyd, 2017; Trzaskoma et al., 2010). Our results support the 

assumption of an under-loading in the hip.  

Muscle co-contraction is believed to be present in people with hip OA, but it has only 

been reported in those with instrumented hip replacements (Catani et al., 1995; Park et 

al., 1999). We observed higher muscle co-contraction in people with hip OA compared 

to the healthy group, which may suggest deficits in strength or co-ordination, 

previously identified in this cohort (Loureiro et al., 2013b; Ornetti et al., 2011; 

Trzaskoma et al., 2010; Valente et al., 2013). The increased co-contraction in our OA 

group is in line with previous studies in individuals with knee OA (Heiden et al., 

2009a; Hortobágyi et al., 2005; Hubley-Kozey et al., 2008, 2009; Lewek et al., 2005).  

Higher muscle co-contraction has been thought to increase JCF (Pedersen et al., 1987; 

Wesseling et al., 2015a); however, the opposite was seen in our study. Participants with 

hip OA exhibited higher co-contraction and lower HJCF. In a sensitivity study, 

Pedersen and colleagues (1987) predicted higher HJCF when there were simultaneous 

agonist and antagonistic activity in a single subject, though their primary aim was 

investigating the effect of different optimisation cost functions on JCF. However, the 

type of optimisation cost functions and the resulting muscle forces have recently been 

shown to influence HJCF (Wesseling et al., 2015a). Furthermore, muscle activation 

dynamics, muscle contraction dynamics and muscle kinematics may influence the 

calculation of muscle forces and subsequent JCF (Buchanan et al., 2005; Winby et al., 
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2009). Importantly, all these neuromuscular factors combined with the reduced 

external hip joint moments could have contributed to the observed decreased HJCF in 

our OA group, despite higher muscle co-contractions.  

It has been shown that people with knee OA adopt higher muscle co-contraction 

strategy for stability (Lewek et al., 2005) and potentially for reduction in pain (Boyer et 

al., 2017). Although beyond the scope of this study, people with hip OA may also adopt 

higher hip muscle co-contraction for similar reasons, though further investigations are 

required.  

The significantly lower peak HJCF in the hip OA group compared to the healthy group, 

regardless of normalisation, provides evidence for under-loading in the hip joint in 

people with mild-to-moderate hip OA. OA is the symptomatic loss of cartilage in load-

bearing areas of the joint (Hunter and Felson, 2006), and in people with knee IA higher 

medial loading has been proposed as a contributor to disease progression and cartilage 

degeneration (Andriacchi and Mündermann, 2006). Indeed, at the knee joint, higher 

external knee joint moments have been implicated in cartilage degeneration (Creaby et 

al., 2010; Sharma et al., 1998); and therefore, it has been accepted that people with knee 

OA experience higher KJCF. However, studies generally have used external knee joint 

moments as a surrogate for JCF (Baliunas et al., 2002; Mündermann et al., 2005; Thorp 

et al., 2006), and these moments do not well predict JCF (Meireles et al., 2016) and 

evidence for any causal link to knee OA progression is low-quality (Henriksen et al., 

2014). In the few studies that have calculated KJCF, results are conflicting regarding 

whether people with knee OA have higher (Kumar et al., 2012), unchanged (Meireles et 

al., 2016) or lower (Henriksen et al., 2006; Richards and Higginson, 2010)  KJCF 
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compared to healthy controls. Furthermore, evidence suggests that individuals who 

have undergone anterior cruciate ligament-reconstruction surgeries, who are at a high 

risk of knee OA, exhibit lower KJCF compared to healthy controls (Saxby et al., 2016a; 

Wellsandt et al., 2016). As seen in knee OA studies, it seems like there is an increasing 

number of studies observing under-loading in OA, which confirms our results for the 

hip OA group.  

Lower external net joint moments identified in individuals with hip OA may be early 

evidence of hip joint under-loading in this cohort (Constantinou et al., 2017; Eitzen et 

al., 2012; Watelain et al., 2001). However, to date this premise had not been 

substantiated through the estimation of HJCF. Our data shows that people with mild-

to-moderate hip OA walk with significantly lower HJCF compared to healthy people. 

Although our hip OA participants were in early stages of the disease and 

Bergmann2016 had an instrumented total hip prosthesis, our hip OA group walked 

with similar HJCF patterns to participants in Bergmann2016. Both groups appear to be 

adopting biomechanics and/or neuromuscular strategies that result in similar HJCF 

patterns, suggesting that adaptations may manifest early in the disease process, which 

highlights the need for early interventions with the capacity to derail disease 

progression. Interventions targeted at joint loading have focused on unloading the 

joint (Fregly et al., 2009; Shull et al., 2013; Wesseling et al., 2015a). However, consistent 

with recent knee studies in ACL reconstructed individuals (Saxby et al., 2017; 

Wellsandt et al., 2016), our findings suggest that a different view of joint loading and 

OA onset and progression may be required. 
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Joint loading is an important factor in the health of the cartilage and the surrounding 

tissues of the joint (Sanchez-Adams et al., 2014). However, differrent types of loading 

can provoke pathologic responses (Kurz et al., 2004; Patwari et al., 2004; Quinn et al., 

1998; Wong et al., 1999). Over-loading has long been implicated in OA progression, 

even though the factors leading to cartilage degeneration are not well understood. 

Recently under-loading has been suggested to alter mechanobiology of the joint and 

been implicated as a pathway for disease onset and progression (Gardiner et al., 2016; 

Saxby and Lloyd, 2017). Our findings showed some evidence for under-loading in 

people with hip OA, which supports this revised view of joint loading and OA. 

Our study had several limitations. Our cross-sectional design means that lower HJCF 

cannot be implicated in the progression of hip OA. Longitudinal studies are required 

to establish any contribution of lower HJCF to disease progression. Furthermore,  

studies have shown that subject-specific geometries affect the predictions of JCF 

(Gerus et al., 2013; Lenaerts et al., 2008; Wesseling et al., 2016a). The current modelling 

pipeline did not include muscle geometry or subject-specific bones, as medical imaging 

data was not available. An EMG-informed modelling approach was used to account for 

individual unique muscle activation patterns and has been directly validated in well 

predciting of measured KJCF (Gerus et al., 2013; Serrancolí et al., 2016). However, this 

approach has not been validated for the hip joint as full motion capture data with EMG 

signals as well as in-vivo hip data are unavailable (Fregly et al., 2012a). A limited 

validation was done by comparing the predicted HJCF from the hip OA cohort to 

instrumented data from people with total hip replacements (Bergmann et al., 2016), 

which is the best available for the hip at this time. However, this showed good 

correspondence between both estimated and measured HJCF.  Furthermore, EMG-
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informed modelling uses recordings from surface EMG electrodes, which have 

inherent errors (Farina and Negro, 2012), and do not include recordings from deep 

muscles. We accounted for these limitations by implementing an EMG-assisted neural 

solution (Sartori et al., 2014). The iliacus and psoas major muscles cannot be accessed 

with surface electrodes and, therefore, the EMG-assisted neural solution used static 

optimisation to estimate muscle excitations for these deep muscles. Despite these 

limitations, the modelling choices do not affect the comparisons presented in this 

study as all simulations were based on the same NMS model and EMG-informed 

approach.  

In conclusion, results from this cross-sectional study provide early evidence for under-

loading in people with mild-to-moderate hip OA, despite exhibiting higher levels of 

hip muscle co-contraction, when compared to healthy people. Future studies should 

evaluate the effects of under-loading on cartilage health, with the aim of identifying 

treatment targets to slow down disease progression in individuals with hip OA. 
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7 FINAL CONCLUSIONS 
The general aim of this thesis was to estimate and explore the hip joint contact forces 

(HJCF) in individuals with mild-to-moderate hip OA and healthy individuals during 

walking. This chapter summarizes the findings from the studies from Chapter 4-6 with 

a discussion focused on NMS modelling and hip OA. Finally, this chapter will include 

potential future works from this thesis and an overall conclusion. 

7.1 Summary 
This thesis had three specific aims. Collectively, the first two aims were to determine 

whether using a subject-specific neural strategy would improve predictions of hip joint 

contact forces and to determine the most appropriate NMS modelling method. 

Specifically, the first aim was to explore effects of parameter calibration and different 

EMG-informed neural solution modes in estimating the HJCF in healthy individuals 

during walking. The second aim was to investigate whether the EMG-informed method 

in CEINMS or the commonly used static optimisation method in OpenSim would 

better account for hip muscle co-contraction and predict more physiologically 

plausible HJCF in individuals with mild-to-moderate hip OA. The third aim of this 

thesis was to compare HJCF and hip muscle co-contractions during walking between 

individuals with mild-to-moderate hip OA and healthy individuals using the most 

appropriate EMG-informed modelling approach, based on the findings derived from 

the first and second aims. Each of these three aims was presented as a separate study, 

in Chapter 4-6, respectively.  
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Findings from this thesis showed that using subject-specific muscle activation patterns 

in an NMS model with calibrated EMG-assisted neural solution mode is the most 

appropriate modelling approach to date for estimating physiologically plausible HJCF 

in healthy controls and hip OA patients. It should be emphasised that “physiologically 

plausible” HJCF is not referring to the real contact forces at the hip joint; rather; we 

have calculated HJCF that are “plausible” while maintaining superior joint moments 

and muscle excitations tracking using a NMS model with parameters that are bounded 

to be within “physiological” range. Physiologically plausible in this context is 

producing results that are more comparable to in-vivo data while best matching all 

experimental data. Given the similarity to gait measurements and available HJCF data, 

a calibrated EMG-informed approach is the best method currently available for 

estimation of physiologically plausible HJCF. Further, the calibrated EMG-assisted 

neural solution mode was able to account for muscle co-contraction in hip OA patients 

and revealed that hip OA patients walk with lower HJCF than healthy controls, despite 

higher hip muscle co-contraction.   

7.1.1 NMS Modelling 
In study 1 (Chapter 4), HJCF in healthy individuals were estimated with an EMG-

informed approach in CEINMS. Previous EMG-informed modelling studies have used 

calibration to tune the neuromuscular parameters at the knee (Gerus et al., 2013; Lloyd 

and Besier, 2003; Sartori et al., 2012); however, none have assessed the effects of 

different calibration cost functions in investigations of the hip joint. Additionally, 

though the various neural solution modes of EMG-informed modelling have been 

developed, they have not been utilised to estimate HJCF.  
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The findings in Chapter 4 demonstrated that the calibration cost function in the EMG-

informed method was crucial in creating NMS models that could estimate HJCF that 

were more physiologically plausible (more comparable to in-vivo measurements while 

best matching experimental joint moments and muscle excitation recordings) . It 

should be noted that only two calibration cost functions were compared: minMoments 

and minHJCF. The minHJCF criterion was a similar modelling approach in previous 

studies of the knee (Gerus et al., 2013; Serrancolí et al., 2016). These studies predicted 

knee joint contact forces (KJCF) closer to in-vivo measurements using a calibration 

cost function that minimised KJCF, which was the inspiration to implement a similar 

approach in the hip. There may be other cost functions that could produce the best 

estimates of HJCF. Availability of in-vivo data with complete gait analysis and EMG 

recordings for validation would be beneficial to test other calibration cost functions. 

Nevertheless, the current results confirmed that calibration improved tracking of hip 

joint moments and hip muscle excitations, similar to the knee joint results.  It is 

important to recognise that calibration tunes neuromuscular parameters of the 

NMS model and should, therefore, be classified as a process to create subject-

specific neuromuscular (NMS) models, similar to linearly scaling of an anatomical 

musculoskeletal (MSK) model, rather than a neural control solution. Several studies 

have shown the importance of using subject-specific geometry to improve predictions 

of joint contact forces (Gerus et al., 2013; Wesseling et al., 2016a). The current research 

provides new evidence regarding the importance of calibrating the model to the 

individual person from a neural activation and muscular parameters point of view.  
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The EMG-assisted neural solution mode, in conjunction with minHJCF calibration, was 

the most appropriate method to study the hip joint as it was able to match the external 

hip FE moment and muscle excitations. Furthermore, the EMG-assisted neural 

solution mode estimated HJCF within the range of what has been measured from 

instrumented implants (Bergmann et al., 2016). One possible reason for the 

improvement in predictions over the other neural solution modes is that the EMG-

assisted solution mode is a balance between full EMG-driven neural control solution 

and static optimisation. The surface EMG amplitudes used in the EMG-driven neural 

control solution does not produce exactly the external joint moments as surface EMG 

only provide a basic indicator of the neural activation signal. Furthermore, there is 

cross-talk and movement artefact inherent in surface EMG-recordings. The EMG linear 

envelopes are normalised to peak values, which is difficult as true maximum EMG 

values are difficult to obtain. The older age and health of the participants in this study 

may make it even more difficult to obtain true EMG-maxima, which provide another 

level of uncertainty in the EMG recordings. On the other hand, static optimisation, 

despite its limitations, does ensure close tracking of experimental joint moments 

(Hamner et al., 2013; Seth and Pandy, 2007). As such, the EMG-assisted neural solution 

mode combined the EMG-driven and static optimisation method to overcome the 

limitations from both methods (Sartori et al., 2014). Based on these findings from 

Chapter 4, it appears that the EMG-assisted neural control solution generated the most 

physiologically plausible HJCF in healthy people. Study 2 (Chapter 5) examined if an 

EMG-informed modelling approach could be utilised in a diseased population such as 

hip OA. Based on findings from Chapter 4, a minHJCF calibration was used to create 

an NMS model of people with mild-to-moderate hip OA. This model together with the 



Chapter 7  

141 

 

EMG-assisted NMS modelling pipeline in CEINMS was used to estimate joint contact 

forces (JCF) and muscle co-contraction. The obtained results were compared to the JCF 

and muscle co-contraction obtained with the most commonly used pipeline, i.e. a 

generically scaled NMS model with static optimisation in OpenSim. Notably, the static 

optimisation pipeline failed to predict muscle co-contraction levels, found in the EMG-

assisted modelling pipeline, which are likely to reflect physiological muscle activation 

patterns of individuals with hip OA. This further highlights the limitations of static 

optimisation to predict individual activation patterns. 

The EMG-assisted modelling pipeline predicted higher HJCF than the static 

optimisation pipeline for the hip OA patients. There are a few reasons for the 

discrepancies between the pipelines. First, the NMS models were different. The EMG-

assisted modelling pipeline first calibrated the NMS model to the individual, whereas 

static optimisation used a generic MSK model.  Second, the neural control strategies 

were different. The EMG-assisted neural solution mode minimally adjusts the recorded 

muscle excitation patterns to estimate muscle-tendon forces while minimising the sum 

of the activation squared for unknown muscles, whereas static optimisation minimised 

the sum of activation squared of all muscles. Finally, given the inability of static 

optimisation pipeline to predict the observed patterns of muscle co-contraction, this 

most probably contributed to the differences in the estimated HJCFs from the different 

pipelines, and larger forces estimated by the EMG-assisted modelling pipeline. 

Study 3 (Chapter 6) showed that the larger HJCF predicted by the EMG-assisted neural 

solution mode were physiologically plausible. The EMG-assisted neural solution mode 

showed a ranking of HJCF magnitudes with the highest being the healthy controls, 



 

142  

then the symptomatic mild-to-moderate hip OA, and finally the participants with 

instrumented hip prosthesis (Bergmann et al., 2016). This is in contrast to static 

optimisation, which suggested a different ranking between groups where participants 

with instrumented hip prosthesis exhibiting highest HJCF during walking.  

In this thesis, HJCF obtained with static optimisation were lower compared to HJCF 

from instrumented hip prostheses (Bergmann et al., 2016). However, the literature 

seems to suggest over-prediction of HJCF in validation studies using static 

optimisation (Heller et al., 2001; Modenese et al., 2011; Stansfield et al., 2003). There are 

several possible reasons for the observed differences. The NMS models used in this 

thesis was different to the previously used NMS models (bone geometries, muscle-

tendon parameters). Heller et al. (2001) used data from the Visible Human (NLM, 

Bethesda, USA), Stansfield et al. (2003) used a modified model from Brand et al. (1982), 

and Modenese et al. (2011) used data from Klein Horsman (2007) to create the London 

Lower Limb Model. Static optimisation was the general approach used in these 

validation studies, but the optimisation criteria varied across studies. Heller et al. 

(2001) used a linear optimisation criterion to minimise the sum of the muscle-tendon 

forces, which tend to results in non-physiological force distribution, potentially over-

estimating muscle-tendon forces with large cross-sectional area. Stansfield et al. (2003) 

used a dual stage linear optimisation from Bean and Chaffin (1988) but was unable to 

match the same loading patterns from instrumented data. Modenese and colleagues 

(2011) used a nonlinear criterion to minimise the sum of the activation squared, which 

was the criterion used in this thesis as it was the closest in agreement with 

instrumented data and the most commonly used and accessible method, due to the 

availability and open-source nature of OpenSim. The discrepancies between the results 
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from this thesis and those from Modenese and colleagues (2011) may also be in part 

due to a lack of contraction dynamics or force–length–velocity relationships in the 

muscle actuators in the London Lower Limb Model. Of equal importance, and a major 

issue identified in the first study (Chapter 4), is that the muscle-tendon parameters 

exert major influence on the estimation of HJCF  

In the current thesis, the muscle-tendon parameters were morphometrically scaled to 

each participant according to method described by Modenese et al. (2016). The 

morphometric scaling adjusted the optimal fibre length and tendon slack length of 

each MTU to preserve the dimensionless muscle fibre and tendon-operating curves, 

which were enforced in the static optimisation pipeline used in this thesis. As shown in 

the first study (Chapter 4) , these parameters are influential in the estimations of 

muscle-tendon forces (De Groote et al., 2010; Redl et al., 2007; Scovil and Ronsky, 2006; 

Xiao and Higginson, 2010). The participants used in the studies for this thesis were 

different and therefore, exact matching of the estimated JCF to instrumented data with 

either static optimisation or the EMG-assisted neural solution mode was not expected. 

However, the good agreement of joint moments and muscle activation patterns 

predicted from the EMG-assisted neural solution mode may present a better muscle 

distribution solution than static optimisation in a population with gait and 

neuromuscular alterations. Conclusion from Chapters 4 and 5 demonstrate that the 

calibrated EMG-assisted modelling pipeline was the best approach to estimate 

physiologically plausible HJCF. 

All studies in this thesis have incorporated as many measurable features of human 

movement as feasible, namely the kinematics of the whole body and joints, external 
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forces and moments at the joints, and the muscle activation patterns, which are unique 

to individuals and tasks (Buchanan and Lloyd, 1995; Lloyd and Buchanan, 1996). 

Additionally, the NMS model was personalised to each participant by using individual 

anthropomorphic measurements and the most reliable method to linearly scale a 

model in the absence of medical imaging (Appendix A). Further, morphological scaling 

of the muscle-tendon operating curves and tuning of the neuromuscular parameters 

with a calibration to each individual was performed to create a subject-specific NMS 

model for EMG-informed modelling. The muscle-tendon forces predicted produced 

reasonable joint moments while following similar patterns to recorded EMG signals. 

Furthermore, an indirect validation to instrumented implant data (Bergmann et al., 

2016) was completed and results were reasonable. Given the similarity to gait 

measurements and available HJCF data, a calibrated EMG-informed approach, 

specifically minHJCF calibration with the EMG-assisted neural solution mode, is the 

best method currently available for estimation of physiologically plausible HJCF and 

can be used for a pathological population such as hip OA. As such, this method was 

used in a cross-sectional study to compare HJCF between people with hip OA and 

healthy controls (Chapter 6). 

7.1.2 Hip OA 
In the final study (chapter 6), a cross-sectional comparison of people with mild-to-

moderate hip OA and healthy people using the EMG-assisted neural solution mode 

with minHJCF calibration was conducted. In contrast to previous investigations 

(Eitzen et al., 2012; Watelain et al., 2001), patients included in this thesis walked with a 

similar speed to healthy controls. The early stage of the disease in the OA group in this 
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thesis may be the reason for the observed similar walking speed compared to the 

healthy control group. Hip OA patients in this thesis had lower hip joint flexion angles 

and hip joint moments, but higher muscle co-contraction compared to healthy people, 

which is in line with the literature (Park et al., 1999; Zeni et al., 2010). The normal 

walking speed and higher muscle co-contraction may have resulted in normal to 

higher HJCF estimates; whereas, the lower hip joint moments may have had the 

opposite effect. This may partly explain why the HJCF magnitudes of the mild-to-

moderate hip OA patients were between the HJCF values obtained from healthy 

controls and instrumented hip prosthesis patients.  

It is believed that higher muscle co-contraction lead to higher JCF. However, the 

results from Chapter 5 showed that it is more complex than simply muscle co-

contraction patterns, which contribute to JCF. The lower hip joint moments seen in 

the mild-to-moderate hip OA patients may be a key factor in the lower HJCF. 

Furthermore, the neural activation patterns and muscle-tendon parameters are also 

highly influential on the muscle-tendon force estimates (Buchanan et al., 2005; Winby 

et al., 2009), and therefore, on the calculation of HJCF. Although beyond the scope of 

this thesis, the lower total muscle-tendon force seen in the hip OA patients suggests 

strengths deficit and muscle weakness in hip OA, both previously shown to be evident 

in the disease (Hurley, 1999; Loureiro et al., 2013b). The lower total muscle-tendon 

forces and HJCF may also be a result of reduction in muscle physiological cross-

sectional area (PCSA), the principal factor in muscle-tendon force generation. 

Subsequently, the overall effect of the potential altered biomechanical characteristics 

from hip OA may have played a role in the altered loading at the hip joint. 
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The current consensus in the literature is that over-loading leads to OA progression; 

however, the results of this thesis provide new evidence for under-loading in the early 

stage of the disease. Although under-loading has been suggested (Saxby and Lloyd, 

2017), this is the first to provide evidence for potential under-loading in people at the 

early stages of hip OA. This has important implications for clinicians treating people 

with hip OA. Treatments such as gait retraining and using gait aid to lower joint 

contact loading at the hip may not be the most effective strategies for people at the 

early stages of hip OA. Possibly treating people at the early stages of hip OA to 

experience their “normal” range of loading at the affected joint may be a potential 

solution. Loading has an effect on the stresses and strains experienced at the cell and 

tissue-level of the hip joint, which may have negative consequences with loading 

outside of the “normal” range. This “normal” range has yet to be defined, but it would 

likely be specific to the individual and their respective lifestyles. Hence, future 

multiscale experimental and computational modelling studies should use an inclusive 

framework that allows subject-specific characteristics to be included, such as the 

general method outline in this thesis to obtain subject-specific muscle activations. 

Future multiscale experimental and computation modelling studies may offer insights 

into the effect of joint loading on the cellular and tissue-level of the articular hip joint 

to recommend a normal and safe range to load the joint.  

However, it cannot be concluded whether under-loading is a cause or consequence of 

hip OA, due to the cross-sectional design. One interpretation could be that people 

with mild-to-moderate hip OA are adopting gait and neuromuscular patterns that 

effectively reduce HJCF, possibly for reduction of pain (Boyer et al., 2017).  Several 

studies showed that altered JCF affect tissue structure such as cartilage and that JCF 
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are linked to disease progression in the knee OA (Andriacchi and Mündermann, 2006; 

Creaby et al., 2010; Sharma et al., 1998). In light of potential under-loading in people 

with hip OA, longitudinal investigations are warranted and required to confirm any 

disease modifying effects of HJCFs in individuals with hip OA. The EMG-informed 

method outline in this thesis could be feasibly implemented in future longitudinal 

studies. The next section (7.2) outlines future works, some of which are modifications 

on the methods that should be implemented in future longitudinal studies to address 

some of the limitations of this thesis.  

7.2 Future works 
There are several limitations with NMS modelling. These have been previously 

outlined in each study chapter, and should be considered when interpreting the results 

from this thesis. Based on these limitations, there are several areas for improvement 

and potential future works.  

7.2.1 EMG-informed modelling 

7.2.1.1 Improve computational time 

While there are many advantages to utilising an EMG-informed modelling approach, it 

is apparent that there are several areas, which could improve the speed and ease of 

using EMG-informed modelling for future large-scale research, as well as potential use 

in a clinical setting. Calibration of the neural muscular parameters in NMS model is 

required to run EMG-informed modelling correctly, but it is an additional step in the 

NMS model creation pipeline and very time-consuming process. The minMoments 

calibration has been developed for quite some time and is computational efficient in 
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CEINMS. Running minMoments calibration on a Windows 7 computer with Intel i5 

processor (i5-2400 @ 3.10 GHz, quad core) took around 1-3 hours per NMS model. 

However, the minHJCF calibration is computationally expensive and can take 

anywhere from 72 hours up to 168 hours for a solution to converge. The 

implementation of minHJCF used the Joint Reaction Analysis from the OpenSim 

Application Programming Interface (API), and although the calculation is relatively 

quick, the analysis was run for each trial being calibrated and for each set of 

neuromuscular parameter in the calibration. The use of Joint Reaction Analysis was 

desirable as it has been implemented in OpenSim and regularly employed in NMS 

modelling research. Due to the time-consuming process, the calibration pipeline was 

developed to run on a high-performance computer (HPC) utilising 36 cores (Intel Xeon 

CPU X5650 processor @ 2.67GHz) to run simultaneous calibrations. Improving the 

speed of the minHJCF calibration in CEINMS is necessary for future studies to rapidly 

create subject-specific NMS models, or in studies to use real-time biofeedback for gait 

retaining (Pizzolato et al., 2017). One solution could be implementing the force 

balance algorithm to calculate joint contact forces directly in CEINMS, instead of 

calling the OpenSim API. In addition, profiling the minHJCF calibration algorithm in 

CEINMS to determine speed bottlenecks could potentially improve the computing 

time. 

The results from Chapters 4 and 5 provide evidence to recommend the use of the 

EMG-assisted neural solution for investigations of the hip joint; however, this method 

requires calculation of the positive weighting coefficients (beta, and gamma) to best 

balance muscle excitation errors and joint moment errors. The script to find the 

positive weighting coefficients was written in MATLAB R2014b (MathWorks, USA) and 
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it calculated all the different combinations of betas and gammas to find the minimum 

normalised error magnitude. This was computationally inefficient, but was ran on a 36-

core HPC (Intel Xeon CPU X5650 processor @ 2.67GHz) to speed up calculation (~5-7 

hours per subject). Though the goal was to formulate the problem as an optimisation 

and integrate it directly into CEINMS, it was not integrated before the completion of 

this thesis. Nevertheless, integration in CEINMS would improve the computation 

time for calculating the positive weighting coefficients.  

7.2.1.2 Minimise number of surface electrodes 

Surface EMG electrodes can only record muscle activities from a limited number of 

muscles. In this thesis, EMG signals from 16 muscles were recorded and mapped to 34 

muscles in the NMS model. Muscles sharing the same innervation roots were mapped 

together as per Sartori and colleagues (2012). This is a simplification of muscle 

recruitment strategies and would influence the predictions of muscle-tendon forces. 

However, instrumentation of 16 surface EMG electrodes takes time and expertise, 

making it potentially impractical in a clinical setting. Future studies should look into 

minimising the number of surface EMG electrodes required for EMG-informed 

NMS modelling to bring down the barrier of using an EMG-informed NMS modelling 

method in a clinical setting. The use of synergy to map excitations has the 

potential to lower the number of required EMG signals (Sartori et al., 2013b).  

7.2.1.3 Possible use of intramuscular fine-wire EMG electrodes 

Deep muscles could not be recorded with surface EMG electrodes. This has 

implications for studying the hip as the iliacus and psoas major are two deep muscles 

that are essential for hip biomechanics. A static optimisation strategy was used to 
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synthesised the muscle excitations for these muscles in the EMG-hybrid and EMG-

assisted neural solution modes. However, verification of how well these predicted 

muscle excitations for the iliacus and psoas major matched to the participants was not 

possible. Future studies could look into intramuscular fine-wire EMG electrodes 

(Semciw et al., 2013) to verify these excitations patterns in future EMG-informed NMS 

modelling studies. Although, intramuscular fine-wire EMG electrodes also present its 

own limitations, such as potentially altering gait patterns (Young et al., 1989).   

7.2.1.4 Public data for verification/validation 

Although subject-specific muscle excitations patterns were used to run the EMG-

informed NMS model, these excitations are not actual muscle-tendon forces and the 

relationship is complex and nonlinear (Hof, 1997; Lloyd and Besier, 2003). Muscle 

forces have been measured in vivo during movement (Komi, 1990), but the methods 

are invasive, impractical, and limited to superficial tendons such as the Achilles 

tendon.  Consequently, a public data set with in-vivo muscle forces of the lower 

limb is not available at this time. If such a data set becomes available in the future, 

validation would be possible but will still be challenging as muscles excitations and 

forces are highly specific to the task and the individual (Buchanan and Lloyd, 1995; 

Jinha et al., 2009). However, such a data set would have a significant impact in the field 

of NMS modelling as it may help further verify and validate NMS models for 

acceptance in clinical settings. Lund et al. (2012) provides a comprehensive review on 

this important topic of NMS model validation.   

A limited verification of the predicted HJCF from the EMG-informed NMS modelling 

method was compared to the best available instrumented hip prosthesis data 
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(Bergmann et al., 2016). It was used, along with other measures of tracking joint 

moments and muscle excitations, to determine physiologically plausible HJCF. 

However, people with instrumented prosthesis may not be representative of healthy 

people or people with mild-to-moderate hip OA. Complete gait analysis measures 

(kinematics and kinetics) along with EMG data has been released for instrumented 

knee (Fregly et al., 2012a); however a complete dataset has yet to be released for 

the instrumented hip. Until such time, an appropriate and suitable validation of 

EMG-informed NMS modelling for use in hip studies, similarly to the validation of 

EMG-informed NMS modelling in the knee (Gerus et al., 2013; Serrancolí et al., 2016) is 

not feasible. 

7.2.2 Subject-specific NMS modelling 
A generic NMS model, available in OpenSim, was used in this thesis due to the focus 

on implementing the EMG-informed NMS modelling method, which as noted required 

several time-consuming steps but provided advantages to standard approaches. The 

bone geometry, muscle geometry, and joint definitions were not subject-specific; 

however, they were personalised by linearly scaling a generic MSK model to each 

participant as is commonly done in biomechanics research (Graham et al., 2016; 

Modenese et al., 2011; Steele et al., 2012; Wesseling et al., 2015b). As people with hip OA 

may have a number of musculoskeletal (Doherty et al., 2008; Lynch et al., 2009) and 

neurological alterations (Dwyer et al., 2013; Sims et al., 2002), medical-imaging based 

MSK models should be used to capture the abnormalities and dysfunction that may be 

associated with the disease.  
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7.2.2.1 Alternative generic MSK models 

The biomechanics community should strive to integrate a fully subject-specific NMS 

model within a NMS modelling framework. However, in the absence of medical 

imaging, there are several other generic MSK models that have been developed for 

different uses. Of note is the London Lower Limb Model (LLLM) which was initially 

considered in the early stage of this thesis (Modenese et al., 2011). LLLM was validated 

for static optimisation for hip joint studies and included additional muscle-tendon 

actuators; however, LLLM was not utilised as neither the contraction dynamics nor 

force–length–velocity relationships were implemented in the model. The high number 

of actuators in LLLM added further complexity of EMG signal to muscle mapping 

making the calibration even more time-prohibited. Therefore, the gait2392 model was 

used as it has already been employed for EMG-informed NMS modelling in several 

previous studies of the knee (Gerus et al., 2013; Pizzolato et al., 2017; Sartori et al., 2012; 

Saxby et al., 2016a) and one limited study of the hip (Fernandez et al., 2014). Lately, 

Rajagopal and colleagues (2016) released a full-body MSK model (RM2016), which 

has the potential to become the default MSK model for future studies in OpenSim. 

RM2016 improved several aspects of the MSK model such as utilising data from a 

young and healthy population and adding more muscle wrapping. However, the 

dataset for muscle parameters from a young population may not be representative of 

the older population used for this thesis. Furthermore, RM2016 was released only 

recently, and therefore, was not feasible to be used in this thesis due to the time-

consuming nature of calibration. Future studies should look into utilising LLLM and 

RM2016 for EMG-informed NMS modelling.  
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7.2.2.2 Personalised MSK models from generic template 

Generic anatomical MSK models are a good starting point for computer simulations of 

human movement; however, personalisation through linear scaling does not produce 

exact matching of individual’s anatomy and could affect predictions, which have been 

shown to improve with subject-specific models (Gerus et al., 2013; Lenaerts et al., 2008; 

Wesseling et al., 2016a). As there are several studies that have shown subject-specific 

models improve predictions of JCF (Gerus et al., 2013; Marra et al., 2015) the creation of 

subject-specific NMS models is of primary interest for NMS modelling and its future 

applications in rehabilitation science (Fregly et al., 2012b). There have been several 

techniques developed to personalised generic models or create subject-specific models 

with varying degrees of subject-specificity. Some of these techniques will be discussed 

below; however, all of these techniques require extensive time to implement and, more 

importantly, medical imaging, of which was not available for this cohort and it was 

therefore out of scope of this thesis.  

People with hip OA have altered skeletal tissues (Zeng et al., 2016) and hence it is 

important to account for hip geometry in anatomical models investigating this 

population. Compared to healthy, people with hip OA have a higher prevalence of 

abnormal femoral head to femoral neck ratio (Doherty et al., 2008), which are risk 

factors for the progression of hip OA (Gregory et al., 2007). The femoral neck 

anteversion angle, which affects estimates of muscle forces and HJCF (Cibulka, 2004), 

has been linked with initiation and progression of hip OA (Halpern et al., 1979; 

Terjesen et al., 1982). The femoral neck-length and femoral neck-shaft angle also affect 

estimates of HJCF (Lenaerts et al., 2008). Additionally, the prevalence of hip OA is 
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higher in women (Srikanth et al., 2005) but the generic model is based on male 

cadavers (Delp, 1990) and does not take into account the anthropometry of females. 

Bosmans and colleagues (2014) investigate the effects of aberrant proximal bone 

geometry in children with cerebral palsy and found that a scaled generic MSK models 

masked the orientation of the HJCF.  Hip geometry can affect the muscles’ moment-

generating capacity (Delp et al., 1994), thereby modify estimates of muscle forces and 

HJCF. The muscle’s line of action, also influential in muscle force generation 

(Nussbaum et al., 1995; Raikova and Prilutsky, 2001), would also be changed with 

altered hip geometry. MSK model with personalized bone geometry should be 

used, if medical images are available, for studying the hip similarly to what has 

been done by Susano et al. (1998) and Lenaerts et al. (2008). 

The subject-specific neuromuscular patterns, which have been shown to be altered in 

people with hip OA (Dwyer et al., 2013; Rutherford et al., 2015; Sims et al., 2002; Suetta 

et al., 2007), were accounted for in the calibrated EMG-informed NMS modelling 

method. However, people with hip OA may have altered musculoskeletal tissues 

(Hurley, 1999; Suetta et al., 2007) causing muscle weakness (Loureiro et al., 2013b, 

2013a),  which is usually not accounted for in MSK models. Scaling the muscle 

maximum isometric force would overcome this limitation. To estimate maximum 

isometric force, PCSA could be calculated using a combination of imaging data and 

literature values (Fukunaga et al., 1992). Ratios of the subject’s PCSA and generic 

model’s PCSA could be used to scale muscle maximum isometric force (Konrath 

et al., 2017).  
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7.2.2.3 Subject-specifc models from medical imaging 

Changing a limited number of influential musculoskeletal parameters to personalise 

generic models has been an area of interests in the biomechanics community as it 

allows a quick creation of subject-specific models. However, there are several more 

advanced techniques to create subject-specific models such as medical image 

segmentation (Kainz et al., 2016; Scheys et al., 2011a, 2008; Valente et al., 2014), atlas-

based registration (Scheys et al., 2009; J. Zhang et al., 2014a), and host-mesh fitting 

(Fernandez et al., 2004; Oberhofer et al., 2009). These techniques allow personalising 

muscle characteristics (e.g. insertion points, lengths, pennation angle, tendon-slack 

length, muscle moment arm) that have an effect on the resulting muscle-tendon forces 

(De Groote et al., 2010; Redl et al., 2007; Scovil and Ronsky, 2006; Xiao and Higginson, 

2010).  

The first technique, which may be the most obvious, is to segment bones and 

muscles from medical imaging to create subject-specific NMS models. Subject-

specific muscle wrapping was found to be influential on HJCF and could be 

implemented with segmentation of medical images (Wesseling et al., 2016a). An open-

source software that is freely available is nmsBuilder (Valente et al., 2014), which can 

create subject-specific OpenSim models from segmented images and have been used in 

several studies (Kainz et al., 2016; Modenese et al., 2016; Valente et al., 2014). However, 

segmentation of medical images, especially soft tissues such as muscles, is a very 

laborious process and usually only used in small sample sizes.  

An atlas-based non-rigid image registration technique has been developed to 

automatically define muscles’ line-of-action (Scheys et al., 2009), potentially saving 
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time in the model creation process for large studies. Several invetigations have shown 

that the muscle’s line of action is critical (Nussbaum et al., 1995; Raikova and Prilutsky, 

2001) in muscle-tendon force and JCF predictions and has further been shown to be 

important for stress/strain distribution in a finite-element analysis model (FEM) 

(Fernandez et al., 2014). Statistical shape modelling (SSM) is another atlas-based 

technique to create subject-specific NMS models (J. Zhang et al., 2014a) and has been 

implemented in the Musculoskeletal Atlas Project (MAP) Client (J. Zhang et al., 2014b). 

Utilising SSM is advantageous as it can quickly generate subject-specific bones with 

users providing a selection of landmark region clusters. However, atlas-based 

techniques require an extensive database of segmentations, which is usually not readily 

available.  

Host-mesh fitting (HMF) is a technique based on “free-form” deformation (FFD) 

to customise a generic geometry (Fernandez et al., 2004; Oberhofer et al., 2009). 

HMF has been implemented in a software called Continuum Mechanics, Image 

analysis, Signal processing and System Identification (Bradley et al., 2011; Fernandez et 

al., 2004). HMF works by embedding a generic geometry in a “host mesh”. Using 

control points on the generic host mesh that coincides with target points (e.g. bony 

landmarks) on the subject’s medical images, an optimisation can be used to minimise 

the distance of these control and target points by deforming the host mesh. The embed 

geometry gets deformed as a result of the host mesh deformation. This has several 

advantages, but the main benefit is that a detailed segmentation would not be required 

and that sparse segmentation could be done for each subject. Furthermore, the generic 

volume meshes were designed with cubic Hermite elements that preserve the 

continuity of the nodal values and their first derivatives. These meshes are 
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advantageous, as it would allow a quick pipeline into a FEM for stress-strain 

calculations.  

Clearly, there are many techniques to create subject-specific NMS models. All of these 

techniques offer a pipeline for the creation of NMS models with high levels of subject-

specificity. As it has the potential to improve estimates of muscle-tendon forces and 

HJCF, future researchers should look into utilising them for hip OA studies in 

conjunction with the EMG-informed NMS modelling method as highlighted in this 

thesis. 

7.2.3 Hip OA studies 
Investigations of hip OA are in their infancy compared to investigations of knee OA, 

partly due to the complexity of modelling the hip joint and the technology to create 

subject-specific NMS of the hip joint. As outlined above, there are many areas for 

improving the technology and NMS modelling framework to help in studying hip OA. 

It is evident from a number of studies that various subject-specific parameters affect 

estimations of JCF. This thesis has added to the body of evidence that subject-specific 

muscle activation patterns and neuromuscular parameters are important to calculate 

physiologically plausible HJCF, making a case for using the EMG-informed NMS 

modelling method in an NMS modelling framework for studying the hip joint.  

7.2.3.1 Hip OA progression 

Future studies in hip OA should utilise EMG-informed NMS modelling in a 

longitudinal design to investigate the effect of HJCF on the progression of hip 

OA. In addition, the potential for focal stress due to decreased hip range of motion on 
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the acetabulofemoral cartilage was not assessed in this thesis due to the lack of 

medical images. Future studies should investigate whether there is indeed focal stress 

in the acetabulofemoral cartilage and association with hip OA progression.  

7.2.3.2 FEM using subject-specific muscle activation and HJCF 

Generic activation patterns from static optimisation or JCF from instrumented 

implants have traditionally been used in FEM to calculate the boundary conditions 

(Anderson et al., 2008; Jonkers et al., 2008). However, EMG-informed modelling has 

also been used to calculate muscle forces for boundary conditions for estimations of 

the stress-strain distribution in the patellofemoral joint (Besier et al., 2005) and 

acetabulofemoral joint (Fernandez et al., 2014), although in only a single subject. FEM 

has been used to study tissue degeneration (Shim et al., 2014) in the Achilles tendon. 

FEM has also been employed in bone adaptation studies (Geraldes et al., 2016; Phillips 

et al., 2015) using loading from Bergmann (2013). FEM has the potential to be utilised 

in people with hip OA to study tissue degeneration and bone adaptation using more 

subject-specific loading conditions from an EMG-informed modelling approach. 

Future studies in hip OA could employ FEM and EMG-informed NMS modelling in 

a larger population.  

7.3 Conclusions 
This thesis was the first investigation which used an EMG-informed NMS modelling 

approach to calculate HJCF in people with mild-to-moderate hip OA. The findings 

highlighted that subject-specific muscle activation patterns should be included in any 

NMS modelling framework applied to hip joints, as the neural solution control is 

essential when estimating muscle-tendon forces and HJCF. Calibration through 
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tracking of joint moments and peak HJCF in conjunction with the EMG-assisted neural 

solution mode resulted in more physiologically plausible HJCF compared to the other 

methods compared in this thesis. Future researchers and clinicians should step away 

from using generalised solutions to estimate subject-specific muscle forces and HJCF. 

Collecting EMG data should be a regular process in standard gait analysis protocol for 

potential use in an EMG-informed modelling approach, which can predict individual 

muscle activation patterns and muscle co-contraction to predict HJCF. The application 

of an EMG-informed modelling approach in a cross-sectional study showed higher hip 

muscle co-contraction and lower HJCF in people with mild-to-moderate hip OA 

compared to healthy people. The findings provide evidence for potential under-loading 

in people with mild-to-moderate hip OA compared to healthy people. People involved 

in the clinical management of hip OA should consider that avoiding over-loading 

might not be the right treatment target in early stages of the disease; rather, clinicians 

should consider treatments which have a chance to restore the normal range of 

loading of people in the early stages of hip OA. To develop treatments, however, more 

work is needed to determine the optimal range of loading in hip joint tissues, which 

could be done using a multiscale modelling framework that includes collecting 

subject-specific data and NMS models personalised to the individual.  

  

 

 

 



 

160  

REFERENCES 
Abbott, J.H., Robertson, M.C., Chapple, C., Pinto, D., Wright, A.A., Leon de la Barra, S., 

Baxter, G.D., Theis, J.-C., Campbell, A.J., 2013. Manual therapy, exercise therapy, 
or both, in addition to usual care, for osteoarthritis of the hip or knee: a 
randomized controlled trial. 1: clinical effectiveness. Osteoarthritis Cartilage 21, 
525–534. https://doi.org/10.1016/j.joca.2012.12.014 

Ait-Haddou, R., Jinha, A., Herzog, W., Binding, P., 2004. Analysis of the force-sharing 
problem using an optimization model. Math. Biosci. 191, 111–122. 
https://doi.org/10.1016/j.mbs.2004.05.003 

Ajemian, S., Thon, D., Clare, P., Kaul, L., Zernicke, R.F., Loitz-Ramage, B., 2004. Cane-
assisted gait biomechanics and electromyography after total hip arthroplasty. 
Arch. Phys. Med. Rehabil. 85, 1966–1971. 
https://doi.org/10.1016/j.apmr.2004.04.037 

Altman, R.D., Bloch, D.A., Dougados, M., Hochberg, M., Lohmander, S., Pavelka, K., 
Spector, T., Vignon, E., 2004. Measurement of structural progression in 
osteoarthritis of the hip: the Barcelona consensus group11Supported by an 
unrestricted grant from NEGMA-LERADS Laboratories. Osteoarthritis Cartilage 
12, 515–524. https://doi.org/10.1016/j.joca.2004.04.004 

Altman, R.D., Gold, G.E., 2007. Atlas of individual radiographic features in 
osteoarthritis, revised. Osteoarthritis Cartilage, Radiographic Atlas for 
Osteoarthritis of the Hand, Hip and Knee 15, A1–A56. 
https://doi.org/10.1016/j.joca.2006.11.009 

Altman, R.D., Zinsenheim, J.R., Temple, A.R., Schweinle, J.E., 2007. Three-month 
efficacy and safety of acetaminophen extended-release for osteoarthritis pain of 
the hip or knee: a randomized, double-blind, placebo-controlled study. 
Osteoarthritis Cartilage 15, 454–461. https://doi.org/10.1016/j.joca.2006.10.008 

Anderson, A.E., Ellis, B.J., Maas, S.A., Peters, C.L., Weiss, J.A., 2008. Validation of finite 
element predictions of cartilage contact pressure in the human hip joint. J 
Biomech Eng 130, 051008. https://doi.org/10.1115/1.2953472 

Anderson, F.C., Pandy, M.G., 2001a. Static and dynamic optimization solutions for gait 
are practically equivalent. J. Biomech. 34, 153–161. https://doi.org/10.1016/S0021-
9290(00)00155-X 

Anderson, F.C., Pandy, M.G., 2001b. Dynamic Optimization of Human Walking. J. 
Biomech. Eng. 123, 381–390. https://doi.org/10.1115/1.1392310 

Anderson, F.C., Pandy, M.G., 1999. A Dynamic Optimization Solution for Vertical 
Jumping in Three Dimensions. Comput Methods Biomech Biomed Engin 2, 201–
231. 



Chapter 7  

161 

 

Anderst, W.J., Tashman, S., 2009. The association between velocity of the center of 
closest proximity on subchondral bones and osteoarthritis progression. J 
Orthop Res 27, 71–7. https://doi.org/10.1002/jor.20702 

Andriacchi, T.P., Dyrby, C.O., 2005. Interactions between kinematics and loading 
during walking for the normal and ACL deficient knee. J. Biomech. 38, 293–298. 
https://doi.org/10.1016/j.jbiomech.2004.02.010 

Andriacchi, T.P., Mündermann, A., 2006. The role of ambulatory mechanics in the 
initiation and progression of knee osteoarthritis. Curr. Opin. Rheumatol. Sept. 
2006 18, 514–518. https://doi.org/10.1097/01.bor.0000240365.16842.4e 

Arden, N.K., Lane, N.E., Parimi, N., Javaid, K.M., Lui, L.-Y., Hochberg, M.C., Nevitt, M., 
2009. Defining Incident Radiographic Hip Osteoarthritis for Epidemiologic 
Studies in Women. Arthritis Rheum. 60, 1052–1059. 
https://doi.org/10.1002/art.24382 

Arnold, A.S., Delp, S.L., 2005. Computer modeling of gait abnormalities in cerebral 
palsy: application to treatment planning. Theor. Issues Ergon. Sci. 6, 305–312. 
https://doi.org/10.1080/14639220412331329636 

Arokoski, J., Kiviranta, I., Jurvelin, J., Tammi, M., Helminen, H.J., 1993. Long-distance 
running causes site-dependent decrease of cartilage glycosaminoglycan content 
in the knee joints of beagle dogs. Arthritis Rheum. 36, 1451–1459. 

Arthritis and Osteoporosis Victoria, 2013. A problem worth solving : the rising cost of 
musculoskeletal conditions in Australia : a report / produced by Arthritis and 
Osteoporosis Victoria ; based on analysis by Deloitte Access Economics. 
Elsternwick, [Victoria] Arthritis and Osteoporosis Victoria. 

Aspden, R.M., Jeffrey, J.E., Burgin, L.V., 2002. Impact loading of articular cartilage. 
Osteoarthritis Cartilage 10, 588–589; author reply 590. 

Astephen, J.L., Deluzio, K.J., Caldwell, G.E., Dunbar, M.J., Hubley-Kozey, C.L., 2008. 
Gait and neuromuscular pattern changes are associated with differences in knee 
osteoarthritis severity levels. J Biomech 41, 868–76. 
https://doi.org/10.1016/j.jbiomech.2007.10.016 

Auleley, G., Giraudeau, B., Dougados, M., Ravaud, P., 2000. Radiographic assessment of 
hip osteoarthritis progression: impact of reading procedures for longitudinal 
studies. Ann. Rheum. Dis. 59, 422–427. https://doi.org/10.1136/ard.59.6.422 

Australian Institute of Health and Welfare, 2010. Health system expenditure on disease 
and injury in Australia, 2004–05., AIHW. Canberra. 

Australian Orthopaedic Association National Joint Replacement Registry, 2015. Hip 
and Knee Arthroplasty Annual Report 2015, AOA. Adelaide. 

Australian Orthopaedic Association National Joint Replacement Registry, 2013. Hip 
and Knee Arthroplasty Annual Report 2013, AOA. Adelaide. 



 

162  

Bader, D.L., Salter, D.M., Chowdhury, T.T., 2011. Biomechanical Influence of Cartilage 
Homeostasis in Health and Disease. Arthritis 2011. 
https://doi.org/10.1155/2011/979032 

Baliunas, A.J., Hurwitz, D.E., Ryals, A.B., Karrar, A., Case, J.P., Block, J.A., Andriacchi, 
T.P., 2002. Increased knee joint loads during walking are present in subjects 
with knee osteoarthritis. Osteoarthritis Cartilage 10, 573–579. 
https://doi.org/10.1053/joca.2002.0797 

Bannuru, R.R., Natov, N.S., Obadan, I.E., Price, L.L., Schmid, C.H., McAlindon, T.E., 
2009. Therapeutic trajectory of hyaluronic acid versus corticosteroids in the 
treatment of knee osteoarthritis: A systematic review and meta-analysis. 
Arthritis Care Res. 61, 1704–1711. https://doi.org/10.1002/art.24925 

Barrett, R.S., Cronin, N.J., Lichtwark, G.A., Mills, P.M., Carty, C.P., 2012. Adaptive 
recovery responses to repeated forward loss of balance in older adults. J. 
Biomech. 45, 183–187. https://doi.org/10.1016/j.jbiomech.2011.10.005 

Bean, J.C., Chaffin, D.B., 1988. Biomechanical model calculation of muscle contraction 
forces: a double linear programming method. J. Biomech. 21, 59–66. 

Bennell, K., 2013. Physiotherapy management of hip osteoarthritis. J. Physiother. 59, 
145–157. https://doi.org/10.1016/S1836-9553(13)70179-6 

Bennell, K.L., Egerton, T., Martin, J., Abbott, J.H., Metcalf, B., McManus, F., Sims, K., 
Pua, Y.-H., Wrigley, T.V., Forbes, A., Smith, C., Harris, A., Buchbinder, R., 2014. 
Effect of Physical Therapy on Pain and Function in Patients With Hip 
Osteoarthritis: A Randomized Clinical Trial. JAMA 311, 1987–1997. 
https://doi.org/10.1001/jama.2014.4591 

Bennett, D., Humphreys, L., O’Brien, S., Kelly, C., Orr, J.F., Beverland, D.E., 2008. Gait 
kinematics of age-stratified hip replacement patients—A large scale, long-term 
follow-up study. Gait Posture 28, 194–200. 
https://doi.org/10.1016/j.gaitpost.2007.11.010 

Bergmann, G., 2001. Hip98. Free University, Berlin. 

Bergmann, G., Bender, A., Dymke, J., Duda, G., Damm, P., 2016. Standardized Loads 
Acting in Hip Implants. PLOS ONE 11, e0155612. 
https://doi.org/10.1371/journal.pone.0155612 

Bergmann, G., Bender, A., Graichen, F., Dymke, J., Rohlmann, A., Trepczynski, A., 
Heller, M.O., Kutzner, I., 2014. Standardized Loads Acting in Knee Implants. 
PLOS ONE 9, e86035. https://doi.org/10.1371/journal.pone.0086035 

Bergmann, G., Deuretzbacher, G., Heller, M., Graichen, F., Rohlmann, A., Strauss, J., 
Duda, G.N., 2001. Hip contact forces and gait patterns from routine activities. J. 
Biomech. 34, 859–871. https://doi.org/10.1016/S0021-9290(01)00040-9 

Bergmann, G., Graichen, F., Rohlmann, A., 1993. Hip joint loading during walking and 
running, measured in two patients. J. Biomech. 26, 969–90. 



Chapter 7  

163 

 

Bergmann, G., Kniggendorf, H., Graichen, F., Rohlmann, A., 1995. Influence of shoes 
and heel strike on the loading of the hip joint. J. Biomech. 28, 817–827. 
https://doi.org/10.1016/0021-9290(94)00129-R 

Berstock, J.R., Beswick, A.D., Lenguerrand, E., Whitehouse, M.R., Blom, A.W., 2014. 
Mortality after total hip replacement surgery. Bone Jt. Res. 3, 175–182. 
https://doi.org/10.1302/2046-3758.36.2000239 

Besier, T.F., Gold, G.E., Beaupre, G.S., Delp, S.L., 2005. A modeling framework to 
estimate patellofemoral joint cartilage stress in vivo. Med. Sci. Sports Exerc. 37, 
1924–30. 

Besier, T.F., Sturnieks, D.L., Alderson, J.A., Lloyd, D.G., 2003. Repeatability of gait data 
using a functional hip joint centre and a mean helical knee axis. J. Biomech. 36, 
1159–1168. https://doi.org/10.1016/S0021-9290(03)00087-3 

Bijlsma, J.W., Berenbaum, F., Lafeber, F.P., 2011. Osteoarthritis: an update with 
relevance for clinical practice. The Lancet 377, 2115–2126. 
https://doi.org/10.1016/S0140-6736(11)60243-2 

Bookman, A.A.M., Williams, K.S.A., Shainhouse, J.Z., 2004. Effect of a topical 
diclofenac solution for relieving symptoms of primary osteoarthritis of the knee: 
a randomized controlled trial. CMAJ Can. Med. Assoc. J. 171, 333–338. 
https://doi.org/10.1503/cmaj.1031793 

Bosmans, L., Wesseling, M., Desloovere, K., Molenaers, G., Scheys, L., Jonkers, I., 2014. 
Hip contact force in presence of aberrant bone geometry during normal and 
pathological gait. J. Orthop. Res. 32, 1406–1415. https://doi.org/10.1002/jor.22698 

Boyer, K.A., Beaupre, G.S., Andriacchi, T.P., 2008. Gender differences exist in the hip 
joint moments of healthy older walkers. J. Biomech. 41, 3360–3365. 
https://doi.org/10.1016/j.jbiomech.2008.09.030 

Boyer, K.A., Jewell, C., Hafer, J.F., 2017. Muscle co-contraction and exercise induced 
pain flares in knee OA. Osteoarthritis Cartilage 25, S132–S133. 
https://doi.org/10.1016/j.joca.2017.02.213 

Bradley, C., Bowery, A., Britten, R., Budelmann, V., Camara, O., Christie, R., Cookson, 
A., Frangi, A.F., Gamage, T.B., Heidlauf, T., Krittian, S., Ladd, D., Little, C., 
Mithraratne, K., Nash, M., Nickerson, D., Nielsen, P., Nordbø, Ø., Omholt, S., 
Pashaei, A., Paterson, D., Rajagopal, V., Reeve, A., Röhrle, O., Safaei, S., 
Sebastián, R., Steghöfer, M., Wu, T., Yu, T., Zhang, H., Hunter, P., 2011. 
OpenCMISS: A multi-physics & multi-scale computational infrastructure for the 
VPH/Physiome project. Prog. Biophys. Mol. Biol., Experimental and 
Computational Model Interactions in Bio-Research: State of the Art 107, 32–47. 
https://doi.org/10.1016/j.pbiomolbio.2011.06.015 

Branch, T.P., Hunter, R., Donath, M., 1989. Dynamic EMG analysis of anterior cruciate 
deficient legs with and without bracing during cutting. Am. J. Sports Med. 17, 
35–41. https://doi.org/10.1177/036354658901700106 



 

164  

Brand, R.A., Crowninshield, R.D., Wittstock, C.E., Pedersen, D.R., Clark, C.R., van 
Krieken, F.M., 1982. A model of lower extremity muscular anatomy. J. Biomech. 
Eng. 104, 304–310. 

Brand, R.A., Pedersen, D.R., Davy, D.T., Kotzar, G.M., Heiple, K.G., Goldberg, V.M., 
1994. Comparison of hip force calculations and measurements in the same 
patient. J. Arthroplasty 9, 45–51. https://doi.org/10.1016/0883-5403(94)90136-8 

Brandt, K.D., 1997. Putting Some Muscle into Osteoarthritis. Ann. Intern. Med. 127, 154. 
https://doi.org/10.7326/0003-4819-127-2-199707150-00011 

Brandt, K.D., Dieppe, P., Radin, E.L., 2008. Etiopathogenesis of Osteoarthritis. Rheum. 
Dis. Clin. N. Am., Osteoarthritis 34, 531–559. 
https://doi.org/10.1016/j.rdc.2008.05.011 

Brandt, Kenneth D., Mazzuca, S.A., Buckwalter, K.A., 2006. Acetaminophen, like 
conventional NSAIDs, may reduce synovitis in osteoarthritic knees. Rheumatol. 
Oxf. Engl. 45, 1389–1394. https://doi.org/10.1093/rheumatology/kel100 

Brandt, K D, Radin, E.L., Dieppe, P.A., van de Putte, L., 2006. Yet more evidence that 
osteoarthritis is not a cartilage disease. Ann. Rheum. Dis. 65, 1261–1264. 
https://doi.org/10.1136/ard.2006.058347 

Brent, R., 1973. Some Efficient Algorithms for Solving Systems of Nonlinear Equations. 
SIAM J. Numer. Anal. 10, 327–344. https://doi.org/10.1137/0710031 

Brito da Luz, S., Modenese, L., Sancisi, N., Mills, P.M., Kennedy, B., Beck, B.R., Lloyd, 
D.G., 2017. Feasibility of using MRIs to create subject-specific parallel-
mechanism joint models. J. Biomech. 53, 45–55. 
https://doi.org/10.1016/j.jbiomech.2016.12.018 

Brouwer, G.M., Tol, A.W.V., Bergink, A.P., Belo, J.N., Bernsen, R.M.D., Reijman, M., 
Pols, H. a. P., Bierma-Zeinstra, S.M.A., 2007. Association between valgus and 
varus alignment and the development and progression of radiographic 
osteoarthritis of the knee. Arthritis Rheum. 56, 1204–1211. 
https://doi.org/10.1002/art.22515 

Bruening, D.A., Crewe, A.N., Buczek, F.L., 2008. A simple, anatomically based 
correction to the conventional ankle joint center. Clin. Biomech. 23, 1299–1302. 
https://doi.org/10.1016/j.clinbiomech.2008.08.005 

Buchanan, T.S., Lloyd, D.G., 1995. Muscle activity is different for humans performing 
static tasks which require force control and position control. Neurosci Lett 194, 
61–4. 

Buchanan, T.S., Lloyd, D.G., Manal, K., Besier, T.F., 2005. Estimation of muscle forces 
and joint moments using a forward-inverse dynamics model. Med. Sci. Sports 
Exerc. 37, 1911–1916. 

Buchanan, T.S., Lloyd, D.G., Manal, K., Besier, T.F., 2004. Neuromusculoskeletal 
Modeling: Estimation of Muscle Forces and Joint Moments and Movements 
From Measurements of Neural Command. J. Appl. Biomech. 20, 367–395. 



Chapter 7  

165 

 

Buchanan, T.S., Moniz, M.J., Dewald, J.P., Zev Rymer, W., 1993. Estimation of muscle 
forces about the wrist joint during isometric tasks using an EMG coefficient 
method. J Biomech 26, 547–60. 

Buchanan, T.S., Shreeve, D.A., 1996. An evaluation of optimization techniques for the 
prediction of muscle activation patterns during isometric tasks. J. Biomech. 
Eng.-Trans. Asme 118, 565–574. https://doi.org/10.1115/1.2796044 

Caldwell, G.E., Chapman, A.E., 1991. The general distribution problem: A physiological 
solution which includes antagonism. Hum. Mov. Sci. 10, 355–392. 
https://doi.org/10.1016/0167-9457(91)90012-M 

Catalfamo, P.F., Aguiar, G., Curi, J., Braidot, A., 2010. Anterior Cruciate Ligament 
Injury: Compensation during Gait using Hamstring Muscle Activity. Open 
Biomed. Eng. J. 4, 99–106. https://doi.org/10.2174/1874120701004010099 

Catani, F., Hodge, A., Mann, R.W., Ensini, A., Giannini, S., 1995. The role of muscular 
co-contraction of the hip during movement. Chir. Organi Mov. 80, 227–236. 

Catterall, J.B., Hsueh, M.F., Stabler, T.V., McCudden, C.R., Bolognesi, M., Zura, R., 
Jordan, J.M., Renner, J.B., Feng, S., Kraus, V.B., 2012. Protein Modification by 
Deamidation Indicates Variations in Joint Extracellular Matrix Turnover. J. Biol. 
Chem. 287, 4640–4651. https://doi.org/10.1074/jbc.M111.249649 

Challis, J.H., 1997. Producing physiologically realistic individual muscle force 
estimations by imposing constraints when using optimization techniques. Med. 
Eng. Phys. 19, 253–261. https://doi.org/10.1016/S1350-4533(96)00062-8 

Chang, A.H., Moisio, K.C., Chmiel, J.S., Eckstein, F., Guermazi, A., Prasad, P.V., Zhang, 
Y., Almagor, O., Belisle, L., Hayes, K., Sharma, L., 2015. External knee adduction 
and flexion moments during gait and medial tibiofemoral disease progression in 
knee osteoarthritis. Osteoarthritis Cartilage 23, 1099–1106. 
https://doi.org/10.1016/j.joca.2015.02.005 

Chen, C.T., Burton-Wurster, N., Borden, C., Hueffer, K., Bloom, S.E., Lust, G., 2001. 
Chondrocyte necrosis and apoptosis in impact damaged articular cartilage. J. 
Orthop. Res. Off. Publ. Orthop. Res. Soc. 19, 703–711. 
https://doi.org/10.1016/S0736-0266(00)00066-8 

Childs, J.D., Sparto, P.J., Fitzgerald, G.K., Bizzini, M., Irrgang, J.J., 2004. Alterations in 
lower extremity movement and muscle activation patterns in individuals with 
knee osteoarthritis. Clin. Biomech. 19, 44–9. 

Cholewicki, J., McGill, S.M., Norman, R.W., 1995. Comparison of muscle forces and 
joint load from an optimization and EMG assisted lumbar spine model: Towards 
development of a hybrid approach. J. Biomech. 28, 321–331. 

Christensen, R., Bartels, E.M., Astrup, A., Bliddal, H., 2007. Effect of weight reduction 
in obese patients diagnosed with knee osteoarthritis: a systematic review and 
meta-analysis. Ann. Rheum. Dis. 66, 433–439. 
https://doi.org/10.1136/ard.2006.065904 



 

166  

Cibulka, M.T., 2004. Determination and Significance of Femoral Neck Anteversion. 
Phys. Ther. 84, 550–558. 

Cibulka, M.T., White, D.M., Woehrle, J., Harris-Hayes, M., Enseki, K., Fagerson, T.L., 
Slover, J., Godges, J.J., 2009. Hip Pain and Mobility Deficits – Hip Osteoarthritis. 
J. Orthop. Sports Phys. Ther. 39, A1-25. https://doi.org/10.2519/jospt.2009.0301 

Cirillo, D.J., Wallace, R.B., Wu, L., Yood, R.A., 2006. Effect of hormone therapy on risk 
of hip and knee joint replacement in the women’s health initiative. Arthritis 
Rheum. 54, 3194–3204. https://doi.org/10.1002/art.22138 

Cleather, D., Goodwin, J., Bull, A., 2011. An Optimization Approach to Inverse 
Dynamics Provides Insight as to the Function of the Biarticular Muscles During 
Vertical Jumping. Ann. Biomed. Eng. 39, 147–160. https://doi.org/10.1007/s10439-
010-0161-9 

Cohen, Z.A., McCarthy, D.M., Kwak, S.D., Legrand, P., Fogarasi, F., Ciaccio, E.J., 
Ateshian, G.A., 1999. Knee cartilage topography, thickness, and contact areas 
from MRI: in-vitro calibration and in-vivo measurements. Osteoarthritis 
Cartilage 7, 95–109. https://doi.org/10.1053/joca.1998.0165 

Conaghan, P.G., Dickson, J., Grant, R.L., 2008. Care and management of osteoarthritis 
in adults: summary of NICE guidance. BMJ 336, 502–503. 
https://doi.org/10.1136/bmj.39490.608009.AD 

Constantinou, M., Loureiro, A., Carty, C., Mills, P., Barrett, R., 2017. Hip joint 
mechanics during walking in individuals with mild-to-moderate hip 
osteoarthritis. Gait Posture 53, 162–167. 
https://doi.org/10.1016/j.gaitpost.2017.01.017 

Cooper, C., Inskip, H., Croft, P., Campbell, L., Smith, G., McLaren, M., Coggon, D., 
1998. Individual risk factors for hip osteoarthritis: obesity, hip injury, and 
physical activity. Am. J. Epidemiol. 147, 516–522. 

Corana, A., Marchesi, M., Martini, C., Ridella, S., 1987. Minimizing Multimodal 
Functions of Continuous Variables with the “Simulated Annealing” 
algorithmCorrigenda for This Article is Available Here. ACM Trans Math Softw 
13, 262–280. https://doi.org/10.1145/29380.29864 

Correa, T.A., Crossley, K.M., Kim, H.J., Pandy, M.G., 2010. Contributions of individual 
muscles to hip joint contact force in normal walking. J. Biomech. 43, 1618–1622. 
https://doi.org/10.1016/j.jbiomech.2010.02.008 

Costa, B.R. da, Reichenbach, S., Keller, N., Nartey, L., Wandel, S., Jüni, P., Trelle, S., 
2017. Effectiveness of non-steroidal anti-inflammatory drugs for the treatment 
of pain in knee and hip osteoarthritis: a network meta-analysis. The Lancet 390, 
e21–e33. https://doi.org/10.1016/S0140-6736(17)31744-0 

Creaby, M.W., Wang, Y., Bennell, K.L., Hinman, R.S., Metcalf, B.R., Bowles, K.-A., 
Cicuttini, F.M., 2010. Dynamic knee loading is related to cartilage defects and 
tibial plateau bone area in medial knee osteoarthritis. Osteoarthritis Cartilage 
18, 1380–1385. https://doi.org/10.1016/j.joca.2010.08.013 



Chapter 7  

167 

 

Crowninshield, R.D., 1978. Use of optimization techniques to predict muscle forces. J. 
Biomech. Eng. 100, 88–92. 

Crowninshield, R.D., Brand, R.A., 1981a. The Prediction of Forces in Joint Structures: 
Distribution of Intersegmental Resultants. Exerc. Sport Sci. Rev. 9, 159–182. 

Crowninshield, R.D., Brand, R.A., 1981b. A physiologically based criterion of muscle 
force prediction in locomotion. J. Biomech. 14, 793–801. 
https://doi.org/10.1016/0021-9290(81)90035-X 

Crowninshield, R.D., Johnston, R.C., Andrews, J.G., Brand, R.A., 1978. A biomechanical 
investigation of the human hip. J. Biomech. 11, 75–77, 79–85. 
https://doi.org/10.1016/0021-9290(78)90045-3 

Damiano, D.L., 1993. Reviewing Muscle Cocontraction. Phys. Occup. Ther. Pediatr. 12, 
3–20. https://doi.org/10.1080/J006v12n04_02 

Davy, D.T., Audu, M.L., 1987. A dynamic optimization technique for predicting muscle 
forces in the swing phase of gait. J. Biomech. 20, 187–201. 
https://doi.org/10.1016/0021-9290(87)90310-1 

Davy, D.T., Kotzar, G.M., Brown, R.H., Heiple, K.G., Goldberg, V.M., Heiple, K.G., Jr., 
Berilla, J., Burstein, A.H., 1988. Telemetric force measurements across the hip 
after total arthroplasty. J. Bone Jt. Surg. Am. Ed. 70, 45–50. 

De Groote, F., Van Campen, A., Jonkers, I., De Schutter, J., 2010. Sensitivity of dynamic 
simulations of gait and dynamometer experiments to hill muscle model 
parameters of knee flexors and extensors. J. Biomech. 43, 1876–1883. 
https://doi.org/10.1016/j.jbiomech.2010.03.022 

Delp, S.L., 1990. Surgery simulation: A computer graphics system to analyze and design 
musculoskeletal reconstructions of the lower limb (PhD Thesis). Stanford 
University, Stanford. 

Delp, S.L., Anderson, F.C., Arnold, A.S., Loan, P., Habib, A., John, C.T., Guendelman, 
E., Thelen, D.G., 2007. OpenSim: open-source software to create and analyze 
dynamic simulations of movement. IEEE Trans. Biomed. Eng. 54, 1940–1950. 
https://doi.org/10.1109/TBME.2007.901024 

Delp, S.L., Komattu, A.V., Wixson, R.L., 1994. Superior displacement of the hip in total 
joint replacement: Effects of prosthetic neck length, neck-stem angle, and 
anteversion angle on the moment-generating capacity of the muscles. J. Orthop. 
Res. 12, 860–870. https://doi.org/10.1002/jor.1100120614 

Delp, S.L., Loan, J.P., Hoy, M.G., Zajac, F.E., Topp, E.L., Rosen, J.M., 1990. An 
interactive graphics-based model of the lower extremity to study orthopaedic 
surgical procedures. IEEE Trans. Biomed. Eng. 37, 757–67. 
https://doi.org/10.1109/10.102791 

D’Lima, D.D., Patil, S., Steklov, N., Slamin, J.E., Colwell, C.W.J., 2005. In Vivo Knee 
Forces after Total Knee Arthroplasty. Clin. Orthop. 440, 45–49. 



 

168  

D’Lima, D.D., Steklov, N., Patil, S., Colwell, C.W., 2008. The Mark Coventry Award: In 
Vivo Knee Forces During Recreation and Exercise After Knee Arthroplasty. Clin. 
Orthop. 466, 2605–2611. https://doi.org/10.1007/s11999-008-0345-x 

Doherty, M., Courtney, P., Doherty, S., Jenkins, W., Maciewicz, R.A., Muir, K., Zhang, 
W., 2008. Nonspherical femoral head shape (pistol grip deformity), neck shaft 
angle, and risk of hip osteoarthritis: A case–control study. Arthritis Rheum. 58, 
3172–3182. https://doi.org/10.1002/art.23939 

Duncan, R., Francis, R.M., Collerton, J., Davies, K., Jagger, C., Kingston, A., Kirkwood, 
T., Robinson, L., Birrell, F., 2011. Prevalence of arthritis and joint pain in the 
oldest old: findings from the Newcastle 85+ Study. Age Ageing 40, 752–755. 
https://doi.org/10.1093/ageing/afr105 

Dwyer, M.K., Stafford, K., Mattacola, C.G., Uhl, T.L., Giordani, M., 2013. Comparison of 
gluteus medius muscle activity during functional tasks in individuals with and 
without osteoarthritis of the hip joint. Clin. Biomech. 28, 757–761. 
https://doi.org/10.1016/j.clinbiomech.2013.07.007 

Eitzen, I., Fernandes, L., Nordsletten, L., Risberg, M.A., 2015. No effects of a 12-week 
supervised exercise therapy program on gait in patients with mild to moderate 
osteoarthritis: a secondary analysis of a randomized trial. J. Negat. Results 
Biomed. 14, 5. https://doi.org/10.1186/s12952-015-0023-y 

Eitzen, I., Fernandes, L., Nordsletten, L., Risberg, M.A., 2012. Sagittal plane gait 
characteristics in hip osteoarthritis patients with mild to moderate symptoms 
compared to healthy controls: a cross-sectional study. BMC Musculoskelet 
Disord 13, 258. https://doi.org/10.1186/1471-2474-13-258 

English, T.A., Kilvington, M., 1979. In vivo records of hip loads using a femoral implant 
with telemetric output (a prelimary report). J. Biomed. Eng. 1, 111–115. 
https://doi.org/10.1016/0141-5425(79)90066-9 

Englund, M., Lohmander, L.S., 2004. Risk factors for symptomatic knee osteoarthritis 
fifteen to twenty-two years after meniscectomy. Arthritis Rheum. 50, 2811–2819. 
https://doi.org/10.1002/art.20489 

Falisse, A., Van Rossom, S., Jonkers, I., De Groote, F., 2017. EMG-Driven Optimal 
Estimation of Subject-SPECIFIC Hill Model Muscle-Tendon Parameters of the 
Knee Joint Actuators. IEEE Trans. Biomed. Eng. 64, 2253–2262. 
https://doi.org/10.1109/TBME.2016.2630009 

Fang, M.A., Heiney, C., Yentes, J.M., Harada, N.D., Masih, S., Perell-Gerson, K.L., 2012. 
Clinical and Spatiotemporal Gait Effects of Canes in Hip Osteoarthritis. PM&R 
4, 30–36. https://doi.org/10.1016/j.pmrj.2011.08.534 

Farina, D., Negro, F., 2012. Accessing the Neural Drive to Muscle and Translation to 
Neurorehabilitation Technologies. Biomed. Eng. IEEE Rev. In 5, 3–14. 
https://doi.org/10.1109/RBME.2012.2183586 

Felson, D.T., 2013. Osteoarthritis as a disease of mechanics. Osteoarthritis Cartilage 21, 
10–15. https://doi.org/10.1016/j.joca.2012.09.012 



Chapter 7  

169 

 

Felson, D.T., 2006. Clinical practice. Osteoarthritis of the knee. N Engl J Med 354, 841–
8. https://doi.org/10.1056/NEJMcp051726 

Felson, D.T., 1988. Epidemiology of Hip and Knee Osteoartrritis. Epidemiol. Rev. 10, 1–
28. 

Felson, D.T., Chaisson, C.E., 1997. Understanding the relationship between body 
weight and osteoarthritis. Baillieres Clin Rheumatol 11, 671–81. 

Felson, D.T., Lawrence, R.C., Dieppe, P.A., Hirsch, R., Helmick, C.G., Jordan, J.M., 
Kington, R.S., Lane, N.E., Nevitt, M.C., Zhang, Y., Sowers, M., McAlindon, T., 
Spector, T.D., Poole, A.R., Yanovski, S.Z., Ateshian, G., Sharma, L., Buckwalter, 
J.A., Brandt, K.D., Fries, J.F., 2000. Osteoarthritis: new insights. Part 1: the 
disease and its risk factors. Ann Intern Med 133, 635–46. 

Felson, D.T., Naimark, A., Anderson, J., Kazis, L., Castelli, W., Meenan, R.F., 1987. The 
prevalence of knee osteoarthritis in the elderly. The Framingham Osteoarthritis 
Study. Arthritis Rheum 30, 914–8. 

Felson, D.T., Neogi, T., 2004. Osteoarthritis: Is it a disease of cartilage or of bone? 
Arthritis Rheum. 50, 341–344. https://doi.org/10.1002/art.20051 

Felson, D.T., Zhang, Y., 1998. An update on the epidemiology of knee and hip 
osteoarthritis with a view to prevention. Arthritis Rheum 41, 1343–55. 
https://doi.org/10.1002/1529-0131(199808)41:8<1343::AID-ART3>3.0.CO;2-9 

Felson, D.T., Zhang, Y., Hannan, M.T., Naimark, A., Weissman, B.N., Aliabadi, P., Levy, 
D., 1995. The incidence and natural history of knee osteoarthritis in the elderly. 
The Framingham Osteoarthritis Study. Arthritis Rheum 38, 1500–5. 

Fernandes, L., Storheim, K., Sandvik, L., Nordsletten, L., Risberg, M.A., 2010. Efficacy of 
patient education and supervised exercise vs patient education alone in patients 
with hip osteoarthritis: a single blind randomized clinical trial. Osteoarthritis 
Cartilage 18, 1237–1243. https://doi.org/10.1016/j.joca.2010.05.015 

Fernandez, J., Sartori, M., Lloyd, D., Munro, J., Shim, V., 2014. Bone remodelling in the 
natural acetabulum is influenced by muscle force-induced bone stress. Int. J. 
Numer. Methods Biomed. Eng. 30, 28–41. https://doi.org/10.1002/cnm.2586 

Fernandez, J.W., Mithraratne, P., Thrupp, S.F., Tawhai, M.H., Hunter, P.J., 2004. 
Anatomically based geometric modelling of the musculo-skeletal system and 
other organs. Biomech. Model. Mechanobiol. 2, 139–155. 
https://doi.org/10.1007/s10237-003-0036-1 

Flower, R.J., 2003. Studies on the mechanism of action of anti-inflammatory drugs. 
Thromb. Res. 110, 259–263. https://doi.org/10.1016/S0049-3848(03)00410-9 

Fransen, M., McConnell, S., Bell, M., 2002. Therapeutic exercise for people with 
osteoarthritis of the hip or knee. A systematic review. J. Rheumatol. 29, 1737–
1745. 



 

170  

Fregly, B.J., Besier, T.F., Lloyd, D.G., Delp, S.L., Banks, S.A., Pandy, M.G., D’Lima, D.D., 
2012a. Grand challenge competition to predict in vivo knee loads. J. Orthop. Res. 
30, 503–513. https://doi.org/10.1002/jor.22023 

Fregly, B.J., Boninger, M.L., Reinkensmeyer, D.J., 2012b. Personalized 
neuromusculoskeletal modeling to improve treatment of mobility impairments: 
a perspective from European research sites. J. NeuroEngineering Rehabil. 9, 18. 
https://doi.org/10.1186/1743-0003-9-18 

Fregly, B.J., D’Lima, D.D., Colwell, C.W., 2009. Effective Gait Patterns for Offloading 
the Medial Compartment of the Knee. J. Orthop. Res. Off. Publ. Orthop. Res. 
Soc. 27, 1016–1021. https://doi.org/10.1002/jor.20843 

French, H.P., Cusack, T., Brennan, A., Caffrey, A., Conroy, R., Cuddy, V., FitzGerald, 
O.M., Gilsenan, C., Kane, D., O’Connell, P.G., White, B., McCarthy, G.M., 2013. 
Exercise and Manual Physiotherapy Arthritis Research Trial (EMPART) for 
Osteoarthritis of the Hip: A Multicenter Randomized Controlled Trial. Arch. 
Phys. Med. Rehabil. 94, 302–314. https://doi.org/10.1016/j.apmr.2012.09.030 

Fukumoto, Y., Ohata, K., Tsukagoshi, R., Kawanabe, K., Akiyama, H., Mata, T., Kimura, 
M., Ichihashi, N., 2013. Changes in Hip and Knee Muscle Strength in Patients 
Following Total Hip Arthroplasty. J. Jpn. Phys. Ther. Assoc. 16, 22–27. 
https://doi.org/10.1298/jjpta.Vol16_002 

Fukunaga, T., Roy, R.R., Shellock, F.G., Hodgson, J.A., Day, M.K., Lee, P.L., Kwong-Fu, 
H., Edgerton, V.R., 1992. Physiological cross-sectional area of human leg 
muscles based on magnetic resonance imaging. J. Orthop. Res. 10, 926–934. 
https://doi.org/10.1002/jor.1100100623 

Gardiner, B.S., Woodhouse, F.G., Besier, T.F., Grodzinsky, A.J., Lloyd, D.G., Zhang, L., 
Smith, D.W., 2016. Predicting Knee Osteoarthritis. Ann. Biomed. Eng. 44, 222–
233. https://doi.org/10.1007/s10439-015-1393-5 

Gelber, A.C., Hochberg, M.C., Mead, L.A., Wang, N.Y., Wigley, F.M., Klag, M.J., 2000. 
Joint injury in young adults and risk for subsequent knee and hip osteoarthritis. 
Ann. Intern. Med. 133, 321–328. 

Geraldes, D.M., Modenese, L., Phillips, A.T.M., 2016. Consideration of multiple load 
cases is critical in modelling orthotropic bone adaptation in the femur. 
Biomech. Model. Mechanobiol. 15, 1029–1042. https://doi.org/10.1007/s10237-015-
0740-7 

Gerus, P., Sartori, M., Besier, T.F., Fregly, B.J., Delp, S.L., Banks, S.A., Pandy, M.G., 
D’Lima, D.D., Lloyd, D.G., 2013. Subject-specific knee joint geometry improves 
predictions of medial tibiofemoral contact forces. J. Biomech. 46, 2778–2786. 
https://doi.org/10.1016/j.jbiomech.2013.09.005 

Giarmatzis, G., Jonkers, I., Wesseling, M., Van Rossom, S., Verschueren, S., 2015. 
Loading of Hip Measured by Hip Contact Forces at Different Speeds of Walking 
and Running. J. Bone Miner. Res. 30, 1431–1440. 
https://doi.org/10.1002/jbmr.2483 



Chapter 7  

171 

 

Goffe, W.L., Ferrier, G.D., Rogers, J., 1994. Global optimization of statistical functions 
with simulated annealing. J. Econom. 60, 65–99. https://doi.org/10.1016/0304-
4076(94)90038-8 

Goldberg, V.M., Buckwalter, J., Halpin, M., Jiranek, W., Mihalko, W., Pinzur, M., 
Rohan, B., Vail, T., Walker, P., Windsor, R., Wright, T., 2011. Recommendations 
of the OARSI FDA Osteoarthritis Devices Working Group. Osteoarthritis 
Cartilage, OARSI FDA Initiative on issues related to clinical development 
programs for the treatment 19, 509–514. https://doi.org/10.1016/j.joca.2011.02.017 

Goldring, M.B., Goldring, S.R., 2007. Osteoarthritis. J Cell Physiol 213, 626–34. 
https://doi.org/10.1002/jcp.21258 

Gossec, L., Tubach, F., Baron, G., Ravaud, P., Logeart, I., Dougados, M., 2005. 
Predictive factors of total hip replacement due to primary osteoarthritis: a 
prospective 2 year study of 505 patients. Ann. Rheum. Dis. 64, 1028–1032. 
https://doi.org/10.1136/ard.2004.029546 

Gottlieb, G.L., 2000. Minimizing stress is not enough. Motor Control 4, 64-67; 
discussion 97-116. 

Graham, D.F., Carty, C.P., Lloyd, D.G., Lichtwark, G.A., Barrett, R.S., 2014. Muscle 
contributions to recovery from forward loss of balance by stepping. J. Biomech. 
47, 667–674. https://doi.org/10.1016/j.jbiomech.2013.11.047 

Graham, D.F., Modenese, L., Trewartha, G., Carty, C.P., Constantinou, M., Lloyd, D.G., 
Barrett, R.S., 2016. Hip joint contact loads in older adults during recovery from 
forward loss of balance by stepping. J. Biomech. 49, 2619–2624. 
https://doi.org/10.1016/j.jbiomech.2016.05.033 

Gray, H., 1918. Anatomy of the human body. Lea & Febiger, Philadelphia. 

Green, J., Mckenna, F., Redfern, E.J., Chamberlain, M.A., 1993. Home Exercises Are as 
Effective as Outpatient Hydrotherapy for Osteoarthritis of the Hip. 
Rheumatology 32, 812–815. https://doi.org/10.1093/rheumatology/32.9.812 

Greenwald, A.S., Haynes, D.W., 1972. Weight-Bearing Areas in the Human Hip Joint. J. 
Bone Joint Surg. Br. 54–B, 157–163. 

Gregory, J.S., Waarsing, J.H., Day, J., Pols, H.A., Reijman, M., Weinans, H., Aspden, 
R.M., 2007. Early identification of radiographic osteoarthritis of the hip using an 
active shape model to quantify changes in bone morphometric features: Can hip 
shape tell us anything about the progression of osteoarthritis? Arthritis Rheum. 
56, 3634–3643. https://doi.org/10.1002/art.22982 

Grimaldi, A., Richardson, C., Durbridge, G., Donnelly, W., Darnell, R., Hides, J., 2009a. 
The association between degenerative hip joint pathology and size of the 
gluteus maximus and tensor fascia lata muscles. Man. Ther. 14, 611–617. 
https://doi.org/10.1016/j.math.2008.11.002 



 

172  

Grimaldi, A., Richardson, C., Stanton, W., Durbridge, G., Donnelly, W., Hides, J., 
2009b. The association between degenerative hip joint pathology and size of the 
gluteus medius, gluteus minimus and piriformis muscles. Man. Ther. 14, 605–
610. https://doi.org/10.1016/j.math.2009.07.004 

Guilak, F., Meyer, B.C., Ratcliffe, A., Mow, V.C., 1994. The effects of matrix 
compression on proteoglycan metabolism in articular cartilage explants. 
Osteoarthritis Cartilage 2, 91–101. 

Gulan, G., Matovinović, D., Nemec, B., Rubinić, D., Ravlić-Gulan, J., 2000. Femoral 
neck anteversion: values, development, measurement, common problems. Coll. 
Antropol. 24, 521–527. 

Haapala, J., Arokoski, J., Pirttimäki, J., Lyyra, T., Jurvelin, J., Tammi, M., Helminen, 
H.J., Kiviranta, I., 2000. Incomplete restoration of immobilization induced 
softening of young beagle knee articular cartilage after 50-week remobilization. 
Int. J. Sports Med. 21, 76–81. https://doi.org/10.1055/s-2000-8860 

Hall, M., Wrigley, T.V., Metcalf, B.R., Cicuttini, F.M., Wang, Y., Hinman, R.S., 
Dempsey, A.R., Mills, P.M., Lloyd, D.G., Bennell, K.L., 2015. Do Moments and 
Strength Predict Cartilage Changes after Partial Meniscectomy? Med. Sci. Sports 
Exerc. 47, 1549–1556. https://doi.org/10.1249/MSS.0000000000000575 

Halpern, A.A., Tanner, J., Rinsky, L., 1979. Does persistent fetal femoral anteversion 
contribute to osteoarthritis?: a preliminary report. Clin. Orthop. 213–216. 

Hamner, S.R., Seth, A., Delp, S.L., 2010. Muscle contributions to propulsion and 
support during running. J. Biomech. 43, 2709–2716. 
https://doi.org/10.1016/j.jbiomech.2010.06.025 

Hannan, M.T., Felson, D.T., Anderson, J.J., Naimark, A., Kannel, W.B., 1990. Estrogen 
use and radiographic osteoarthritis of the knee in women. Arthritis Rheum. 33, 
525–532. https://doi.org/10.1002/art.1780330410 

Harrington, M.E., Zavatsky, A.B., Lawson, S.E.M., Yuan, Z., Theologis, T.N., 2007. 
Prediction of the hip joint centre in adults, children, and patients with cerebral 
palsy based on magnetic resonance imaging. J. Biomech. 40, 595–602. 
https://doi.org/10.1016/j.jbiomech.2006.02.003 

Harvey, W.F., Hunter, D.J., 2010. Pharmacologic intervention for osteoarthritis in older 
adults. Clin Geriatr Med 26, 503–15. https://doi.org/10.1016/j.cger.2010.03.008 

Hayami, T., Pickarski, M., Zhuo, Y., Wesolowski, G.A., Rodan, G.A., Duong, L.T., 2006. 
Characterization of articular cartilage and subchondral bone changes in the rat 
anterior cruciate ligament transection and meniscectomized models of 
osteoarthritis. Bone 38, 234–243. https://doi.org/10.1016/j.bone.2005.08.007 

Heiden, T.L., Lloyd, D.G., Ackland, T.R., 2009a. Knee joint kinematics, kinetics and 
muscle co-contraction in knee osteoarthritis patient gait. Clin. Biomech. 24, 
833–841. https://doi.org/10.1016/j.clinbiomech.2009.08.005 



Chapter 7  

173 

 

Heiden, T.L., Lloyd, D.G., Ackland, T.R., 2009b. Knee Extension and Flexion Weakness 
in People With Knee Osteoarthritis: Is Antagonist Cocontraction a Factor? J. 
Orthop. Sports Phys. Ther. 39, 807–815. https://doi.org/10.2519/jospt.2009.3079 

Heller, M.O., Bergmann, G., Deuretzbacher, G., Dürselen, L., Pohl, M., Claes, L., Haas, 
N.P., Duda, G.N., 2001. Musculo-skeletal loading conditions at the hip during 
walking and stair climbing. J. Biomech. 34, 883–893. 

Heller, M.O., Bergmann, G., Kassi, J.P., Claes, L., Haas, N.P., Duda, G.N., 2005. 
Determination of muscle loading at the hip joint for use in pre-clinical testing. J 
Biomech 38, 1155–63. https://doi.org/10.1016/j.jbiomech.2004.05.022 

Henriksen, M., Creaby, M.W., Lund, H., Juhl, C., Christensen, R., 2014. Is there a causal 
link between knee loading and knee osteoarthritis progression? A systematic 
review and meta-analysis of cohort studies and randomised trials. BMJ Open 4, 
e005368. https://doi.org/10.1136/bmjopen-2014-005368 

Henriksen, M., Simonsen, E.B., Alkjær, T., Lund, H., Graven-Nielsen, T., Danneskiold-
Samsøe, B., Bliddal, H., 2006. Increased joint loads during walking – A 
consequence of pain relief in knee osteoarthritis. The Knee 13, 445–450. 
https://doi.org/10.1016/j.knee.2006.08.005 

Hermens, H.J., Freriks, B., Disselhorst-Klug, C., Rau, G., 2000. Development of 
recommendations for SEMG sensors and sensor placement procedures. J. 
Electromyogr. Kinesiol. 10, 361–374. https://doi.org/10.1016/S1050-6411(00)00027-
4 

Herzog, W., Clark, A., Wu, J., 2003. Resultant and local loading in models of joint 
disease. Arthritis Care Res. 49, 239–247. https://doi.org/10.1002/art.11004 

Hill, A.V., 1938. The Heat of Shortening and the Dynamic Constants of Muscle. Proc. R. 
Soc. Lond. B Biol. Sci. 126, 136–195. 

Hinterwimmer, S., Krammer, M., Krötz, M., Glaser, C., Baumgart, R., Reiser, M., 
Eckstein, F., 2004. Cartilage atrophy in the knees of patients after seven weeks 
of partial load bearing. Arthritis Rheum. 50, 2516–2520. 
https://doi.org/10.1002/art.20378 

Hoang, H.X., Pizzolato, C., Diamond, L.E., Lloyd, D.G., 2017. Subject-specific 
calibration of neuromuscular parameters enables neuromusculoskeletal models 
to estimate physiologically plausible hip joint contact forces in healthy adults. J. 
Biomech. Under Review, n/a-n/a. 

Hochberg, M.C., Altman, R.D., April, K.T., Benkhalti, M., Guyatt, G., McGowan, J., 
Towheed, T., Welch, V., Wells, G., Tugwell, P., 2012. American College of 
Rheumatology 2012 recommendations for the use of nonpharmacologic and 
pharmacologic therapies in osteoarthritis of the hand, hip, and knee. Arthritis 
Care Res. 64, 465–474. https://doi.org/10.1002/acr.21596 

Hochberg, M.C., Altman, R.D., Brandt, K.D., Clark, B.M., Dieppe, P.A., Griffin, M.R., 
Moskowitz, R.W., Schnitzer, T.J., 1995. Guidelines for the medical management 



 

174  

of osteoarthritis. Part II. Osteoarthritis of the knee. American College of 
Rheumatology. Arthritis Rheum. 38, 1541–1546. 

Hochberg, M.C., Regan-Smith, M.G., O’Connor, G.T., Kent Kwoh, C., Brown, L.A., 
Olmstead, E.M., Burnett, J.B., 1989. Radiographic features and functional status 
in rheumatoid arthritis. Arthritis Rheum. 32, 1340–1341. 
https://doi.org/10.1002/anr.1780321028 

Hodges, P.W., van den Hoorn, W., Wrigley, T.V., Hinman, R.S., Bowles, K.-A., 
Cicuttini, F., Wang, Y., Bennell, K., 2016. Increased duration of co-contraction of 
medial knee muscles is associated with greater progression of knee 
osteoarthritis. Man. Ther. 21, 151–158. https://doi.org/10.1016/j.math.2015.07.004 

Hoeksma, H.L., Dekker, J., Ronday, H.K., Heering, A., Van Der Lubbe, N., Vel, C., 
Breedveld, F.C., Van Den Ende, C.H.M., 2004. Comparison of manual therapy 
and exercise therapy in osteoarthritis of the hip: A randomized clinical trial. 
Arthritis Care Res. 51, 722–729. https://doi.org/10.1002/art.20685 

Hof, A.L., 1997. The relationship between electromyogram and muscle force. 
Sportverletz. Sportschaden Organ Ges. Orthopadisch-Traumatol. Sportmed. 11, 
79–86. https://doi.org/10.1055/s-2007-993372 

Hootman, J.M., Helmick, C.G., 2006. Projections of US prevalence of arthritis and 
associated activity limitations. Arthritis Rheum. 54, 226–229. 
https://doi.org/10.1002/art.21562 

Horsman, M.D.K., 2007. The Twente Lower Extremity Model (PhD Thesis). University 
of Twente, Twente. 

Hortobágyi, T., Westerkamp, L., Beam, S., Moody, J., Garry, J., Holbert, D., DeVita, P., 
2005. Altered hamstring-quadriceps muscle balance in patients with knee 
osteoarthritis. Clin. Biomech. 20, 97–104. 
https://doi.org/10.1016/j.clinbiomech.2004.08.004 

Hubley-Kozey, C., Deluzio, K., Dunbar, M., 2008. Muscle co-activation patterns during 
walking in those with severe knee osteoarthritis. Clin. Biomech. 23, 71–80. 
https://doi.org/10.1016/j.clinbiomech.2007.08.019 

Hubley-Kozey, C.L., Hill, N.A., Rutherford, D.J., Dunbar, M.J., Stanish, W.D., 2009. Co-
activation differences in lower limb muscles between asymptomatic controls 
and those with varying degrees of knee osteoarthritis during walking. Clin. 
Biomech. 24, 407–414. https://doi.org/10.1016/j.clinbiomech.2009.02.005 

Hudelmaier, M., Glaser, C., Hohe, J., Englmeier, K.H., Reiser, M., Putz, R., Eckstein, F., 
2001. Age-related changes in the morphology and deformational behavior of 
knee joint cartilage. Arthritis Rheum. 44, 2556–2561. 

Hughes, R.E., Bean, J.C., Chaffin, D.B., 1995. Evaluating the effect of co-contraction in 
optimization models. J. Biomech. 28, 875–878. https://doi.org/10.1016/0021-
9290(95)95277-C 

Hunter, D.J., Felson, D.T., 2006. Osteoarthritis. BMJ 332, 639–42. 
https://doi.org/10.1136/bmj.332.7542.639 



Chapter 7  

175 

 

Hunter, D.J., Zhang, Y.Q., Niu, J.B., Tu, X., Amin, S., Clancy, M., Guermazi, A., 
Grigorian, M., Gale, D., Felson, D.T., 2006. The association of meniscal 
pathologic changes with cartilage loss in symptomatic knee osteoarthritis. 
Arthritis Rheum 54, 795–801. https://doi.org/10.1002/art.21724 

Hurley, M.V., 1999. The role of muscle weakness in the pathogenesis of osteoarthritis. 
Rheum. Dis. Clin. N. Am. 25, 283–298. https://doi.org/10.1016/S0889-
857X(05)70068-5 

Jeffrey, J.E., Aspden, R.M., 2006. The biophysical effects of a single impact load on 
human and bovine articular cartilage. Proc. Inst. Mech. Eng. [H] 220, 677–686. 
https://doi.org/10.1243/09544119JEIM31 

Jeffrey, J.E., Gregory, D.W., Aspden, R.M., 1995. Matrix damage and chondrocyte 
viability following a single impact load on articular cartilage. Arch. Biochem. 
Biophys. 322, 87–96. https://doi.org/10.1006/abbi.1995.1439 

Jiang, L., Rong, J., Wang, Y., Hu, F., Bao, C., Li, X., Zhao, Y., 2011. The relationship 
between body mass index and hip osteoarthritis: A systematic review and meta-
analysis. Joint Bone Spine 78, 150–155. https://doi.org/10.1016/j.jbspin.2010.04.011 

Jinha, A., Ait-Haddou, R., Kaya, M., Herzog, W., 2009. A task-specific validation of 
homogeneous non-linear optimisation approaches. J. Theor. Biol. 259, 695–700. 
https://doi.org/10.1016/j.jtbi.2009.04.014 

Jonkers, I., Sauwen, N., Lenaerts, G., Mulier, M., Van der Perre, G., Jaecques, S., 2008. 
Relation between subject-specific hip joint loading, stress distribution in the 
proximal femur and bone mineral density changes after total hip replacement. J. 
Biomech. 41, 3405–3413. https://doi.org/10.1016/j.jbiomech.2008.09.011 

Juhakoski, R., Tenhonen, S., Malmivaara, A., Kiviniemi, V., Anttonen, T., Arokoski, J.P., 
2011. A pragmatic randomized controlled study of the effectiveness and cost 
consequences of exercise therapy in hip osteoarthritis. Clin. Rehabil. 25, 370–
383. https://doi.org/10.1177/0269215510388313 

Jurvelin, J., Kiviranta, I., Tammi, M., Helminen, J.H., 1986. Softening of canine articular 
cartilage after immobilization of the knee joint. Clin. Orthop. 246–252. 

Kainz, H., Carty, C.P., Modenese, L., Boyd, R.N., Lloyd, D.G., 2015. Estimation of the 
hip joint centre in human motion analysis: A systematic review. Clin. Biomech. 
30, 319–329. https://doi.org/10.1016/j.clinbiomech.2015.02.005 

Kainz, H., Hajek, M., Modenese, L., Saxby, D.J., Lloyd, D.G., Carty, C.P., 2017a. 
Reliability of functional and predictive methods to estimate the hip joint centre 
in human motion analysis in healthy adults. Gait Posture 53, 179–184. 
https://doi.org/10.1016/j.gaitpost.2017.01.023 

Kainz, H., Hoang, H., Stockton, C., Boyd, R.R., Lloyd, D.G., Carty, C.P., 2017b. Accuracy 
and Reliability of Marker Based Approaches to Scale the Pelvis, Thigh and 
Shank Segments in Musculoskeletal Models. J. Appl. Biomech. 1–21. 
https://doi.org/10.1123/jab.2016-0282 



 

176  

Kainz, H., Modenese, L., Lloyd, D.G., Maine, S., Walsh, H.P.J., Carty, C.P., 2016. Joint 
kinematic calculation based on clinical direct kinematic versus inverse 
kinematic gait models. J. Biomech. 49, 1658–1669. 
https://doi.org/10.1016/j.jbiomech.2016.03.052 

Kaufman, K.R., An, K.N., Litchy, W.J., Chao, E.Y., 1991. Physiological prediction of 
muscle forces--II. Application to isokinetic exercise. Neuroscience 40, 793–804. 

Kaufman, K.R., Hughes, C., Morrey, B.F., Morrey, M., An, K.-N., 2001. Gait 
characteristics of patients with knee osteoarthritis. J. Biomech. 34, 907–915. 
https://doi.org/10.1016/S0021-9290(01)00036-7 

Kellgren, J.H., Lawrence, J.S., 1957. Radiological Assessment of Osteo-Arthrosis. Ann. 
Rheum. Dis. 16, 494–502. https://doi.org/10.1136/ard.16.4.494 

Kendal, A.R., Prieto-Alhambra, D., Arden, N.K., Carr, A., Judge, A., 2013. Mortality rates 
at 10 years after metal-on-metal hip resurfacing compared with total hip 
replacement in England: retrospective cohort analysis of hospital episode 
statistics. BMJ 347, f6549. https://doi.org/10.1136/bmj.f6549 

Kerkhof, H.J.M., Lories, R.J., Meulenbelt, I., Jonsdottir, I., Valdes, A.M., Arp, P., 
Ingvarsson, T., Jhamai, M., Jonsson, H., Stolk, L., Thorleifsson, G., Zhai, G., 
Zhang, F., Zhu, Y., van der Breggen, R., Carr, A., Doherty, M., Doherty, S., 
Felson, D.T., Gonzalez, A., Halldorsson, B.V., Hart, D.J., Hauksson, V.B., 
Hofman, A., Ioannidis, J.P.A., Kloppenburg, M., Lane, N.E., Loughlin, J., Luyten, 
F.P., Nevitt, M.C., Parimi, N., Pols, H.A.P., van de Putte, T., Rivadeneira, F., 
Slagboom, E.P., Styrkársdóttir, U., Tsezou, A., Zmuda, J., Spector, T.D., 
Stefansson, K., Uitterlinden, A.G., van Meurs, J.B.J., 2010. A Genome-Wide 
Association Study identifies a locus on chromosome 7q22 to influence 
susceptibility for osteoarthritis. Arthritis Rheum. 62, 499–510. 
https://doi.org/10.1002/art.27184 

Kim, C., Nevitt, M.C., Niu, J., Clancy, M.M., Lane, N.E., Link, T.M., Vlad, S., Tolstykh, 
I., Jungmann, P.M., Felson, D.T., Guermazi, A., 2015. Association of hip pain 
with radiographic evidence of hip osteoarthritis: diagnostic test study. BMJ 351, 
h5983. https://doi.org/10.1136/bmj.h5983 

Kiviranta, I., Tammi, M., Jurvelin, J., Arokoski, J., Säämänen, A.M., Helminen, H.J., 
1992. Articular cartilage thickness and glycosaminoglycan distribution in the 
canine knee joint after strenuous running exercise. Clin. Orthop. 302–308. 

Komi, P.V., 1990. Relevance of in vivo force measurements to human biomechanics. J. 
Biomech., International Society of Biomechanics 23, 23–34. 
https://doi.org/10.1016/0021-9290(90)90038-5 

Konrath, J.M., Saxby, D.J., Killen, B.A., Pizzolato, C., Vertullo, C.J., Barrett, R.S., Lloyd, 
D.G., 2017. Muscle contributions to medial tibiofemoral compartment contact 
loading following ACL reconstruction using semitendinosus and gracilis tendon 
grafts. PLOS ONE 12, e0176016. https://doi.org/10.1371/journal.pone.0176016 

Konrath, J.M., Vertullo, C.J., Kennedy, B.A., Bush, H.S., Barrett, R.S., Lloyd, D.G., 2016. 
Morphologic Characteristics and Strength of the Hamstring Muscles Remain 



Chapter 7  

177 

 

Altered at 2 Years After Use of a Hamstring Tendon Graft in Anterior Cruciate 
Ligament Reconstruction. Am. J. Sports Med. 44, 2589–2598. 
https://doi.org/10.1177/0363546516651441 

Koo, S., Andriacchi, T.P., 2007. A comparison of the influence of global functional 
loads vs. local contact anatomy on articular cartilage thickness at the knee. J. 
Biomech. 40, 2961–2966. https://doi.org/10.1016/j.jbiomech.2007.02.005 

Kotzar, G.M., Davy, D.T., Goldberg, V.M., Heiple, K.G., Berilla, J., Brown, R.H., 
Burstein, A.H., 1991. Telemeterized in vivo hip joint force data: A report on two 
patients after total hip surgery. J. Orthop. Res. 9, 621–633. 
https://doi.org/10.1002/jor.1100090502 

Kumar, D., Manal, K.T., Rudolph, K.S., 2013. Knee joint loading during gait in healthy 
controls and individuals with knee osteoarthritis. Osteoarthritis Cartilage 21, 
298–305. https://doi.org/10.1016/j.joca.2012.11.008 

Kumar, D., Rudolph, K.S., Manal, K.T., 2012. EMG-driven modeling approach to muscle 
force and joint load estimations: Case study in knee osteoarthritis. J. Orthop. 
Res. 30, 377–383. https://doi.org/10.1002/jor.21544 

Kuo, A.D., 1998. A Least-Squares Estimation Approach to Improving the Precision of 
Inverse Dynamics Computations. J. Biomech. Eng. 120, 148–159. 

Kurz, B., Jin, M., Patwari, P., Cheng, D.M., Lark, M.W., Grodzinsky, A.J., 2001. 
Biosynthetic response and mechanical properties of articular cartilage after 
injurious compression. J. Orthop. Res. Off. Publ. Orthop. Res. Soc. 19, 1140–1146. 
https://doi.org/10.1016/S0736-0266(01)00033-X 

Kurz, B., Lemke, A., Kehn, M., Domm, C., Patwari, P., Frank, E.H., Grodzinsky, A.J., 
Schünke, M., 2004. Influence of tissue maturation and antioxidants on the 
apoptotic response of articular cartilage after injurious compression. Arthritis 
Rheum. 50, 123–130. https://doi.org/10.1002/art.11438 

Lajeunesse, D., Reboul, P., 2003. Subchondral bone in osteoarthritis: a biologic link 
with articular cartilage leading to abnormal remodeling. Curr. Opin. 
Rheumatol. Sept. 2003 15, 628–633. 

Ledingham, J., Dawson, S., Preston, B., Milligan, G., Doherty, M., 1993. Radiographic 
progression of hospital referred osteoarthritis of the hip. Ann. Rheum. Dis. 52, 
263–267. 

Lenaerts, G., Bartels, W., Gelaude, F., Mulier, M., Spaepen, A., Van der Perre, G., 
Jonkers, I., 2009. Subject-specific hip geometry and hip joint centre location 
affects calculated contact forces at the hip during gait. J. Biomech. 42, 1246–1251. 
https://doi.org/10.1016/j.jbiomech.2009.03.037 

Lenaerts, G., De Groote, F., Demeulenaere, B., Mulier, M., Van der Perre, G., Spaepen, 
A., Jonkers, I., 2008. Subject-specific hip geometry affects predicted hip joint 
contact forces during gait. J. Biomech. 41, 1243–1252. 
https://doi.org/10.1016/j.jbiomech.2008.01.014 



 

178  

Levine, M.G., Kabat, H., 1952. Cocontraction and Reciprocal Innervation in Voluntary 
Movement in Man. Science 116, 115–118. 

Lewek, M.D., Ramsey, D.K., Snyder-Mackler, L., Rudolph, K.S., 2005. Knee stabilization 
in patients with medial compartment knee osteoarthritis. Arthritis Rheum. 52, 
2845–2853. https://doi.org/10.1002/art.21237 

Li, G., Yin, J., Gao, J., Cheng, T.S., Pavlos, N.J., Zhang, C., Zheng, M.H., 2013. 
Subchondral bone in osteoarthritis: insight into risk factors and microstructural 
changes. Arthritis Res. Ther. 15, 223. https://doi.org/10.1186/ar4405 

Liikavainio, T., Bragge, T., Hakkarainen, M., Karjalainen, P.A., Arokoski, J.P., 2010. Gait 
and muscle activation changes in men with knee osteoarthritis. Knee 17, 69–76. 
https://doi.org/10.1016/j.knee.2009.05.003 

Lin, J., Zhang, W., Jones, A., Doherty, M., 2004. Efficacy of topical non-steroidal anti-
inflammatory drugs in the treatment of osteoarthritis: meta-analysis of 
randomised controlled trials. BMJ 329, 324. 
https://doi.org/10.1136/bmj.38159.639028.7C 

Lin, Y.-C., Davey, R.C., Cochrane, T., 2001. Tests for physical function of the elderly 
with knee and hip osteoarthritis. Scand. J. Med. Sci. Sports 11, 280–286. 
https://doi.org/10.1034/j.1600-0838.2001.110505.x 

Lin, Y.-C., Walter, J.P., Banks, S.A., Pandy, M.G., Fregly, B.J., 2010. Simultaneous 
prediction of muscle and contact forces in the knee during gait. J. Biomech. 43, 
945–952. https://doi.org/10.1016/j.jbiomech.2009.10.048 

Lloyd, D.G., Besier, T.F., 2003. An EMG-driven musculoskeletal model to estimate 
muscle forces and knee joint moments in vivo. J. Biomech. 36, 765–776. 
https://doi.org/10.1016/S0021-9290(03)00010-1 

Lloyd, D.G., Besier, T.F., Winby, C.R., Buchanan, T.S., 2008. Neuromusculoskeletal 
modelling and simulation of tissue load in the lower extremities, in: Routledge 
Handbook of Biomechanics and Human Movement Science. Taylor & Francis 
Books Ltd, Oxford, UK, pp. 3–17. 

Lloyd, D.G., Buchanan, T.S., 2001. Strategies of muscular support of varus and valgus 
isometric loads at the human knee. J. Biomech. 34, 1257–1267. 
https://doi.org/10.1016/S0021-9290(01)00095-1 

Lloyd, D.G., Buchanan, T.S., 1996. A model of load sharing between muscles and soft 
tissues at the human knee during static tasks. J. Biomech. Eng. 118, 367–376. 

Loening, A.M., James, I.E., Levenston, M.E., Badger, A.M., Frank, E.H., Kurz, B., 
Nuttall, M.E., Hung, H.H., Blake, S.M., Grodzinsky, A.J., Lark, M.W., 2000. 
Injurious mechanical compression of bovine articular cartilage induces 
chondrocyte apoptosis. Arch. Biochem. Biophys. 381, 205–212. 
https://doi.org/10.1006/abbi.2000.1988 

Loeser, R.F., Goldring, S.R., Scanzello, C.R., Goldring, M.B., 2012. Osteoarthritis: A 
Disease of the Joint as an Organ. Arthritis Rheum. 64, 1697–1707. 
https://doi.org/10.1002/art.34453 



Chapter 7  

179 

 

Lohmander, L.S., Östenberg, A., Englund, M., Roos, H., 2004. High prevalence of knee 
osteoarthritis, pain, and functional limitations in female soccer players twelve 
years after anterior cruciate ligament injury. Arthritis Rheum. 50, 3145–3152. 
https://doi.org/10.1002/art.20589 

Long, W.T., Dorr, L.D., Healy, B., Perry, J., 1993. Functional recovery of noncemented 
total hip arthroplasty. Clin. Orthop. 73–77. 

Lories, R.J., Luyten, F.P., 2011. The bone-cartilage unit in osteoarthritis. Nat. Rev. 
Rheumatol. 7, 43–49. https://doi.org/10.1038/nrrheum.2010.197 

Loureiro, A., Mills, P., Maria Constantinou, Barrett, R., 2013a. Muscle strength, size and 
quality in hip osteoarthritis. Presented at the XXIV Congress of the 
International of Biomechanics, Natal, Brazil. 

Loureiro, A., Mills, P.M., Barrett, R.S., 2013b. Muscle weakness in hip osteoarthritis: A 
systematic review. Arthritis Care Res. 65, 340–352. 
https://doi.org/10.1002/acr.21806 

Lu, T.W., O’Connor, J.J., 1999. Bone position estimation from skin marker co-ordinates 
using global optimisation with joint constraints. J. Biomech. 32, 129–134. 
https://doi.org/10.1016/S0021-9290(98)00158-4 

Lund, M.E., De Zee, M., Andersen, M.S., Rasmussen, J., 2012. On validation of 
multibody musculoskeletal models. Proc. Inst. Mech. Eng. [H] 226, 82–94. 

Lynch, J.A., Parimi, N., Chaganti, R.K., Nevitt, M.C., Lane, N.E., 2009. The association 
of proximal femoral shape and incident radiographic hip OA in elderly women. 
Osteoarthritis Cartilage 17, 1313–1318. https://doi.org/10.1016/j.joca.2009.04.011 

Lynch, N.A., Metter, E.J., Lindle, R.S., Fozard, J.L., Tobin, J.D., Roy, T.A., Fleg, J.L., 
Hurley, B.F., 1999. Muscle quality. I. Age-associated differences between arm 
and leg muscle groups. J. Appl. Physiol. Bethesda Md 1985 86, 188–194. 

Mabuma, J., Schwarze, M., Hurschler, C., Markert, B., Ehlers, W., 2015. Effects of 
osteoarthritis and pathological walking on contact stresses in femoral cartilage. 
Biomech. Model. Mechanobiol. 14, 1167–1180. https://doi.org/10.1007/s10237-015-
0663-3 

Mahomed, N.N., Arndt, D.C., McGrory, B.J., Harris, W.H., 2001. The Harris hip score: 
Comparison of patient self-report with surgeon assessment. J. Arthroplasty 16, 
575–580. https://doi.org/10.1054/arth.2001.23716 

Manal, K., Buchanan, T.S., 2013. An Electromyogram-Driven Musculoskeletal Model of 
the Knee to Predict in Vivo Joint Contact Forces During Normal and Novel Gait 
Patterns. J. Biomech. Eng. 135, 0210141–0210147. https://doi.org/10.1115/1.4023457 

Manal, K., Buchanan, T.S., 2003. A one-parameter neural activation to muscle 
activation model: estimating isometric joint moments from electromyograms. J. 
Biomech. 36, 1197–1202. https://doi.org/10.1016/S0021-9290(03)00152-0 



 

180  

Manal, K., Gonzalez, R.V., Lloyd, D.G., Buchanan, T.S., 2002. A real-time EMG-driven 
virtual arm. Comput Biol Med 32, 25–36. 

Mantoan, A., Pizzolato, C., Sartori, M., Sawacha, Z., Cobelli, C., Reggiani, M., 2015. 
MOtoNMS: A MATLAB toolbox to process motion data for 
neuromusculoskeletal modeling and simulation. Source Code Biol. Med. 10, 12. 
https://doi.org/10.1186/s13029-015-0044-4 

Maroudas, A., Bayliss, M.T., Uchitel-Kaushansky, N., Schneiderman, R., Gilav, E., 1998. 
Aggrecan Turnover in Human Articular Cartilage: Use of Aspartic Acid 
Racemization as a Marker of Molecular Age. Arch. Biochem. Biophys. 350, 61–71. 
https://doi.org/10.1006/abbi.1997.0492 

Marra, M.A., Vanheule, V., Fluit, R., Koopman, B.H.F.J.M., Rasmussen, J., Verdonschot, 
N., Andersen, M.S., 2015. A Subject-Specific Musculoskeletal Modeling 
Framework to Predict In Vivo Mechanics of Total Knee Arthroplasty. J. 
Biomech. Eng. 137, 020904-020904-12. https://doi.org/10.1115/1.4029258 

McGill, S.M., Norman, R.W., 1986. Partitioning of the L4-L5 dynamic moment into 
disc, ligamentous, and muscular components during lifting. Spine 11, 666–78. 

McNair, P.J., Simmonds, M.A., Boocock, M.G., Larmer, P.J., 2009. Exercise therapy for 
the management of osteoarthritis of the hip joint: a systematic review. Arthritis 
Res. Ther. 11, R98. https://doi.org/10.1186/ar2743 

Meireles, S., De Groote, F., Reeves, N.D., Verschueren, S., Maganaris, C., Luyten, F., 
Jonkers, I., 2016. Knee contact forces are not altered in early knee osteoarthritis. 
Gait Posture 45, 115–120. https://doi.org/10.1016/j.gaitpost.2016.01.016 

Meulenbelt, I., Min, J.L., Bos, S., Riyazi, N., Houwing-Duistermaat, J.J., van der Wijk, 
H.-J., Kroon, H.M., Nakajima, M., Ikegawa, S., Uitterlinden, A.G., Meurs, V., B.j, 
J., Deure, V.D., M, W., Visser, T.J., Seymour, A.B., Lakenberg, N., van der 
Breggen, R., Kremer, D., Duijn, V., M, C., Kloppenburg, M., Loughlin, J., 
Slagboom, P.E., 2008. Identification of DIO2 as a new susceptibility locus for 
symptomatic osteoarthritis. Hum. Mol. Genet. 17, 1867–1875. 
https://doi.org/10.1093/hmg/ddn082 

Milner-Brown, H.S., Stein, R.B., Yemm, R., 1973. Changes in firing rate of human motor 
units during linearly changing voluntary contractions. J. Physiol. 230, 371–390. 

Miyamoto, Y., Shi, D., Nakajima, M., Ozaki, K., Sudo, A., Kotani, A., Uchida, A., 
Tanaka, T., Fukui, N., Tsunoda, T., Takahashi, A., Nakamura, Y., Jiang, Q., 
Ikegawa, S., 2008. Common variants in DVWA on chromosome 3p24.3 are 
associated with susceptibility to knee osteoarthritis. Nat. Genet. 40, 994–998. 
https://doi.org/10.1038/ng.176 

Miyazaki, T., Wada, M., Kawahara, H., Sato, M., Baba, H., Shimada, S., 2002. Dynamic 
load at baseline can predict radiographic disease progression in medial 
compartment knee osteoarthritis. Ann. Rheum. Dis. 61, 617–622. 
https://doi.org/10.1136/ard.61.7.617 



Chapter 7  

181 

 

Modenese, L., Ceseracciu, E., Reggiani, M., Lloyd, D.G., 2016. Estimation of 
musculotendon parameters for scaled and subject specific musculoskeletal 
models using an optimization technique. J. Biomech. 49, 141–148. 
https://doi.org/10.1016/j.jbiomech.2015.11.006 

Modenese, L., Phillips, A.T., Bull, A.M., 2011. An open source lower limb model: Hip 
joint validation. J. Biomech. 44, 2185–93. 
https://doi.org/10.1016/j.jbiomech.2011.06.019 

Mootha, A.K., Saini, R., Dhillon, M.S., Aggarwal, S., Kumar, V., Tripathy, S.K., 2010. 
MRI evaluation of femoral and acetabular anteversion in developmental 
dysplasia of the hip. A study in an early walking age group. Acta Orthop. Belg. 
76, 174–180. 

Mosca, V.S., 1989. Pitfalls in diagnosis: the hip. Pediatr. Ann. 18, 12–14, 16–18, 23. 

Mündermann, A., Dyrby, C.O., Andriacchi, T.P., 2005. Secondary gait changes in 
patients with medial compartment knee osteoarthritis: Increased load at the 
ankle, knee, and hip during walking. Arthritis Rheum. 52, 2835–2844. 
https://doi.org/10.1002/art.21262 

Murphy, N.J., Eyles, J.P., Hunter, D.J., 2016. Hip Osteoarthritis: Etiopathogenesis and 
Implications for Management. Adv. Ther. 33, 1921–1946. 
https://doi.org/10.1007/s12325-016-0409-3 

Murray, W.M., Buchanan, T.S., Delp, S.L., 2002. Scaling of peak moment arms of elbow 
muscles with upper extremity bone dimensions. J. Biomech. 35, 19–26. 
https://doi.org/10.1016/S0021-9290(01)00173-7 

Mushtaq, S., Choudhary, R., Scanzello, C.R., 2011. Non-surgical treatment of 
osteoarthritis-related pain in the elderly. Curr. Rev. Musculoskelet. Med. 4, 113–
122. https://doi.org/10.1007/s12178-011-9084-9 

Neogi, T., Zhang, Y., 2013. Epidemiology of OA. Rheum. Dis. Clin. North Am. 39, 1–19. 
https://doi.org/10.1016/j.rdc.2012.10.004 

Neptune, R.R., Wright, I.C., van den Bogert, A.J., 1999. Muscle coordination and 
function during cutting movements. Med. Sci. Sports Exerc. 31, 294–302. 

Nérot, A., Nicholls, M., 2017. Clinical study on the unloading effect of hip bracing on 
gait in patients with hip osteoarthritis. Prosthet. Orthot. Int. 41, 127–133. 
https://doi.org/10.1177/0309364616640873 

Nevitt, M.C., Cummings, S.R., Lane, N.E., Hochberg, M.C., Scott, J.C., Pressman, A.R., 
Genant, H.K., Cauley, J.A., 1996. Association of Estrogen Replacement Therapy 
With the Risk of Osteoarthritis of the Hip in Elderly White Women. Arch. 
Intern. Med. 156, 2073–2080. 
https://doi.org/10.1001/archinte.1996.00440170081009 

Nüesch, E., Trelle, S., Reichenbach, S., Rutjes, A.W.S., Tschannen, B., Altman, D.G., 
Egger, M., Jüni, P., 2010. Small study effects in meta-analyses of osteoarthritis 



 

182  

trials: meta-epidemiological study. BMJ 341, c3515. 
https://doi.org/10.1136/bmj.c3515 

Nussbaum, M.A., Chaffin, D.B., Rechtien, C.J., 1995. Muscle lines-of-action affect 
predicted forces in optimization-based spine muscle modeling. J. Biomech. 28, 
401–409. https://doi.org/10.1016/0021-9290(94)00078-I 

Oberhofer, K., Mithraratne, K., Stott, N.S., Anderson, I.A., 2009. Anatomically-based 
musculoskeletal modeling: prediction and validation of muscle deformation 
during walking. Vis. Comput. 25, 843–851. https://doi.org/10.1007/s00371-009-
0314-8 

Ogino, D., Kawaji, H., Konttinen, L., Lehto, M., Rantanen, P., Malmivaara, A., 
Konttinen, Y.T., Salo, J., 2008. Total Hip Replacement in Patients Eighty Years 
of Age and Older. J. Bone Jt. Surg.-Am. Vol. 90, 1884–1890. 
https://doi.org/10.2106/JBJS.G.00147 

Oliveria, S.A., Felson, D.T., Cirillo, P.A., Reed, J.I., Walker, A.M., 1999. Body weight, 
body mass index, and incident symptomatic osteoarthritis of the hand, hip, and 
knee. Epidemiology 10, 161–6. 

Olney, S.J., Winter, D.A., 1985. Predictions of knee and ankle moments of force in 
walking from EMG and kinematic data. J. Biomech. 18, 9–20. 
https://doi.org/10.1016/0021-9290(85)90041-7 

Ornetti, P., Laroche, D., Morisset, C., Beis, J.N., Tavernier, C., Maillefert, J.-F., 2011. 
Three-dimensional kinematics of the lower limbs in hip osteoarthritis during 
walking. J. Back Musculoskelet. Rehabil. 24, 201–208. 
https://doi.org/10.3233/BMR-2011-0295 

Padulo, J., Tiloca, A., Powell, D., Granatelli, G., Bianco, A., Paoli, A., 2013. EMG 
amplitude of the biceps femoris during jumping compared to landing 
movements. SpringerPlus 2, 520. https://doi.org/10.1186/2193-1801-2-520 

Pai, Y.-C., Naughton, B., Chang, R., Rogers, M., 1994. Control of body centre of mass 
momentum during sit-to-stand among young and elderly adults. Gait Posture 2, 
109–116. https://doi.org/10.1016/0966-6362(94)90100-7 

Palmoski, M., Perricone, E., Brandt, K.D., 1979. Development and reversal of a 
proteoglycan aggregation defect in normal canine knee cartilage after 
immobilization. Arthritis Rheum. 22, 508–517. 

Park, S., Krebs, D.E., Mann, R.W., 1999. Hip muscle co-contraction: evidence from 
concurrent in vivo pressure measurement and force estimation. Gait Posture 10, 
211–222. https://doi.org/10.1016/S0966-6362(99)00033-8 

Patwari, P., Gaschen, V., James, I.E., Berger, E., Blake, S.M., Lark, M.W., Grodzinsky, 
A.J., Hunziker, E.B., 2004. Ultrastructural quantification of cell death after 
injurious compression of bovine calf articular cartilage. Osteoarthritis Cartilage 
12, 245–252. https://doi.org/10.1016/j.joca.2003.11.004 



Chapter 7  

183 

 

Pedersen, D.R., Brand, R.A., Cheng, C., Arora, J.S., 1987. Direct comparison of muscle 
force predictions using linear and nonlinear programming. J. Biomech. Eng. 109, 
192–200. 

Pereira, D., Peleteiro, B., Araújo, J., Branco, J., Santos, R.A., Ramos, E., 2011. The effect 
of osteoarthritis definition on prevalence and incidence estimates: a systematic 
review. Osteoarthritis Cartilage 19, 1270–1285. 
https://doi.org/10.1016/j.joca.2011.08.009 

Phillips, A.T.M., Villette, C.C., Modenese, L., 2015. Femoral bone mesoscale structural 
architecture prediction using musculoskeletal and finite element modelling. Int. 
Biomech. 2, 43–61. https://doi.org/10.1080/23335432.2015.1017609 

Pierrynowski, M.R., 1995. Analytic Representation of Muscle Line of Action and 
Geometry, in: Three Dimensional Analysis of Human Movement. Human 
Kinetics, Champaign, USA, pp. 215–256. 

Pizzolato, C., Lloyd, D.G., Sartori, M., Ceseracciu, E., Besier, T.F., Fregly, B.J., Reggiani, 
M., 2015. CEINMS: A toolbox to investigate the influence of different neural 
control solutions on the prediction of muscle excitation and joint moments 
during dynamic motor tasks. J. Biomech. 48, 3929–3936. 
https://doi.org/10.1016/j.jbiomech.2015.09.021 

Pizzolato, C., Reggiani, M., Saxby, D.J., Ceseracciu, E., Modenese, L., Lloyd, D.G., 2017. 
Biofeedback for gait retraining based on real-time estimation of tibiofemoral 
joint contact forces. IEEE Trans. Neural Syst. Rehabil. Eng. PP, 1–1. 
https://doi.org/10.1109/TNSRE.2017.2683488 

Pope, D.P., Hunt, I.M., Birrell, F.N., Silman, A.J., Macfarlane, G.J., 2003. Hip pain onset 
in relation to cumulative workplace and leisure time mechanical load: a 
population based case-control study. Ann. Rheum. Dis. 62, 322–326. 
https://doi.org/10.1136/ard.62.4.322 

Prilutsky, B.I., Herzog, W., Allinger, T.L., 1997. Forces of individual cat ankle extensor 
muscles during locomotion predicted using static optimization. J. Biomech. 30, 
1025–1033. https://doi.org/10.1016/S0021-9290(97)00068-7 

Quinn, T.M., Grodzinsky, A.J., Hunziker, E.B., Sandy, J.D., 1998. Effects of injurious 
compression on matrix turnover around individual cells in calf articular 
cartilage explants. J. Orthop. Res. Off. Publ. Orthop. Res. Soc. 16, 490–499. 
https://doi.org/10.1002/jor.1100160415 

Rabenda, V., Manette, C., Lemmens, R., Mariani, A.-M., Struvay, N., Reginster, J.-Y., 
2006. Direct and indirect costs attributable to osteoarthritis in active subjects. J. 
Rheumatol. 33, 1152–1158. 

Radin, E.L., Orr, R.B., Kelman, J.L., Paul, I.L., Rose, R.M., 1982. Effect of prolonged 
walking on concrete on the knees of sheep. J. Biomech. 15, 487–492. 
https://doi.org/10.1016/0021-9290(82)90002-1 



 

184  

Radin, E.L., Paul, I.L., Rose, R.M., 1972. Role of mechanical factors in pathogenesis of 
primary osteoarthritis. Lancet 1, 519–22. 

Radin, E.L., Rose, R.M., 1986. Role of subchondral bone in the initiation and 
progression of cartilage damage. Clin Orthop Relat Res 34–40. 

Raikova, R.T., Prilutsky, B.I., 2001. Sensitivity of predicted muscle forces to parameters 
of the optimization-based human leg model revealed by analytical and 
numerical analyses. J. Biomech. 34, 1243–1255. 

Rajagopal, A., Dembia, C., DeMers, M., Delp, D., Hicks, J., Delp, S., 2016. Full body 
musculoskeletal model for muscle-driven simulation of human gait. IEEE Trans. 
Biomed. Eng. PP, 1–1. https://doi.org/10.1109/TBME.2016.2586891 

Rasch, A., Byström, A.H., Dalen, N., Berg, H.E., 2007. Reduced muscle radiological 
density, cross-sectional area, and strength of major hip and knee muscles in 22 
patients with hip osteoarthritis. Acta Orthop. 78, 505–510. 
https://doi.org/10.1080/17453670710014158 

Raynauld, J.-P., Buckland-Wright, C., Ward, R., Choquette, D., Haraoui, B., Martel-
Pelletier, J., Uthman, I., Khy, V., Tremblay, J.-L., Bertrand, C., Pelletier, J.-P., 
2003. Safety and efficacy of long-term intraarticular steroid injections in 
osteoarthritis of the knee: A randomized, double-blind, placebo-controlled trial. 
Arthritis Rheum. 48, 370–377. https://doi.org/10.1002/art.10777 

Raynauld, J.-P., Martel-Pelletier, J., Berthiaume, M.-J., Beaudoin, G., Choquette, D., 
Haraoui, B., Tannenbaum, H., Meyer, J.M., Beary, J.F., Cline, G.A., Pelletier, J.-
P., 2006. Long term evaluation of disease progression through the quantitative 
magnetic resonance imaging of symptomatic knee osteoarthritis patients: 
correlation with clinical symptoms and radiographic changes. Arthritis Res. 
Ther. 8, R21. https://doi.org/10.1186/ar1875 

Redl, C., Gfoehler, M., Pandy, M.G., 2007. Sensitivity of muscle force estimates to 
variations in muscle–tendon properties. Hum. Mov. Sci. 26, 306–319. 
https://doi.org/10.1016/j.humov.2007.01.008 

Reijman, M., Hazes, J.M.W., Pols, H. a. P., Koes, B.W., Bierma-Zeinstra, S.M.A., 2005. 
Acetabular dysplasia predicts incident osteoarthritis of the hip: The Rotterdam 
study. Arthritis Rheum. 52, 787–793. https://doi.org/10.1002/art.20886 

Reinbolt, J.A., Seth, A., Delp, S.L., 2011. Simulation of human movement: applications 
using OpenSim. Procedia IUTAM 2, 186–198. 
https://doi.org/10.1016/j.piutam.2011.04.019 

Richards, C., Higginson, J.S., 2010. Knee Contact Force in Subjects with Symmetrical 
OA Grades: Differences between OA Severities. J. Biomech. 43, 2595–2600. 
https://doi.org/10.1016/j.jbiomech.2010.05.006 

Robertson, D.G.E., Dowling, J.J., 2003. Design and responses of Butterworth and 
critically damped digital filters. J. Electromyogr. Kinesiol. Off. J. Int. Soc. 
Electrophysiol. Kinesiol. 13, 569–573. 



Chapter 7  

185 

 

Rudolph, K.S., Schmitt, L.C., Lewek, M.D., 2007. Age-Related Changes in Strength, 
Joint Laxity, and Walking Patterns: Are They Related to Knee Osteoarthritis? 
Phys. Ther. 87, 1422–1432. https://doi.org/10.2522/ptj.20060137 

Rutherford, D.J., Hubley-Kozey, C.L., Stanish, W.D., Dunbar, M.J., 2011. Neuromuscular 
alterations exist with knee osteoarthritis presence and severity despite walking 
velocity similarities. Clin. Biomech. 26, 377–383. 
https://doi.org/10.1016/j.clinbiomech.2010.11.018 

Rutherford, D.J., Moreside, J., Wong, I., 2015. Hip joint motion and gluteal muscle 
activation differences between healthy controls and those with varying degrees 
of hip osteoarthritis during walking. J. Electromyogr. Kinesiol. 25, 944–950. 
https://doi.org/10.1016/j.jelekin.2015.10.010 

Rydell, N., 1966. Intravital Measurements of Forces Acting on the Hip-Joint, in: Evans, 
F.G. (Ed.), Studies on the Anatomy and Function of Bone and Joints. Springer 
Berlin Heidelberg, pp. 52–68. https://doi.org/10.1007/978-3-642-99909-3_4 

Rydell, N.W., 1966. Forces Acting on the Femoral Head-Prosthesis: A Study on Strain 
Gauge Supplied Prostheses in Living Persons. Acta Orthop. Scand. 37, 1–132. 
https://doi.org/10.3109/ort.1966.37.suppl-88.01 

Rydell, N.W., 1965. Forces in the hip-joint: Part (ii) intravital measurements, in: 
Proceedings of a Symposium on Biomechanics and Related Bio-Engineering 
Topics. Pergamon Press, Oxford, pp. 351–357. 

Sah, R.L.-Y., Kim, Y.-J., Doong, J.-Y.H., Grodzinsky, A.J., Plass, A.H.K., Sandy, J.D., 1989. 
Biosynthetic response of cartilage explants to dynamic compression. J. Orthop. 
Res. 7, 619–636. https://doi.org/10.1002/jor.1100070502 

Salaffi, F., Cavalieri, F., Nolli, M., Ferraccioli, G., 1991. Analysis of disability in knee 
osteoarthritis. Relationship with age and psychological variables but not with 
radiographic score. J. Rheumatol. 18, 1581–1586. 

Salvador, S., Chan, P., 2005. Learning States and Rules for Detecting Anomalies in 
Time Series. Appl. Intell. 23, 241–255. https://doi.org/10.1007/s10489-005-4610-3 

Sanchez-Adams, J., Leddy, H.A., McNulty, A.L., O’Conor, C.J., Guilak, F., 2014. The 
Mechanobiology of Articular Cartilage: Bearing the Burden of Osteoarthritis. 
Curr. Rheumatol. Rep. 16, 451. https://doi.org/10.1007/s11926-014-0451-6 

Sartori, M., Farina, D., Lloyd, D., 2013a. Hybrid Neuromusculoskeletal Modeling, in: 
Converging Clinical and Engineering Research on Neurorehabilitation, 
Biosystems & Biorobotics. Springer Berlin Heidelberg, pp. 427–430. 

Sartori, M., Farina, D., Lloyd, D.G., 2014. Hybrid neuromusculoskeletal modeling to 
best track joint moments using a balance between muscle excitations derived 
from electromyograms and optimization. J. Biomech. 47, 3613–3621. 
https://doi.org/10.1016/j.jbiomech.2014.10.009 



 

186  

Sartori, M., Gizzi, L., Lloyd, D.G., Farina, D., 2013b. A musculoskeletal model of human 
locomotion driven by a low dimensional set of impulsive excitation primitives. 
Front. Comput. Neurosci. 7, 79. https://doi.org/10.3389/fncom.2013.00079 

Sartori, M., Reggiani, M., Farina, D., Lloyd, D.G., 2012. EMG-Driven Forward-Dynamic 
Estimation of Muscle Force and Joint Moment about Multiple Degrees of 
Freedom in the Human Lower Extremity. PLoS ONE 7, e52618. 
https://doi.org/10.1371/journal.pone.0052618 

Sartori, M., Reggiani, M., Lloyd, D.G., Pagello, E., 2011. A neuromusculoskeletal model 
of the human lower limb: towards EMG-driven actuation of multiple joints in 
powered orthoses. IEEE Int. Conf. Rehabil. Robot. Proc. 2011, 5975441. 
https://doi.org/10.1109/ICORR.2011.5975441 

Saxby, D.J., Bryant, A.L., Gerus, P., Vertullo, C., Wang, X., Modenese, L., Konrath, J., 
Fortin, K., Feller, J.A., Whitehead, T., Gallie, P., Wrigley, T.V., Bennell, K.L., 
Cicuttini, F.M., Lloyd, D.G., 2017. Relationships between Tibiofemoral Contact 
Forces and Cartilage Morphology at 2-3 Years following Single-Bundle 
Hamstring Anterior Cruciate Ligament Reconstruction and in Healthy Knees. 
Orthop. J. Sports Med. In Press. 

Saxby, D.J., Bryant, A.L., Modenese, L., Gerus, P., Killen, B.A., Konrath, J., Fortin, K., 
Wrigley, T.V., Bennell, K.L., Cicuttini, F.M., Vertullo, C., Feller, J.A., Whitehead, 
T., Gallie, P., Lloyd, D.G., 2016a. Tibiofemoral Contact Forces in the Anterior 
Cruciate Ligament–Reconstructed Knee. Med. Sci. Sports Exerc. 48, 2195–2206. 
https://doi.org/10.1249/MSS.0000000000001021 

Saxby, D.J., Lloyd, D.G., 2017. Osteoarthritis year in review 2016: mechanics. 
Osteoarthritis Cartilage 25, 190–198. https://doi.org/10.1016/j.joca.2016.09.023 

Saxby, D.J., Modenese, L., Bryant, A.L., Gerus, P., Killen, B., Fortin, K., Wrigley, T.V., 
Bennell, K.L., Cicuttini, F.M., Lloyd, D.G., 2016b. Tibiofemoral contact forces 
during walking, running and sidestepping. Gait Posture 49, 78–85. 
https://doi.org/10.1016/j.gaitpost.2016.06.014 

Scheys, L., Desloovere, K., Spaepen, A., Suetens, P., Jonkers, I., 2011a. Calculating gait 
kinematics using MR-based kinematic models. Gait Posture 33, 158–164. 
https://doi.org/10.1016/j.gaitpost.2010.11.003 

Scheys, L., Desloovere, K., Suetens, P., Jonkers, I., 2011b. Level of subject-specific detail 
in musculoskeletal models affects hip moment arm length calculation during 
gait in pediatric subjects with increased femoral anteversion. J. Biomech. 44, 
1346–1353. https://doi.org/10.1016/j.jbiomech.2011.01.001 

Scheys, L., Loeckx, D., Spaepen, A., Suetens, P., Jonkers, I., 2009. Atlas-based non-rigid 
image registration to automatically define line-of-action muscle models: A 
validation study. J. Biomech. 42, 565–572. 
https://doi.org/10.1016/j.jbiomech.2008.12.014 

Scheys, L., Van Campenhout, A., Spaepen, A., Suetens, P., Jonkers, I., 2008. 
Personalized MR-based musculoskeletal models compared to rescaled generic 
models in the presence of increased femoral anteversion: Effect on hip moment 



Chapter 7  

187 

 

arm lengths. Gait Posture 28, 358–365. 
https://doi.org/10.1016/j.gaitpost.2008.05.002 

Schofield, D.J., Shrestha, R.N., Percival, R., Passey, M.E., Callander, E.J., Kelly, S.J., 2013. 
The personal and national costs of lost labour force participation due to 
arthritis: an economic study. BMC Public Health 13, 188. 
https://doi.org/10.1186/1471-2458-13-188 

Schwartz, B.E., Piponov, H.I., Helder, C.W., Mayers, W.F., Gonzalez, M.H., 2016. 
Revision total hip arthroplasty in the United States: national trends and in-
hospital outcomes. Int. Orthop. 40, 1793–1802. https://doi.org/10.1007/s00264-
016-3121-7 

Scovil, C.Y., Ronsky, J.L., 2006. Sensitivity of a Hill-based muscle model to 
perturbations in model parameters. J. Biomech. 39, 2055–2063. 
https://doi.org/10.1016/j.jbiomech.2005.06.005 

Seedhom, B.B., 2006. Conditioning of cartilage during normal activities is an important 
factor in the development of osteoarthritis. Rheumatology 45, 146–149. 
https://doi.org/10.1093/rheumatology/kei197 

Seireg, A., Arvikar, R.J., 1975. The prediction of muscular load sharing and joint forces 
in the lower extremities during walking. J. Biomech. 8, 89–102. 
https://doi.org/10.1016/0021-9290(75)90089-5 

Sellam, J., Berenbaum, F., 2010. The role of synovitis in pathophysiology and clinical 
symptoms of osteoarthritis. Nat. Rev. Rheumatol. 6, 625–635. 
https://doi.org/10.1038/nrrheum.2010.159 

Semciw, A.I., Green, R.A., Pizzari, T., Briggs, C., 2013. Verification of a standardized 
method for inserting intramuscular EMG electrodes into uniquely oriented 
segments of gluteus minimus and gluteus medius. Clin. Anat. 26, 244–252. 
https://doi.org/10.1002/ca.22055 

Serrancolí, G., Kinney, A.L., Fregly, B.J., Font-Llagunes, J.M., 2016. 
Neuromusculoskeletal Model Calibration Significantly Affects Predicted Knee 
Contact Forces for Walking. J. Biomech. Eng. 138, 081001–081001. 
https://doi.org/10.1115/1.4033673 

Sharma, L., Hurwitz, D.E., Thonar, E.J.-M.A., Sum, J.A., Lenz, M.E., Dunlop, D.D., 
Schnitzer, T.J., Kirwan-Mellis, G., Andriacchi, T.P., 1998. Knee adduction 
moment, serum hyaluronan level, and disease severity in medial tibiofemoral 
osteoarthritis. Arthritis Rheum. 41, 1233–1240. https://doi.org/10.1002/1529-
0131(199807)41:7<1233::AID-ART14>3.0.CO;2-L 

Sharma, L., Song, J., Felson, D.T., Cahue, S., Shamiyeh, E., Dunlop, D.D., 2001. The role 
of knee alignment in disease progression and functional decline in knee 
osteoarthritis. J. Am. Med. Assoc. 286, 188–95. 



 

188  

Shen, H., Sprott, H., Aeschlimann, A., Gay, R.E., Michel, B.A., Gay, S., Sprott, H., 2006. 
Analgesic action of acetaminophen in symptomatic osteoarthritis of the knee. 
Rheumatology 45, 765–770. https://doi.org/10.1093/rheumatology/kei253 

Sherman, M.A., Seth, A., Delp, S.L., 2013. What is a Moment Arm? Calculating Muscle 
Effectiveness in Biomechanical Models Using Generalized Coordinates. Proc. 
ASME Des. Eng. Tech. Conf. ASME Des. Eng. Tech. Conf. 2013. 
https://doi.org/10.1115/DETC2013-13633 

Shih, C.-H., Du, Y.-K., Lin, Y.-H., Wu, C.-C., 1994. Muscular recovery around the hip 
joint after total hip arthroplasty. Clin. Orthop. 302, 115–120. 

Shim, V.B., Fernandez, J.W., Gamage, P.B., Regnery, C., Smith, D.W., Gardiner, B.S., 
Lloyd, D.G., Besier, T.F., 2014. Subject-specific finite element analysis to 
characterize the influence of geometry and material properties in Achilles 
tendon rupture. J. Biomech. 47, 3598–3604. 
https://doi.org/10.1016/j.jbiomech.2014.10.001 

Shull, P.B., Shultz, R., Silder, A., Dragoo, J.L., Besier, T.F., Cutkosky, M.R., Delp, S.L., 
2013. Toe-in gait reduces the first peak knee adduction moment in patients with 
medial compartment knee osteoarthritis. J. Biomech. 46, 122–128. 
https://doi.org/10.1016/j.jbiomech.2012.10.019 

Silverstein, F.E., Faich, G., Goldstein, J.L., Simon, L.S., Pincus, T., Whelton, A., Makuch, 
R., Eisen, G., Agrawal, N.M., Stenson, W.F., Burr, A.M., Zhao, W.W., Kent, J.D., 
Lefkowith, J.B., Verburg, K.M., Geis, G.S., 2000. Gastrointestinal toxicity with 
celecoxib vs nonsteroidal anti-inflammatory drugs for osteoarthritis and 
rheumatoid arthritis: the CLASS study: A randomized controlled trial. Celecoxib 
Long-term Arthritis Safety Study. JAMA 284, 1247–1255. 
https://doi.org/10.1001/jama.284.10.1247 

Sims, K., Richardson, C., Brauer, S., 2002. Investigation of hip abductor activation in 
subjects with clinical unilateral hip osteoarthritis. Ann. Rheum. Dis. 61, 687–
692. https://doi.org/10.1136/ard.61.8.687 

Siopack, J.S., Jergesen, H.E., 1995. Total hip arthroplasty. West. J. Med. 162, 243–249. 

Spector, T.D., Cicuttini, F., Baker, J., Loughlin, J., Hart, D., 1996. Genetic influences on 
osteoarthritis in women: a twin study. BMJ 312, 940–943. 
https://doi.org/10.1136/bmj.312.7036.940 

Spector, T.D., MacGregor, A.J., 2004. Risk factors for osteoarthritis: genetics. 
Osteoarthritis Cartilage 12, 39–44. https://doi.org/10.1016/j.joca.2003.09.005 

Srikanth, V.K., Fryer, J.L., Zhai, G., Winzenberg, T.M., Hosmer, D., Jones, G., 2005. A 
meta-analysis of sex differences prevalence, incidence and severity of 
osteoarthritis. Osteoarthritis Cartilage 13, 769–781. 
https://doi.org/10.1016/j.joca.2005.04.014 

Stansfield, B.W., Nicol, A.C., Paul, J.P., Kelly, I.G., Graichen, F., Bergmann, G., 2003. 
Direct comparison of calculated hip joint contact forces with those measured 
using instrumented implants. An evaluation of a three-dimensional 



Chapter 7  

189 

 

mathematical model of the lower limb. J. Biomech. 36, 929–936. 
https://doi.org/10.1016/S0021-9290(03)00072-1 

Steele, K.M., DeMers, M.S., Schwartz, M.H., Delp, S.L., 2012. Compressive tibiofemoral 
force during crouch gait. Gait Posture 35, 556–560. 
https://doi.org/10.1016/j.gaitpost.2011.11.023 

Stener-Victorin, E., Kruse-Smidje, C., Jung, K., 2004. Comparison Between Electro-
Acupuncture and Hydrotherapy, Both in Combination With Patient Education 
and Patient Education Alone, on the Symptomatic Treatment of Osteoarthritis 
of the Hip. J. Pain May 20, 179–185. 

Suetta, C., Aagaard, P., Magnusson, S.P., Andersen, L.L., Sipilä, S., Rosted, A., Jakobsen, 
A.K., Duus, B., Kjaer, M., 2007. Muscle size, neuromuscular activation, and 
rapid force characteristics in elderly men and women: effects of unilateral long-
term disuse due to hip-osteoarthritis. J. Appl. Physiol. 102, 942–948. 
https://doi.org/10.1152/japplphysiol.00067.2006 

Sugano, N., Noble, P.C., Kamaric, E., 1998. A Comparison of Alternative Methods of 
Measuring Femoral Anteversion. J. Comput. Assist. Tomogr. 22, 610–614. 
https://doi.org/10.1097/00004728-199807000-00019 

Suydam, S.M., Manal, K., Buchanan, T.S., 2017. The Advantages of Normalizing 
Electromyography to Ballistic Rather than Isometric or Isokinetic Tasks. J. Appl. 
Biomech. 33, 189–196. https://doi.org/10.1123/jab.2016-0146 

Sylvester, K.L., 1990. Investigation of the effect of hydrotherapy in the treatment of 
osteoarthritic hips. Clin. Rehabil. 4, 223–228. 
https://doi.org/10.1177/026921559000400307 

Tak, E., Staats, P., Hespen, A.V., Hopman-Rock, M., 2005. The effects of an exercise 
program for older adults with osteoarthritis of the hip. J. Rheumatol. 32, 1106–
1113. 

Tax, A.A.M., Denier van der Gon, J.J., Erkelens, C.J., 1990. Differences in coordination 
of elbow flexor muscles in force tasks and in movement tasks. Exp. Brain Res. 81, 
567–572. https://doi.org/10.1007/BF02423505 

Terjesen, T., Benum, P., Anda, S., Svenningsen, S., 1982. Increased Femoral Anteversion 
and Osteoarthritis of the Hip Joint. Acta Orthop. 53, 571–575. 
https://doi.org/10.3109/17453678208992260 

Thelen, D.G., 2003. Adjustment of muscle mechanics model parameters to simulate 
dynamic contractions in older adults. J. Biomech. Eng. 125, 70–77. 

Thelen, D.G., Schultz, A.B., Fassois, S.D., Ashton-Miller, J.A., 1994. Identification of 
dynamic myoelectric signal-to-force models during isometric lumbar muscle 
contractions. J. Biomech. 27, 907–919. https://doi.org/10.1016/0021-
9290(94)90263-1 



 

190  

Thorp, L.E., Sumner, D.R., Block, J.A., Moisio, K.C., Shott, S., Wimmer, M.A., 2006. 
Knee joint loading differs in individuals with mild compared with moderate 
medial knee osteoarthritis. Arthritis Rheum. 54, 3842–3849. 
https://doi.org/10.1002/art.22247 

Toivanen, A.T., Heliövaara, M., Impivaara, O., Arokoski, J.P.A., Knekt, P., Lauren, H., 
Kröger, H., 2010. Obesity, physically demanding work and traumatic knee injury 
are major risk factors for knee osteoarthritis—a population-based study with a 
follow-up of 22 years. Rheumatology 49, 308–314. 
https://doi.org/10.1093/rheumatology/kep388 

Torzilli, P.A., Grigiene, R., Borrelli, J., Helfet, D.L., 1999. Effect of impact load on 
articular cartilage: cell metabolism and viability, and matrix water content. J. 
Biomech. Eng. 121, 433–441. 

Towheed, T., Maxwell, L., Anastassiades, T.P., Shea, B., Houpt, J., Welch, V., Hochberg, 
M.C., Wells, G.A., 2005. Glucosamine therapy for treating osteoarthritis. 
Cochrane Database Syst. Rev. https://doi.org/10.1002/14651858.CD002946.pub2 

Trzaskoma, Ł., Tihanyi, J., Trzaskoma, Z., 2010. Potential loss of muscle function 
during dynamic actions caused by significantly decreased muscle strength in 
older women with hip osteoarthritis. Acta Physiol. Hung. 97, 375–384. 
https://doi.org/10.1556/APhysiol.97.2010.4.3 

Valente, G., Pitto, L., Testi, D., Seth, A., Delp, S.L., Stagni, R., Viceconti, M., Taddei, F., 
2014. Are Subject-Specific Musculoskeletal Models Robust to the Uncertainties 
in Parameter Identification? PLoS ONE 9, e112625. 
https://doi.org/10.1371/journal.pone.0112625 

Valente, G., Taddei, F., Jonkers, I., 2013. Influence of weak hip abductor muscles on 
joint contact forces during normal walking: probabilistic modeling analysis. J. 
Biomech. 46, 2186–2193. https://doi.org/10.1016/j.jbiomech.2013.06.030 

van den Bogert, A.J., Read, L., Nigg, B.M., 1999. An analysis of hip joint loading during 
walking, running, and skiing. Med Sci Sports Exerc 31, 131–42. 

van Dijk, G.M., Veenhof, C., Lankhorst, G.J., Dekker, J., 2009. Limitations in activities 
in patients with osteoarthritis of the hip or knee: The relationship with body 
functions, comorbidity and cognitive functioning. Disabil. Rehabil. 31, 1685–1691. 
https://doi.org/10.1080/09638280902736809 

van Dijk, G.M., Veenhof, C., Schellevis, F., Hulsmans, H., Bakker, J.P., Arwert, H., 
Dekker, J.H., Lankhorst, G.J., Dekker, J., 2008. Comorbidity, limitations in 
activities and pain in patients with osteoarthritis of the hip or knee. BMC 
Musculoskelet. Disord. 9, 95. https://doi.org/10.1186/1471-2474-9-95 

van Saase, J.L., van Romunde, L.K., Cats, A., Vandenbroucke, J.P., Valkenburg, H.A., 
1989. Epidemiology of osteoarthritis: Zoetermeer survey. Comparison of 
radiological osteoarthritis in a Dutch population with that in 10 other 
populations. Ann. Rheum. Dis. 48, 271–280. 



Chapter 7  

191 

 

Vanwanseele, B., Eckstein, F., Knecht, H., Spaepen, A., Stüssi, E., 2003. Longitudinal 
analysis of cartilage atrophy in the knees of patients with spinal cord injury. 
Arthritis Rheum. 48, 3377–3381. https://doi.org/10.1002/art.11367 

Vanwanseele, B., Eckstein, F., Knecht, H., Stüssi, E., Spaepen, A., 2002. Knee cartilage 
of spinal cord-injured patients displays progressive thinning in the absence of 
normal joint loading and movement. Arthritis Rheum. 46, 2073–2078. 
https://doi.org/10.1002/art.10462 

Vlad, S.C., LaValley, M.P., McAlindon, T.E., Felson, D.T., 2007. Glucosamine for pain in 
osteoarthritis: Why do trial results differ? Arthritis Rheum. 56, 2267–2277. 
https://doi.org/10.1002/art.22728 

Wang, M., Shen, J., Jin, H., Im, H.J., Sandy, J., Chen, D., 2011. Recent progress in 
understanding molecular mechanisms of cartilage degeneration during 
osteoarthritis. Ann N Acad Sci 1240, 61–9. https://doi.org/10.1111/j.1749-
6632.2011.06258.x 

Wang, Q., Rozelle, A.L., Lepus, C.M., Scanzello, C.R., Song, J.J., Larsen, D.M., Crish, 
J.F., Bebek, G., Ritter, S.Y., Lindstrom, T.M., Hwang, I., Wong, H.H., Punzi, L., 
Encarnacion, A., Shamloo, M., Goodman, S.B., Wyss-Coray, T., Goldring, S.R., 
Banda, N.K., Thurman, J.M., Gobezie, R., Crow, M.K., Holers, V.M., Lee, D.M., 
Robinson, W.H., 2011. Identification of a central role for complement in 
osteoarthritis. Nat. Med. 17, 1674–1679. https://doi.org/10.1038/nm.2543 

Wang, T., Lin, Z., Ni, M., Thien, C., Day, R.E., Gardiner, B., Rubenson, J., Kirk, T.B., 
Smith, D.W., Wang, A., Lloyd, D.G., Wang, Y., Zheng, Q., Zheng, M.H., 2015. 
Cyclic mechanical stimulation rescues achilles tendon from degeneration in a 
bioreactor system. J. Orthop. Res. 33, 1888–1896. 
https://doi.org/10.1002/jor.22960 

Wang, Y., Wluka, A.E., Berry, P.A., Siew, T., Teichtahl, A.J., Urquhart, D.M., Lloyd, 
D.G., Jones, G., Cicuttini, F.M., 2012. Increase in vastus medialis cross-sectional 
area is associated with reduced pain, cartilage loss, and joint replacement risk in 
knee osteoarthritis. Arthritis Rheum. 64, 3917–3925. 
https://doi.org/10.1002/art.34681 

Watelain, E., Dujardin, F., Babier, F., Dubois, D., Allard, P., 2001. Pelvic and lower limb 
compensatory actions of subjects in an early stage of hip osteoarthritis. Arch. 
Phys. Med. Rehabil. 82, 1705–1711. https://doi.org/10.1053/apmr.2001.26812 

Weinhandl, J.T., Irmischer, B.S., Sievert, Z.A., 2017. Effects of Gait Speed of 
Femoroacetabular Joint Forces. Appl. Bionics Biomech. 2017, 1–7. 
https://doi.org/10.1155/2017/6432969 

Wellsandt, E., Gardinier, E.S., Manal, K., Axe, M.J., Buchanan, T.S., Snyder-Mackler, L., 
2016. Decreased Knee Joint Loading Associated With Early Knee Osteoarthritis 
After Anterior Cruciate Ligament Injury. Am. J. Sports Med. 44, 143–151. 
https://doi.org/10.1177/0363546515608475 



 

192  

Wesseling, M., de Groote, F., Meyer, C., Corten, K., Simon, J.-P., Desloovere, K., 
Jonkers, I., 2015a. Gait alterations to effectively reduce hip contact forces. J. 
Orthop. Res. 33, 1094–1102. https://doi.org/10.1002/jor.22852 

Wesseling, M., Derikx, L.C., de Groote, F., Bartels, W., Meyer, C., Verdonschot, N., 
Jonkers, I., 2015b. Muscle optimization techniques impact the magnitude of 
calculated hip joint contact forces. J. Orthop. Res. 33, 430–438. 
https://doi.org/10.1002/jor.22769 

Wesseling, M., Groote, F.D., Bosmans, L., Bartels, W., Meyer, C., Desloovere, K., 
Jonkers, I., 2016a. Subject-specific geometrical detail rather than cost function 
formulation affects hip loading calculation. Comput. Methods Biomech. 
Biomed. Engin. 0, 1–14. https://doi.org/10.1080/10255842.2016.1154547 

Wesseling, M., Groote, F.D., Meyer, C., Corten, K., Simon, J.-P., Desloovere, K., 
Jonkers, I., 2016b. Subject-specific musculoskeletal modelling in patients before 
and after total hip arthroplasty. Comput. Methods Biomech. Biomed. Engin. 0, 
1–9. https://doi.org/10.1080/10255842.2016.1181174 

Williams, T.G., Vincent, G., Bowes, M., Cootes, T., Balamoody, S., Hutchinson, C., 
Waterton, J.C., Taylor, C.J., 2010. Automatic segmentation of bones and inter-
image anatomical correspondence by volumetric statistical modelling of knee 
MRI, in: 2010 IEEE International Symposium on Biomedical Imaging: From 
Nano to Macro. Presented at the 2010 IEEE International Symposium on 
Biomedical Imaging: From Nano to Macro, pp. 432–435. 
https://doi.org/10.1109/ISBI.2010.5490316 

Winby, C.R., Gerus, P., Kirk, T.B., Lloyd, D.G., 2013. Correlation between EMG-based 
co-activation measures and medial and lateral compartment loads of the knee 
during gait. Clin. Biomech. 28, 1014–1019. 
https://doi.org/10.1016/j.clinbiomech.2013.09.006 

Winby, C.R., Lloyd, D.G., Besier, T.F., Kirk, T.B., 2009. Muscle and external load 
contribution to knee joint contact loads during normal gait. J Biomech 42, 
2294–300. https://doi.org/10.1016/j.jbiomech.2009.06.019 

Winter, D.A., 2005. Biomechanics and motor control of the human movement, 3rd ed. 
John Wiley & Sons, Waterloo, Ontario, Canada. 

Winter, D.A., Sidwall, H.G., Hobson, D.A., 1974. Measurement and reduction of noise 
in kinematics of locomotion. J. Biomech. 7, 157–159. https://doi.org/10.1016/0021-
9290(74)90056-6 

Wolford, M., Palso, K., Bercovitz, A., 2015. Hospitalization for total hip replacement 
among inpatients aged 45 and over: United States, 2000–2010 (No. no 186), 
NCHS data brief. National Center for Health Statistics, Hyattsville, MD. 

Wong, M., Siegrist, M., Cao, X., 1999. Cyclic compression of articular cartilage explants 
is associated with progressive consolidation and altered expression pattern of 
extracellular matrix proteins. Matrix Biol. 18, 391–399. 
https://doi.org/10.1016/S0945-053X(99)00029-3 



Chapter 7  

193 

 

Wu, D.D., Burr, D.B., Boyd, R.D., Radin, E.L., 1990. Bone and cartilage changes 
following experimental varus or valgus tibial angulation. J. Orthop. Res. Off. 
Publ. Orthop. Res. Soc. 8, 572–585. https://doi.org/10.1002/jor.1100080414 

Xiao, M., Higginson, J., 2010. Sensitivity of estimated muscle force in forward 
simulation of normal walking. J. Appl. Biomech. 26, 142–149. 

Yamaguchi, G.T., 2005. Dynamic Modeling of Musculoskeletal Motion: A Vectorized 
Approach for Biomechanical Analysis in Three Dimensions, Illustrated. ed. 
Kluwer Academic Publishers, Dordrecht. 

Yamaguchi, G.T., Zajac, F.E., 1989. A planar model of the knee joint to characterize the 
knee extensor mechanism. J. Biomech. 22, 1–10. 

Young, C.C., Rose, S.E., Biden, E.N., Wyatt, M.P., Sutherland, D.H., 1989. The effect of 
surface and internal electrodes on the gait of children with cerebral palsy, 
spastic diplegic type. J. Orthop. Res. Off. Publ. Orthop. Res. Soc. 7, 732–737. 
https://doi.org/10.1002/jor.1100070515 

Zajac, F.E., 1989. Muscle and tendon: properties, models, scaling, and application to 
biomechanics and motor control. Crit. Rev. Biomed. Eng. 17, 359–411. 

Zeng, W.-N., Wang, F.-Y., Chen, C., Zhang, Y., Gong, X.-Y., Zhou, K., Chen, Z., Wang, 
D., Zhou, Z.-K., Yang, L., 2016. Investigation of association between hip 
morphology and prevalence of osteoarthritis. Sci. Rep. 6, srep23477. 
https://doi.org/10.1038/srep23477 

Zeni, J.A., Rudolph, K., Higginson, J.S., 2010. Alterations in quadriceps and hamstrings 
coordination in persons with medial compartment knee osteoarthritis. J. 
Electromyogr. Kinesiol. 20, 148–154. https://doi.org/10.1016/j.jelekin.2008.12.003 

Zhang, C., Li, L., Forster, B.B., Kopec, J.A., Ratzlaff, C., Halai, L., Cibere, J., Esdaile, J.M., 
2015. Femoroacetabular impingement and osteoarthritis of the hip. Can. Fam. 
Physician 61, 1055–1060. 

Zhang, J., Malcolm, D., Hislop-Jambrich, J., Thomas, C.D.L., Nielsen, P.M.F., 2014a. An 
anatomical region-based statistical shape model of the human femur. Comput. 
Methods Biomech. Biomed. Eng. Imaging Vis. 2, 176–185. 
https://doi.org/10.1080/21681163.2013.878668 

Zhang, J., Sorby, H., Clement, J., Thomas, C.D.L., Hunter, P., Nielsen, P., Lloyd, D., 
Taylor, M., Besier, T., 2014b. The MAP Client: User-Friendly Musculoskeletal 
Modelling Workflows, in: Bello, F., Cotin, S. (Eds.), Biomedical Simulation, 
Lecture Notes in Computer Science. Springer International Publishing, pp. 182–
192. https://doi.org/10.1007/978-3-319-12057-7_21 

Zhang, W., Moskowitz, R.W., Nuki, G., Abramson, S., Altman, R.D., Arden, N., Bierma-
Zeinstra, S., Brandt, K.D., Croft, P., Doherty, M., Dougados, M., Hochberg, M., 
Hunter, D.J., Kwoh, K., Lohmander, L.S., Tugwell, P., 2008. OARSI 
recommendations for the management of hip and knee osteoarthritis, Part II: 



 

194  

OARSI evidence-based, expert consensus guidelines. Osteoarthritis Cartilage 16, 
137–162. https://doi.org/10.1016/j.joca.2007.12.013 

Zhang, W., Nuki, G., Moskowitz, R.W., Abramson, S., Altman, R.D., Arden, N.K., 
Bierma-Zeinstra, S., Brandt, K.D., Croft, P., Doherty, M., Dougados, M., 
Hochberg, M., Hunter, D.J., Kwoh, K., Lohmander, L.S., Tugwell, P., 2010. 
OARSI recommendations for the management of hip and knee osteoarthritis: 
Part III: changes in evidence following systematic cumulative update of research 
published through January 2009. Osteoarthritis Cartilage 18, 476–499. 
https://doi.org/10.1016/j.joca.2010.01.013 

Zhang, Y., Neogi, T., Hunter, D., Roemer, F., Niu, J., 2014. What Effect Is Really Being 
Measured? An Alternative Explanation of Paradoxical Phenomena in Studies of 
Osteoarthritis Progression. Arthritis Care Res. 66, 658–661. 
https://doi.org/10.1002/acr.22213 

 

 

 



Chapter 0  

195 

 

APPENDIX 
  



 

196  

ACCURACY AND RELIABILITY OF MARKER 
BASED APPROACHES TO SCALE THE PELVIS, 
THIGH AND SHANK SEGMENTS IN 
MUSCULOSKELETAL MODELS 
 

Acknowledgement of co-authorship:  
 
This chapter is a co-authored paper that has been reformatted for this thesis. The 
bibliographic details /status of the co-authored paper, including all authors, are: 
 
*Kainz, H, *Hoang, H.X., Stockton, C., Boyd, R.R., Lloyd, D.G., Carty, C.P., “Accuracy 
and reliability of marker based approaches to scale the pelvis, thigh and shank 
segments in musculoskeletal models” Journal of Applied Biomechanics, Accepted, In 
Press. 
 
 *Shared First Author 
 
I have made a substantial and principal contribution in the conception and design of 
this study, software development, analysis and interpretation of the research data, and 
the drafting and critical revising of the final manuscript. 

 

 

(Signed)______________________________________ 15th August 2017:  
Student/ Author: Hoa Hoang 
 
 
 
(Countersigned)_______ _______ 15th August 2017 

Corresponding Author: Hans Kainz 

 
(Countersigned)_______________________________ 15th August 2017 
Principle Supervisor: David Lloyd 
  



Chapter 0  

197 

 

A.1 Abstract 

Gait analysis together with musculoskeletal modelling is widely used for research. In 

the absence of medical images, surface marker locations are used to scale a generic 

model to the individual’s anthropometry. Studies evaluating the accuracy and 

reliability of different scaling approaches in a paediatric and/or clinical population 

have not yet been conducted and, therefore, formed the aim of this study. Magnetic 

resonance images (MRI) and motion capture data were collected from twelve 

participants with cerebral palsy and six typically developed participants. Accuracy was 

assessed by comparing the scaled model’s segments measures to the corresponding 

MRI measures, whereas reliability was assessed by comparing the model’s segments 

scaled with the experimental marker locations from the first and second motion 

capture session. The inclusion of joint centres into the scaling process significantly 

increased the accuracy of thigh and shank segment length estimates compared to 

scaling with markers alone. Pelvis scaling approaches which included the pelvis depth 

measure led to the highest errors compared to the MRI measures. Reliability was 

similar between scaling approaches with mean ICC of 0.97. Pelvis should be scaled 

using pelvic width and height and the thigh and shank segment should be used using 

the proximal and distal joint centres. 

A.2 Introduction 

Gait analysis together with musculoskeletal modelling can be used to assess 

pathological gait (Hoang and Reinbolt, 2012), predict musculoskeletal loading 

(Modenese et al., 2013) and evaluate the outcome of a clinical intervention (Carty et al., 
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2014). Before analyses can be applied to the musculoskeletal model, it is necessary to 

personalise the model to the individual’s anthropometry. Typically, the ratios between 

the participant’s segment lengths and that of the model are used to scale a generic 

musculoskeletal model (Delp et al., 2007). The participant’s segment lengths are 

estimated from the three-dimensional (3D) location of experimental surface markers 

placed over anatomical landmarks alone (Martelli et al., 2015; Scheys et al., 2008) or 

together with derived joint centre locations (Graham et al., 2014; Lamberto et al., 2016). 

Accurate representation of skeletal anatomy is reliant on how well the person’s 

anatomy resembles the generic model, which becomes increasingly challenging in 

obese or paediatric participants, and/or patients with significant bone deformity 

(Bosmans et al., 2014).  

The OpenSim best practice documentation recommends that users use markers that 

correspond to anatomical landmarks and joint centres to scale the generic model 

(Hicks, 2012). However, studies evaluating the accuracy and reliability of different 

scaling approaches in a paediatric and/or clinical population have not yet been 

conducted. In order for musculoskeletal modelling to be used in a paediatric clinical 

setting it is important to verify whether these recommendations are appropriate for 

such populations. The aim of this study, therefore, was to assess the accuracy and 

reliability of scaling methods using surface markers alone compared to the inclusion of 

estimated hip, knee and ankle joint centre locations in typically developed (TD) 

participants and children with cerebral palsy (CP). It was hypothesised that scaling 

approaches that included joint centre estimations would be more accurate than scaling 

approaches based on surface marker positions alone. 



Chapter 0  

199 

 

A.3 Methods 

A.3.1 Participants 

Twelve participants with CP and six TD participants (Table A1) were assessed on two 

separate occasions with at least one week between the first and second occasion. On 

the first occasion participants presented for magnetic resonance imaging (MRI) and 3D 

motion capture. On the second occasion participants presented for 3D motion capture 

only. Ethics approval was obtained from the Children’s Health Queensland Human 

Research Ethics Committee. 
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Table A11: Participant details including sex (F=female, M=male), age, height, mass, pelvic width, pelvic depth, pelvic height, leg lengths 

measured manually from the anterior superior iliac spine to the medial malleoli, femur and tibia length. CP=cerebral palsy; 

TD=typically developed. Pelvic width, pelvic depth, pelvic height, femur and tibia length were measured from the MRIs. 

Participant Sex Age 
(years) 

Height 
(cm) 

Mass 
(kg) 

Leg length (mm) Femur length (mm) Tibia length (mm) Pelvic 
width 
(mm) 

Pelvic 
depth 
(mm) 

Pelvic 
height 
(mm) Right Left Right Left Right Left 

CP01 F 12 146 42 775 765 367 371 375 355 187 115 62 

CP02 F 8 121 25 610 620 282 286 276 281 148 95 55 

CP03 F 13 154 37 820 810 373 373 389 392 213 105 70 

CP04 M 12 148 33 800 805 357 359 377 385 187 104 65 

CP05 M 20 162 56 850 830 402 410 396 389 204 130 70 

CP06 F 5 110 18 580 575 270 272 265 263 142 75 54 

CP07 M 11 139 32 740 740 343 341 342 341 167 102 60 

CP08 F 9 120 25 630 630 278 279 295 292 148 88 54 

CP09 M 10 124 24 620 620 283 290 288 295 163 93 54 

CP10 M 8 125 22 675 660 305 304 302 298 151 94 62 

CP11 M 7 121 21 620 620 274 275 284 286 149 84 56 

CP12 M 10 135 26 685 705 313 318 310 326 175 96 67 

TD01 F 10 147 39 795 795 371 370 366 368 192 102 68 

TD02 M 13 163 53 850 850 383 382 398 396 194 120 74 

TD03 F 15 162 55 820 820 370 368 373 373 186 138 77 

TD04 F 18 162 59 825 825 375 373 373 376 209 141 79 

TD05 M 11 137 30 740 735 339 341 339 336 186 94 65 

TD06 M 8 124 20 655 655 299 302 297 298 171 88 58 
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A.3.2 Data collection 

MRIs of the pelvis and lower limbs were collected using a 1.5T magnetic resonance 

scanner (MAGNETOM Avanto, Siemens, Berlin/Munic, Germany) with a modified 3D 

PD SPACE sequence (slice thickness 1.1mm, slice increments 1.1mm, voxel size 

0.83x0.83x1.0mm). Motion capture data were collected using an 8-camera, 3D motion 

capture system (Vicon Motion Systems, Oxford, UK). In both motion capture sessions, 

surface markers were placed on each participant by an experienced physiotherapist in 

accordance with Kainz et al. (2016). 3D marker positions from static trials were 

collected, labelled and filtered (Butterworth 4thorder, 6Hz low pass filter) in Nexus 

1.8.5 (Vicon Motion System, Oxford, UK). 

A.3.3 Segmentation of MRIs and definition of joint centres 

Mimics and 3-Matics (Materialise, Belgium) were used for segmenting the MRIs and 

defining joint centres and anatomical landmarks. The locations of the following 

anatomical landmarks and joint centres were obtained from the MRIs and used to 

assess the accuracy of scaling approaches (described in A.3.4.). 

• Right/left anterior superior iliac spine (ASIS)  

• Right/left posterior superior iliac spine (PSIS)  

• Right/left hip joint centre was defined by the centre of a sphere fitted to the 

contact surface of the femoral head (Bosmans et al., 2014; Martelli et al., 2014) 

• Right/left knee joint centre was the midpoint of a line defined by the centres of 

spheres fitted to each of the condyles (Kainz et al., 2016; Yin et al., 2015) 
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• Right/left ankle joint centre was the midpoint of a line defined by the centres of 

spheres fitted to the medial and lateral half of the trochlea (Kainz et al., 2016; 

Parr et al., 2012) 

A.3.4 Scaling approaches 

The pelvis, thigh and shank of the generic ‘gait2392’ OpenSim model (Delp et al., 2007; 

Delp et al., 1990) were scaled using the experimental marker locations from the static 

trials alone or by inclusion of estimated joint centres. In the “joint centres” scaling 

approaches the hip joint centre (HJC) was estimated using a modified version of the 

Harrington regression equations which only uses pelvis width as an regressor 

(Harrington et al., 2007; Kainz et al., 2015; Sangeux, 2015), the knee joint centre (KJC) 

was defined as the midpoint between the medial and lateral epicondyles markers 

(Lamberto et al., 2016), and the ankle joint centre (AJC) was estimated as the midpoint 

between the medial and lateral malleolus marker (Graham et al., 2014) without (AJC) 

or with including a proximal-distal offset correction (AJCoffset, offset=0.027×shank 

length (Bruening et al., 2008)). The following scaling approaches were analysed. 

Pelvis 

1) Pelvis width (PW), defined as the distance between the left and right ASIS 

markers, was used to scale the pelvis in all three dimensions. 

2) Pelvis width and depth (PW+PD), whereas PW was used for scaling in the 

medial-lateral and superior-inferior directions and PD, defined as the 

perpendicular distance from the line connecting the left and right ASIS markers 

to the midpoint between the left and right PSIS markers, was used to scale the 

anterior-posterior dimension of the pelvis. 
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3) Pelvis width and height (PW+PH), whereas PW was used for scaling in the 

medial-lateral and anterior-posterior directions and PH, defined as the 

perpendicular distance from a plane, defined by the left and right ASIS marker 

and the midpoint between the left and right PSIS markers, to the HJC (mean 

distance between the values obtained for the left and right side), was used to 

scale the superior-inferior dimension of the pelvis. 

4) Pelvis width, depth and height (PW+PD+PH), whereas the medial-lateral, 

anterior-posterior and superior-inferior dimensions of the pelvis were scaled 

using PW, PD and PH respectively. 

Thigh 

1) Distance between the ASIS and lateral epicondyles markers (ASIS-KNEE) was 

used to scale the thigh in all three dimensions. 

2) HJC to KJC distance (HJC-KJC) was used to scale the thigh in all three 

dimensions. 

Shank 

1) Distance between the lateral epicondyles and lateral malleolus markers (KNEE-

ANK) was used to scale the shank in all three dimensions. 

2) KJC to AJC distance (KJC-AJC) was used to scale the shank in all three 

dimensions. 

3) KJC to AJCoffset distance (KJC-AJCoffset) was used to scale the shank in all 

three dimensions. 
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To assess reliability of methods, all scaling procedures were performed twice using the 

experimental marker locations from the first and second motion capture session as 

input for the scaling procedures. 

A.3.5 Data analysis 

PW, PD, PH, HJC location, and thigh (distance between HJC and KJC) and shank 

(distance between the KJC and AJC) lengths measures were calculated from the MRIs 

and the scaled OpenSim segments. The accuracy of each method was assessed by 

calculating the mean differences and Bland-Altman 95% limits of agreement (LOA) 

(Bland and Altman, 2003) between the measures from the MRIs and scaled OpenSim 

segments. A two-way repeated measures ANOVA (scaling methods x participant 

groups) using the absolute difference between the MRI and scaled model’s measure 

was used to evaluate if there were differences in the accuracy between scaling methods 

and/or participant groups (CP and TD). 

The reliability of each method was evaluated by calculating the mean difference and 

Bland-Altman 95% LOA for each measure using the experimental marker location 

from the first and second motion capture session as input for the scaling procedure. A 

two-way repeated measures ANOVA (scaling methods x participant groups) using the 

absolute difference between the scaled model’s measures from the first and second 

session was used to evaluate if there were differences in the reliability between scaling 

methods and participant groups. Additionally, Intraclass Correlation Coefficient (ICC) 

(Shrout and Fleiss, 1979), Standard Error of Measurement (SEM) (Feldt et al., 1985) and 

smallest real difference (SRD) (Lexell and Downham, 2005) for pelvic width, pelvic 

depth, pelvic height, femur and tibia length measure were reported. In the case of 
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significant main effects in the repeated measures ANOVA models, post-hoc 

comparisons were performed using Bonferroni corrections. IBM SPSS Statistics 22 

(IBM Corporation, Ney York, USA) was used to perform all statistical analyses and the 

significance level was set to p<.05.  

A.4 Results 

At the thigh segment, the HJC-KJC scaling approaches was significantly (p<.001) more 

accurate than the KNEE-ASIS scaling approaches over all participants and in CP 

participants alone but not in TD participants alone (Figure A1). At the shank segment, 

the KJC-AJCoffset scaling method was significantly (p<.001) more accurate than the 

KJC-AJC and KNEE-ANK methods. For the pelvis segment, the PW and PW+PH scaling 

approaches led to significant (p<.05) more accurate pelvic depth estimates than scaling 

approaches which included the PD metrics (PW+PD and PW+PD+PH) (Figure A2). In 

TD participants, the PW+PH scaling approach located the HJC significant (p<.05) more 

accurate than the PW approach (Figure A3). No significant differences between CP and 

TD participants were observed. 

In general, scaling approaches showed good reliability with mean ICC of 0.97, SEM of 

3.3mm and SRD of 9.1mm over all measures (Table A2, Figure A1, Figure A2, and Figure 

A3). The HJC-KJC method was significantly more reliable than the ASIS-KNEE method 

(p<.05) and the KNEE-ANK method was significantly less reliable than the KJC-AJC 

(p<.05) and KJC-AJCoffset methods (p<.05). The PW+PH method locate the HJC 

significantly more reliable than the PW+PD method (p<.01). All other significant 
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differences (Table A3) were based on mean differences below 1mm and therefore didn’t 

have any practical relevance.  

 

 

Figure A1: Accuracy and reliability of different thigh and shank scaling methods (see 

method section for descriptions of the scaling approaches). Accuracy was assessed as 

the difference between the scaled and MRI segment lengths, whereas reliability was 

assessed as the differences between the segment lengths obtained from the scaled 

models of the first and second motion capture session. Whiskers present lower and 

upper boundaries of Bland-Altman 95% limits of agreement. 
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Figure A2: Accuracy and reliability of different pelvis scaling methods (see method 

section for descriptions of the scaling approaches). Accuracy was assessed as the 

difference between the scaled and MRI segment measures, whereas reliability was 

assessed as the differences between the segment measure obtained from the scaled 

models of the first and second motion capture session. Whiskers present lower and 

upper boundaries of Bland-Altman 95% limits of agreement. 
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Figure A3: Accuracy and reliability to estimate the hip joint centre with different pelvis 

scaling methods (see method section for descriptions of the scaling approaches). 

Accuracy was assessed as the difference between the scaled and MRI hip joint centre 

location, whereas reliability was assessed as the differences between the hip joint 

centre location obtained from the scaled models of the first and second motion 

capture session. Whiskers present lower and upper boundaries of Bland-Altman 95% 

limits of agreement. 
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Table A2: Reliability measures for different scaling approaches (see method section for 

descriptions of the scaling approaches). 

Segment Group Measure Method ICC 
95% LOA  

SEM CR 
LB UB 

Pelvis 

Cerebral 
palsy 

Pelvic width 

PW 0.98 -13.7 7.8 3.0 8.2 
PW+PD 0.98 -14.3 7.8 3.1 8.6 
PW+PH 0.98 -14.3 7.8 3.1 8.6 
PW+PD+PH 0.98 -14.3 7.8 3.1 8.6 

Pelvic depth 

PW 0.98 -7.8 4.4 1.7 4.7 
PW+PD 0.99 -3.6 7.7 1.7 4.7 
PW+PH 0.98 -7.9 4.3 1.7 4.8 
PW+PD+PH 0.99 -3.8 8.0 1.8 4.9 

Pelvic height 

PW 0.98 -4.9 2.8 1.1 2.9 
PW+PD 0.99 -4.4 2.5 1.0 2.7 
PW+PH 0.98 -4.4 2.4 0.9 2.6 
PW+PD+PH 0.99 -3.6 2.1 0.8 2.2 

Typically 
developed 

Pelvic width 

PW 0.94 -25.7 17.5 5.4 14.9 
PW+PD 0.94 -24.9 17.3 5.2 14.4 
PW+PH 0.94 -24.9 17.3 5.2 14.4 
PW+PD+PH 0.94 -24.9 17.3 5.2 14.4 

Pelvic depth 

PW 0.94 -14.6 10.0 3.0 8.4 
PW+PD 1.00 -7.5 5.7 1.5 4.2 
PW+PH 0.94 -13.8 9.6 2.9 8.0 
PW+PD+PH 1.00 -7.9 6.2 1.6 4.5 

Pelvic height 

PW 0.94 -9.2 6.3 1.9 5.3 
PW+PD 0.96 -7.9 5.3 1.6 4.5 
PW+PH 0.94 -7.6 5.3 1.6 4.4 
PW+PD+PH 0.96 -6.6 4.4 1.4 3.8 

Femur 

Cerebral 
palsy Femur length 

ASIS-KNEE 0.98 -26.0 23.9 6.3 17.3 
HJC-KJC 0.99 -13.8 15.6 3.7 10.2 

Typically 
developed Femur length 

ASIS-KNEE 0.96 -26.2 29.5 6.9 19.0 
HJC-KJC 0.97 -22.8 26.1 6.0 16.7 

Tibia 

Cerebral 
palsy Tibia length 

KNEE-ANK 0.98 -24.2 24.5 6.1 16.8 
KJC-AJC 0.99 -15.4 12.9 3.6 9.9 
KJC-AJCoffset 0.99 -15.8 13.2 3.7 10.1 

Typically 
developed Tibia length 

KNEE-ANK 0.97 -24.1 20.5 5.5 15.2 
KJC-AJC 0.97 -22.6 20.2 5.2 14.5 
KJC-AJCoffset 0.97 -23.2 20.8 5.4 14.9 

ICC = Intraclass Correlation Coefficient; 95% LOA LB UB = lower and upper boundaries of Bland-Altman 95% Limits of agreement 
in millimetres; SEM = standard error of measurement in millimetres; SRD = smallest real difference in millimetres. 
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Table A3: P-values and mean differences for significant differences in the reliability 

between different scaling approaches (see method section for descriptions of the 

scaling approaches). 

Measure Group Comparison Mean difference 
(mm) P-value 

Pelvic 
height Overall 

PW+PD+PH vs PW -0.7 <.001 

PW+PD+PH vs PW+PD -0.4 <.001 

PW+PD+PH vs PW+PH -0.3 <.01 

PW vs PW+PD 0.3 <.01 

PW vs PW+PH 0.4 <.01 

HJC Overall 

PW+PH vs PW+PD -1.2 <.01 

PW+PH vs PW+PD+PH -0.9 <.05 

PW+PD+PH vs PW+PD -0.3 <.001 
Thigh 
length Overall HJC-KJC vs ASIS-KNEE -3.2 <.05 

Shank 
length 

Cerebral 
palsy 

KNEE-ANK vs KJC-AJC 3.9 <.05 

KNEE-ANK vs KJC-AJCoffset 3.7 <.05 

KJC-AJC vs KJC-AJCoffset -0.1 <.001 

 

A.5 Discussions 

The purpose of this study was to evaluate the accuracy and reliability of marker based 

methods to scale the pelvis, thigh and shank segments of a musculoskeletal model. In 

agreement with our hypothesis, the inclusion of joint centres into the scaling process 

significantly increased the accuracy of thigh and shank segment length estimates 

compared to scaling with surface markers alone. Scaling the thigh segment in 

participants with CP using the ASIS-KNEE method showed poor results (Figure A1), 

which could be caused by the variability in anterior pelvis tilt adopted by these 

participants during the static pose. For the pelvis segment, the PW+PH method 
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showed the most accurate results. The reliability of scaling approaches mainly depends 

on the marker placement and was, as expected, similar between most methods. 

Inclusion of pelvic depth in the scaling process decreased the accuracy of pelvic 

measures. Sangeux (2015) showed that pelvic depth obtained from motion capture data 

is not a robust measure and excluding the pelvic depth measure in the Harrington 

regression equations increases the accuracy of HJC estimates. Our results indicate that 

the same principle is valid for scaling the pelvis segment in musculoskeletal models. 

The pelvis scaling methods located the HJC with smaller mean errors (11-16mm) than 

estimates previously reported by Lenaerts et al. (2009) who found errors above 30mm 

when comparing the HJC location from scaled models to the location from computer 

tomography images. Lenaerts et al. (2009) evaluated older adults, whereas a paediatric 

cohort was assessed in the current study and this may explain the discrepancy between 

results. Indeed, intra- and inter-examiner precision of pelvis marker placement has 

been shown to be between 12mm and 25mm (della Croce et al., 1999), which impacts 

on the accuracy and reliability of pelvis scaling and it is likely that the older adults in 

the study by Lenaerts et al. (2009) had a larger amount of soft tissue over these bony 

landmarks. 

The present study had two limitations. First, the accuracy and reliability of different 

scaling approaches were analysed in participants with an average age of 11.1±3.8 years 

and therefore caution should be taken in generalising the results to an adult 

population. Second, generating a scaled OpenSim model involves not just scaling, but 

also model marker registration, which can be done all in one step or consecutively to 
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have more control over each step (Delp et al., 2007; Saxby et al., 2016). This study 

aimed to assess the scaling accuracy independent of confounding factors and therefore 

didn’t include the marker registration step. 

A.5.1 Conclusion 

Despite the above limitations, our results highlighted that the PW+PH, HJC-KJC and 

KJC-AJCoffset methods should be used for scaling the pelvis, thigh and shank segment 

respectively. 
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