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Abstract 

Home exercise programmes play a key role in patient rehabilitation following knee 

replacement surgery. The demand for these operations is increasing significantly due 

to the aging population, and in an attempt to reduce costs to healthcare providers, 

growing numbers of patients are being discharged directly home from hospital. These 

patients are typically provided with a home exercise programme which they are 

expected to complete on a routine basis, placing greater responsibility on the self-

management skills of the patient. However, adherence to home exercise programmes 

is poor, with many reasons for lack of engagement, leading to sub-optimal 

rehabilitation outcomes and negative implications for the healthcare provider.  

 

Connected health technologies utilising ubiquitous mobile devices, alongside 

sensing platforms such as inertial measurement units, can be used to provide exercise 

biofeedback to patients in an automated manner. By harnessing machine learning to 

interpret sensor data captured during the exercise programme, the patient and 

clinician can receive personalised, accurate and timely information to support the 

rehabilitation process. Despite a number of systems being developed, acceptance and 

uptake remains poor. This is partly due to the lack of technical and user evaluation 

being undertaken, limiting the understanding of key components such as usability, 

feasibility and functionality. Hence, there is a need to thoroughly evaluate any newly 

developed systems from an early stage with key stakeholders. 

 

The focus of this programme of research was to develop and evaluate a prototype 

connected health exercise biofeedback system comprising of an Android tablet 

application and single inertial sensor for use in home exercise rehabilitation following 

knee replacement surgery. Building on previous work within the research group 

harnessing machine learning techniques to analyse inertial sensor data in knee 

rehabilitation exercises, this prototype was evaluated using the World Health 

Organization guidelines for monitoring and evaluating digital health interventions, 
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assessing at this earliest stage, the functionality, stability, usability and feasibility of 

the prototype system. 

 

The technical functionality was first evaluated in the healthy population to ensure 

acceptable performance for implementation in the clinical population. This study 

showed that the technical functionality of the sensor-guided exercise biofeedback 

models was moderate to excellent and outlined steps taken to ensure clinical 

feasibility. Furthermore, prior to clinical deployment, a qualitative exploration was 

undertaken with a multi-disciplinary sample of clinicians involved in orthopaedic 

rehabilitation. Clinicians reported the reliance on a patient’s own self-management in 

the rehabilitation period following knee arthroplasty, with little opportunity for 

objective monitoring. This study found that clinicians perceived value in the prototype 

system for both the patient, and their own workflows, however also highlighted 

challenges in design and implementation of such systems which required further 

exploration. 

 

A mixed-methods evaluation was then undertaken to assess the feasibility, 

usability, perceived impact and user experience of the prototype in the clinical 

population. Fifteen patients post knee replacement surgery used the system at home 

for a two-week period with both semi-structured interviews and questionnaires 

conducted at the end of this time. Patients perceived that the prototype biofeedback 

system was highly usable and provided additional motivation to adhere to the 

rehabilitation programme, positively impacting their experience. This study also 

highlighted shortcomings related to accuracy and the type of feedback provided by the 

system which required further investigation, as well as outlined additional features 

such as a joint angle measure that would be desirable and may improve impact. 

 

Based on these findings, the performance of the biofeedback models was further 

evaluated with data from the clinical population.  The results of this study showed a 

reduction in accuracy to moderate-poor when tested with patients rather than healthy 

volunteers. These findings, together with the outcomes of the clinical deployment, 
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suggested other methods of feedback may be more suitable. To that end, the final study 

in this thesis involved the early exploration of the use of machine learning techniques 

to predict joint angle from the sensor used within the biofeedback system. The results 

of this study showed promise, with an average error of less than five degrees across 

eight exercises when compared to the gold-standard. With further development and 

validation, this method of feedback has the potential to built into the exercise 

biofeedback system in future iterations.  

 

The research presented throughout this thesis suggests that whilst the developed 

prototype was easy to use and may aid engagement, there are numerous technical 

challenges in providing technique-based biofeedback using supervised machine 

learning. Furthermore, this thesis provides preliminary evidence that a more suitable 

and feasible method of providing feedback may be based on measuring joint angle, as 

opposed to the current classification approach.  
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Chapter 1 

Background to Research  

 

 

 



 1 

1.1 Introduction 

Osteoarthritis is a leading cause of pain and disability in older adults globally [1, 2].  

Symptoms are primarily reported in the peripheral joints of the lower limb, 

particularly the knee, restricting the ability of a person to carry out their normal 

activities of daily living and reducing their quality of life [3, 4]. Joint replacement 

surgery is a widely recommended intervention in the management of end-stage knee 

osteoarthritis, particularly if conservative and pharmacological management has had 

little effect [2, 5, 6]. With over 10% of the population likely to need a total knee 

replacement (TKR) by 80 years of age, demand for such surgery is estimated to grow 

to 3.5 million procedures undertaken annually in the United States by 2030, bringing 

with it future economic challenges [7–9].  

 

1.2 Total Knee Replacement Rehabilitation 

1.2.1 The Role of Exercise Therapy 

Physiotherapy and in particular, exercise therapy, forms an integral element of the 

rehabilitation process following TKR, with key organisations such as the American 

Academy of Orthopaedic Surgeons and Arthritis Research UK recommending a number 

of standardised exercises as part of an early stage post-operative rehabilitation regime 

[10, 11]. These exercises are specifically targeted at certain muscle groups or joints, 

rather than global physical activity, for example a straight leg raise to improve 

quadriceps strength or a heel slide for knee range of motion (ROM). Yet despite these 

recommendations, there is limited evidence to support physiotherapy exercises 

following TKR, with two systematic reviews and meta-analyses only reporting small to 

moderate short-term benefits [12, 13]. However, the control groups primarily 

comprised of patients who still received an exercise programme on discharge, 

although without further physiotherapy input. Therefore, drawing conclusions on the 

effectiveness of exercise following TKR is difficult as the majority of control group 

participants still undertook exercises of some description.  
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Exercise therapy has however been shown to be of benefit in the conservative 

management of osteoarthritis of the knee [2, 14], and there is low quality evidence of 

specific quadriceps and hamstring muscle weakness in patients following TKR 

compared to healthy controls [15], suggesting that targeted strengthening such as 

those in the standardised exercises [10, 11] may need to be incorporated to improve 

outcomes. Further research has been recommended in order to identify the most 

effective and efficient content and duration of physiotherapy exercise following TKR 

[13], yet despite the lack of high quality conclusive evidence, exercise programmes are 

widely employed by physiotherapists in the rehabilitation of patients following TKR 

[16].  

 

1.2.2 Method of Delivery 

The location in which patients undergo this rehabilitation varies between regions 

and countries, with some attending inpatient rehabilitation in a step down facility, 

others attending outpatient clinics, or finally those receiving home visits from the 

rehabilitation professional [17–19]. There is evidence to suggest that patients 

attending inpatient rehabilitation settings do not experience a reduced risk of 

complications or improved functional outcome compared to those discharged home, 

with negative implications to cost highlighted with the inpatient setting [20–22]. In 

recent years, accelerated recovery programmes have become common place in the 

acute post-operative phase of rehabilitation, with early physiotherapy intervention 

reported to reduce hospital length of stay whilst offering improvements in pain and 

functional outcomes [23].  

 

Due to the financial and clinical implications of remaining in the inpatient setting, 

new models of service provision and reimbursement have been developed to 

encourage early rehabilitation intervention and discharge home instead of to a step-

down facility. For example in the United States, the ‘Comprehensive Care for Joint 

Replacement’ model [24] provides reimbursement which is based on the proven 

effectiveness of treatment, rather than the volume of interventions, and provides a set 

figure of reimbursement to healthcare providers for each effective care episode. 
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Therefore, there is a growing desire for healthcare providers to maximise the cost-

effectiveness of their chosen intervention, whilst also maximising clinical outcome.  

 

1.2.3 Home-Based Exercise Therapy 

The clinical and economic factors outlined in the previous section have led to 

increasing numbers of patients being provided with a structured home-based exercise 

regime, while also reducing patient interaction with healthcare professionals (HCPs) 

[19, 25]. Home exercises are performed by the patient independently and aim to 

encourage self-management, whilst allowing for continuation of rehabilitation [26]. 

The patient is therefore the primary driver of their home rehabilitation, implementing 

the programme that has been agreed with the clinicians independently. As such, the 

outcome of a home-based exercise programme may be dependent on the individual’s 

discipline, motivation and understanding in completing the programme appropriately. 

These home exercise programmes have been shown to offer comparable results to 

clinician-led physiotherapy across a variety of clinical conditions [26], with consistent 

findings across five trials demonstrating that home programmes are more effective 

than no intervention [27–31]. 

 

With specific focus on TKR, there was no difference in outcomes of patient reported 

function, pain, ROM or physical performance between those randomised to home-

based or outpatient exercise in a systematic review of six studies [13]. These results 

are supported with findings that suggest the non-inferiority of home-based exercises 

compared to usual physiotherapy activities [32, 33]. In contrast, it has been reported 

that the outcomes of home exercise programmes are more positive when supervision 

or feedback has been provided [26, 34]. Indeed, Pozzi et al. [34] reported that trials 

suggesting non-inferiority of home-based rehabilitation after TKR lack methodological 

control and “all groups appear under-rehabilitated”. The authors continued to state 

that the use of the term ‘standard physical therapy’ or ‘usual care’ needs to be better 

defined. It is also possible that those studies suggesting non-inferiority are prone to 

bias as participants are aware that they are involved in an intervention study, and as 
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such may be more motivated to adhere to the programme, hence reducing the 

generalisability of the findings.   

 

Therefore, whilst there are associated cost savings with conducting rehabilitation 

in the home setting, there is a significant risk that those patients who are not fully 

engaged will demonstrate poor adherence and consequently, sub-optimal 

rehabilitation outcomes. A detailed review of the literature regarding patient 

adherence to exercise programmes is presented in Chapter 2, however evidence 

suggests that non-adherence to home exercise programmes in musculoskeletal 

cohorts can be between 30% and 50%, making it a significant issue that places 

additional burden on patients and healthcare providers, and may be partially to blame 

for poor clinical outcomes [35, 36]. Additionally, patients often report a lack of 

confidence following discharge from hospital, insecurity surrounding their post-

operative expectations, and poor recall of exercise technique [37]. In response, the 

emergence of connected health technologies in recent years have provided a potential 

opportunity to assist in promoting adherence to, and engagement with, exercise 

programmes, with the use of biofeedback systems becoming a growing topic of 

research. 

 

1.3 Connected Health in Exercise Rehabilitation 

1.3.1 Connected Health 

The term connected health (CH) describes the leverage of a variety of technologies 

to inform and aid healthcare delivery in a data-driven and patient-centred manner, 

with the individual at the centre [38]. Stimulated by the well documented change in 

population demographics [39, 40], with the aging population placing a greater strain 

on health services [41–43], CH covers a broad domain of technologies including digital, 

mobile health (mhealth) and telehealth, and ensures all stakeholders are connected 

with accurate and timely data [38]. The increased availability of technology with 

internet and/or Bluetooth connectivity and sensing capabilities can facilitate the 
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delivery of more effective and efficient healthcare [44], with CH solutions 

incorporating the patient’s needs at the forefront of their design. These CH solutions 

are primarily divided into three application areas: 1) lifestyle, prevention and 

rehabilitation, 2) management of chronic diseases, and 3) frailty and ambient assisted 

living [45]. As such, CH solutions can take a variety of forms including communication 

portals, remote monitoring devices, and activity trackers [46]. The model of CH aims 

to shift the focus in healthcare to a more proactive model, sharing timely data to allow 

for actionable results by all stakeholders [38]. These stakeholders include the patient, 

who may undertake a specific early intervention having received persuasive feedback 

without the need for consultation, or the clinician, who can be made aware of a change 

in health status far sooner than may be currently possible. 

 

Despite the promises of CH, the uptake of these technologies has been less than 

desirable with usage primarily confined to specialist centres and as yet, no 

breakthrough into everyday care models has been realised due to a combination of 

clinical, technical and/or commercial reasons [47–50]. The challenges now involve 

identifying the optimal sensing strategies to gather health data for specific health 

conditions, to understand how to make sense of the data generated, and to establish 

how to feasibly reform care pathways based on the optimal feedback approach [38, 45, 

49]. Ensuring engagement through high levels of usability is also a significant challenge 

in the development of CH interventions [51]. Whilst usability evaluation will be 

discussed further in Chapter 7, it has previously been reported that the adoption and 

continued use of CH solutions has been limited by poor usability design. As such, 

usability evaluation is now widely accepted as an important step in the development 

and evaluation of a system [52–54].  

 

The older adult clinical population presents its own challenges for designing usable 

CH systems [51, 55], with a systematic review finding repeated recommendations in 

the literature for systems to use more comprehensible vocabulary and bigger font sizes 

[54]. To encourage engagement and optimise usability, it is important that the design 

of CH systems adopts a user-centred iterative process [56, 57], where developers 

consult end-users to evaluate the system, identify their usability criteria, and 
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understand the perceived benefits and challenges of its implementation in the real-

world [58]. Whilst in recent years there has been an increase in the number of user 

evaluations with regards to mobile health applications [54], there are few relating to 

exercise based CH solutions despite the increasing number of systems becoming 

available [59]. Equally, of the evaluations that have taken place, many studies utilise 

only one method of usability assessment, whereas a combination of two or more 

different usability evaluation methods over a longer-term period of greater than a 

couple of hours are recommended [53, 54]. Without conducting these user evaluations, 

it is not possible to understand the reasons for, or lack of, uptake, engagement and 

impact, as well as identify further development needs. 

 

1.3.2 Exercise Biofeedback Systems 

Within rehabilitation, remotely collating and aggregating data from patients has 

been suggested to have numerous benefits in terms of cost, clinical outcome and 

patient satisfaction, and can encourage self-management of long-term conditions [60, 

61]. These rehabilitation CH solutions can include a biofeedback system which not only 

gathers data, but also offers the user meaningful information in real-time that is 

otherwise unavailable to them [62]. Biofeedback systems can provide measurements 

of both physiological metrics such as the cardiovascular or neuromuscular system, or 

biomechanical metrics such as movement, strength or exercise technique [62]. Poor 

performance of exercise technique such as insufficient ROM, alignment, or 

compensatory movements may impact on the efficacy of the rehabilitation 

programme, and hence the outcome of the procedure [63]. Therefore, developing 

methods to identify and correct exercise technique may offer benefits to the patient. 

Exercise biofeedback systems consist of a sensing platform (e.g. camera, inertial 

sensor, force plate), a processing unit to make sense of the data collected, and a device 

to offer feedback (e.g. mobile phone, tablet, laptop, speaker etc.).  The aim of an 

exercise biofeedback system is to encourage engagement and self-management, 

monitor adherence and exercise performance, and provide feedback to the user in 

order to improve self-efficacy, thereby maximising the outcome and effectiveness of 

the rehabilitation process [62, 64]. Whilst numerous systems are being developed and 
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made available in the market, there is a need for evidence regarding the technical 

performance of each system and its functionality, alongside a deeper understanding of 

how users interact with such a system [59, 65]. 

 

On the basis that these systems need to work in the home environment, and in the 

case of TKR rehabilitation with an older population possessing lower digital literacy 

[8, 66], there are a number of design challenges to be considered. These requirements 

are discussed in more detail in Chapter 3, with considerations involving cost, usability, 

functionality, connectivity and feasibility to deploy and fit within the care pathway.  

 

1.3.3 Current State of the Art 

With these design considerations in mind, a number of exercise biofeedback 

systems have been developed for TKR exercise rehabilitation in the home. The sensing 

platforms often utilised by biofeedback systems tend to fall into one of two categories, 

cameras or wearable inertial measurement units (IMUs) [62, 67–69].  

 

One example of a camera-based CH biofeedback system is the ‘Virtual Exercise 

Rehabilitation Assistant’ (VERA) from Reflexion Health (Reflexion Health Inc., San 

Diego, California) which incorporates the Kinect motion tracking camera system 

(Microsoft Inc., Redmond, Washington). As what might be considered the market 

leader, studies have been undertaken to validate certain technical aspects [70], and 

usability [67]. However, the technical validation does not mirror how it will be 

deployed in the clinical setting, and usability was only measured by the System 

Usability Scale (SUS) [71], rather than with a mixed methods approach as 

recommended [53]. An RCT has been conducted using this system with patients 

following TKR, although it is yet to be published, with reported cost savings of $2,745 

per patient and a reduction in readmissions alongside an improvement in outcomes. 

However, these claims must be viewed with caution until this trial has been published 

in full in the peer reviewed literature [72]. Whilst the VERA system has added evidence 

to support the use of CH exercise biofeedback systems in orthopaedic rehabilitation, 
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the lack of real-world accuracy assessment and mixed methods user evaluation as 

recommended in the literature [53, 54] leave unanswered questions regarding the 

system performance, alongside a significant limitation in the camera-based approach 

of this system. 

 

When considering the sensing platform of the biofeedback system, the use of a 

camera has a number of advantages, but also limitations [73]. Whilst the camera is able 

to measure compound movements consisting of multiple joints in multiple planes, the 

technology required to do this involves costly, specialist hardware. Secondly, this 

device requires a clear line of sight at a range of three metres between the camera and 

the user [74], and cluttered spaces commonly found in the home environment may 

reduce the viability of this approach. This is particularly the case for bed-based 

exercises for example, where the device needs to not only be plugged in, but also then 

able to detect movements on the bed, often with pillows and duvets obstructing the 

line of sight. One alternative of measuring biomechanical variances during exercise, 

and acting as a sensing platform in biofeedback systems, is with the use of IMUs [59, 

62]. These inertial sensors contain an accelerometer and gyroscope to measure 

orientation, velocity and gravitational force of a body segment [62]. The portability of 

IMUs means they can provide an easy and cost-effective method of capturing human 

movement data [62, 75], and they have been shown to be an accurate method of 

assessing exercise technique in numerous rehabilitation exercises [75–77].  

 

A number of studies have outlined the development of IMU based biofeedback 

systems to monitor rehabilitation exercises [68, 69, 78–80],  with several becoming 

commercial ventures in recent years – though not all with supporting empirical 

evidence. Systems utilising multiple IMUs have reported positive findings in terms of 

clinical outcome [69, 80–82], however these studies do not extend beyond a three-

month programme, and no formal technical validation or user evaluation has been 

published, limiting our understanding of both the reliability of the information 

provided and the user engagement of such systems. There has also been further work 

exploring the early development of alternative multi-sensor systems, although these 

have only been assessed with healthy participants and therefore limited conclusions 
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on the potential impact can be drawn [83–85]. However, given the promise of this 

work, alongside the flexibility of IMUs compared to cameras, there is a clear need to 

both develop and test user facing IMU based exercise biofeedback systems in the home 

environment. 

 

With potential benefits to cost and usability, research into single IMU systems is 

emerging, with suggestions that such systems can enhance patient engagement [86], 

and utilise machine learning (ML) models to detect specific exercises compared to 

general movement [79]. Previous research from this University has investigated the 

ability to use ML to measure and classify lower limb exercise technique using a single 

IMU, with promising levels of accuracy and the potential for this to be utilised in a 

biofeedback system [75, 87]. However, this has only been completed in lab-based 

settings using early-stage validation methods, and further rigorous performance 

evaluation of the ML components is required, alongside the development of a user-

facing platform for the clinical setting. This previous research from within the 

University forms the fundamental basis for this thesis, with exercise datasets, ML 

models and methodologies [75, 87, 88] that have been developed specifically for TKR 

rehabilitation carried forward into the development and evaluation of a patient-

focussed prototype. 

 

In time, it is conceivable that if single sensor biofeedback systems can be developed 

with the assistance of ML, smartphones could become the sensing platform. With the 

majority of devices now containing an IMU in the hardware specification [89], the 

hardware costs associated with such a system could be significantly reduced, removing 

one of the barriers to adoption. 

 

1.3.4 Machine Learning in Exercise Biofeedback 

As CH interventions gain more traction, there is a significant growth in the volume 

of data generated. In recent years there has been a move beyond solely the generation 

of this data, towards analysing and interpreting it in a meaningful way for the 
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betterment of clinical outcomes and healthcare provision [90]. The application of 

artificial intelligence (AI) has been increasingly utilised in the data analysis process, 

with numerous clinical applications including diagnosis, risk prediction, image 

recognition and decision support systems [91–93]. A sub-domain of AI of particular 

interest is ML, where algorithms identify patterns in large data sets and build models 

to make predictions. This can be done with discrete data, known as classification, or 

regression, where the prediction output is continuous data [93].  

 

Supervised learning is one of two main categories of ML algorithms (alongside 

unsupervised learning) and involves training a model which best maps input features 

to labelled outputs. This method requires the developed algorithms to be provided 

with training data, which is annotated with the appropriate classification output and 

the features analysed. The model is then trained on this data and the algorithms are 

then tested with new unlabelled data to test the accuracy of the model [93]. These 

supervised ML algorithms can be used with data collected from an IMU to classify 

exercise performance and technique, whereby the output of the model can give a 

binary prediction as to whether an exercise was performed with optimal technique or 

not [75, 77, 94]. This requires a two-step data analysis process, when a time-series of 

sensor data is recorded, the signal first needs to be broken down into each individual 

repetition (segmentation), and then a decision on whether the technique is correct or 

sub-optimal needs to be made (classification) [95]. This process is described in further 

detail in Chapter 5, however there are suggestions that the common cross-validation 

methods for evaluating ML models analysing IMU data do not provide a realistic 

reflection of system performance [96]. 

 

It is clear that research into IMU-based exercise biofeedback systems and the use 

of ML has significantly increased in recent years, but the reliance on technical 

validation in controlled environments has been at the detriment of understanding the 

real-world performance, usability and adherence. The lack of published evidence 

relating to uncontrolled technical validation and user evaluation, in such a rapidly 

evolving sector, demonstrates that there is a need to assess these components in real-

world and natural environments in order to optimise the acceptance and effectiveness 
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of such systems. Therefore, this thesis addresses this need by developing a CH exercise 

biofeedback system with consideration for the target user, whilst providing clear and 

rigorous evaluation of both the technical and clinical factors associated with the 

system. 

 

1.3.5 Evaluating Connected Health Systems 

In an attempt to provide a framework to assist the development of digital health 

interventions, in 2016 the WHO published a set of guidelines with a roadmap for how 

to monitor and evaluate these CH solutions [53]. These guidelines identify a 

differentiation between monitoring (i.e. comparing how well an intervention is 

performing against expected results), and evaluation (i.e. where assessment is made 

of interaction with, or changes attributed to, the intervention). The guidelines define 

six stages of maturity, from pre-prototype through to integration/sustainability, and 

define concurrent activities that need to be planned as an intervention matures. Other 

guidelines for new interventions are less specific to the digital health space, with the 

Medical Research Council guidance [97] being aimed more broadly at complex health 

interventions and giving less clarity on what evaluation activities should be 

undertaken and at what stage. The WHO guidelines, and how they are applied to the 

thesis are discussed in more detail in Chapter 4, and were selected for use given their 

recent publication from an international institution, targeted aspect of CH 

interventions, and a clear timescale defining what order activities should be 

undertaken in. 
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Figure 1.1 The phases of monitoring and evaluation activity in WHO guidelines. Figure taken directly 

from [53]. 

1.4 Thesis Aims & Objectives 

The preceding discussion has highlighted that there is 1) the need to consider new 

models of care in order to adapt to the changing demands from society, 2) a clear 

opportunity for CH systems to offer potential benefits to patients and healthcare 

providers, and 3) the need for robustly developed and evaluated CH biofeedback 

systems. Therefore, the aim of this thesis was to develop and evaluate a CH system that 

can provide high-quality and effective biofeedback to patients undertaking home 

exercise rehabilitation following TKR, in an easy to use and affordable manner.  

 

In order to achieve this aim, a number of objectives were identified for this thesis: 

 

• Conduct a literature review to examine adherence in exercise rehabilitation, to 

understand the reasons for, and impact of, nonadherence, and what can be 

incorporated into the design of CH interventions to support adherence. 

 

• Develop a prototype CH exercise biofeedback system consisting of a single 

wearable IMU and identify the key criteria to evaluate the prototype in the 

clinical setting. 
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• Explore the potential opportunities for CH within orthopaedic rehabilitation, 

and the perceived feasibility of implementing the prototype system from the 

clinician perspective.  

 

• Conduct a user evaluation to investigate the feasibility, usability, user 

experience (UX) and perceived impact of the prototype system with patients 

following TKR, whilst highlighting design refinements for future iterations. 

 

• Investigate the performance of the ML components of the prototype 

biofeedback system in an uncontrolled, ‘real-world’ environment, 

understanding the factors that influence accuracy. 

 

• To develop additional features based on user feedback and ongoing evaluation. 

 

• To identify future recommended research based on the outcomes of this thesis. 

 

1.5 Organisation 

The chapters in this thesis are organised as follows: 

Chapter 2 – outlines a literature review that was undertaken to evaluate the current 

evidence relating to patient adherence to exercise programmes and the factors that 

affect adherence. This chapter continues to describe the design opportunities that 

connected health solutions can offer in an attempt to facilitate improved adherence. 

 

Chapter 3 – describes the process of design and development of a prototype connected 

health exercise biofeedback system for knee replacement rehabilitation.  

 

Chapter 4 – describes the guidelines published by the World Health Organization for 

monitoring and evaluating digital health interventions and discusses the framework 

for evaluation of the prototype system. 
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Chapter 5 – examines the accuracy of the machine learning components of the exercise 

biofeedback system prior to deployment in the clinical population. This study sought 

to ensure that the feedback provided to the user was of a satisfactory standard to 

ensure clinical acceptability. 

 

Chapter 6 – presents a qualitative evaluation of the prototype system from a 

multidisciplinary selection of clinicians involved in orthopaedic rehabilitation. Current 

clinical practice is discussed alongside the perceived opportunity of wearables and 

connected health technology. The clinicians provide their opinions on the prototype 

system, perceptions of the potential impact, potential feasibility challenges and future 

refinements to the system. 

 

Chapter 7 – outlines a mixed-methods evaluation of the prototype system within the 

patient population. This chapter explores the feasibility, usability, user-experience and 

perceived impact of the system with patients, having used it at home for two weeks 

following knee replacement surgery.  

 

Chapter 8 – investigates the real-world accuracy of the machine learning models built 

into the prototype system. This was undertaken based on the results from Chapter 6 

and Chapter 7 and continues on to discuss the importance and methods of biofeedback 

in this clinical context. 

 

Chapter 9 – outlines a method of joint angle assessment using machine learning and a 

single inertial sensor. This was a potential refinement highlighted in the results of 

Chapter 6 and Chapter 7 and examines the accuracy of a number of machine learning 

models in the assessment of lower limb joint angle. 

 

Chapter 10 – presents an overall summary of the results of this thesis and discusses 

the conclusions that can be drawn. 



 15 

Chapter 2 

Adherence to Exercise 

Programmes 

 

 

A modified version of this chapter has been published as follows: 

Argent R, Daly A, Caulfield B. (2018) Patient involvement with home-based exercise 

programs: can connected health interventions influence adherence? 

JMIR mHealth and uHealth 2018;6(3):e47 
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2.1 Introduction 

As discussed in Chapter 1, home exercise programmes place greater responsibility 

on the patient’s own ability to self-manage their rehabilitation and adhere to their 

prescribed intervention. Clinicians who fail to consider patient adherence in 

rehabilitation programmes may unnecessarily alter their treatment approach, face 

persistent patient complaints, or refer patients for alternative opinion, thereby 

contributing to possible unnecessary surgical intervention and additional healthcare 

costs [35]. Adherence is currently defined by the World Health Organization (WHO) as 

“the extent to which a person’s behaviour…corresponds with agreed 

recommendations from a health care provider” [98]. The majority of research into 

adherence relates to medication, and this definition has been developed to encompass 

a multitude of health-related behaviours [98], however, it does not yet include exercise 

prescription. This chapter reviews the current evidence regarding patient adherence 

to prescribed home exercise programmes, the factors affecting these adherence rates, 

and then discusses design opportunities that CH solutions may provide to improve 

adherence rates.  

 

2.2 An Operational Definition of Exercise Adherence 

Although medical adherence has been defined by the WHO, an individual’s 

behaviour in any context is complex and multi-factorial in nature. Therefore, it must 

be considered what competencies, support structures, environmental contexts, and 

more, are required in order to say a participant has high adherence to a prescribed 

exercise intervention. Clinicians first need to know whether the patient is exercising at 

all, then whether they are exercising to the suggested amount of repetitions and sets, 

and finally whether they are performing the correct technique with relation to load, 

velocity, and alignment. For the purpose of this thesis, the following operational 

definition has been built specifically relating to exercise, adapted from the WHO 

definition, and defines exercise adherence as “the extent to which an individual 

corresponds with the quantity and quality of exercise, as prescribed by their 

healthcare professional.” Those who perform their exercises to the required 
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repetitions may not be deemed adherent should their technique be erroneous or 

incorrect, as these individuals will not be gaining maximum benefit from their exercise 

programme. 

 

2.3 The Effect of Adherence on Outcome 

Patient adherence is important in all aspects of medical care. Adherence is reported 

to have clear links to the impact on clinical outcome in medication research, as well as 

placing significant additional economic burdens on healthcare providers [99]. Poor 

medication adherence has been shown to increase the occurrence of hospitalisations 

and complications in a number of chronic metabolic conditions [100] and an increase 

in the number of adverse events and annual medical costs in cardiac patients [101].  

 

In an exercise rehabilitation context among the musculoskeletal population, strong 

adherence enhances the effectiveness of the intervention and is suggested to reduce 

persistent, disabling complaints [102]. Patients who fail to adhere to the prescribed 

exercise programme may extend the duration of their treatment, negatively impact on 

the therapeutic relationship, and make treatment less effective [103]. It can also 

impact healthcare providers with increased waiting times and poor efficiency [102], 

while poor adherence rates may also potentially have a role to play in nonsignificant 

outcomes of research papers [104]. A number of studies have also linked strong 

exercise adherence to improved treatment outcome in patients experiencing neck and 

back pain and osteoarthritis symptoms [63, 105, 106].  

 

2.4 Rates of Adherence 

In exercise rehabilitation, it has been reported that only 35% of patients were 

highly adherent with home exercises in a short-term study of patients with nonspecific 

low back pain [107]. This study went on to state that 51% of those who received an 

individualised exercise programme demonstrated non/low adherence across the 
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entire rehabilitation regime based on patient self-report. Yet the literature 

demonstrates some inconsistency in the use of the term non/low adherence, and there 

is no clearly documented category to which adherence can be defined as poor [108]. A 

more recent systematic review of interventions designed to improve adherence in a 

variety of musculoskeletal and medical populations found an average rate of 67% (12 

studies) adherence to prescribed home exercise programmes [109]. A regularly cited 

study by Sluijs et al. [36] concluded that patients’ compliance to physiotherapy is 

unsatisfactory but a sound conclusion on the degree of the nonadherence was not 

possible due to the lack of valid and reliable measures available. From these findings, 

it is clear that adherence rates to home exercise plans are an issue, but it is not possible 

to accurately say to what extent, and how much this might impact clinical outcomes, as 

a consistently valid and reliable method of measurement has not yet been designed. 

 

2.5 Measuring Adherence 

It is important to consider that studies assessing adherence are limited in their 

quality and conclusions because of the lack of objective and reliable outcome measures 

used in clinical practice. It is widely accepted that at present, there is no gold standard 

for the measurement of adherence to unsupervised home-based exercise, as a 

significant proportion of outcome measures used in the literature rely on patient self-

report and are therefore susceptible to bias [109, 110]. In a systematic review of 61 

different self-reported outcome measures for adherence to home-based rehabilitation, 

only two measures scored positively for a single psychometric property of validation 

[110]. Furthermore, the outcome of any research studies using paper diaries or 

retrospective recall has been called into question as it is highly prone to recall and self-

serving bias [111]. Equally, these measures make no allowance for the quality of 

performance, as highlighted in the abovementioned definition. 

 

Sensing platforms such as IMUs or motion capture camera are rapidly advancing 

and could be an opportunity to make a more objective assessment of adherence, 

continuously tracking motion data obtained from an individual [112, 113]. However, 
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the use of these devices to measure adherence is questionable as they arguably 

influence/enhance adherence itself by means of the user knowing that they are being 

recorded. In this way the end point is influenced greatly by the measurement strategy, 

leading to questionable results as the patient may feel pressure to adhere rather than 

performing the behaviour autonomously or in an entirely self-directed manner [110]. 

Regardless of the challenges with accurately measuring adherence, it is clear that there 

are problems with adherence to prescribed exercise in the home setting. Investigations 

of whether technology can play a role in this are still in their infancy, therefore, 

understanding what factors affect adherence can highlight design considerations a CH 

solution can employ to improve adherence and aid self-management.  

 

2.6 Factors Affecting Adherence 

The factors that may affect adherence to home exercise rehabilitation in 

musculoskeletal populations have been discussed in numerous papers, and a number 

of characteristics have been highlighted as potential reasons that may affect or predict 

adherence rates [114] such as perceived barriers, the patient’s own beliefs, or their 

self-efficacy with the exercise task. Good adherence requires the individual to change, 

alter, or even maintain a behaviour, hence it is relevant to consider the psychological 

factors associated with theories of behaviour change, as guidelines suggest these 

should all have a theoretical underpinning [97]. While there are numerous theories of 

behaviour change [115], very few physiotherapy studies (12%, n=3/25) discuss these 

theories [116]. While behaviour change is inherently included within the factors 

affecting adherence, and indeed within the design solutions offered, given the 

expansive nature of behaviour change, the broad factors and barriers to adherence will 

be addressed in this section. 

 

2.6.1 Self-Efficacy 

Self-efficacy has been strongly linked as a psychological factor affecting treatment 

adherence [114, 117]. It is a term used to describe an individual’s belief in their own 
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capability to achieve a task that will produce a targeted result. It is situation-specific 

and depends on the activity, but it is considered that a person has a general level of 

self-efficacy across tasks [118]. Four strands of efficacy information are proposed 

within the concept; mastery experiences based on past and current successful 

performance, social observation learning from those around the individual, persuasive 

information particularly from influential people in the individual’s life, and emotional 

states considering the mood you are in [119]. Self-efficacy has been closely linked with 

a positive association of adherence in orthopaedic and musculoskeletal cohorts [114, 

117, 120]. It is worth noting however, that one study found that self-efficacy did not 

predict adherence in the home or clinic setting, although this was assessed in a sports 

rehabilitation context, and therefore may not be generalised to other cohorts [121]. 

When designing CH solutions, there is an opportunity to use interventions to improve 

self-efficacy within the technology design, methods such as ML with biofeedback, 

interactive education using videos and weblinks, and self-monitoring similar to that 

used in commercially available fitness trackers, have the potential to improve self-

efficacy and ultimately the adherence of users.  

 

2.6.2 Threat and Beliefs 

The beliefs a patient holds regarding their condition are also said to be a direct 

factor affecting adherence, and the decisions made by patients are based on their own 

beliefs, personal experiences, and the information they receive [122]. This study noted 

that those who did not perceive their injury to be serious demonstrated lower levels 

of adherence, and in fact, the authors suggested that enhancing participants’ level of 

threat to further injury or disability would improve adherence, although this is a 

questionable technique in the wider context of patient management. Indeed, others 

have stated that providing too much information to patients and overloading them will 

also negatively affect adherence, as patients can become confused [36]. Enhanced 

threat can also have other negative implications, such as haemophiliac patients who 

may have had a threat of increased bleeding and arthropathy with physical activity 

[123], and therefore treatment should be about correcting falsely construed beliefs 

and tailoring individual care, rather than solely modifying the threat appraisal for all 
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patients. This individualised care is an important consideration in the design of CH 

solutions, as the end user needs to be considered and technology should be used to 

augment the clinician’s management, rather than to replace in a one size fits all 

approach that may incorrectly adjust a user’s beliefs. Symptoms also need to be 

perceived to have a sufficient effect on quality of life to encourage adherence [124], 

with another viewpoint that the beliefs patients hold place them in a similar category 

as consumers, who want to take their own decisions when confronted with a particular 

condition [99]. 

 

2.6.3 Locus of Control 

A recent systematic review into factors affecting adherence in low back pain 

suggested that a higher health locus of control had moderate evidence to be a factor 

affecting adherence [125]. Locus of control can be biased toward either the internal 

(person is responsible for their own outcomes), to chance, or to powerful others 

(individuals of higher authority are responsible for outcome) [126]. It is suggested that 

patients with an external locus of control demonstrate a lesser degree of adherence 

with medical intervention [36]. Hence, as a clinician it is imperative that both the 

patient’s beliefs and understanding of their locus of control are addressed at an early 

stage when considering a CH solution to ensure the patient understands the condition 

and that possible misinformed beliefs can be corrected. 

 

2.6.4 Pain 

Pain levels during exercise in musculoskeletal patients presented strong evidence 

as a barrier to adherence in a systematic review, but there was conflicting evidence 

that higher pain levels at baseline had an effect on adherence [114]. The authors 

suggested that those who experienced pain during their exercises were less likely to 

adhere to their programme. Contradictory to this is the large study from the 

Netherlands that found there was no significant difference in reported pain from 

exercise between those with high and low adherence [36]. Brewer on the other hand, 

makes links between pessimism and pain, with patients low in pessimism completing 
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the exercises irrelevant of pain, while highly pessimistic individuals demonstrated a 

reduction in adherence when their pain levels were higher following cruciate ligament 

reconstruction [127]. Mobile technology has the ability to capture pain scores with a 

method requiring little interference in the user’s life, and when combined with the 

ability to objectively monitor adherence, may provide greater levels of understanding 

on the relationship between pain and adherence in future research. CH solutions may 

also be used to change the way care is provided, with the user completing regular web-

based outcome scores, and an increase in pain flagged to the clinician remotely, giving 

the HCP an opportunity to make an informed decision on that patient’s care to ensure 

they maintain strong adherence. 

 

2.6.5 Physical Activity 

The level of physical activity in individuals at their baseline has also been discussed 

as a potential barrier to adherence. Studies suggest that those who are physically active 

at baseline demonstrate significantly better adherence to home exercise programmes 

[106, 114]. Physical activity is also said to be a source of self-identity, and that 

individuals who have lower athletic identity would have a lower rate of adherence 

[127]. CH solutions have the opportunity to encourage physical activity through self-

monitoring and gamification which could then, in-turn, contribute to the behaviour 

change required for stronger adherence in rehabilitation. However, given that baseline 

physical activity cannot be altered by commencing use of a CH solution, the design of 

the intervention needs to be future present and independent of the user’s baseline 

physical activity. 

 

2.6.6 Psychological Symptoms 

Depression as a barrier to adherence has strong supporting evidence [114], with 

the literature also discussing other traits including anxiety and neuroticism. These 

symptoms have been suggested to negatively impact adherence in general 

musculoskeletal and fibromyalgia populations [127–129]. More recently, a study of 

cruciate ligament reconstruction participants found no link between anxiety at 
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baseline and adherence [127], although interestingly it went on to suggest that day-to-

day variance in stress may contribute to adherence to home exercises. If CH technology 

can be used to either counteract these symptoms through recognised support methods 

or be able to flag to the clinician that adherence has dropped; this can lead to a more 

proactive method of healthcare to identify the reasons for this reduction. 

 

2.6.7 Social Support 

The social support network of the patient has also been suggested as a possible 

factor in adherence [36, 130]. This network can be friends and family members, as well 

as support from the therapist. In the sporting population, significant findings were 

made that both social support as task appreciation, and emotional support from 

friends and family predict adherence in both the clinic and home setting [121]. Further 

exploratory work in the sporting population made suggestions that those who made 

use of social support displayed greater adherence and recommended that in this 

setting, the coach and wider support network are involved in the rehabilitation 

pathway to offer support and motivation [131]. CH solutions have the potential to offer 

social support through online forums or networks where users are able to interact 

with others in a similar situation, wherever they may be. It is not impossible to foresee 

a social network built into many mobile health technologies to enhance patient 

experience and improve adherence. A recently published systematic review found 

relatively strong evidence that social support can predict adherence, but as discussed 

earlier, highlighted the challenge of measurement of adherence as a significant 

limitation across the field [108].  

 

2.6.8 Perceived Barriers 

Patients’ perceived barriers is one of the most widely documented barriers to 

adherence, with examples such as forgetting to exercise, not having the time, or not 

fitting into the daily routine all being cited as reasons for nonadherence [36, 131–133]. 

Another study also found perceived barriers included time, work schedules, and 

transportation, and recommended that these issues should be taken into consideration 
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by healthcare providers [107]. By using a selection of the design considerations 

discussed below, CH solutions have the potential to positively influence some of these 

perceived barriers. 

 

2.7 Design Considerations for Connected Health Solutions 

When designing future CH solutions, it is important to have an understanding of 

the range of possible cognitive, behavioural, and practical barriers that can have an 

effect on a patient’s willingness to adhere to their programme [134]. The use of mobile 

devices connected with a form of sensing platform (camera or IMU) in home-based 

exercise rehabilitation have the potential to provide the clinician with a greater 

amount of actionable data, which will assist in the management of each case and shift 

to a more proactive approach to healthcare. By understanding the factors discussed 

previously, it is possible to build features and interventions in to new solutions with 

the aim of enhancing patient adherence and ultimately, clinical outcome. 

 

2.7.1 Coaching 

By incorporating regularly combined strategies of supervision, feedback, and 

reinforcement as a design consideration, it is possible to offer the greater coaching 

input that a patient receives in clinic with their HCP but in the convenience of their 

home environment. When physiotherapists provide positive feedback, and monitor 

both performance of exercises and the progression of symptoms, adherence rates have 

been found to be higher [36]. The design of CH interventions can then offer supervision 

in the form of remote monitoring via online cloud-based portals. This coaching system 

can be augmented with remote communication using platforms such as video calling, 

instant messaging, or email to offer further coaching components. Telerehabilitation 

has been extensively researched by a Canadian group who in one study of 

postoperative knee replacement patients found telerehabilitation in the form of 

videoconferencing to be as effective as usual care and had the potential to increase 

access to services [135]. 
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Incorporating real-time exercise coaching into a CH technology is a challenge, but 

research is ongoing to establish the feasibility of this process using an IMU to measure 

and classify commonly prescribed home-based exercises [136]. Bassett discussed how 

feedback from exercise testing can increase adherence in home-based exercises, as 

patients who know they are performing the task correctly are more likely to adhere, 

and results of the testing will increase self-efficacy [137]. One study of athletes after 

sports injury found that patients reported regular coaching was useful to aid 

adherence for two reasons: improving on exercise technique and also to act as a 

reinforcement to complete the exercises [131]. Technology can potentially offer this 

coaching in more visually stimulating ways than previously imagined, with audio 

reinforcement during use and 3D modelling using an avatar with input from devices 

including cameras or sensors. For example, the VERA system by Reflexion Health 

discussed in section 1.3.3 utilises the Microsoft Kinect Camera to feed in to an avatar 

on the laptop or television screen which mirrors the user’s movements and guides 

them through an exercise programme [67]. 

 

Task appreciation, when patients are complimented for their achievements, 

particularly for adherence [138], is particularly applicable in the gamification of health 

interventions to further compliment a user’s achievements. Whether this is via 

rankings, rewards, in-exercise games, or simply augmenting the experience with an 

avatar type feedback, the user can enjoy a more immersive experience within a CH 

technology, potentially impacting on their adherence.  

 

2.7.2 Goal-Setting 

Goal-setting is regularly used to motivate and encourage adherence in 

physiotherapy, yet the literature seems to offer conflicting evidence on its 

effectiveness. Bassett and Petrie found no significant difference in adherence when 

comparing the use of goal-setting [139]. This paper concluded that goal-setting may 

not be a suitable motivational tool in patients with lower limb injury, although it did 

note that collaboratively set goals appear to have a higher level of adherence than 

those dictated from the therapist, although the issues with measuring this using diaries 
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has been discussed earlier. A more recent study supported goals in clinic-based 

rehabilitation alongside other adherence improving interventions [121], and goals 

that were set with the support of a psychologist found significant differences in 

adherence in a moderate quality study of a younger athletic population [140]. A 

systematic review recently performed, concluded that while goal setting may be 

effective, there was insufficient data to make an endorsement, and more specialised 

skills may be required for goals and goal-setting to be effective [109]. Arguably by 

making a prescription of exercise, a physiotherapist is already setting a goal for their 

patient, and therefore measuring the effect of formal goals is more difficult. 

 

2.7.3 Self-Monitoring 

A number of studies use self-monitoring as a form of measurement, yet this in itself 

could be considered an adherence facilitator [111]. Activity monitors have been used 

to provide visual feedback to patients on their physical activity and exercise frequency. 

This intervention was found to have a positive association to adherence, when 

compared with a control group with the same monitor but without feedback. However, 

this was not in the musculoskeletal population and was targeted at general physical 

activity rather than targeted home exercises [123]. Talbot et al [141] also undertook a 

randomised trial using an accelerometer to allow for self-monitoring as part of an 

arthritis self-management programme and found a notable increase in general 

physical activity. Self-monitoring with the use of IMUs therefore provides a method of 

reliable, objective self-monitoring, taking the concepts from the extremely successful 

fitness sector and applying them to healthcare in CH applications. 

 

2.7.4 Education 

Education is also an intervention to improve adherence; it is multifactorial and can 

affect perceived barriers and the patients’ beliefs/perceived threats that are discussed 

above. Studies using solely education are few and far between, but in a systematic 

review, no statistically significant findings were made on two fair quality studies, 

although the provision of written information in supplement to verbal instruction did 
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improve adherence compared with verbal instruction alone [109]. A recent 

symposium piece also concluded that patients rarely need just more education, they 

need assistance with behaviour change in an integrated programme [142], perhaps 

suggesting that clinicians should be more aware of the psychological theories 

discussed previously. Whether Web-, tablet-, or mobile phone-based, CH solutions can 

easily offer educational material in a variety of formats, including more interactive 

methods such as videos that would not have been available in the past to patients. 

 

The majority of these interventions have been combined to form a self-

management plan, and this is widely done in clinical practice. Evidence would support 

the use of varying strategies, targeting patient education and behaviour modification 

and would be suggested as the most effective method of improving adherence 

provided it is tailored to each individual’s needs [143]. Although specific to the 

arthritis population, a systematic review concluded that at the time that there was 

limited evidence for adherence interventions for exercise, though adherence was not 

the primary outcome for some studies included [144]. Furthermore, although 

insufficient evidence was noted, Peek et al. [109] concluded that pending further 

research, written information should be integrated into routine practice to enhance 

adherence, and this is easily provided in both written and video format in CH solutions. 

Supporting the potential CH opportunities, they suggested again with support of future 

research that activity monitors in the form of IMUs could be effective and simple to use 

to promote and monitor adherence. They also noted that this type of strategy would 

be increasingly acceptable as the population becomes more unified with technology.  

 

Other simple features that can be incorporated into the design for future solutions 

include automatic reminders with consideration for the patient’s daily routine [131], 

regular PROMs specific to the target population to provide more meaningful data back 

to the clinician, and social forums that allow the user to interact with peers and share 

experiences, offering the social support are discussed earlier. A number of these 

features were discussed by patients when interviewed regarding their expectations of 

new technologies in this area, with feedback to improve performance and encouraging 

a feeling of being more supported being recurring themes [145]. A recent parallel-
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group trial suggested that app-based exercise programmes with remote support can 

improve adherence in exercise rehabilitation based on self-report, compared with 

paper handouts [146], but arguably, there is more that technology can offer to further 

improve and measure this facet of rehabilitation. Bassett sums up the objective well, 

when stating that prevention of nonadherence is the ideal way of maximising 

adherence [35], and using CH to move toward a more proactive model of care achieves 

this. 

 

2.8 Conclusions 

Adherence to home exercises in rehabilitation is a significant problem, and the 

reasons for this are multifactorial, covering both psychological and situational factors 

that vary between each individual, which need to be considered by clinicians in the 

design of personalised exercise programmes. Techniques discussed in this chapter can 

be built into CH solutions with the aim to improve self-efficacy and ensure the patient 

feels better supported in their rehabilitation; this may have an effect on adherence 

rates and will provide clinicians with more meaningful data to base their clinical 

decision on. Furthermore, published research needs to investigate the impact of these 

solutions on adherence rates, as this is sparse at present, yet this is understandable 

given the difficulties in measuring adherence discussed. 

 

CH technology has the potential to make an impact in the way we manage health 

and can provide a platform for a far more proactive method of management utilising 

numerous interventions to further improve adherence, and ultimately rehabilitation 

outcomes for patients. There is an emerging market in the use of sensing systems to 

support patients in their rehabilitation, particularly around adherence to home 

exercise, although the published research is still in its infancy. These systems have the 

ability to include many of the design features discussed within the developed system 

and have the ability to utilise ubiquitous and cost-effective hardware in the form of 

mobile phones and tablets. It may then also be possible for these systems to provide a 

more objective method of measuring adherence across clinical populations. 
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Chapter 3 

System Development 
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3.1 System Aims 

The overarching aim of the prototype CH exercise biofeedback system developed 

and evaluated at an early stage as part of this thesis is to maximise the outcome of 

rehabilitation by encouraging adherence to, and engagement with, the patient’s 

exercise programme as defined in Chapter 2. The prototype system seeks to achieve 

this by utilising adherence enhancing interventions including coaching, goal-setting, 

self-monitoring and education as discussed in section 2.7, in a design that considers 

the requirements of both the end-user and the current care models. A full list of system 

aims can be found below: 

• To increase patient adherence to the TKR home exercise regime. 

• To increase patient confidence and satisfaction in the joint replacement 

rehabilitation pathway. 

• To increase health literacy regarding TKR and the rehabilitation process. 

• To provide objective data to assist with clinical decision making. 

• To offer a more proactive model of joint rehabilitation care, with stakeholders 

more connected, and management being driven by data. 

• To provide a cost-effective intervention, maximising health system efficiency 

whilst maintaining optimal clinical outcome. 
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3.2 System Requirements 

In order to achieve the primary aim, it was imperative to identify the design 

requirements from the perspectives of the user, and that of the clinician / healthcare 

provider [58, 147–149] as illustrated in Figure 3.1. An inappropriate user interface, 

workflow, and experience can negatively impact engagement, as will a solution which 

does not fit with current care models [150].  

 

Figure 3.1 Design requirements from stakeholder perspectives.
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A number of considerations were taken into account when developing the 

prototype exercise biofeedback system.  The primary intended users are patients 

following knee replacement surgery, who are typically aged between 63 and 76 years 

[151]. This population was selected due to the internationally standardised 

prescriptive exercise programme in the acute post-operative period [10, 11], the pre-

existing dataset from previous research within the University as described in section 

1.3.3, and an accessible population in which to conduct user-evaluations. Research has 

suggested that users from this demographic are not as technologically literate as 

younger generations [51, 55, 57], and it cannot be assumed that there is wireless 

internet capability in the home, nor that they have their own smartphone or similar 

mobile technology [66]. Many users of this age will wear reading glasses, and 

consideration must be given for those with poor manual dexterity [152], ensuring that 

any buttons and switches can be used by patients with other comorbidities such as 

rheumatoid arthritis in their hands, or a tremor due to Parkinson’s disease. Users in 

the acute post-operative period following orthopaedic surgery often experience 

implications to their cognitive well-being [153], potentially feeling more vulnerable or 

frustrated than at their normal baseline, whilst also experiencing reduced physical 

ability. Therefore, any wearable sensing system needs to be easy to put on and remove, 

information needs to be visualised in a clear and simple manner, without technical 

language or illustrations, and navigation needs to be straightforward.  

 

For the clinician, any CH system must provide meaningful and actionable data in a 

time-efficient manner [38]. Any new solution needs to fit seamlessly with current care 

models in order to maximise adoption [49], in this case there is a well-documented 

early-stage exercise regime widely used for TKR rehabilitation [10, 11].  Consideration 

needs to be given to infection control procedures [154], data protection compliance 

[155], and providing the appropriate scientific evidence. Research has highlighted a 

lack of collaboration between HCPs and technology developers, thus having negative 

implications to adoption of CH solutions [58, 156], and as such additional 

requirements and perspectives of the clinician are investigated in Chapter 6. 
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3.3 System Description 

3.3.1 Hardware 

The prototype exercise biofeedback system developed as part of this thesis consists 

of an Android tablet computer and a single wearable IMU. The 9.7-inch Samsung 

Galaxy Tab A (Samsung, South Korea) (Figure 3.2) was used during all testing and was 

selected due to the large screen size, affordable cost (<€200), and processing 

capabilities. A case was added to each device which incorporated the option to stand 

the tablet in a convenient position for the user, without having to hold it. 

 

The sensing platform consisted of a single Shimmer3 IMU (Shimmer, Dublin, 

Ireland) (Figure 3.3) [157] utilising a tri-axial low-noise accelerometer (2g) and tri-

axial gyroscope (500/s) configured to sample at 102.4Hz. All units were calibrated 

according to the manufacturer instructions prior to deployment using the Shimmer 

9DOF Calibration Application v1.0 (Shimmer, Dublin, Ireland), and paired via 

Figure 3.2 Samsung Galaxy Tab A 9.7” 
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Bluetooth to a corresponding tablet. At a weight of 15 grams and dimensions of 5.3 x 

3.2 x 1.5cm, this IMU is small, light and unobtrusive, therefore not adding further 

complexity to the exercises undertaken as part of the programme.  

 

 

The IMU was placed by the user at the midpoint of the anterior aspect of the shin 

in a custom-made neoprene sleeve as illustrated in Figure 3.4. This neoprene sleeve 

was disposed of following use by a single patient, in line with infection control 

guidelines of the clinical institution from which all participants were recruited. The 

tablet, IMU and neoprene sleeve were provided in a set alongside a printed instruction 

manual (Appendix 3.1), investigator’s contact details, and appropriate chargers for 

both devices as illustrated in Figure 3.5. 

Figure 3.3 Shimmer3 IMU 
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Figure 3.4 User setup of biofeedback system with IMU placed in neoprene sleeve. 

 

Figure 3.5 Hardware set provided to each user. 
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3.3.2 Software 

A custom-built Android application was developed as the primary user interface of 

the CH biofeedback system (Figure 3.6), incorporating many of the design 

considerations discussed in section 2.7. Alongside the sensor-based exercise 

biofeedback, all of the educational material currently provided as paper handouts was 

included in the information section (Figure 3.7), together with professionally 

produced videos explaining various aspects of the surgery and rehabilitation process, 

used with permission from a UK National Health Service (NHS) YouTube channel 

(Appendix 3.2). The application also contained all of the contact details users may 

require should they have any queries of either a clinical or technical nature. 

 

Figure 3.6 Android application home page. 

https://www.youtube.com/user/HipandKneeTV
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The main component of this system was the sensor guided exercise biofeedback, 

with the user initially being guided through the sensor connection and capturing 

baseline measures of pain and mood. Prior to each exercise the user had the option of 

watching a video to remind themselves of correct exercise technique, and then 

continued to commence the exercise with real-time feedback. This feedback consisted 

of an avatar which mirrored the movements of the user as the repetitions were 

counted (Figure 3.8). At the end of each exercise, the user was given advice (Figure 3.9) 

on their technique based on binary supervised ML techniques which are further 

described in Chapter 5. A number of exercises in the institution’s protocol were not 

sensor guided, therefore a video was provided of these and users were encouraged to 

complete them prior to commencing the sensor-guided exercises. Having completed 

the exercises, the user reports on the perceived difficulty of the session, with all of the 

data described above being stored locally on the tablet. Finally, the user is able to track 

their progress by viewing their adherence statistics for that day, and over the past 

week (Figure 3.10). 

 

Figure 3.7 Interactive education section containing text and videos. 
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Figure 3.8 Exercise screen with repetition counting and real-time avatar. 

 

Figure 3.9 Technique feedback screen based on machine learning models. 
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Figure 3.10 Progress monitoring screen. 

 

The user requirements and demographics as outlined in section 3.2 were taken into 

account with the design of the prototype system. Buttons and font sizes were large and 

clear, language kept simple and navigation made as straightforward as possible with 

little opportunity to deviate from the predefined user flow as outlined in Figure 3.11. 

The system was also built to function without the need for any online connectivity, 

negating the need for internet access in the user’s home.  
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Figure 3.11 User flow of the prototype exercise biofeedback system. 

 

A video walkthrough of this system can be found in the online link in Appendix 3.3. 

Once the system was developed, the system was evaluated based on the WHO 

guidelines described in Chapter 4, and was therefore locked to prevent any further 

changes during this evaluation cycle. 

https://youtu.be/e6LhNvRHGIc
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Chapter 4 

Evaluation Framework 
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4.1 World Health Organization Guidelines 

As discussed in section 1.3.5, the WHO guidelines were utilised within this thesis 

to guide the development and rationale for the individual studies. Specifically, the 

guide was initially used to identify the stage of maturity of this project. Following this, 

the appropriate activities to enhance effective prototype development were then 

selected. As illustrated in Figure 4.1, at the earliest phase of a CH intervention, the 

priority for monitoring is to assess functionality and stability, while usability and 

feasibility are the key components within the early phase of evaluation.  

 

Should such a process not be followed, and the intervention immediately deployed 

to evaluate the effectiveness and implementation in the target population, it might be 

possible to draw inaccurate conclusions such as a type I or II error [158]. For example, 

it may be possible to conclude that the system is not effective at improving 

rehabilitation outcomes, even though this may be because the system was difficult to 

use or did not provide appropriate feedback to the user because the application would 

crash. As such, this thesis will not assess the impact on clinical outcome of the 

prototype system, but rather evaluate the feasibility and usability prior to clinical 

efficacy and effectiveness at later stages. 
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Figure 4.1 WHO framework for monitoring and evaluation activities of digital health interventions.  

The activities appropriate for this stage of the development of the CH exercise biofeedback system are highlighted in red.
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4.2 Monitoring & Evaluation Plan 

By using the WHO guidelines to investigate these various components of the 

prototype system, it was possible to provide structure to the development process, 

identify opportunities for further iteration, and develop an effective and sustainable 

CH biofeedback system. Firstly, it is important to define the terminology used from this 

framework when developing the aims and objectives for this thesis as specified in 

section 1.4.  

Functionality – “the degree to which a product or system provides functions that 

meet stated and implied needs when used under specific conditions” [53]. 

Stability – “the likelihood that a technical system’s functions will not change or fail 

during use” [53]. 

Feasibility – “whether the digital health system works as intended in a given 

context” [53].   

Usability –  “the effectiveness, efficiency and satisfaction with which specified users 

achieve specified goals in particular environments” [53, 159]. 

User Experience (UX) – “the users’ perceptions and responses that result from the 

use of a system” [159].  

 

Whilst the term UX is not included directly in the WHO guidelines, there is debate 

in the literature that some researchers use these terms interchangeably [160, 161]. 

However, it was deemed appropriate to further explore the emotional experience of 

using the system, as discussed further in Chapter 7.  

 

Having defined the key terminology from the framework, it was then determined 

how each of these activities would be assessed in the context of this exercise 

biofeedback system. As illustrated in Figure 4.2, a number of activities from the WHO 

guidelines were then further divided into subcomponents to provide a monitoring and 

evaluation plan for the prototype system.
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Figure 4.2 Defining the specific components of monitoring and evaluation relevant to this thesis.
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4.2.1 Monitoring - Functionality & Stability 

When considering functionality, there are two sub-components to take into 

account with the biofeedback system in this thesis. The technical functionality 

describes the performance of the ML features within the system, as it is imperative to 

identify whether the performance of the algorithms used to process sensor data and 

provide feedback are meeting performance requirements.  These ML features are 

described in further detail in Chapter 5, but they are broadly divided into two parts: 

Segmentation – the ability to identify and segment individual repetitions from a 

series of sensor data. 

Classification – the ability to use sensor data to detect at a binary level whether the 

exercise technique was performed correctly or sub-optimally. 

Both features of the ML system must work together to offer acceptable technical 

functionality and provide accurate information relating to exercise technique when 

used in the home setting. 

 

The method of technical assessment of IMU systems vary depending on the activity 

being undertaken and the aim of the evaluation. The biomechanical analysis of 

rehabilitation exercises or gait has seen IMUs compared to gold standard three-

dimensional motion capture or goniometry [59, 162], with extensive evidence that 

IMU systems can validly assess joint angle, detect which exercise has occurred, and 

compute temporal features of an exercise. However, the use of motion capture or other 

lab-based methods to evaluate the accuracy of this system is not practical or feasible, 

as the aim of the system is to be deployed in the home setting, and as such, evaluation  

should take place in this environment. 

 

The only previous published study that has been conducted to evaluate the real-

world functionality of an exercise classification system used a custom-made video 

platform to allow an exercise professional to label exercise repetitions as correct or 

sub-optimal immediately following performance [163], which closely mirrors what 
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would occur in clinical practice. This approach however is dependent on the exercise 

professional’s own judgement of exercise technique, with the inter- and intra-rater 

agreement of clinicians having recently been shown to be poor [164].  In the wider 

literature, studies have used video analysis software packages to assess joint 

kinematics [165, 166], although these systems rely on the participant performing the 

task against a plain, clear background, often with contrasting markers placed on the 

appropriate anatomical landmarks. 

 

With these various methodologies considered, the approach undertaken in this 

thesis to assess the technical functionality and accuracy of the ML features of the 

system is designed to mirror clinical practice, and aims to build on the one previous 

real-world validation of an IMU exercise classification system [163]. Two 

physiotherapists will be required to retrospectively review video recordings of each 

repetition, classifying them in accordance to the criteria described further in Chapter 

5, thereby reducing the within and between tester variances in the labelling of exercise. 

This process relies on achieving concordance between therapists with disagreements 

resolved through discussion. Further video analysis packages will not be used so that 

video can be recorded in the patient’s own home without the need for special 

backgrounds or any additional markers to be placed on the participant, allowing them 

to operate the system in as close to real-world conditions as possible. 

 

The clinical functionality describes how the system is able to meet the needs of 

the patient end-user in the home, both in terms of interactivity and feature outputs. 

The clinical functionality needs to be evaluated across all stakeholders (patients and 

HCPs), and as such it is also important to assess whether the system is providing the 

functions that meet the needs of the healthcare provider.  

 

In evaluating both aspects of functionality, a consideration must also be given to 

stability, where an understanding is gained with how likely the functionality may 

change or fail. In this case, it is imperative to ascertain whether the system contains 
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bugs or glitches causing the application to crash, or whether the method of data 

collection from the sensor can become unreliable over the period of use. 

 

Therefore Chapter 5 reports on the technical functionality and stability of the 

biofeedback system, investigating the accuracy of information provided to the user and 

the performance of the ML models. Testing was conducted on a healthy cohort in this 

chapter in order to identify whether the technical functionality was at an acceptable 

level to implement in the clinical setting. Following this, Chapter 6 and Chapter 7 

investigate the clinical functionality by conducting evaluations with both HCPs and 

patient users, as well as assessing for any stability issues in the form of software 

crashes. Furthermore, given the ongoing nature of monitoring and based on the 

findings of Chapter 7, a further study was undertaken in Chapter 8 to investigate the 

technical functionality and stability of the system when deployed in the clinical 

population. 

 

4.2.2 Evaluation - Feasibility 

Whilst the WHO guidelines define feasibility in relation to whether a system works 

as intended and makes reference to contextual readiness, it is also important to 

consider the standard dictionary definition which defines feasible as “possible to do 

easily or conveniently” [167]. Therefore, much like functionality in section 4.2.1, 

feasibility can be divided into two subcomponents; technical and clinical feasibility. 

Technical feasibility within the context of this thesis was defined as the ease in which 

it is possible to accurately provide feedback regarding exercise technique following 

knee replacement with the use of ML algorithms. Thus, Chapter 5 and Chapter 8 report 

on the technical feasibility in providing exercise technique feedback using the ML 

models discussed in this thesis. Clinical feasibility was defined as the ability and 

convenience of implementing the system in post-operative home rehabilitation. 

Chapter 6 and Chapter 7 investigate the clinical feasibility of implementing the 

prototype in the rehabilitation pathway by evaluating the system with both clinicians 

and patients respectively. 
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4.2.3 Evaluation - Usability & User Experience 

As discussed in Chapter 1, poor usability design can contribute to the failed 

implementation and adoption of CH interventions. However, user experience is an 

important facet and is a term often used to describe the emotional experience with use 

of a system, rather than just how the user achieves the specified goals. Chapter 7 

explores the concepts of usability and UX in further detail, and outlines a study 

conducted to evaluate both of these components during a clinical deployment of the 

prototype system.  As recommended in the WHO guidelines [53], a mixed methods 

approach was undertaken to evaluate both usability and feasibility. 

 

4.3 Summary 

The WHO guidelines have been employed to create a monitoring and evaluation 

plan relevant for the CH exercise biofeedback system in the prototype stage. The 

functionality, stability, usability, UX and feasibility of the system have been identified 

as important components requiring assessment, and the context in which they are 

relevant to the prototype system has been defined. Therefore, as illustrated in Figure 

4.3, the following chapters of this thesis will assess these components to ensure the 

prototype system is rigorously evaluated.  

 

Figure 4.3 The investigation of each component of monitoring and evaluation within this thesis. 
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Chapter 5 

Pre-Deployment 

Functionality 
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5.1 Introduction   

As outlined in Chapter 3, ML models that have been previously developed were 

incorporated into the prototype biofeedback system, however these have not been 

robustly evaluated in the context for which they are designed to be deployed. 

Therefore, the purpose of this chapter was to evaluate these previously validated ML 

models with newly collected test data. The first level of evaluation was performed on 

healthy individuals, as conducting testing which mirrors deployment in clinical 

practice allows for assessment of the technical functionality of the ML models to ensure 

acceptable performance prior to deployment in the clinical setting.  

 

As briefly described in section 1.3.4, there is a two-step process in the analysis of 

IMU data when using ML to provide exercise biofeedback, with each rep first needing 

to be identified, before a prediction is made on the quality of the technique. 

Segmentation requires the model to isolate the individual repetitions in a time-series 

of sensor data consisting of multiple repetitions, and identify the beginning and end 

points of each repetition, as illustrated in Figure 5.1. This process identifies 

coordinates which mark the start and end of each repetition in a set of exercises. This 

model goes beyond merely counting the number of repetitions, a feature widely 

available in biofeedback systems [62], but it also isolates each individual repetition for 

the classification phase.  
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Once these individual repetitions have been segmented, classification is 

undertaken where a prediction is made of the input data related to the labelled training 

data. A simple example of classification of the heel slide exercise is outlined in Figure 

5.2.  

 

Figure 5.1 An example of a correctly segmented time-series of triaxial accelerometer data. 

 

Figure 5.2 An example of classification of a time-series of triaxial accelerometer 

data with a sub-optimal repetition highlighted in red. 
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It is common practice to test a number of different classification algorithms for 

early validation, with the best performing algorithm being used within the final model 

[88, 95]. Preliminary work within this University has shown that a ML classification 

model can accurately classify exercise technique with data from a single IMU [75], the 

output of these models being a binary prediction of whether the exercise technique 

was performed correctly or sub-optimally. 

 

It is widely accepted that the segmentation of time-series data is challenging, and a 

large number of factors such as human variability in movement, multiple degrees of 

freedom, fatigue or disease progression cause further variance in data [168]. Prior 

work reports the accuracy of the segmentation model to be >91% [88], however the 

methods of obtaining this accuracy and the exact components of the training data are 

unclear. The accuracy of the classification models have been further examined using k-

fold cross-validation returning results of >90% for classification across all four 

exercises included in the system [169]. Yet there is concern that these cross-validation 

methods present over-optimistic results with multiple limitations including small 

sample sizes, overfitting, large feature pools and a lack of external validation [96].  

 

Additionally, the prototype biofeedback system in this thesis is reliant on both 

components of the ML data analysis process working effectively, with a poor 

segmentation output having negative consequences for the classification process. As 

such, testing these models in isolation as described above does not illustrate the true 

performance and technical functionality of the system in the context which it will be 

deployed. Therefore prior to the deployment of the prototype CH biofeedback system 

with patients, and in order to assess the technical functionality and feasibility of the 

system as outlined by the WHO framework discussed in Chapter 4, it was necessary to 

determine the real-world accuracy of the ML models in this system. 
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5.2 Aims & Objectives 

The aim of this study was to identify the technical functionality and feasibility of 

the ML segmentation and classification algorithms in a healthy cohort, in order to 

assess whether the system demonstrates acceptable performance to be implemented 

into the clinical population. 

The objectives of this study were: 

• To identify the accuracy of the classification models using the lab-based 

approach of leave-one-subject-out cross-validation. 

• To investigate the performance of the segmentation and classification 

models independently with a newly collected data set from healthy 

individuals sampled in real-world conditions that has been manually 

segmented. 

• To evaluate the technical functionality of the overall biofeedback model 

with a newly collected data set from healthy individuals sampled in real-

world conditions that has been automatically segmented and classified 

and compare this to the lab-based cross validation results.  

5.3 Methods 

In order to thoroughly evaluate the ML models within the prototype system and 

achieve the aims and objectives, the method of investigation was broken into four key 

phases: (1) the development of the classification models and lab-based evaluation, (2) 

evaluation of the classification models using manually segmented test data, (3) 

evaluation of the segmentation model, and (4) overall biofeedback model performance 

evaluation, combining the segmentation and classification models (Figure 5.3).  
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Figure 5.3 Steps of evaluation for the various machine learning components of the exercise 

biofeedback system in the healthy population. 

 

5.3.1 Classification Model Development 

Training Data 

In order to provide training data for the classification models, a labelled data 

set previously collected was utilised [75, 87]. This data set contained IMU data from 

clinical participants undergoing lower limb rehabilitation. These participants 

performed the exercises both correctly, and with deliberate or naturally occurring 

deviations, with the error labels chosen based on a Delphi survey identifying the 

commonly occurring deviations in these exercises [75, 87]. A description of each of the 

four exercises used to provide sensor guided exercise biofeedback within the 

prototype system, and the error assessed is described in Table 5.1.   



 56 

Table 5.1 Description of exercises and the errors assessed within the machine learning models. 

 

Table 5.2 illustrates the composition of the training data, providing a breakdown 

of the number of participants, exercise sets, and balance of correct and sub-optimal 

performance of each exercise. 

 

Table 5.2 Characteristics of the classification training data. 

 

 

Exercise Description of Exercise Error 
Assessed 

Heel Slide (HS) In supine lying, the exercise is performed by flexing 
the hip and knee to slide the foot closer to the ipsi-
lateral hip. 

Excessive hip 
external 
rotation 

Inner Range 
Quadriceps 
(IRQ) 

In supine lying, a roll is placed under the knee to be 
exercised. The exercise is performed by contracting 
the quadriceps muscles to bring the knee from a 
position of slight flexion into full extension. 

Hip flexion 
(raising knee 
off the towel) 

Straight Leg 
Raise (SLR) 

In supine lying, the exercise is performed by flexing 
the hip, lifting the leg off the supporting surface 
while keeping the knee in full extension, raising to a 
height above the contralateral toes. 

Knee flexion 
(lag) 

Seated Active 
Knee Extension 
(SAKE) 

In sitting with the upper thigh supported on a chair, 
the exercise is performed by contracting the 
quadriceps to bring the knee from a position of 
flexion into full extension. 

Lack of full 
knee 
extension 

 
Exercise 

Participants Exercise 
Sets 

Total 
Repetitions 

Correctly 
Performed 
Repetitions 

Sub-Optimally 
Performed 
Repetitions 

HS 36 71 711 350 (49.2%) 361 (50.8%) 

IRQ 35 68 679 351 (51.7%) 328 (48.3%) 

SLR 37 69 689 370 (53.7%) 319 (46.3%) 

SAKE 38 76 754 380 (50.4%) 374 (49.6%) 
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Classification Model Design 

In order to build the classification models, each data set comprising of triaxial 

accelerometer and gyroscope IMU data was manually segmented to isolate each 

individual repetition. A set of 356 features were then extracted for each repetition as 

described in [169]. These features were used to train a number of classification 

algorithms; (i) logistic regression, (ii) support vector machine (SVM) trained with the 

sequential minimal optimisation algorithm (SMO) technique, (iii) adaptive boosting, 

(iv) random forest and (v) J48 decision tree [170]. Leave-one-subject-out cross-

validation (LOSOCV) was then performed to assess the performance of each algorithm, 

with the algorithm demonstrating the best accuracy per exercise being selected for use 

in the ML classification component of the biofeedback system.  

 

Classification Cross-Validation  

LOSOCV is widely used in the evaluation of ML classification systems and works on 

the premise that on each fold of validation, one participant’s data are held out of the 

training and are used as a test set. This ensures there is no data from the same 

participant used in both the training and testing of the model, thereby reducing bias 

[77, 171]. In line with similar previous work, performance for the classification 

algorithms was measured using the accuracy, sensitivity and specificity metrics [75, 

77]. Accuracy (Equation 5.1) is the number of correctly classified repetitions divided 

by the total number of repetitions, this is calculated by the sum of the number of true 

positives (TP) and true negatives (TN) divided by the sum of the true positives, false 

positives (FP), true negatives and false negatives (FN). Sensitivity (Equation 5.2) refers 

to the effectiveness of the classifier to identify a desired positive label, in this case a 

correctly performed repetition, whilst specificity (Equation 5.3) describes the ability 

of the model to detect a negative label – a sub-optimal performance of the exercise. 
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𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 (5.1) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (5.2) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 (5.3) 

Equations 5.1, 5.2 and 5.3 to calculate the accuracy, sensitivity and specificity of the classification models 

respectively. 

 

5.3.2 Segmentation Model 

A pre-existing segmentation model was deployed within the prototype system [88]. 

This model utilises a template matching algorithm to firstly derive the periods of rest 

within the set of exercises. These periods of rest are then clustered to provide a 

reference point for each period, and pairs of consecutive reference points are tested 

against the template matching algorithm, with the template being the expected signal 

for a repetition. If the algorithm returns a positive result, where the signal matches, the 

pair of reference points are considered as start and end coordinates for a repetition.  

 

5.3.3 Test Data Collection 

Participants 

In order to collect an independent set of real-world test data, a sample of 10 

participants (six female and four male, mean age = 66 years (range 57-91)) were 

recruited for this study from the general population. Subjects were selected based on 

the similar age demographic to those of knee replacement patients [8]. Therefore, 

those eligible to participate were required to be over 55 years of age and be capable of 

performing the four rehabilitation exercises. Subjects were excluded if (1) they had a 

history of lower limb musculoskeletal injury in the past six months, (2) orthopaedic 

surgery in the past year, (3) previous bilateral knee replacement surgery - if subjects 
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had undergone a previous unilateral knee replacement the contralateral side was 

tested.  

Experimental Procedure 

Data were collected from participants in their own home using the prototype 

biofeedback system described in section 3.3. Participants were provided with an 

explanation of each exercise and allowed the opportunity to practice three repetitions 

with the supervision of a Chartered Physiotherapist. The IMU was configured, 

calibrated and placed as described in section 3.3, and video was recorded from the 

trunk down for each exercise. Fifteen repetitions of each exercise were completed with 

the raw IMU data saved to the tablet device. No feedback was provided to the 

participant regarding exercise technique during the sampled set. Video data was then 

reviewed and labelled by two Chartered Physiotherapists and where there was 

discrepancy, a discussion took place between the Physiotherapists until agreement 

was reached, with each repetition labelled as correctly or sub-optimally performed.   

 

5.3.4 Data Analysis 

Classification Evaluation 

In order to determine the functionality of each component, the first task was to 

assess the classification performance in isolation to the segmentation model. Each 

exercise file from the newly collected test set was manually segmented using a 

combination of physical boundaries and template boundaries to define the segment 

[168], with labelled coordinates identifying each individual repetition within the time-

series. These individual repetitions were then run through the classification model, 

this was done offline (not through the biofeedback application) to remove any 

software programming or computational load issues, and the accuracy, sensitivity and 

specificity of the classifiers were then calculated based on this manual segmentation.  

 

 



 60 

Segmentation Evaluation 

For the prototype system to function effectively the exercise files need to be 

segmented automatically, therefore the same test set was run offline through the 

segmentation model. The segmentation model performance was then assessed using 

temporal tolerance [168], where a TP is identified if the coordinates occur within a 

range (terr) of the manually annotated label. The identification of a point from the 

model that is not manually identified in the terr region is a FP error, and a FN error is 

recorded if a point was not found by the model in the terr region of a manually 

annotated point.  There is variance within the literature for the range of terr [172–

174], however for the purposes of this study an asymmetrical terr threshold was used. 

A threshold for points at the start of a repetition was set to 0.5 seconds before the 

manually annotated point, and 0.25 seconds after the same manually annotated point. 

However, if the predicted point was greater than 0.5 seconds before the annotation 

point, but after the end point for the previous repetition, this was also deemed 

acceptable as there was no overlap (Figure 5.4).  

 

 

Figure 5.4 Illustration of threshold for segmentation for points identified as the start of a 

repetition. The manual annotation for reference is highlighted in blue and the area for TP in green. 
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The opposite was used for the predicted points at the end of a repetition, where the 

threshold was 0.25 seconds before to 0.5 seconds after the manually annotated point, 

with a point greater than 0.5 seconds after the corresponding manual point but before 

the manually selected point for the start of the next repetition also being identified as 

a TP (Figure 5.5). 

 

 

Figure 5.5 Illustration of threshold for segmentation for points identified as the end of a repetition. 

The manual annotation for reference is highlighted in blue and area for TP in green. 
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Once the temporal tolerance process was used to assess the segmentation model 

point selection, the precision (Equation 5.4), recall (Equation 5.5) and accuracy 

(Equation 5.6) were calculated [168]. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (5.4) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (5.5) 

𝑆𝑒𝑔𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃
 (5.6) 

Equations 5.4, 5.5 and 5.6 to calculate the precision, recall and accuracy of the segmentation model 

respectively. 

 

Whilst this method of evaluation of segmentation performance provides a high-

level understanding of the accuracy of the segmentation model, it is important to 

understand the effect the models have on the information received by the end-user. 

The above equations do not consider whether an individual exercise file was 

segmented with the correct number of repetitions, or if every file was missing one or 

two repetitions. In the clinical context, even one mis-counted repetition could be 

considered a failure for that user, potentially leading to inaccurate classification 

and/or inappropriate feedback. For example, Figure 5.6 illustrates a set of heel slide 

exercises where accuracy would be determined at 80% using temporal tolerance, but 

only eight out of ten repetitions were identified by the model. Hence results are also 

presented on the percentage of data sets where the correct number of repetitions were 

identified, regardless of the accuracy of the points predicted. A fail in this case was 

considered to be when the model output predicted the number of repetitions to be 

greater than one repetition away from the ground truth. 
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Biofeedback Model Evaluation 

Finally, the classification accuracy is presented based on the segmentation 

algorithm outputs rather than manual labelling. This provides the true real-world 

classification accuracy when all components of the system are incorporated, as will be 

the case for the end-user. When determining the technical functionality of the models, 

and in line with previous research [76], classification accuracy was considered as 

‘excellent’ when greater than 90%, ‘good’ when 80%-89%, a result of 60%-79% was 

considered to be ‘moderate’, and a ‘poor’ result was deemed to be less than 59%. 

 

 

 

 

 

 

Figure 5.6 Example of segmentation of a set of data where two repetitions out of ten were not 

identified. Green segment lines represent correctly identified segment points, with red those where 

segmentation failed. 



 64 

5.4 Results 

5.4.1 Lab-based Cross-Validation 

The results of the LOSOCV of binary classification for the best performing algorithm 

per exercise are presented in Table 5.3 with these models being used in the prototype 

CH exercise biofeedback system described in section 3.3 and evaluated in the 

remainder of this thesis. The full results for all algorithms can be found in appendix 

5.1. 

 

Table 5.3 Lab-based results following leave-one-subject-out cross-validation. 

 

 

 

 

 

 

 

5.4.2 Classification Performance 

Table 5.4 outlines the composition of the test set collected from the ten healthy 

participants in this study. One participant completed only 13 repetitions of the heel 

slide exercise, hence the reduction in total repetitions for this exercise. All participants 

completed every repetition of each exercise with correct technique. 

 

 

 

 

 
Exercise 

 
Best Performing 

Algorithm 

Metric (%) 

Accuracy Sensitivity Specificity 

HS Logistic Regression 98.45 99.43 97.51 

IRQ Logistic Regression 92.05 93.73 90.24 

SLR SVM 94.78 96.22 93.10 

SAKE Random Forest 96.29 96.52 96.05 



 65 

Table 5.4 Data collected to form the healthy participant test set. 

 

The healthy test set was manually segmented and run through the best performing 

classification models as outlined in Table 5.3 previously. The mean classification 

accuracy along with the 95% confidence interval (CI) is illustrated in Table 5.5, it is 

however important to note that since all the participants performed every repetition 

of the exercises correctly, with no sub-optimal examples (Table 5.4), it was not 

possible to determine the specificity of the classification models.  

 

Table 5.5 Classification performance following manual segmentation of healthy test data. 

*due to the unbalanced test set with no sub-optimal repetitions it was not possible to calculate specificity. 

 

 

 
Exercise 

Participants Exercise 
Sets 

Total 
Repetitions 

Correctly 
Performed 
Repetitions 

Sub-Optimally 
Performed 
Repetitions 

HS 10 10 148 148 (100%) 0 (0%) 

IRQ 10 10 150 150 (100%) 0 (0%) 

SLR 10 10 150 150 (100%) 0 (0%) 

SAKE 10 10 150 150 (100%) 0 (0%) 

 
 

Exercise 

Metric (%) 

Accuracy Sensitivity Specificity* 

Mean (95% CI) Mean (95% CI) Mean (95% CI) 

LB UB LB UB LB UB 

HS 100.00 (100.00 100.00) 100.00 (100.00 100.00) N/A N/A N/A 

IRQ 84.67 (67.83 100.00) 84.67 (67.83 100.00) N/A N/A N/A 

SLR 84.67 (68.14 100.00) 84.67 (68.14 100.00) N/A N/A N/A 

SAKE 100.00 (100.00 100.00) 100.00 (100.00 100.00) N/A N/A N/A 
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As illustrated in Table 5.5, the mean classification accuracy of all four exercises 

when the segments were manually annotated was greater than 84%, with the system 

correctly classifying all repetitions in the heel slide (HS) and seated active knee 

extension (SAKE) exercises. However, it is not feasible to manually segment all sets of 

data when the system is deployed, and as such it was important to consider the 

performance of the automatic segmentation model. 

 

5.4.3 Automated Segmentation Performance 

The asymmetrical threshold described in section 5.3.4 was used to calculate the 

segmentation accuracy. The results presented in Table 5.6 illustrate the mean 

segmentation performance along with the 95% CI, with average accuracy greater than 

89% across all four exercises when compared to the manually annotated coordinates. 

 

Table 5.6 Segmentation performance of the healthy test data. 

 

Alongside the accuracy of the points identified, it was also important to understand 

whether the segmentation model was detecting the correct number of repetitions. 

Table 5.7 shows the performance of the segmentation model in identifying the correct 

number of repetitions in each set, with a fail being considered if the model output was 

more than one repetition away from the actual number of repetitions. 

 
 

Exercise 

Metric (%) 

Precision Recall Accuracy 

Mean (95% CI) Mean (95% CI) Mean (95% CI) 

LB UB LB UB LB UB 

HS 96.21 (94.03 98.39) 95.56  (92.97 98.15) 92.24  (87.97 96.51) 

IRQ 96.00  (92.67 99.34) 96.00  (92.67 99.34) 92.64  (86.69 98.60) 

SLR 96.23  (94.15 98.32) 93.67 (89.86 97.47) 90.48  (85.64 95.33) 

SAKE 94.33  (90.27 98.39) 94.33 (90.27 98.39) 89.76 (82.62 96.90) 
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Table 5.7 Performance of the segmentation model in identifying the correct number 

of repetitions per set in the healthy test data. 

 

 

 

 

 

 

5.4.4 Biofeedback Model Performance 

The coordinates generated automatically by the segmentation algorithm were then 

passed through the classification models in order to test the overall performance of the 

biofeedback system. Table 5.8 shows the average classification performance along 

with 95% CIs from repetitions that were identified by the segmentation model. Mean 

accuracy was greater than 75% across all four exercises with both HS and SAKE 

continuing to demonstrate 100% accuracy. 

 

Table 5.8 Biofeedback model performance: classification results of healthy test data 

with segments generated automatically. 

 

 
Exercise 

Correct 
Repetitions (%) 

Within 1 
Repetition (%) 

Fail (>1 Repetition 
Away) (%) 

HS 90.00 10.00 0.00 

IRQ 100.00 0.00 0.00 

SLR 70.00 20.00 10.00 

SAKE 100.00 0.00 0.00 

 
 

Exercise 

Metric (%) 

Accuracy Sensitivity Specificity 

Mean (95% CI) Mean (95% CI) Mean (95% CI) 

LB UB LB UB LB UB 

HS 100.00 (100.00 100.00) 100.00 (100.00 100.00) N/A N/A N/A 

IRQ 86.00 (68.67 100.00) 86.00 (68.67 100.00) N/A N/A N/A 

SLR 76.47 (56.09 96.86) 76.47 (56.09 96.86) N/A N/A N/A 

SAKE 100.00 (100.00 100.00) 100.00 (100.00 100.00) N/A N/A N/A 
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Figure 5.7 illustrates the differences in classification accuracy between the various 

methods of performance analysis. Whilst there is minimal change in the mean accuracy 

of HS and SAKE between the LOSOCV and the test data (increasing 1.55% and 3.71% 

respectively), there is a notable reduction in mean accuracy with the healthy test data 

for inner range quadriceps (IRQ) (7.38%) and straight leg raise (SLR) (10.11%). There 

is a further reduction of 8.20% in mean accuracy for SLR when using the automatically 

generated coordinates, with the other three exercises demonstrating matching or 

improved accuracy between the manually and automatically segmented files. 

 

 

 

Figure 5.7 Comparison of classification accuracy between the lab-based cross-validation, manually 

segmented classification performance, and automatically segmented biofeedback model performance when 

testing with healthy data. 
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5.5 Discussion 

This chapter describes a study that was conducted to assess the technical 

functionality and feasibility of the ML components of the prototype exercise 

biofeedback system in order to determine whether it was acceptable to implement in 

the clinical setting. The results presented indicate that in the healthy cohort, the 

classification and segmentation models in isolation have ‘good’ to ‘excellent’ levels of 

functionality, and the overall performance of the ML components of the exercise 

biofeedback system is ‘moderate’ to ‘excellent’ dependent on the exercise being 

performed.  

 

The nature of the unbalanced data set collected from healthy participants, with the 

lack of sub-optimal examples, mean it is difficult to fully evaluate the classification 

models [175, 176]. However, it would not have been acceptable to induce deliberate 

errors in participants’ exercises as this does not mirror the real-world environment in 

which the system was designed for, despite the training data containing examples of 

deliberate deviations in order to create a balanced training set. 

 

It is clear from the results that the SLR exercise demonstrates the lowest overall 

performance accuracy and largest variance (Mean = 76.47%, 95% CI = 56.09% - 

96.86%), the weakest performance in identifying the correct number of repetitions 

(70%), and was the only exercise demonstrating moderate levels of performance. 

When investigating the possible reasons for this, and reviewing the training data, it is 

apparent that the instructions provided to participants in the previously collected 

training data do not mirror current standard clinical practice as participants were 

advised to “lift leg off the bed as high as you can” [87], rather than the description 

outlined in section 5.3.1 – “to above the contralateral toes”. This highlights the 

implications to technical feasibility when training data does not mirror the expected 

inputs and current clinical instructions. Given this difference, the classification for the 

SLR exercise was written out of the prototype exercise biofeedback system for the 

patient evaluation in Chapter 7, with users then only receiving the visual avatar 

feedback and a count of the number of repetitions. 
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There are numerous other potential reasons for the increased variance in 

performance and impact on technical feasibility due to the way these exercises are 

performed in the real-world. Participants opt to do their rehabilitation in various 

locations around the home including the bed, sofa or floor, and it was also noted during 

testing that there was a varying thickness of the towel used under the knee during the 

IRQ exercise, which can further contribute to a reduced accuracy of classification in the 

real world. Conversely, and of particular interest, are the results that show that despite 

the reduction in segmentation accuracy (between 8% - 11%), there does not appear to 

be an impact on the combined performance in classification accuracy. Three of the four 

exercises maintain or improve classification accuracy when using the segment 

coordinates automatically generated compared to the manual annotation (HS, IRQ and 

SAKE), suggesting a ‘good’ to ‘excellent’ level of segmentation accuracy is acceptable 

and feasible in the deployment of ML based biofeedback systems.  

 

Making direct comparisons between these results and the literature is difficult due 

to the lack of external validation that is conducted on ML models [59, 96]. The majority 

of current research outlines LOSOCV and other similar lab-based methods such as k-

fold cross-validation [59, 85, 94, 177, 178], rather than the evaluation of ML models 

with a newly collected and independent test-set. Whereas this study builds on previous 

work within this University [136, 169] and moves past the lab-based validation 

methods into the real-world setting, although the next step is to test these same models 

with test data from clinical participants. 

 

Alongside the limitations discussed above in the unbalanced data set collected, and 

the inconsistency in exercise instruction between the training and test data, there are 

a number of other limitations to be considered. Due to the nature of the study design, 

participants completed their exercises immediately post training, and as such there 

was no time for the participant to have any recall difficulties for the exercise, and for 

this to have an impact on their technique. Equally, all exercises were supervised by a 

Chartered Physiotherapist who was present to record the video for analysis, and whilst 



 71 

there was no feedback provided during the session, this may also have had an impact 

on the quality of the exercise performance from the participant. Furthermore,  

research has suggested that inter- and intra-rater agreement in the visual evaluation 

of exercise is questionable [164], although this research was conducted with more 

complex, multi-joint exercises. Yet this methodology mirrors the norm in clinical 

practice, where a clinician regularly makes visual judgement on an individual’s 

exercise technique, and builds upon the current exercise technique classification 

literature as discussed in section 4.2.1. Finally, for pragmatic reasons this study was 

conducted with healthy participants and whilst this fulfilled the aims and objectives of 

the study, it does not provide a true illustration of the technical functionality of the 

exercise biofeedback system in the population of which it is designed to be 

implemented. Thus, further work is described in Chapter 8 to reflect the real-world 

performance in the clinical population.  

 

These limitations aside, this study has shown that in the healthy population, the 

prototype CH exercise biofeedback system has demonstrated ‘good’ to ‘excellent’ 

isolated classification or segmentation performance, and excluding the SLR exercise 

which has had technique feedback withdrawn for Chapter 7, ‘good’ to ‘excellent’ 

combined performance which suggests the technical functionality of the system can be 

deemed acceptable for deployment in the clinical population. 

 

5.6 Conclusions 

This chapter has outlined the development and evaluation of the ML models within 

the prototype CH exercise biofeedback system described in Chapter 3. This study has 

shown that the technical functionality of the exercise biofeedback system was 

‘moderate’ to ‘excellent’ and has taken steps to ensure clinical acceptability prior to 

deployment with patients following knee replacement surgery. Further work is 

required to evaluate the technical functionality of these same models within the 

clinical population as described in Chapter 8. However, this study has shown that the 

use of ML models within the exercise biofeedback system was technically feasible and 
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these models were performing to a sufficient standard to evaluate the system with key 

stakeholders including clinicians in Chapter 6 and patients in Chapter 7. 
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Chapter 6 

Clinician Evaluation 

 

 

A modified version of this chapter has been published as follows: 

Argent R, Slevin P, Bevilacqua A, Neligan M, Daly A, Caulfield B. (2018) Clinician 

perceptions of a prototype wearable exercise biofeedback system for orthopaedic 

rehabilitation: a qualitative exploration. BMJ Open 2018;8(10):e026326 
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6.1 Introduction 

Having identified the functionality of the underlying ML models in the biofeedback 

system in Chapter 5, the next step was to seek clinician opinion prior to deployment in 

the clinical institution. When designing a CH intervention, an iterative design process 

involving consultation with key stakeholders is recommended throughout the design 

and development phase to optimise the engagement and effectiveness of the system 

[56, 179]. 

 

When considering the design of this prototype exercise biofeedback system, not 

only must the developed system meet the needs of the user following surgery, but also 

that of the person who will administer and manage it [180]. Understanding the 

standard working practices of clinicians and designing CH solutions that most 

effectively meet their needs are imperative in developing a successfully adopted CH 

intervention [49, 58].  Therefore, as well as the patient end-user, clinicians need to 

participate in the design and evaluation of CH solutions to ensure clinical acceptability 

and feasibility [58, 181]. However, there is currently a lack of collaboration between 

technology developers and HCPs, which in turn is affecting acceptance, application and 

adoption of new technologies [58, 93, 156, 182]. Therefore, in order to meet this need, 

ensure acceptability and clinical feasibility, and gain an understanding of current 

clinical practices in the area of target use for the system, this chapter describes how 

the clinician was involved in the evaluation of the prototype CH exercise biofeedback 

system. 

 

6.2 Aims & Objectives 

The aim of this study was two-fold. In the first instance, it was necessary to perform 

an exploration of the current clinical workflow and the potential 

opportunities/challenges of using wearable technology in rehabilitation after joint 

replacement surgery. Following this, and in line with the recommendations from the 

WHO guidelines outlined in Chapter 4 [53], clinicians’ perceptions of the prototype 
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biofeedback system’s potential use and feasibility of implementation in the clinical 

setting were evaluated in a qualitative exploration.   

The objectives of this study were: 

• To understand the current norms in clinical practice relating to 

orthopaedic rehabilitation and the monitoring and feedback methods 

employed by clinicians and explore their current opinions on CH and 

wearable technology.  

• To investigate the perceived impact the prototype CH exercise 

biofeedback system (described in Chapter 3) may have on the 

rehabilitation pathway and highlight potential feasibility challenges in 

implementation of the prototype system. 

• To identify potential refinements that could be made to the prototype 

systems in future iterations – including the clinician in the design 

process. 

 

6.3 Methods 

6.3.1 Participants 

A total of 10 participants (6 females, 4 males, age: 36.5 [SD 9.06]) from a variety of 

clinical disciplines (4 Physiotherapists, 2 Clinical Nurse Specialists, 2 Orthopaedic 

Assistants, 1 Occupational Therapist and 1 Staff Nurse) who were involved in the care 

of patients in the orthopaedic joint replacement pathway were recruited as a sample 

of convenience from a private hospital in Dublin, Ireland. Potential participants were 

identified and introduced to the study by an Orthopaedic Consultant or the Allied 

Therapies Manager. Each participant signed a consent form (Appendix 6.1) prior to 

commencing the study, and the study protocol was approved by the Beacon Hospital 

Research Ethics Committee (Appendix 6.2). 

 

6.3.2 Experimental Procedure 
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Participants were required to attend a single hour-long session as part of the study. 

All interview data were recorded using a voice recorder and an interview topic guide 

(Appendix 6.3) was constructed based on the main research questions and aims of the 

study, in order to ensure consistency between interviews [183]. Prior to introducing 

the concept and prototype biofeedback system, and to prevent bias, a semi-structured 

interview was conducted with each participant to; (i) gain an understanding of what 

methods clinicians are currently using to monitor and provide feedback to patients, 

(ii) explore the perceived opportunities and challenges of CH interventions, and (iii) 

investigate their current knowledge of wearable technology. A demonstration of the 

prototype CH exercise biofeedback system described in detail in section 3.3 was then 

provided, followed by a further semi-structured interview to identify the perceived 

impact and clinical implications of such a system.  

 

6.3.3 Data Analysis 

Audio from interview recordings was transcribed and anonymised. Thematic 

analysis of the interview transcript took place [183, 184] with the interview guide 

being used to create an early coding template, which was then refined and finalised as 

further themes emerged during data analysis in collaboration with an experienced 

qualitative researcher [185]. A constant comparison approach was taken between two 

researchers reviewing the transcripts with regular cross-checking to ensure reliability 

of emerging sub-themes with a strong correlation between researchers [186]. Any 

outliers were discussed, and agreement reached, with data saturation reached when 

no further themes were occurring in the interview data [183].    

 

6.4 Results 

A summary of the results is reported below, while additional quotations to support 

these results can be found in Appendix 6.4. 
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6.4.1 Current Methods of Monitoring & Feedback 

Clinical practice at present tends to rely on a combination of objective and 

subjective markers. Clinicians spoke about the wide-use of ROM measurement as a key 

objective marker following TKR. Additionally, markers such as swelling, pain and 

functional scores are used to monitor changes in the patient’s condition. 

 

Generally, I would manually take objective measures, traditional measures 

such as muscle strength, range of motion, and then some subjective ones as well, 

opinion based on movement quality. [Physiotherapist] 

 

Measuring the range with a goniometer but there’s a lot of intra reliability 

issues with it you know, as to whether you’re specifically getting the right measure 

from one to the next so I wouldn’t say how valid it is. [Physiotherapist] 

 

Decreasing pain reports, or decreasing reports about their pain experience, 

and decreasing levels of analgesia would be the two outcome measures. [Clinical 

Nurse Specialist] 

 

However, clinicians commented on the lack of objectivity of assessing muscle 

strength, gait and exercise technique, with visual assessment and patient self-report 

forming the basis for ongoing monitoring. 

 

Objective markers are few and far between and we’re still reliant on the old 

clinical measures like range of motion, muscle strength - which if you’re testing 

on an Oxford scale it’s a very subjective thing. [Physiotherapist] 

 

I suppose it’s a lot of observation and it is quite subjective in a lot of other ways 

like stair mobility. [Occupational Therapist]  
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Some patients would use the tick box in the booklet, like a diary, a list of the 

exercises and dates and times that they can tick it off. [Physiotherapist] 

 

Those HCPs working in the post-acute phase of care stated that feedback was 

primarily offered verbally, and it is not possible to offer other feedback between clinic 

appointments. 

 

I guess just verbal feedback is our only option… but when they go home we’re 

not giving them any feedback ‘til they come back to the clinic. [Physiotherapist] 

 

You’re not watching them and they’re like oh yeah I did my exercises and you 

just have to go by that they did it. [Staff Nurse] 

 

They can call in if they have a problem but between the visits of the teams that 

are going out once a day over the course of the first week, no they have to get on 

with it themselves, they don’t have anything to work off except what they’ve been 

educated to do. [Physiotherapist] 

 

 

 

 

6.4.2 Perceptions & Knowledge of Wearables 

Clinicians were aware of wearable technology, with many stating they have used 

some sort of wearable device in their personal lives, yet discussion was almost 

exclusively on the application in the fitness space. 
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The apps on the smartphone that you have to have a phone in your pocket for 

the app to work and it tracks how many steps you’ve done... I know about Fitbit. 

[Clinical Nurse Specialist] 

 

A mobile phone that measures your distance, and measures calories and 

distance walked and you can go back and check and see exactly what you’ve done 

for a day. [Orthopaedic Assistant] 

A lot of my patients at the moment all have Fitbits for measurements of how 

many steps do they take per day, a lot of the smartphones obviously have apps as 

well that record how many calories and steps they’re taking, what distance they 

walked, run, cycle. [Physiotherapist] 

 

HCPs also discussed the motivational aspect associated with using a wearable 

device. They felt that as well as motivating the user to meet their goals, the opportunity 

to track their own data and analyse their results was of benefit. 

 

You kind of got little rewards or prompts from it you know, ‘congratulations 

you’ve done 5 days in a row’ and I liked that. [Occupational Therapist] 

 

It gives you a sense of achievement. At the end of each session say I’ve gone for 

a nice long walk and I’ve made sure it is uphill/downhill all that stuff you know. If 

I look at it and say well I’ve walked 10km I think I’m quite happy with that for a 

day, you’re delighted with yourself so you do get a sense of accomplishment from 

it. [Orthopaedic Assistant] 

 

I like it from a motivational point of view and you have an excel spreadsheet 

and you can compare averages like this time to a year ago. [Physiotherapist] 
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You give a patient an exercise and the subjective they may report one thing 

but at least with the objective measurements you have something in front of you 

that they walked 5k in a certain time or they did do a certain amount of steps. 

[Physiotherapist] 

 

Drawbacks of such technology were also highlighted. One clinician felt that it would 

not be beneficial for them to use wearables themselves, with others reporting the 

amount of choice being overwhelming, and questioning the validity of such measures. 

 

How can it differentiate between height and weight, and I don’t know that is 

always taken into account with some of these technologies? [Clinical Nurse 

Specialist] 

 

There is nearly an obsession that they have to achieve 10k steps when I have 

seen security guards just marching on the spot rather than just walking. 

[Physiotherapist] 

 

I think you can get sick of having that many options available to you. And I 

think that there’s so much choice out there and you never know what one is going 

to work for you until you have downloaded a few and seen what works best for 

you and your lifestyle and what you want to use it for. [Staff Nurse] 

 

 

 

6.4.3 Opportunities & Challenges for Connected Health  

HCPs were unanimous in agreement that there is an opportunity and wide scope 

for CH interventions, including wearable and mobile technology, to play a role in 

orthopaedic rehabilitation.  



 81 

 

I think there’s definitely a place for it, because it’s so much more in people’s 

lives than ever. Lots of people like apps now and they like to tag into something, 

and if it can give more specific individual feedback then there’s definitely a role 

for it to be a part of their progression, especially resulting in something that will 

rehab for months. [Physiotherapist] 

 

I’m a bit of a control freak and I would love if I was a patient if I could have 

something that easily helped me track my health in terms of my BP, glucose levels, 

HR, O2 levels. So it took a more holistic view, something that I could track. 

[Occupational Therapist] 

 

I think it’s the future of physiotherapy probably, what we tried to introduce 

was emailing, there’s always going to be some issues with emailing. Not just 

pictures and descriptions but videos of how an exercise should be performed. 

[Physiotherapist] 

 

A number of potential features were highlighted that clinicians would consider 

useful, such as progress tracking, feedback, remote monitoring, regular ROM 

measurement, and counting repetitions. 

 

Even something like a Fitbit that showed a graph that you can go and check if 

they’ve actually done their exercise and if they’ve achieved their targets. [Staff 

Nurse] 

 

I love the idea of real-time feedback, the idea something can tell you you’re 

doing something wrong immediately and help you correct it. I think some patients 

having that insight and that awareness and that something to prompt you on the 

spot because that’s what we would sometimes find is that people would get into 

behaviours or habits of doing things. I’m trying to think about the transition from 
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hospital to home, a lot of the time they go home and it’s as if we’re starting from 

scratch with them. [Occupational Therapist] 

 

You can always video call them and see how are you getting on, that way you 

don’t have to physically go to the house to see how they’re getting on. They can 

just show you the exercise. [Orthopaedic Assistant] 

 

When they come to pre-ops rather than handing them loads of sheets that 

they’re given that information via email or an app so once they come in they 

download the app and get all that information and say refer them to that during 

it. [Clinical Nurse Specialist] 

 

Clinicians were also quick to point out the challenges of delivering healthcare 

solutions in this way. All participants interviewed stated that the usability of any 

technology would be a significant barrier to engagement that will need to be overcome. 

 

I mean if the interface is difficult or if something, if errors keep occurring. I 

think the more simple a thing is and the more intuitive it is, the easier it will be 

from an uptake and ongoing compliance issue. [Occupational Therapist] 

 

And the big problem is if they cannot use it then it is pointless. 

[Physiotherapist] 

 

You don’t have a good understanding of the app or the technology itself, it can 

be quite difficult for someone to use it. For example, if it is someone quite elderly, 

they wouldn’t be as tech savvy as someone in their teens or early twenties. So it’s 

the whole aspect of getting to know about the app or technology before they start 

using it. That would be the only difficulty there. [Orthopaedic Assistant] 
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Compliance with use of any CH intervention was widely reported to be a challenge.  

 

I think there are an awful lot of opportunities there but a lot of it comes down 

to patient compliance. [Clinical Nurse Specialist] 

 

Getting the patient to buy in to it is the number one challenge, from everything. 

A piece of tech that I’ve used with athletes would be monitoring of their load 

fitting in their activity duration during their training session to build up their 

profile of how much training they’ve done – getting them to use it is a problem but 

when they do use it its invaluable. [Physiotherapist] 

 

There were additional challenges relating to the reliability and validity of any such 

technology, with discussion of aspects such as internet capability, bugs and glitches. 

 

The technology actually working, how many times you know, the lack of Wi-

Fi, computer crashing… I suppose they would be the huge elements. [Clinical 

Nurse Specialist] 

 

The ability to pick up on the false in particular because obviously there’s going 

to be a limit to what the technology can do so it needs to be factored towards a 

specific goal so whatever that is. [Physiotherapist] 

 

Data security challenges were also noted, with the potential for confidential 

healthcare data being accessed without permission. 

 

One would have said data protection, that’s always going to be your main 

challenge. [Clinical Nurse Specialist] 
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HCPs also spoke of the important balance in the patient-clinician relationship, and 

the need for technology to enhance the role of the professional, rather than attempt to 

replace the clinician. It was noted that such technologies need to work without shifting 

the focus away from the patient’s own self-management. 

 

So I would think with technology the person who has to be driving the 

connection is the patient. [Clinical Nurse Specialist] 

 

Just that it can’t replace actually somebody being there looking at them. Even 

though you can have two people looking at someone doing an exercise a highly 

trained physio is going to see what needs to be tweaked in your technique with 

something. It’s very easy to do an exercise that actually is going to ramp up your 

pain and you can just change it slightly and often you’re not, and I don’t think tech 

can replace that part of it but if it’s going to be used to iron out the simpler things, 

but the higher things you need an experienced eye to see I don’t necessarily know 

how you can replace that. [Physiotherapist] 

 

The final notable sub-theme to arise when discussing challenges of CH systems, is 

the user’s own ability and confidence with technology.  

 

If you look at the elderly population that are primarily receiving joint 

replacements, are a lot of them au fait with? Some of them would be but 

presumably there are a large percentage who aren’t au fait with iPads, iPhone 

and similar technologies. [Physiotherapist] 

 

However, others offered counter arguments that this may not be the case compared 

to years gone by. 
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I suppose, a lot of people have the technology, that’s not as much a barrier. It’s 

so accessible now on smartphones and so many people have smartphones... I’m 

seeing 90-year olds using Skype and Facebook and I think that barrier is reducing. 

[Occupational Therapist] 

 

6.4.4 Perceived Impact of Prototype System 

Having completed a demonstration of the prototype exercise biofeedback system 

as described above, all participants perceived this system as potentially having a 

positive impact in orthopaedic rehabilitation. Every participant noted the ability to 

capture and track data in a manner that has not previously been possible as a major 

benefit. Clinicians were excited by the prospect of tracking and leveraging metrics such 

as adherence, difficulty, pain and mood to guide their decisions. 

 

Then at least you can track as well, to see if they’re actually using it at all. 

Because if they’re not using it then they’re likely not doing anything. 

[Physiotherapist] 

 

One of my favourite things about it is that you can score the difficulty, if 

somebody is scoring 5,5,5 then they’re finding it too difficult but if they’re scoring 

1,1,1 you can progress them on very quickly. [Physiotherapist] 

 

It gathers up data and tells you whether the patients are doing the exercises 

or not. That way if they say they have done it you can say no, you didn’t do the 

exercise I’ve got the information here so yes its quite good to go back to. [Staff 

Nurse] 

 

It would change maybe the clinical practice, because if you were noticing a 

certain surgeons patients experienced more pain, or people discharged over the 
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weekend have higher pain levels, you know then what you’re doing is establishing 

patterns that allow you to intervene. [Clinical Nurse Specialist] 

 

They also felt using this system would improve the outcome of rehabilitation. They 

suggested that if the patient was demonstrating greater adherence, this would be of 

benefit. 

 

It’ll improve the quality of the patient’s rehab. So I think they will be more 

likely to follow more structured programmes when they have the visual feedback 

to do it. [Physiotherapist] 

 

I think they would rehab quicker and be more confident in their rehab, which 

is the best thing. [Staff Nurse] 

 

Through instilling added reassurance and motivation, clinicians felt that this 

system could improve the patient experience.   

 

I think it will enhance patient confidence in their recovery… it’s reassuring to 

know you’re on track. [Clinical Nurse Specialist] 

 

From their perspective they’re getting feedback immediately that they’re 

doing something wrong and there’s a prompt to give them the idea of maybe what 

they’re doing and how they could perform the exercise better which is great. 

[Occupational Therapist] 

 

HCPs suggested this system could contribute to a more efficient healthcare system, 

both for the patient and the service provider. 

 



 87 

… you’re hopefully not going to need MUA’s (Manipulation under anaesthetic) 

and that kind of thing because you’re doing it right from the beginning. [Staff 

Nurse] 

 

As a patient, I would imagine that if I was doing my exercises correctly, I would 

need less appointment time with a physiotherapist… If I wasn’t doing the exercises 

correctly, the physiotherapist might call me to go through how to do it, but if I’m 

doing my exercises correctly, if I’m reaching the goals I need to and the activity 

levels that I need to, why do I need to come in and see a physio? [Clinical Nurse 

Specialist] 

 

6.4.5 Challenges 

Despite the reports regarding efficiency outlined above, some clinicians felt that 

this increased efficiency could emerge as a challenge, as there is a risk of the patient 

placing a reliance on the technology over the HCP. Although there was an 

acknowledgement from some that this would not be the case. 

 

As long as I follow it… I wouldn’t go and see the physio again. [Orthopaedic 

Assistant] 

 

It’s not going to take the place of the therapist you know, but it just serves to 

really hammer home the message you’re trying to get across to the patient. 

[Physiotherapist] 

 

A major challenge for such a system which was discussed by five clinicians, related 

to the accuracy of the data provided by the technology.  
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The worry that it won’t be giving you the right information and then it’s going 

to skew your thought process and that of others because you can only report on 

what you’re being given. [Physiotherapist] 

 

There was some issues when I was using it that it wasn’t picking up all my reps 

correctly. So that is an issue. If I was using that at home it would frustrate me if I 

had done 15 and it said I had done 10. [Physiotherapist] 

 

Interviews highlighted the difficulty of tailoring an automated programme to the 

individual, with only a small number of standard exercises included in this system 

compared to the breadth of options prescribed in clinical practice. 

 

My issue would be if we use this app after two weeks should we not be 

progressing their exercises so you’re no longer going to be performing those 

exercises. [Physiotherapist] 

 

You’ll always modify the generic programme to a certain person who lacks 

flexion v extension, strength v ROM. [Physiotherapist] 

 

An interesting discussion evolved with a number of HCPs relating to what a system 

such as this would do for the responsibility of care, with some clinicians stating that 

they feel no amount of technology will promote self-management. 

 

Some people would see that as a tool for assisting self-management, other 

people no matter how much education or technology you provide, will still see 

their recovery as incumbent on the healthcare professional looking after them. 

[Clinical Nurse Specialist] 
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I think the patients that come in with a non-compliant element already, I don’t 

know if you’re ever going to change their attitudes and beliefs no matter how 

much information you provide or give them, or how much resource you provide 

and give them. I just think there may some way of change in them but I don’t know 

if this app or anything else will be it. I don’t know if there is technology out there 

that is designed that may help them, but again that’s unknown. [Staff Nurse] 

 

One potential feature of the remote monitoring aspect of the prototype system is 

to send an alert to the clinician if there is a concerning change in the data, but some 

participants stated that the responsibility of the clinician would have to be clearly 

defined in this instance, in order not to detract from the patient’s own self-

management. 

 

I guess it depends who is responsible for their care… I wouldn’t want alerts 

about patients who went home a week ago but are in 10/10 pain. I want to 

educate that patient and put that responsibility on them, the more we give 

patients the responsibility the better. By doing that alert it makes the patient more 

passive and we want to encourage the patient to take responsibility, educate them 

on taking steps like icing and taking pain medication, and then if it still doesn’t 

settle down, then the patient needs to call. I think if we put the responsibility onto 

us we’re leading down a dangerous path. [Physiotherapist] 

 

 

 

6.5 Discussion 

Principal Findings 

This study found that clinicians see technology as having the potential to improve 

and assist the rehabilitation process, but there are numerous barriers to overcome 
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when designing such solutions. Clinicians highlighted a need for a solution which deals 

with the issue of exercise adherence and lack of support for patients at home [35, 37].  

When presented with a demonstration of the prototype system, all participants felt 

that this type of technology has the potential to positively impact on the outcomes of 

orthopaedic rehabilitation, however there are challenges in ensuring the accuracy of 

information provided, and the ability to tailor such systems to the individual. There 

was strong interest in the opportunity to track data and maximise the effectiveness of 

rehabilitation, yet it was felt that such systems can undergo further iterations to extend 

this impact.  

 

Current clinical practice provides little opportunity for monitoring or feedback 

outside of the clinic. It has been shown that patients with negative experiences of TKR 

have unmet needs regarding support and managing expectations [187], yet these 

results suggest there is a heavy reliance on the patient’s own self-motivation at home, 

with limited monitoring or feedback from clinicians. Participants also reported using 

a combination of objective and subjective outcome measures for monitoring, but these 

measures are only captured at limited time-points and self-reported measures such as 

adherence are well reported to be unreliable [35, 188]. The results from this study 

would suggest there is benefit in capturing further objective outcome measures such 

as movement quality, or accurate monitoring of ROM and adherence remotely, both of 

which are feasible with the use of IMUs [189]. 

 

There is growing evidence that clinicians believe wearable devices can support 

various aspects of assessment and intervention in rehabilitation [190, 191], and the 

results of this study further add to this evidence. Furthermore, these findings show 

that clinicians share the concerns reported in the literature relating to usability, data 

protection and reliability, that are known to be problematic with wearable devices [54, 

65, 192]. Many researchers are investigating the technical feasibility of using wearable 

sensing systems to support rehabilitation [78, 85, 89, 193], but in a recent systematic 

review, few have conducted user evaluations to guide the design of such systems in a 

user-centred manner [59].  
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Prototype System Evaluation 

Most clinicians believed the demonstrated prototype would improve the quality of 

patient rehabilitation by fostering greater motivation and self-efficacy, underpinned 

by the concept of persuasive technology [194, 195]. Clinicians were also excited by the 

opportunity to capture timely and objective data in a manner not currently available 

in practice [38]. It was felt that this data-driven aspect could enhance clinical decision 

making, a perceived benefit that could increase usefulness and facilitate technology 

acceptance [196]. It is perceived that this system could increase adherence to exercise 

programmes by using the evidence based interventions discussed in Chapter 2 and the 

wider the literature [109, 114, 197]. Interestingly, several participants felt this system 

had the potential to improve the efficiency of the healthcare system, by harnessing the 

data collected to make better use of appointment scheduling, which has been 

highlighted as a design requirement by HCPs previously [58, 190]. Existing literature 

has shown the ability of IMU based systems to record and classify exercise technique 

[75, 169], and this study has highlighted the clinical applications of such work.  

 

Challenges 

There were conflicting reports within these results as to whether such a system 

could lead to a reliance on technology rather than the clinician. However previous 

research has suggested HCPs see technology as having the ability to augment the 

clinician’s decision-making process, rather than seek to replace the human expert 

[190]. There were also feasibility concerns that this system might increase the 

responsibility clinicians have for their patients by sending alerts, although this may be 

used to illustrate shortcomings in current practice. A clinician may consider a user 

educated in self-management and not wish for alerts, yet if this user continues to 

report severe symptoms, either the success of education is questionable or further 

assessment is required. When developing such systems, there is also a need to allow 

for customisation of exercise programmes from the clinician, with participants 

highlighting the variance between individuals, the need for a larger exercise library, 
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and the desire to choose when progressions should be offered. The major challenge in 

the development of such a support system which harnesses ML technology is in 

ensuring the accuracy and reliability of the information provided, as clinicians were 

concerned that inaccuracy could negatively impact user engagement. Despite the 

findings in relation to the pre-deployment accuracy of the ML system discussed in 

Chapter 5, this study has shown the need for clear and transparent real-world 

validation with the target population, and end-user evaluation of any such system 

prior to implementation, an aspect that is lacking in the current literature [59, 65]. 

 

Limitations 

Due to the qualitative nature of this study, there are number of factors to consider 

when reviewing this research. All participants were provided with a demonstration of 

the prototype system on one occasion only. It is quite possible that with ongoing use, 

or given further time to reflect on the system, the participant's opinions may change. 

It is important to highlight that these results are derived solely from the participants’ 

own opinions via interviews, and in order to determine the objective clinical impact of 

such a system, further research needs to take place in the form of a longitudinal study 

assessing a variety of outcomes with a mixed-methods approach. This sample was 

selected from a single institution in the private healthcare sector, and whilst this 

sample comes from a cross-section of the multidisciplinary team, it does not guarantee 

that the opinions provided reflect the wider population of rehabilitation professionals. 

Finally, the purpose of this study was to assess clinician perceptions of wearable 

systems, nonetheless the lack of patient involvement is a limitation in this study. 

Despite these limitations, this study provides evidence to support the need, ongoing 

design and development, and use of such systems in clinical practice. 

 

Future Work 

Having now understood that there is a positive perceived impact for this system, 

Chapter 7 sought to deploy the platform as part of a pilot study with patients following 

TKR surgery. This work sought to answer some of the questions posed by participants 
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in this study relating to usability and engagement, while including the patient as well 

as the clinician in the design process to develop further iterations. Further real-world 

validation is described in Chapter 8 to investigate the accuracy of the biofeedback 

system in the clinical population.  

 

6.6 Conclusions 

The results presented in this chapter highlighted that there is a reliance on the 

patient’s own self-management and motivation to maximise the effect of the home 

exercise programme following joint replacement surgery, with little opportunity for 

expert monitoring, assessment or feedback outside of the clinic setting. The prototype 

system was perceived to potentially have a positive impact on the rehabilitation of 

patients following knee replacement surgery. Clinicians were excited by the 

opportunity to continuously track data in real-time and felt the exercise technique and 

adherence feedback would further support the patient in the home environment. 

However, this work highlighted challenges in the design and implementation of such 

systems to ensure feasibility, acceptability, usability and functionality, and these now 

need to be investigated as part of a deployment with the clinical population. 
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Chapter 7 

Patient Evaluation 

 

 

A modified version of this chapter has been published as follows: 

Argent R, Slevin P, Bevilacqua A, Neligan M, Daly A, Caulfield B. (2019) Wearable 

Sensor-Based Exercise Biofeedback for Orthopaedic Rehabilitation: A Mixed Methods 

User Evaluation of a Prototype System. Sensors 2019;(2):432 
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7.1 Introduction 

With the insights gained from the perceptions of clinicians in Chapter 6, and the 

questions identified surrounding usability, engagement, and impact, the next step in 

evaluating the prototype CH biofeedback system was to implement this into clinical 

practice in an early pilot and evaluate the UX, usability and clinical feasibility in the 

target patient population.   

 

Whilst the WHO framework discussed in Chapter 4 describes the evaluation of 

usability, and the definition makes reference to satisfaction, the wider literature uses 

the term user experience (UX) to look more broadly at the user’s interaction with a 

system by considering their thoughts, feelings and perceptions [160]. McNamara and 

Kirakowski [198] suggested three interdependent aspects of usage that should be 

evaluated; functionality, usability, and UX. When considering engagement with digital 

health interventions, a system could be considered usable whilst not providing a 

positive experience and therefore detracting from the impact of, and engagement with, 

the intervention. However, each of these aspects are not independent, as poor usability 

or functionality will likely lead to a poor UX [198].  

 

Usability evaluation tends to focus on weaknesses within the system that can be 

improved prior to a full deployment of the technology [52]. A variety of methodologies 

can be employed to evaluate usability and are divided between expert-based and user-

based designs [52, 199]. Expert-based methods such as heuristic evaluation [199] and 

cognitive walkthrough [200] primarily assess for hypothetical issues, and as such do 

not necessarily identify real-world problems, or give reasons as to why an issue arose 

and how to redress it [52, 201]. Whilst requiring actual end users to be recruited, user-

based methods including interviews, questionnaires or the ‘think aloud’ approach 

provide insight into the causes and reasons for issues highlighted, and as such lead to 

greater confidence and understanding in the results [52, 54, 201, 202]. Each individual 

method of user-based usability evaluation has limitations including the feasibility of 

conducting the study and generalisability of, and insights gained, from the results 
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[203].  Therefore, it is commonplace to use a combination of techniques that provide 

greater understanding, where the study design combines the use of qualitative and 

quantitative investigative methods, as is recommended in the WHO guidelines [53, 54, 

202]. Despite these recommendations, there are few user-evaluations assessing 

usability and UX of wearable systems in the literature [59, 65]. Therefore, this chapter 

describes the mixed methods user evaluation of the prototype biofeedback system that 

was deployed in the clinical population following knee replacement surgery. 

 

7.2 Aims & Objectives 

Having identified the pre-deployment functionality in Chapter 5, and noted the 

positive response from clinicians alongside the potential challenges in Chapter 6, the 

aim of this study was to explore the feasibility, usability, perceived impact, and UX of 

the prototype system for orthopaedic rehabilitation in the home, in line with the WHO 

evaluation framework outlined in Chapter 4 [53].  

The objectives of this study were: 

• To assess the clinical feasibility and perceived impact, and explore the 

usability and UX of the prototype system on the rehabilitation pathway of 

patients following knee replacement. 

• To understand the criteria users would identify to maximise engagement 

and impact and incorporate person-centred design approaches to highlight 

potential refinements to the prototype system. 

• To gain a high-level insight of the functionality and stability of the system 

when deployed in the ‘real-world’. 

7.3 Methods 

7.3.1 Participants 

A total of 15 patients volunteered to participate in the study (nine females, six 

males; age: 63 [standard deviation (SD): 8.32]). Participants were recruited from a 

private hospital in Dublin, Ireland and had recently undergone TKR or UKR. 
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Participants were required to live within 30 kilometres of the hospital, have no history 

of cognitive dysfunction, and no difficulty understanding English. The study received 

ethical approval from the Beacon Hospital Research Ethics Committee (BEA0065), and 

written informed consent was obtained from all participants prior to commencing the 

study (Appendix 7.1).  

 

The participants were split into two groups for pragmatic reasons. Group 1 

consisted of five participants (Post-Acute) who had all undergone knee replacement 

surgery at least six weeks previously and were approaching the end of the acute 

rehabilitation regime. This group were tested first in order to establish any significant 

shortcomings in the system that may increase risk of harm to the acute patient group. 

The second group of 10 participants (Acute) were introduced to the study prior to 

surgery and then recruited directly from the ward between 2 to 3 days following the 

operation. This group represents the target user for such a system designed to be 

implemented in support of discharge home from hospital. 

 

7.3.2 Experimental Procedure 

A mixed methods approach consisting of both quantitative and qualitative methods 

was employed to provide greater insight into the performance of the system, and 

reduce the weaknesses in using each method in isolation [54, 204]. Once informed 

consent was provided, participants were met in their home or at the hospital, 

whichever was more convenient. Demographic data including age, gender, education, 

and ownership of mobile technology devices were first collected by self-report. 

Participants then partook in a user-training session of the biofeedback system lasting 

approximately 30 minutes, which included completing a full set of the rehabilitation 

exercises as prescribed in the post-operative protocol. They were then provided with 

the system and asked to use it at home for the following two weeks to complete the 

exercises as prescribed by their Physiotherapist.  
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Each participant was met on two additional occasions in their own home during 

the testing period. During each session, the participant completed a set of the 

rehabilitation exercises using the biofeedback system, with the investigator observing 

and making notes as the participant used the system to assist in the interview. After 

the final session, a semi-structured interview was completed with each participant. A 

voice recorder was used to record all interview data, and to ensure consistency in 

questioning, an interview topic guide was constructed based on the aims of the study 

and the main research questions [183] (Appendix 7.2). Open ended questions were 

used to establish the perceived impact, usability and UX of the system, and to explore 

their opinions on how the prototype could be improved.  

 

Prior to the final interview, and to provide quantitative data to support the system 

evaluation, participants also completed two questionnaires; the System Usability Scale 

(SUS) [71] (Appendix 7.3) and the ‘user version of the Mobile Application Rating Scale’ 

(uMARS) [205] (Appendix 7.4). The SUS is a 10-item questionnaire that has been used 

to quickly and reliably assess the usability of a system across a number of sectors [71, 

206]. The output from each user is a score out of 100 which can be used to compare to 

a growing body of literature to find percentile rankings of a system’s usability 

performance [207]. 

 

The uMARS is designed to be completed by the end-user of mobile applications, 

rather than the more expert-driven ‘Mobile Application Ratings Scale’ [208]. The 

application is assessed under the categories of aesthetics, functionality, engagement 

and information to produce a score out of 5, as well as separate measures to assess the 

perceived impact of the system and subjective app quality. Similar to previous work 

[204], this perceived impact section was tailored to identify the perceived impact of 

the person ‘exercising with their best technique’. 
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7.3.3 Data Analysis 

All audio data from interviews was transcribed and anonymised. The transcripts 

were reviewed following a thematic analysis process [183, 184]. An early coding 

template was created based on the interview topic guide which was refined and 

finalised as themes emerged throughout the analysis [185]. Analysis was undertaken 

alongside a second experienced qualitative researcher with a constant-comparison 

approach, ensuring correlation between researchers and reliability of sub-themes 

[186]. Discrepancies were discussed until agreement was reached, and data saturation 

was agreed when no further themes and no new data were occurring [183].  

 

The SUS and uMARS scores were calculated following the standard scoring 

procedure, with the SUS mean and standard deviation (SD) of scores across all 

participants calculated [71, 205, 207]. For each participant, a uMARS score out of 5 was 

calculated under the sections of engagement, functionality, aesthetics and information. 

The mean of these scores produced an overall score for each participant and perceived 

impact and subjective app quality were calculated out of 5 for each user. The means 

and SDs for the uMARS scores were then calculated across all participants. Estimated 

adherence rates were also calculated for each user in the acute group. The number of 

times each participant finished an exercise session was logged within the system and 

compared with the prescribed number, in order to provide an understanding of the 

participant’s compliance to the exercise programme.    

 

7.4 Results 

All 15 participants completed the semi-structured interview and surveys following 

two-weeks of using the prototype biofeedback system. Table 7.1 illustrates the 

demographics of participants, including their current access to mobile technology. A 

summary of the results from interview data are reported in this section, with 

additional quotations available in Appendix 7.5. 
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Table 7.1 Participant Demographics 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

7.4.1 Usability, Functionality and User Experience 

The system achieved a mean SUS score of 90.8 (SD 7.8). Table 7.2 displays the 

results from the uMARS scores, subjective app quality and perceived impact. The 

results from the functionality section of this survey support this high usability rating 

with a mean score of 4.2 out of 5 (SD 0.34).  

 

 

Demographic Details n=15   

Marital Status 

Married 86.6%  

Single 0%  

Widowed 6.6%  

Other 6.6%  

Lives with 

Spouse 46.6%  

Family 40%  

Alone 13.3%  

Education 

Degree Educated 73.3%  

Completed Secondary  20%  

Completed Primary 6.6%  

Technology Ownership 

Mobile Phone 100%  

Smart Phone 86.6%  

Tablet 66.6%  

WiFi 93.3%  

Health/Fitness App 26.6%  
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Table 7.2 Results from the user version of the Mobile Application Rating Scale (uMARS). 

uMARS Section 

(score out of five) 
Mean (SD) 

Engagement 3.5 (0.69) 

Functionality 4.2 (0.34) 

Aesthetics 4.2 (0.45) 

Information 4.4 (0.34) 

Overall Quality 4.1 (0.39) 

Perceived Impact 4.4 (0.83) 

Subjective App Quality 4.2 (0.86) 

 

Whilst these scores suggest a high degree of usability for the system evaluated, the 

qualitative data from interview transcripts provided a greater context and support as 

to the reason that participants scored the system this way. Specifically, almost all 

participants commented on how they found the system easy to use, regardless of their 

perceived literacy with technology. 

 

It’s very simple to use, very simple. And it flows through on a good progression. 

[Acute 2] 

 

Initially I said to you I wasn't very computer literate but it's very simple to use. 

Once you do it once or twice you can do it with your eyes closed essentially. [Acute 9] 

 

I was worried that trying to learn would take up what should be the learning time 

for the exercise. So once you went to it once, it was just brilliant after that. And I 

didn’t have any problem and the thing worked and at one stage it said something the 
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power was low and I knew straight away well just plug it in. And it just came…it’s 

such an easy transition from knowing nothing to knowing a whole lot of things. 

[Acute 7] 

 

Participants reported positively on their UX, finding that the system gave them an 

added incentive to complete their exercises, and provided them with support once they 

were at home. 

 

I think it set me on a routine very, very quickly and a routine that I actually got 

to enjoy in a certain way.  It was not like holding a sheet of paper… you became 

involved in it and so user friendly that I really think it was a great aid to me. [Acute 

5] 

 

It's very helpful, it’s much better than leafing through static illustrations. It's 3D 

real time. It made what are otherwise boring exercises more interesting. [Acute 9] 

 

I got quite use to it, I'm actually going to miss it. I will yeah… but just it kind of 

focused you a little bit more on doing them… And it does feel good then when it does 

say that you did them properly. [Post-Acute 4] 

 

Some functionality, stability and usability issues were highlighted by participants 

however, with many reporting inconsistencies in the repetition counter and the 

technique feedback. Participants also noted that the information presented in the 

progress section was not displayed intuitively and, on a number of occasions, a bug led 

to the exercises not being recorded correctly. 

 

There is a bit of problem with the counting in it… Yeah sometimes it misses a few 

you do… it just runs away with itself. [Post-Acute 1] 
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Some of the technique feedback seems to be quite inconsistent. [Acute 9] 

 

On the graph I don't know what the interpretation is supposed to be. [Acute 6] 

 

I had just the one where it says unusual behaviour, unexpected behaviour, please 

repeat the exercise.  I think I was saying to you that on two occasions I actually 

repeated the exercise… I just said there was a glitch and it didn't really bother me. 

[Acute 5] 

 

These issues consequently had a negative impact on UX. Despite the above 

participant saying it did not trouble them, other users reported frustration with this, 

as the exercises were not easy to do and therefore this bug reduced their trust in the 

system. 

 

It’s just very frustrating as I say it’s on the three that are really painful to do, and 

you struggle through them and you think well I think I have done them fairly well 

and then it says unexplained behaviour do them again and you just can’t. [Post-Acute 

4] 

 

I found it frustrating that it was meant to count and it didn't count. [Acute 8] 

 

7.4.2 Perceived Impact 

Almost all participants made a reference to the system improving their adherence 

to the rehabilitation programme, whether that was in the quantity of exercises 

performed, or the quality with which they completed them. 

 



 104 

It kept me doing physio when I might not have done it at home, especially with 

various things that have been happening at home. So it kept me doing physio and 

made sure I did it every day. [Post-Acute 3] 

 

Well I can 100% tell you that I had a previous knee operation and I didn’t have an 

app and I did the exercises as diligently and frequently as I could, but I certainly didn’t 

do them with the thoroughness and regularity that I’ve done them this time [Acute 

3] 

 

One of the main reasons reported for this perceived improvement in adherence 

largely related to the monitoring provided by such a system provides, be that self-

monitoring via the progress graphs or remote monitoring by the clinician. 

 

I found it, I have to say, it made me do the exercises when I didn’t really want to 

do them, knowing I was being monitored, I do think it helped me a lot. [Acute 2] 

 

I kind of felt that that app now made me do my exercises, the three times a day, 

and secondly at least it was recording it and you could see, that’s what I liked, you 

could see the progress from, I’m sure you have the record there of the beginning ones 

weren’t great. [Acute 4] 

 

Participants reported a motivation for using the system, whether as a result of the 

monitoring aspect, or from the enjoyment they achieved from using it and improving 

their self-efficacy. 

 

Oh yes it made a huge difference, that was a great motivation… It just meant that 

I was in control of my situation and I didn't feel the days were endless. I was looking 

forward to doing it to see how well I was doing.  [Acute 7] 
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A huge incentive and even if you try it and say, I'm too tired tonight and then you 

say no, no I have to do it and I have to try and improve on it. [Acute 6] 

 

Users were keen to point out the importance of the technique classification and felt 

this was an integral part of the support the system provided. 

 

That’s the important bit about it that it tells you straight away, you need feedback, 

there is no point in having the app if it doesn’t give you feedback… Because if you are 

waiting for someone to come in and check it out for you, that’s two to three weeks, 

but it’s two to three weeks of doing it wrong. [Post-Acute 2] 

 

It’s ideal for somebody that’s coming straight out of hospital and they have to do 

the exercises on their own, because if you are not doing it correctly why are you 

bothering doing them in the first place. So that as a tool in itself is worth a hell of a 

lot. [Post-Acute 3] 

 

However, there was some discussion regarding the accuracy of classification 

employed in the system, with user’s feeling it could provide further granularity in the 

feedback provided, as despite their best efforts, the user would purely be told whether 

it was correct or incorrect. 

 

Yes it’s just rather infuriating, I know it’s an accurate representation that my leg 

isn’t getting straight enough, but it’s just a little bit disheartening when you have 

tried as hard as you possibly can to get the leg straight and it tells you. [Acute 4] 

 

It just says correct. Now I know they’re not correct but from the apps perspective 

I am doing a knee bend. It’s not very good but I am doing a knee bend. [Acute 2] 
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Only one participant responded negatively when asked about their overall 

experience of using such a system. Whilst many others summed up their experience 

positively, reporting benefits to their confidence and their health literacy regarding the 

procedure and rehabilitation. 

 

Yes first couple of days that was very interesting and I liked the idea of looking at 

the little cartoon. But after 2 or 3 days it was for me, I thought it was unnecessary… 

I have no interest because I know very well if I'm doing better or not. So I find it 

unnecessary. [Acute 1] 

 

I think the fact that I was almost keen for the next session, it led to a regularity 

and I think that has paid huge dividends in the exercises and in the result of the 

exercises on the leg. I really think it was extremely beneficial. [Acute 5] 

 

It was so positive. It was just brilliant. It just meant that I was in control whereas 

normally I would be coming home and in the hospital it would be altogether different 

because there's so much support there, but when you come home its gone except that 

I had that. [Acute 7] 

 

These comments were supported by the quantitative findings listed in Table 7.2. 

Specifically, the high result seen within the perceived impact subsection of the uMARS 

(4.4/5), which focused on the change in awareness, knowledge and behaviour 

regarding exercising with the best technique. The subjective app quality scored 4.2/5, 

with particularly high ratings for when participants were asked if they would 

recommend the system to others who might benefit (4.6). 

 

7.4.3 Refinements 

Participants offered a number of suggestions for refinements or additional features 

they would like to see to further maximise potential impact in such a system. A large 
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number of participants (n=9) requested that additional exercises were included in the 

system, including progressions beyond the basic regime.  

 

I think if you gave me progression on the exercises, well done, try this one now, I’d 

like that. [Post-Acute 5] 

 

I think if it was only the same exercises and I would feel sure yes I can do them, I 

would feel probably not as inclined to do them but if there was kind of like ok like we’ll 

say you have unlocked the next level, you know, now you can do this, now move on to, 

but I think there would have to be a moving on to the next phase to make you keep 

doing it. [Acute 4] 

 

Participants also felt that given the specific outcomes and targets following knee 

replacement surgery, a measurement of their joint angle would be beneficial. 

 

This is probably not possible, but to get the angle of that knee bend, if you knew 

that…for me that is where I'm really stuck so just to know that…I know it counts it 

and it said you did it right, but I'm not sure what the angle of the bend is, and I'm 

rather obsessed with that. [Post-Acute 4] 

 

The other one thing that I’d love to be able to see is you know when you do the 

knee bends, I’d love to be able to see what angle you got… Now it just you know then 

the way at least you could say well I’ve gone from a 50 to a 75 rather than just ok it 

looks like I am doing it ok. [Acute 4] 

 

Other suggestions were based on some of the usability issues discussed previously, 

with requests for greater clarity in the progress reports, a quality score after each 

exercise session and improving the graphical interfaces within the system. 
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And you know the way your Fitbit would have the circle that you have to fill the 

circle and obviously this system is basic bar charts… Yes that [the Fitbit] does make 

more sense. [Post-Acute 3] 

 

It would be very difficult to rate it from the previous time, there is no linkage from 

the previous repetitions… So in a way you don’t know if you are doing better today 

than you did yesterday… The quality of how I’m doing them. [Acute 2] 

 

I suppose it’s nice to see it really, but she needs to undergo a great makeover…  

Just a bit more human the graphics… I mean even if it was more a cartoon figure or 

something it doesn’t really matter.  [Post-Acute 4] 

 

Finally, a small number of participants talked about gamification ideas, yet there 

were mixed opinions on the relevance and the benefit of incorporating gamified 

features and customisation within the system. 

 

If there was a games element to it you know you have unlocked the next level… or 

a medal or something. [Acute 4] 

 

I think that'd be a mistake because then you are going to end up turning it into 

playtime rather than exercise time. I think it'll lose the point of it. I don’t think you 

should be able to manipulate too much unless it is information gathering or 

correcting the programme. For me this is a medical instruction for exercise to 

improve your health... you'd end up wasting time and not doing the exercise. [Acute 

9] 

 

In summary, the SUS and uMARS results, in combination with the interview data, 

suggest that the system had a high degree of usability and functionality, however there 

are programming issues causing inaccuracies in feedback that can be improved upon 
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in future iterations to further enhance the functionality and UX of the system. 

Participants in the acute group demonstrated a mean adherence rate of 79% (range 

42% - 100%) compared to the recommended number of exercise sessions in their 

rehabilitation programme. The results suggest that such a system may provide 

additional support and motivation in the rehabilitation process and improve 

adherence to the exercise programme, with patients highlighting features such as an 

extended exercise library and a joint angle measurement tool to further improve 

engagement and potential impact.  

 

7.5 Discussion 

This study investigated patient perceptions of using a custom-built interactive 

exercise biofeedback system with wearable technology during orthopaedic 

rehabilitation. Few studies have explored the opinions of the end-user in this 

population despite the increasing commercial prevalence of such systems [204], 

therefore this study adds to the current knowledge. Patients largely showed a positive 

reaction to the use of such a system, with numerous perceived benefits reported, a 

view that was shared by the clinicians studied in Chapter 6. The results offer fresh 

insights that can be used to inform the design of such systems, with suggestions to 

encourage user engagement, improve usability and optimise impact.  

 

The results indicate that using wearable sensors to offer biofeedback in support of 

the home exercise programme prescribed following orthopaedic surgery improves the 

patient experience and has potential benefits to the clinical outcome. This perceived 

value may be measured in exercise adherence, patient satisfaction, and clinical 

effectiveness of the intervention, supporting similar previous suggestions in the 

literature [58, 209], and advocating the ongoing development and evaluation of such 

systems.  

 

Chapter 6 demonstrated clinician concern that usability would be a significant 

barrier to engagement with such systems. However, the results from this study show 
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that, provided the system is built with a user-centred focus, it may be possible to 

mitigate these concerns, including those of reduced digital literacy within the target 

demographic. The SUS results reinforce the interview data, as this system scored above 

the 95th percentile [206] and is comparable to other systems developed for exercise 

biofeedback [67, 204, 207]. However, few previous studies have evaluated the 

usability of a system with a mixed-methods approach over a period of several days as 

was the case in this study, mirroring recommendations in the current literature [54]. 

 

When considering the UX, results suggest that this system can feasibly contribute 

to an increased sense of routine in the patient’s rehabilitation regime and provide 

greater levels of enjoyment as they exercise. This in turn may reduce the perceived 

burden of, and barriers to, self-management [114], thus facilitating better engagement 

and adherence. However, it also shows how functionality issues or wording of 

feedback can negatively impact UX. Particularly given that the exercises may be 

challenging and often painful for patients, they may have a reduced tolerance for 

technological flaws in a system such as this than they would in other contexts. 

 

It is notable that the uMARS score for the ‘engagement’ section demonstrated 

distinctly lower mean scores than the other sections. When analysing the individual 

questions, it is clear that the lack of customisation of sound, content and notifications 

(mean 1.9) along with the inability to set reminders and allow for interactivity (mean 

3.2) had a negative impact on engagement. Arguably, the level of interactivity was 

misunderstood by participants, as the system will not function without user input from 

the sensor data. Additionally, an interesting finding from the uMARS was that the 

aesthetics of the prototype were not of concern, despite the clear graphical issues 

discussed in the interview data.  Conversely, the functionality scores appear high 

(mean = 4.2, SD =0.34) despite the reported issues with accuracy of the information 

provided as feedback in repetition counting or technique classification. Both of these 

findings further highlight the benefits of the mixed-methods approach.  
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The usage data would suggest engagement was not as much of an issue as the 

uMARS would illustrate. The mean adherence rate to the specified number of exercise 

sessions was relatively high at 79%, with only one participant, who reported 

negatively on their overall experience in their interview data, demonstrating any kind 

of drop-off in engagement over time. This patient was one of only three to have 

received a UKR and was progressed on from these exercises within the study period. 

These adherence levels are similar to those reported in the recent evaluation of a 

camera-based biofeedback system for joint replacement rehabilitation [67], and are 

greater than the varying reports of 35 - 67% in the wider exercise adherence literature 

discussed in Chapter 2. It is also widely documented that there is currently no valid 

and reliable measurement tool for exercise adherence [109, 110]. The use of IMU based 

biofeedback solutions can therefore not only address factors that affect adherence by 

providing feedback, goal-setting and self-monitoring, but also offer a more reliable 

method of measurement of adherence rates. 

 

The role of feedback was continuously mentioned throughout this study, with 

results suggesting it is crucial for habit formation and creating sustained engagement. 

As reported in Chapter 6, in current clinical practice there is no ability to monitor or 

provide feedback to patients between clinic appointments, with a reliance on the 

patient’s own self-management skills. A system such as this therefore has the ability to 

offer feedback on exercise technique and clinical progress outside of the clinic setting. 

This in turn has the potential to provide added incentive for patients to continue 

engaging with rehabilitation, increasing adherence, and maximising clinical outcomes 

[210]. However, the methods employed to create, and the format of this feedback 

require further investigation. Whilst patients reported the benefit of knowing whether 

they completed the exercise correctly or not, there was a desire for further depth to 

the information provided. For example, a patient may significantly improve their knee 

extension in sitting, yet still not achieve full extension, and given the binary nature of 

the classification system, the message received by the user remains unchanged and 

does not reflect this progress. Therefore, the use of joint angle prediction or a quality 

score may provide more meaningful information to the user, alongside the binary 

prediction.  
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Users requested additional features for further feedback such as a joint angle 

measure, and gamification ideas including unlocking levels of new and more 

challenging exercises in order to sustain engagement. This highlights the need for user-

centred design approaches, as designers cannot assume what the user needs or sees 

as important [211]. Of particular interest was the role of monitoring and the perceived 

impact this had, as some patients were motivated by the ability to self-monitor, while 

others reported greater engagement and adherence as they were aware that their 

behaviours could be tracked by their clinician. Thus highlighting the variances in 

individual user preferences and motivations and the differing ways patients may 

perceive value from the system. 

 

The lack of real-world validation of exercise biofeedback systems consisting of IMU 

based sensing platforms in the literature is of concern [59, 65]. In this case, users were 

able to detect what they considered to be inaccurate feedback which has previously 

been reported as an important criterion for users [212]. These results reinforce the 

need for field evaluations to become a mainstream methodology, particularly for 

systems aimed at supporting treatment, where accuracy is key to ensure patient 

engagement and successful clinical decisions [59]. Despite the results from Chapter 5, 

it is clear that further evaluation of the functionality of this system is required within 

the clinical population. This method of evaluation also highlighted a stability 

component that had previously gone unnoticed, and whilst the majority of participants 

reported no issues with crashes or bugs, the identification of an error that led to data 

not being stored correctly illustrated a crucial refinement issue to ensure the technical 

functions of the system do not fail during use.  

 

This study is not without its limitations however, particularly as the sample was 

selected from a single private hospital. This therefore may not be representative of the 

wider population, as the majority of patients were degree educated and from more 

affluent socio-economic backgrounds, which are determinants of better self-

management and health outcomes [213, 214]. While a sample size of 15 participants is 
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standard for usability testing [201, 215], this does not guarantee the opinions 

discussed are generalisable beyond this population. It is important to note that the 

impact discussed in this study is based solely on participant perceptions from analysis 

of interview data and uMARS results, and further objective investigation of impact is 

recommended. As the aim of this study was to explore user perceptions on usability 

and perceived impact, there is no reference to the quantitative performance and 

accuracy of the system in measuring patient exercise technique in the ‘real-world’. 

Therefore, until this validation is completed, the adherence rates stated could only be 

calculated by the number of exercise sessions, rather than the exact number of 

repetitions completed during each session. Finally, drawing firm conclusions on the 

clinical feasibility of implementing this system in clinical practice are limited, as the 

design of the study led to a specialist researcher providing each user with training 

post-operatively, rather than the clinician training the user as part of routine practice, 

and as such further research should be conducted to implement this on a wider-scale 

within the normal clinical pathway and evaluate the clinical feasibility. 

 

Despite these limitations, patients believe exercise biofeedback systems consisting 

of IMUs and mobile technology can offer significant value to the rehabilitation 

experience, potentially maximising adherence, satisfaction, and therefore clinical 

outcome. Few other studies have been published that investigate these perceptions 

with similar systems, despite the importance of a user-centred focus in the design 

process. Further research is required to objectively assess whether these perceived 

benefits are demonstrated in clinical practice, to explore whether the implementation 

of the platform is feasible on a wider scale, and to rigorously validate the technical 

aspects of any such system as described in Chapter 8. The development of patient 

recommended features can also be undertaken to improve the impact and UX in this 

biofeedback system, including a ROM measurement outlined in Chapter 9, additional 

exercises for progression and gamification elements. 
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7.6 Conclusions 

Patients perceive the use of the prototype wearable exercise biofeedback system 

can offer additional motivation and feedback to enhance adherence, and positively 

impact patient experience and clinical outcome. However, there is a need for such 

systems to demonstrate real-world accuracy validation. By involving patients in the 

development of such systems in a person-centred design manner, it is possible to 

maximise engagement and effectiveness, and highlight shortcomings or areas for 

further research early in the development cycle. The prototype system can be 

considered highly usable and the findings support the ongoing development and 

evaluation of such sensor-based biofeedback systems. 
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Chapter 8 

Real-World Functionality 
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8.1 Introduction 

Despite the results reported in Chapter 5, the feedback received from patient users 

in Chapter 7 alongside the desire from clinicians in Chapter 6 for validation within the 

target population highlights the need for further investigation of the real-world 

accuracy of the ML models. Inaccuracies in feedback were suggested to have a negative 

effect on user-engagement, with inadequate functionality and instability leading to 

frustration and negative UX. Equally there was clinician concern that if they are using 

the data output from the system to make clinical decisions, it is imperative that the 

data provided is reliable. 

 

Although the ML models demonstrated acceptable technical functionality with 

users who are able to perform the exercises correctly, with good range of movement 

and strength, observation of clinical users during the data collection of Chapter 7 

would suggest that the system may demonstrate sub-optimal performance when 

patients find the exercises more difficult to complete. The class imbalance in the test 

set of Chapter 5 reduces confidence in the ability of the model to make an accurate 

prediction despite the results, and a balanced test set is an important consideration 

when assessing the literature of ML validation [90]. It is also recommended that 

ideally, ML models should be validated across a completely different sample from the 

same cohort for which the model is built [96], and whilst the accuracy discussed in 

Chapter 5 is an independent test set, it is not fully mirroring the cohort that the model 

is intended to be used for. Therefore, this study sought to evaluate the technical 

feasibility and functionality of the ML models in the clinical population. 
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8.2 Aims & Objectives 

The aim of this study was to investigate the real-world technical functionality and 

feasibility of the ML models in a clinical cohort of patients following TKR or UKR. 

The objectives of this study were: 

• To investigate the performance of the segmentation and classification 

models independently with a newly collected data set from clinical 

patients sampled in real-world conditions. 

• To evaluate the technical functionality of the overall biofeedback model 

with a newly collected data set from clinical patients sampled in real-

world conditions that has been automatically segmented and classified.  

• To compare the performance of the models in the clinical population 

with that of the healthy sample in Chapter 5.  

 

8.3 Methods 

Similar to Chapter 5, a number of evaluation steps were taken to fully examine the 

technical functionality in the clinical population. Having already built the classification 

models and determined the lab-based cross-validation accuracy, this study moved to 

investigate the classification and segmentation performance separately, prior to 

evaluating the overall model performance (Figure 8.1).  
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Figure 8.1 Steps of evaluation for the various machine learning components of the exercise 

biofeedback system in the clinical population. 

 

8.3.1 Test Data Collection 

Participants 

A sample of 11 participants (6 male, 5 female, mean age = 62 years (range 49 – 71)) 

were recruited for this study. The recruitment criteria mirrored that of section 7.3.1, 

with all participants recruited from a single private hospital in Dublin, Ireland, having 

recently undergone TKR or UKR. The study received ethical approval from the Beacon 

Hospital Research Ethics Committee (BEA0065), and written informed consent was 

obtained from all participants prior to commencing the study. 

 

Experimental Procedure 

All participants were recruited within three days following their surgery, and were 

provided with the prototype biofeedback system described in section 3.3 receiving the 

same 30 minute training session as described in Chapter 7, prior to being discharged 
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home to use the system for each exercise session. On three occasions, each one week 

apart (once in hospital and twice at home), the participant performed the exercises to 

the best of their ability using the biofeedback system whilst supervised. Matching the 

procedure detailed in Chapter 5, video and raw IMU data were recorded and each video 

was reviewed by two Chartered Physiotherapists with consensus reached on 

technique performance.  

 

8.3.2 Data Analysis 

This study mirrored the data analysis approaches detailed in section 5.3.4, where 

the classification was evaluated in isolation with manually segmented test data and 

segmentation performance determined using temporal tolerance. Then the overall 

biofeedback model was evaluated taking the automatically segmented test data and 

running this through the classification model.  

 

8.4 Results 

Eleven participants were recruited for this study, however the data for one of these 

participants was compromised due to technical issues for three of the four exercises 

and was therefore discarded. The data that was carried forward for use in the patient 

population test set is outlined in Table 8.1. 

 

Table 8.1 Data collected to form the clinical test set. 

 
Exercise 

Participants Exercise Sets Total 
Repetitions 

Correctly 
Performed 
Repetitions 

Sub-Optimally 
Performed 
Repetitions 

HS 10 23 320 320 (100%) 0 (0%) 

IRQ 10 18 270 203 (75.2%) 67 (24.8%) 

SLR 10 21 297 148 (49.8%) 149 (50.2%) 

SAKE 11 17 241 103 (42.7%) 138 (57.3%) 
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8.4.1 Classification Performance 

The results for the classification performance of the manually segmented clinical 

test data are presented in Table 8.2. As highlighted in Table 8.1, no participants 

completed sub-optimal repetitions of the HS and as was the case in Chapter 5, it was 

not possible to offer a measure of specificity. With the exception of the HS exercise 

which demonstrated excellent accuracy (mean= 98.99%), the mean classification 

accuracy ranged between 58.49% - 66.01% with IRQ demonstrating ‘poor’ 

performance (mean accuracy= 58.49%), and both SLR and SAKE offering ‘moderate’ 

performance when manually segmented.  

 

Table 8.2 Classification performance following manual segmentation of clinical test data. 

*due to the unbalanced test set with no sub-optimal repetitions it was not possible to calculate specificity. 

 

Figure 8.2 illustrates the difference in classification performance between the 

healthy test data discussed in Chapter 5 and the clinical test data collected in this study. 

With the exception of HS once again, there is a notable reduction in classification 

accuracy (average= 26.56%) between the healthy and clinical data when manually 

segmented, with SAKE demonstrating the largest decrease in performance, reducing 

34.83% in mean accuracy and a 95% CI spanning more than 40%.  

 
 

Exercise 

Metric (%) 

Accuracy Sensitivity Specificity 

Mean (95% CI) Mean (95% CI) Mean (95% CI) 

LB UB LB UB LB UB 

HS 98.99 (96.46 100.00) 98.99 (96.46 100.00) N/A* N/A* N/A* 

IRQ 58.49 (41.50 75.45) 52.70 (31.93 73.46) 78.17 (51.33 100.00) 

SLR 66.01 (48.93 83.10) 49.14 (20.16 78.13) 81.35 (62.38 100.00) 

SAKE 65.17 (43.92 86.41) 61.12 (22.23 100.00) 68.00 (37.36 98.64) 
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8.4.2 Automated Segmentation Performance 

Table 8.3 shows the mean segmentation performance alongside the 95% CI using 

the asymmetrical threshold rules outlined in section 5.3.4. Mean segmentation 

accuracy across the four exercises ranged from 70.64% to 81.50% when compared to 

the manually annotated labels. These results show a reduction in segmentation 

performance compared to testing with healthy data. This is illustrated in Figure 8.3 

showing the difference in segmentation performance across each exercise between the 

healthy examples in section 5.4.3 and the clinical data collected during this study. 

There is an average reduction in segmentation accuracy across the four exercises of 

15.24% ranging from SLR reducing by 8.98%, to HS demonstrating a 21.60% reduction 

in segmentation accuracy. 

 

 
Figure 8.2 Comparison of classification performance between healthy and clinical test 

data when manually segmented. 
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Table 8.3 Segmentation performance of the clinical test data. 

 

 

Figure 8.3 Comparison of segmentation accuracy between healthy and clinical test data. 

 

 
 

Exercise 

Metric (%) 

Precision Recall Accuracy 

Mean (95% CI) Mean (95% CI) Mean (95% CI) 

LB UB LB UB LB UB 

HS 86.84 (77.35 96.34) 74.95 (62.87 87.03) 70.64 (58.16 83.12) 

IRQ 79.28 (60.85 97.71) 78.08 (59.96 96.20) 75.03 (57.11 92.94) 

SLR 91.21 (81.19 100.00) 84.48 (71.88 97.08) 81.50 (68.77 94.23) 

SAKE 91.53 (87.85 95.21) 82.05 (74.19 89.92) 77.01 (68.45 85.57) 



 123 

Alongside understanding the ability of the segmentation model to accurately detect 

segments close to the manual coordinates, the ability to detect the correct number of 

repetitions the user completes was also investigated. Table 8.4 shows the ability of the 

segmentation model to detect the correct number of repetitions in a set, regardless of 

the accuracy of the points identified. Across the four exercises, an average of 48.43% 

of exercise sets had the correct number of repetitions identified by the segmentation 

model. When comparing this to the results from the healthy data set, Figure 8.4 shows 

a reduction in the percentage of sets with the correct number of repetitions identified 

across all four exercises (range = 3.33% - 64.71%). 

 

Table 8.4 Performance of the segmentation model in identifying the correct number of repetitions per 

set in the clinical test data. 

 

 

 

 

 

 

 
Exercise 

Correct 
Repetitions (%) 

Within 1 
Repetition (%) 

Fail (>1 Repetition 
Away) (%) 

HS 52.17 17.39 30.44 

IRQ 38.89 22.22 38.89 

SLR 66.67 23.81 9.52 

SAKE 35.29 35.29 29.41 
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Figure 8.4 Comparison of segmentation performance in identifying the correct number of repetitions in a set. 

 

8.4.3 Biofeedback Model Performance 

Table 8.5 shows the overall model performance of the ML models in the exercise 

biofeedback system in the clinical population. Classification accuracy ranged between 

59.90% to 98.49% across the four exercises with algorithmically generated segment 

coordinates. As illustrated in Figure 8.5, there is a slight improvement in accuracy in 

the overall biofeedback model performance compared to the manually segmented 

classification performance results, however both are markedly reduced from the lab-

based LOSOCV. 
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Table 8.5 Biofeedback model performance: classification results of clinical test data with segments 

generated automatically. 

*due to the unbalanced test set with no sub-optimal repetitions it was not possible to calculate specificity. 

 

Figure 8.5 The difference in classification accuracy between the lab-based cross-validation, manually 

segmented classification performance, and automatically segmented biofeedback model performance 

when testing with clinical data. 

 
 

Exercise 

Metric (%) 

Accuracy Sensitivity Specificity 

Mean (95% CI) Mean (95% CI) Mean (95% CI) 

LB UB LB UB LB UB 

HS 98.49 (96.46 100.00) 98.49 (96.46 100.00) N/A* N/A* N/A* 

IRQ 59.90 (44.56 75.24) 53.46 (34.35 72.56) 79.23 (58.98 99.49) 

SLR 67.30 (51.66 82.94) 45.34 (19.14 71.55) 87.26 (77.02 97.50) 

SAKE 68.86 (47.29 90.43) 60.48 (18.60 100.00) 74.72 (45.49 100.00) 
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Finally, Figure 8.6 illustrates the difference in combined performance of the ML 

models between the healthy and clinical population. The SAKE demonstrated the 

largest reduction in mean classification accuracy with a 31.10% reduction, IRQ shows 

a 26.10% decrease, and SLR a 9.17% loss of accuracy. The HS performance remained 

largely similar although as discussed previously, no sub-optimal examples were 

included in either test set for this exercise. 

 

 

Figure 8.6 Comparison of overall biofeedback model performance 

between healthy and clinical test data. 

 

8.5 Discussion 

This chapter has outlined the investigation of the functionality, feasibility, and 

stability of the prototype exercise biofeedback system in the clinical population. The 

results presented suggest that there are notable shortcomings in the technical 
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functionality and stability of the system when deployed with patients following knee 

replacement surgery, with the overall biofeedback model provided with a balanced 

test set demonstrating ‘poor’ to ‘moderate’ levels of accuracy. Furthermore, stability 

issues were identified where the system failed to detect the correct number of 

repetitions, with an average of 27.07% of data sets miscalculating the number of 

repetitions by more than one repetition.  

 

When breaking down the ML components of the system, it is clear that there is a 

notable reduction in performance across both classification (Figure 8.2) and 

segmentation (Figure 8.3) when compared to healthy participants. However 

interestingly, the slight improvement in overall performance compared to 

classification performance in Figure 8.5 would suggest that the reduction in 

segmentation accuracy has less of an effect on overall system functionality. This would 

indicate that the classification component, and the training data provided to the model, 

is the leading cause for the reduction in accuracy when deploying this system with 

clinical patients. 

 

Therefore, this study has highlighted key considerations in the development of 

exercise classification models, particularly regarding the training data on which the 

models are built. Firstly, whilst the training data previously collected [75] contains 

data from participants aged between 40 – 80 years of age undergoing lower limb 

rehabilitation, none of the participants were undertaking rehabilitation following TKR 

or UKR. This could therefore explain the reasons for the reduction in functionality, as 

the classification models are being tested against training data which is too 

heterogenous, and must be closer matched to the population which it is designed for 

and will be tested on [170]. Equally, it is arguable that given the greater balance 

between correct and sub-optimal repetitions in this test data set compared to that of 

Chapter 5, these results are a better reflection of the actual performance of the models 

and that a balanced test set from healthy participants may have demonstrated a similar 

reduction in performance [175]. The evidence that the current clinical standard for 

measuring exercise technique is flawed would reflect that there is a need for a more 

rigorous and reliable method to analyse exercise technique [164]. However, as 
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discussed in Chapter 5 previously, the methods for developing and evaluating exercise 

classification systems rely on this same clinical standard that is prone to inter- and 

intra-rater reliability challenges [164]. In this case, the labelling of clinical data from 

participants following surgery led to greater disagreement between raters which 

required further discussion, and therefore the development approach of this 

classification method can lead to greater variability.  

 

This binary approach using supervised ML also has implications to both the 

technical and clinical feasibility of this system. The need to collate large quantities of 

training data which contains both raw IMU data and video to label the ground truth is 

time consuming and requires access to large numbers of participants. There is 

subjectivity in labelling the exercise technique, and the scalability of the method is 

impacted should it be sought to offer biofeedback for additional exercises. When 

considering the clinical feasibility, the binary method of feedback provided is limited 

in the effect it will have on the user. Patients in Chapter 7 requested a greater 

granularity in the feedback they receive such as joint angle or quality, and it was 

observable during this study that the binary feedback was insufficient on occasions. 

For example, one user performed their exercises with sub-optimal technique in two 

data sets captured one week apart, and there was a notable clinical improvement in 

technique, despite still not being optimal. In clinical practice, this improvement would 

be fed back to the patient when observed by the therapist, but there was no reflection 

of this in the biofeedback system output, with both occasions being classified as sub-

optimal. 

 

There are further implications to the feasibility of this approach given the variance 

in how patients undertake rehabilitation at home. During data collection, some 

patients preferred to complete their exercises on their bed, others on the sofa and 

some lying on the floor. Given the training data was collected in a controlled clinic 

environment, the presence of thick duvets, soft mattresses and varying sizes of towels 

can all contribute to variance in the IMU data obtained, and therefore the outputs of 

the ML models. Finally, the clinical feasibility of using ML to classify exercise technique 

can be further questioned, as this method removes the human factors of therapy and 
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the context of each individual patient. For example, it is possible that two patients 

performing the same exercises with the same clinician will receive markedly different 

feedback in clinical practice. This is due to the judgement the therapist makes on 

numerous factors including the rehabilitation timeline, patient’s personality, progress 

and goals. One patient may be ahead of schedule and moving quickly onto the next 

exercise, whereas another may be slow and lacking engagement, requiring a different 

message to be given by the therapist. Whilst in theory it is possible to train a machine 

to learn these variables, it is not necessarily feasible. 

 

Interestingly, across all of the data collected in this study, all participants either 

performed every repetition in a set correctly or incorrectly, with no data sets 

containing a mix of correct and sub-optimal repetitions. When observing the video 

footage, it was evident that the participant was always making their best attempt to 

complete the exercises correctly, and it was a physical limitation (weakness/loss of 

range of motion) causing sub-optimal performance, rather than the patient being 

unsure of the correct technique. Therefore arguably, given that the patient is receiving 

the visual feedback from the avatar during the exercise, having their repetitions 

counted, and viewing a video of each exercise prior to completion, it is questionable 

how clinically necessary and valuable this additional binary method of biofeedback is. 

 

In addition to the issues relating to the rating of exercise technique, there are a 

number of limitations to consider when reviewing the results of this study. It is 

important to highlight that this evaluation took place outside of the custom-built tablet 

application. This was done to ensure that there were no computational load or 

software programming issues, however any such stability concerns must be 

considered when evaluating the prototype system in its entirety. Secondly, the test set 

contained multiple data sets from the same participant as they were tested over three 

different time points. Whilst it was outside the scope of the aims and objectives of this 

study, further analysis of exercise biofeedback functionality within and between 

participants may be beneficial. Finally, as highlighted previously, the unbalanced test 

set for the HS exercise mean that it is difficult to draw firm conclusions on the 

functionality of the models for this exercise. 
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Despite these limitations, this study has highlighted the deterioration in technical 

functionality of the ML models within the prototype biofeedback system when 

deployed with patients following knee replacement compared to healthy controls. 

Based on these findings, future work should endeavour to explore other methods of 

providing exercise biofeedback to users, such as the use of joint angle which is 

discussed in Chapter 9 or further research into unsupervised learning methods that 

reduce the training data requirements and enhance feasibility.  

 

8.6 Conclusions 

Given the findings from previous chapters within this thesis, this chapter has 

shown that when deployed in the clinical population, the technical functionality of the 

ML components of the prototype exercise biofeedback system are ‘moderate’ to ‘poor’ 

and has discussed the possible reasons for this performance. These conclusions, 

combined with the findings from Chapter 6 and Chapter 7 suggest that alternative 

methods of exercise biofeedback should be explored, for example with the use of joint 

angle, which is further discussed in Chapter 9. 
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Chapter 9 

Joint Angle Measurement 

 

 

A modified version of this chapter has been published as follows: 

Argent R, Drummond S, Remus A, O’Reilly M, Caulfield B. (2019) Evaluating the use 

of machine learning in the assessment of joint angle using a single inertial sensor. 

Journal of Rehabilitation and Assistive Technologies Engineering 2019;(6):1-10 
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9.1 Introduction 

As highlighted in Chapter 6, the assessment of joint angle is a commonly used 

clinical measurement tool in rehabilitation medicine and serves as a key objective 

marker in monitoring treatment effectiveness and patient progress [216]. After 

orthopaedic surgery such as TKR, the restoration of joint ROM is an essential 

rehabilitation focus and a reduced ROM post-operatively can have significant impact 

on functional activities of daily life including walking and rising from sitting, and in 

more intensive pursuits such as cycling [217, 218]. The findings from the studies in 

Chapter 6 and Chapter 7 highlight a desire from key stakeholders to include a ROM 

measure within the system, and with debate regarding the relevance of binary 

technique classification in Chapter 8, the assessment of joint ROM can provide further 

meaningful data for feedback to the user and the clinician. 

 

The current norm in clinical practice is to measure joint angle in a single plane at 

an isolated joint with a universal goniometer. These are inexpensive and portable and 

are considered easy to use [219]. However, post-operative joint angle assessment with 

a universal goniometer can only be captured with a trained examiner when the patient 

attends clinic appointments [219]. These measurements are often taken several weeks 

apart, at a single time-point, with a static posture, and do not necessarily provide the 

data to inform judgement on the overall trend of progress, with measures potentially 

being affected by short term pain or swelling [216]. Whilst this method is more 

accurate than visual estimate [220, 221], the use of the universal goniometer is subject 

to high levels of variance in inter and intra-tester reliability [222, 223].  

 

In an effort to offer a more robust method of measurement, the use of smartphone 

applications and IMU systems to measure joint angle have been investigated [224–

229]. Both tools harness data analytics to obtain clinical measurements in an attempt 

to remove human error. Whilst smartphone applications still require an examiner and 

static posture to operate, wearable IMU systems have the potential to offer a 

continuous method of assessment of joint angle remotely during home exercises, 

without the need for an examiner or a maintained static posture.  
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Current methods of joint angle assessment with IMUs typically require multiple 

sensors with one IMU per limb segment [189, 226, 228–231]. At present, it is common 

to use an orientation algorithm, such as the Madgwick filter [232], Kalman filter [233], 

or complementary filter [234] to compute the individual IMU angle of each sensor 

[189, 230, 235, 236]. In the interest of usability and cost, minimising the number of 

sensors required is preferred; however, there is a lack of research outlining predictive 

algorithms, or joint angle estimation with a single IMU [59].  A recent study [237] was 

the first to investigate joint angle measurement with a single IMU. The authors 

represented joint angle as a Fourier series and optimised a cost function structured 

using kinematic data, with a mean error of 3.2 degrees across four exercises. However, 

their method required the input of a number of additional variables including limb 

segment length data for each participant.   

 

A potential alternative method of joint angle measurement with data from a single 

IMU is to use ML algorithms as described in section 1.3.4.  These supervised ML 

regression algorithms such as linear regression, polynomial regression, decision trees, 

and random forest regression [170, 238, 239] may offer the ability to measure 

continuous joint angle during rehabilitation exercises with data captured by a single 

IMU.     

 

9.2 Aims & Objectives 

To date, the use of ML to assess continuous joint angle captured by IMUs has not 

been heavily studied. Therefore, the aim of this study was to explore if it is possible to 

accurately measure joint angle with a single IMU and ML algorithms.  

The objectives of this study were: 

• To identify which is the best performing ML algorithm to predict joint angle 

from a single IMU. 
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• To assess whether the input of additional anthropometric variables 

improve the accuracy of such an assessment method. 

• To explore whether an IMU orientation algorithm is required in addition to 

ML algorithms to provide this joint angle. 

 

9.3 Methods 

9.3.1 Participants 

A sample of 14 participants (6 female and 8 male, age = 28  3 years, height = 172 

 9.5cm, weight =75  13kg, BMI 25  4) were recruited from the University. Subjects 

were eligible to participate in this study if they were over 18 years of age and were 

capable of performing the eight rehabilitation exercises. Exclusion criteria included: 

(1) diagnosed neurological conditions and (2) lower limb musculoskeletal injury in the 

past six months. Ethical approval was obtained from the University Human Research 

Ethics Committee (Appendix 9.1). All subjects provided written informed consent 

prior to participation (Appendix 9.2). 

 

9.3.2 Rehabilitation Exercises 

Each participant performed eight lower limb exercises routinely prescribed in the 

early stages following orthopaedic surgery under instruction and supervision of a 

Chartered Physiotherapist. The exercises ranged from lying, sitting and standing 

positions and were specifically chosen to correspond with standard exercises 

following total hip and knee replacement surgery [10, 240]. The HS, SLR, IRQ, and SAKE 

for the knee utilising an IMU on the shin, with supine hip abduction, standing hip 

flexion, standing hip abduction, and standing hip extension for hip rehabilitation, with 

an IMU placed on the thigh.  A detailed description of these exercises can be found in 

Table 9.1. Participants were allowed three practice repetitions prior to data collection.  

All exercises were performed continuously for 60 seconds. Participants were 
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instructed to vary the joint angle between maximal and sub-maximal repetitions 

across the set in a self-selected random order.  

 

Table 9.1 Rehabilitation exercises including the joint angle measured for each exercise with relevant IMU. 

 

 

 

 

 

 

Exercise Description of Exercise Joint Angle 
Measured 

IMU 
Placement 

Heel Slide  In supine lying, the exercise is performed by flexing the 
hip and knee to slide the foot closer to the ipsi-lateral hip. 

Knee Flexion Shin 

Supine Hip 
Abduction  

In supine lying, the exercise is performed by abducting the 
hip, sliding the foot away and then back towards the 
midline. 

Hip Abduction Thigh 

Straight Leg 
Raise  

In supine lying, the exercise is performed by flexing the 
hip, lifting the leg off the supporting surface while keeping 
the knee in full extension, raising to a height above the 
contralateral toes. 

Hip Flexion Shin 

Inner Range 
Quadriceps  

In supine lying, a roll is placed under the knee to be 
exercised. The exercise is performed by contracting the 
quadriceps muscles to bring the knee from a position of 
slight flexion into full extension. 

Knee Flexion Shin 

Seated Active 
Knee Extension  

In sitting with the upper thigh supported on a chair, the 
exercise is performed by contracting the quadriceps to 
bring the knee from a position of flexion into full 
extension. 

Knee Flexion Shin 

Standing Hip 
Flexion  

In standing, the exercise is performed by lifting the leg 
forwards, flexing at the hip and knee. 

Hip Flexion Thigh 

Standing Hip 
Abduction  

In standing, the exercise is performed by lifting the leg out 
to the side, whilst maintaining full knee extension. 

Hip Abduction Thigh 

Standing Hip 
Extension  

In standing, the exercise is performed by lifting the leg 
backwards out behind the body, whilst maintaining full 
knee extension. 

Hip Extension Thigh 
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9.3.3 Data Acquisition 

A three-dimensional (3-D) motion capture system, considered the gold standard 

tool for dynamic measurement of lower limb joint angle with a low error of 

measurement [222], was used as the reference standard. This CODA motion capture 

system comprised of a unilateral, right sided, eight marker set-up, and three motion 

capture cameras (Charnwood Dynamics, Leicestershire, UK). Two IMUs were used to 

collect tri-axial accelerometer and gyroscope data from each participant (Shimmer, 

Dublin, Ireland) [157], all knee rehabilitation exercises were analysed with data solely 

from the shin sensor (Figure 9.1: IMU 2), with the thigh sensor being used for hip joint 

angle measurement (Figure 9.1: IMU 1). Additional variables including sex, age, height, 

weight, hip-knee length and ankle-knee length were also recorded. These additional 

metrics were included to account for variances in joint angle between participants 

attributed to anthropometric variability.   

 

Each participant was required to wear a pair of skin-tight Lycra shorts or leggings, 

and a light shirt rolled up past the navel in order to obtain an unobstructed view of all 

testing equipment. The markers and IMUs were then applied by the same Chartered 

Physiotherapist for all subjects and were positioned as described in Figure 9.1. The 

markers and IMUs were fixed to the skin, or Lycra, with double sided adhesive tape.  

Synchronous kinematic data acquisition was conducted using three CODA mpx1 units 

sampling at 100Hz and the two IMUs, calibrated prior to testing, sampling at 102.4 Hz, 

with accelerometer and gyroscope ranges configured to  2G and  500 ° /s, 

respectively, mirroring the configuration of the IMU within the deployed prototype 

biofeedback system described in section 3.3. 3D motion capture data acquisition was 

performed with a single CODA motion analysis system whilst IMU data were captured 

using the Multi Shimmer Sync Android tablet application (Shimmer, Dublin, Ireland).  

Both systems recorded 60 second segments of continuous kinematics during eight 

post-operative rehabilitation exercises. A set of exercises was only repeated when the 

CODA marker visibility was less than 99% for any of the eight markers.  
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Figure 9.1 Infra-red CODA markers and IMU setup for data acquisition. 
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9.3.4 Data Processing 

Reference Joint Angle Calculation 

The CODA system provided raw data in the form of the X, Y, Z positions of each of 

the markers over time. These 3-D co-ordinates were first reduced to 2-D, based on the 

plane of movement the exercise occurred, in order to derive clinically relevant metrics 

which are already used in current practice (e.g. heel-slide movement is in the Y-Z plane, 

supine hip abduction is in the X-Y plane and standing hip abduction is in the X-Z plane). 

Vectors were created from the two markers on each limb involved in the exercise 

movement and joint angles were calculated using Equation 9.1.   

 

𝜃 = cos−1(
�̂� ∙ 𝑣

||�̂�|| ∙ ||𝑣||
) (9.1) 

𝑤ℎ𝑒𝑟𝑒 𝜃 = 𝑗𝑜𝑖𝑛𝑡 𝑎𝑛𝑔𝑙𝑒 

�̂� 𝑎𝑛𝑑 𝑣 = 𝑣𝑒𝑐𝑡𝑜𝑟𝑠 𝑜𝑓 𝑒𝑎𝑐ℎ 𝑙𝑖𝑚𝑏 𝑠𝑒𝑔𝑚𝑒𝑛𝑡 

 

Synchronisation of the Motion Capture and IMU Systems 

Prior to synchronisation, the IMU data were downsampled to 100Hz using linear 

interpolation. To synchronise the systems, the participants were instructed to perform 

a “kick” before exercise commencement. The kick was performed in a perpendicular 

plane to the exercise plane, so that the marker’s largest displacement over the duration 

of the exercise in the perpendicular plane was during the kick. For the CODA system, 

the joint angle in the direction of the kick was calculated using the above equation, and 

for the IMU data the IMU orientation in relation to the global frame was computed by 

using the Madgwick orientation algorithm [232]. These two data sources were then 

synced on the peaks of the respective kick data (Figure 9.2). 
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Figure 9.2 An example of CODA and IMU data synchronised from the peaks of the “kick” angles. 

 

IMU Joint Angle Calculation 

Data from a single IMU were used to measure joint angle as specified in Table 9.1. 

Two methods were used to calculate the joint angle from the IMU raw data which are 

highlighted in Figure 9.3. Method 1 derived joint angle from the raw IMU data passing 

through an orientation algorithm which is regularly used in literature pertaining to 

exercise analysis with IMUs [232], whereas Method 2 modelled joint angle straight 

from the raw IMU data. Four commonly used ML regression algorithms were modelled 

on the IMU datasets from each of these methods to estimate joint angle, namely linear 

regression (LR), polynomial regression (PR), decision tree regression (DT), and 

random forest regression (RF). This culminated in a total of eight models to estimate 

joint angle from the IMU data (Figure 9.3).  The additional anthropometric variables of 

height, weight, age, sex and limb segment length were used as additional features to 

investigate their influence on accuracy. These additional variables particular to each 
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participant were included in the models as part of the feature vector for each 

timepoint. 

 

Figure 9.3 Flowchart illustrating the process of IMU joint angle calculation 

 

Hyperparameter Tuning 

In order to optimise the accuracy of a ML model, a number of parameters that 

cannot be learned through the ML training process (known as hyperparameters) must 

be selected before initial training takes place. These hyperparameter values are then 

adjusted, in this case through manual search, over multiple train and test iterations to 

identify the optimal model configuration, which is then used for analysis. In this study, 

L2 penalty coefficient values were explored for the LR and PR, with the PR model also 
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searching cubic and quadratic features. The DT and RF models searched for the optimal 

maximum depth value, with estimator values also trialled in the RF model. 

 

9.3.5 Accuracy Analysis 

The loss metric for all of the models was mean squared error. The root-mean 

squared error (RMSE) and the coefficient of determination (𝑅2)  were computed to 

compare the predicted joint angle from the IMU to the reference 3D-motion capture 

system across every data point (Figure 9.4), for each of the four ML models in all eight 

exercises. LOSOCV was used with 14 folds, the RMSE values stated in the results are 

the mean RMSE and R2 of the test data in each of the 14 folds with the standard 

deviation (SD) provided to show the variance between participants. To maximise 

clinical application, HCPs are primarily interested in the peak joint angles achieved. 

Therefore, the same RMSE analysis was also conducted on the isolated maximum and 

minimum joint angles for each repetition. 

 

Figure 9.4 Randomly selected sample of one participant illustrating joint angle comparison between 

reference standard CODA and IMU. 
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9.4 Results 

Table 9.2 illustrates the best performing algorithm, average RMSE and R2 across all 

participants for each exercise. The average RMSE for the best performing algorithm 

across all eight exercises was 4.81° (SD=1.89), with a maximum value of 6.19°. This 

increased to 4.99 °  (SD=1.83), with a maximum of 6.92 °  when participant-specific 

additional variables were included. There was variance between the best performing 

algorithm dependent on the exercise being conducted, although the use of the 

orientation algorithm improved performance on the majority of the tested models (11 

out of 16)
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Table 9.2 Results showing the best performing algorithm, mean R2 and mean RMSE for data from both the entire time-series and the maximum and minimum joint 

angles for each repetition. 

   Entire Data Set Maximum & Minimum Joint Angles 

Exercise Additional Variables Algorithm R2 RMSE (°) (SD) R2 RMSE (°) (SD) 

Heel Slide 

Sensor Data Only Orientation PR 0.98 5.70 (2.29) 0.99 5.19 (2.21) 

Sensor + Additional Variables Orientation LR 0.98 5.50 (2.50) 0.98 5.85 (2.42) 

Inner Range 

Quadriceps 

Sensor Data Only Orientation PR 0.59 3.98 (2.43) 0.75 3.95 (2.14) 

Sensor + Additional Variables Orientation LR 0.51 4.02 (2.16) 0.65 4.42 (2.24) 

Straight Leg Raise 

Sensor Data Only Raw PR 0.92 3.62 (1.32) 0.95 3.76 (1.17) 

Sensor + Additional Variables Orientation LR 0.93 3.54 (1.02) 0.93 3.48 (1.60) 

Seated Active Knee 

Extension 

Sensor Data Only Raw RF 0.96 6.08 (1.63) 0.97 6.79 (2.44) 

Sensor + Additional Variables Raw RF 0.95 6.92 (2.04) 0.96 7.41 (2.68) 

Supine Hip 

Abduction 

Sensor Data Only Orientation PR 0.85 3.46 (2.16) 0.92 3.54 (1.67) 

Sensor + Additional Variables Orientation RF 0.82 3.93 (2.11) 0.90 4.08 (1.78) 
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Standing Hip 

Abduction 

Sensor Data Only Orientation LR 0.86 4.16 (2.18) 0.92 4.21 (2.54) 

Sensor + Additional Variables Orientation PR 0.88 4.34 (1.80) 0.93 4.49 (1.93) 

Standing Hip 

Extension 

Sensor Data Only Orientation PR 0.37 5.31 (1.40) 0.54 6.58 (1.56) 

Sensor + Additional Variables Orientation LR 0.38 5.59 (1.09) 0.51 7.06 (1.49) 

Standing Hip 

Flexion 

Sensor Data Only Raw RF 0.93 6.19 (1.67) 0.96 6.13 (2.19) 

Sensor + Additional Variables Raw LR 0.94 6.10 (1.89) 0.96 6.64 (2.43) 
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For clinical relevance, the mean RMSE and R2 for the maximum and minimum joint 

angles of each exercise repetition are also outlined in Table 9.2. The average RMSE for 

these joint angles across all eight exercises was 5.02° (SD=1.99), with a maximum 

value of 6.79°, resulting in an average increase of 0.21° (SD=0.54) from the entire time-

series. When participant-specific additional variables were included the RMSE 

increased to 5.43 °  (SD=2.07), with a maximum of 7.41 ° , resulting in an average 

increase of 0.44° (SD=0.46) compared to every data-point. 

 

9.5 Discussion 

The aim of this study was to investigate whether it is possible to use a single IMU 

with ML algorithms to accurately measure lower limb joint angles, and which 

algorithm is most effective in doing so. Furthermore, it explored whether additional 

anthropometric variables were required to improve the accuracy of such a method, 

and whether an IMU orientation algorithm was required in addition to the ML methods 

to provide this joint angle. The results identified low levels of RMSE which suggest that 

it is possible to measure joint angle with a single IMU with the assistance of a variety 

of ML algorithms. Additional variables such as sex, age and limb segment lengths 

reduced the accuracy of this method.  

 

In this study, the best performing ML algorithm with solely the input of sensor data 

from a single IMU to measure joint angle resulted in an average RMSE of 4.81° using 

LOSOCV. These results indicate that the novel approach described in this chapter is 

comparable to those using two sensor models and a recently published single IMU 

method. Bakhshi et al., used a two-IMU model to assess knee joint ROM with errors 

ranging from 0.08 to 3.06°  across four tasks [226]. In this method, validation was 

performed by a single participant and data downsampled to 5Hz. Another two sensor 

method published by O’Donovan et al., measured ankle joint angle with an error range 

from 0.5 to 4.09° in two subjects [241]. Bonnet et al., is the only other study in the 

current literature to use a single sensor method, although this required the input of all 

anthropometric variables [237]. The authors reported an average RMSE of 3.2° across 
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four exercises with their single sensor model. However, it is unclear what validation 

process was used to calculate these accuracy metrics. Finally, the low RMSE identified 

in this study is also comparable to those found in functional tasks such as gait [189, 

228, 230]. Yet these joint angles do not necessarily mirror the standardised joint angle 

assessment methods that would be familiar to HCPs in clinical practice.  

 

In a clinical setting it is desirable to minimise any additional input that a user would 

be required to perform in order to use this method of measurement. Overall, the 

addition of anthropometric variables to these models does not appear to increase 

accuracy. This has positive implications for the ease of implementation, as users will 

not be required to add further information including measuring limb segment length. 

Although the addition of person-specific variables is not required to improve accuracy, 

it is apparent that the use of an IMU orientation algorithm is still necessary, with few 

models evaluated performing better with raw IMU data. 

 

When viewing the randomly selected sample in Figure 9.4, there is a suggestion 

that the model may be less accurate at the end of ranges of each exercise repetition. As 

clinicians are particularly interested in these end ranges, it is important to conduct 

further accuracy analysis on these points. The results show that there is a small 

increase in error at the maximum and minimum joint angle, with mean RMSE at 5.02°. 

However this is only an average 0.21° increase from the full time-series and does not 

substantially affect the accuracy of the models, providing the clinician with a 

convenient method of measurement within five degrees of the gold standard. 

 

Further clinical implications of using such a method of joint angle assessment 

include negating the need for an examiner to perform measurements, therefore 

removing any error from inter-tester reliability or incorrect placement of the universal 

goniometer [216, 219, 242]. This method of assessment can also offer real-time 

dynamic joint angle feedback, compared to current methods of goniometry requiring 

a static position. Whilst other proposed methods are also able to complete this, to the 
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best of the author’s knowledge, none have been able to do this with a single IMU 

without the need for limb segment length features to be inputted. 

 

The sensor placement has also been carefully considered for the target user to 

position appropriately without assistance. Similar work has used sensors on the distal 

shank or multiple sensors [189, 226, 229, 230, 237], whereas this system is designed 

for all of the hip rehabilitation exercises to work with an IMU placed on the thigh, as 

currently many users may be prevented from reaching below the knee, particularly 

after total hip replacement [243]. The knee rehabilitation exercises have an IMU 

located at the midpoint of the shin, ensuring that users are able to place the sensor 

easily and maintain the same position for all exercises, although in both cases, further 

‘real-world’ validation is required to ensure that IMU placement by untrained patients 

does not detract from accuracy.    

 

This study is not without its limitations. Results are based on a sample of 

convenience of young healthy adults in a highly controlled lab-based environment with 

all placements of markers and IMUs performed by an experienced therapist. 

Participants were required to wear Lycra shorts and therefore there is the possibility 

of minor movement from the markers during the exercise. The exercises performed 

and joint angles measured are relatively early-stage rehabilitation exercises, with 

motion primarily in a single plane from a standardised starting position, as is usual 

practice. However, this method may not be applicable to more complex multi-planar 

functional movements such as in gait or compound lower limb exercises. Finally, some 

data during two exercises were excluded due to technical difficulties, with suspected 

issues with the marker battery packs leading to unreliable data from the 3D motion 

capture system. 

 

This work mirrors numerous previous studies that have included RMSE as the loss 

metric [189, 231, 237, 241], which is common in assessing the accuracy of regression 

tasks. However there is some debate in the literature regarding the most appropriate 

indicator of average model performance, and it is suggested that a combination of 
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metrics including RMSE and mean absolute error are required to assess model 

performance [244, 245]. The use of RMSE does not necessarily provide an indication 

of whether systematic errors are present in the model, or the precision of the model 

over a given time period. Therefore, whilst this study has shown potential for ML 

methods to measure joint angle, further in-depth evaluation should be carried out on 

unseen and uncontrolled data in order to determine the validity, reliability (inter- and 

intra-person) and minimum detectable changes of the proposed model. 

 

These limitations aside, the results from this study suggest future work that can 

incorporate this novel method of joint angle assessment into the exercise biofeedback 

system, providing continuous joint angle measurement with remote monitoring for the 

clinician. This would also offer clinicians a reliable and dynamic method of assessing 

joint angle in the clinic which removes any examiner-based error. Additionally, future 

work should include validating this method in a clinical population with sensor 

placement performed by the participant, as well as building on the training data used 

in this study with data from a wider participant demographic. 

 

9.6 Conclusions 

This study has illustrated a novel and effective method of measuring joint angle 

across numerous exercises using only a single IMU, with a good level of accuracy when 

compared to the gold standard. This model is designed to maximise ease of clinical 

implementation as it reduces the need for patient-specific features such as limb 

segment length, sex and age to be input into the model. This has potential to be built 

into the CH exercise biofeedback platform as requested in the results of the studies in 

Chapter 6 and Chapter 7 to offer an accurate and dynamic method of joint angle 

assessment outside of the clinic, without the need for a trained examiner.  
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Chapter 10 

Summary &  

Concluding Remarks 
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10.1 Summary 

This thesis aimed to develop and evaluate a CH system that provided high-quality 

and effective biofeedback to patients undertaking home exercise rehabilitation 

following TKR in an easy to use and affordable manner. The reasons for this were 

numerous in nature including: 

• The need to consider new models of care in the face of changing population 

demographics and a drive for home-based rehabilitation. 

• A clear opportunity for CH systems to benefit both patients and healthcare 

providers. 

• The need to maximise engagement with, and adherence to, home exercise 

rehabilitation programmes. 

• The opportunity to utilise AI in the form of ML to provide feedback outside of 

the clinic which would previously have been unfeasible. 

• The current state of the art is failing to provide sufficient technical and user 

evaluation to provide confidence in the reliability of data and fully understand 

user interactions.  

 

While previous research has investigated the use of IMUs to classify exercise 

technique, there is a lack of research evaluating the deployment of such methods into 

a user facing system. Furthermore, the majority of research lacks real-world technical 

and user evaluation, instead tending to focus on laboratory-based validation methods 

and trials investigating the efficacy of the system developed. This in turn has limited 

the acceptance and uptake of such systems into clinical practice. 

 

In response, this thesis firstly presented a literature review in Chapter 2 that was 

conducted to highlight and critique the research relating to adherence to exercise 

programmes and discussed how the design of CH technologies may facilitate 

adherence. It discussed how the reasons for non-adherence are multifactorial, 

including pain, self-efficacy, social support, and perceived barriers such as time. This 

chapter also highlighted the flaws in current research into exercise adherence, as there 
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is currently no gold standard objective measure. It discussed how CH systems 

including the use of IMUs not only have the potential to offer an objective measure of 

adherence, but also incorporate features into the design of the systems which aim to 

improve engagement and adherence, such as coaching, self-monitoring and education. 

The findings of this literature review were then used in the design of the prototype 

system that was implemented within this thesis. 

 

The prototype system developed and evaluated as part of this thesis was outlined 

in Chapter 3, including a description of the design considerations that were made with 

regards to the requirements of the key stakeholders of patients and clinicians. The 

system consisted of a single IMU which was paired via Bluetooth to a custom-built 

Android tablet application, and the user received feedback related to their exercise 

technique whilst completing standard exercises prescribed following knee 

replacement surgery. The framework for evaluation was outlined in Chapter 4. Using 

the WHO guidelines for monitoring and evaluating digital health interventions, the 

rationale for the studies that followed in the thesis were presented. Having identified 

that the prototype system was at an early stage of maturity, this chapter described how 

the monitoring activities of functionality and stability, alongside the evaluation of 

usability and feasibility were applied to this thesis, with considerations from both a 

technical and clinical perspective.  

 

The first phase in the monitoring and evaluation process was described in Chapter 

5, where an assessment was made of the technical functionality and stability of the ML 

components of the system in a healthy population. This study showed that the 

performance of the segmentation and classification models in the healthy cohort was 

‘good’ to ‘excellent’ and therefore demonstrated acceptable functionality to be 

deployed in the clinical population. This was a step which is rarely undertaken in the 

wider literature, where there is a reliance on laboratory-based cross-validation 

methodologies instead. However, given the unbalanced nature of the test data set 

collected, this study suggested that it was necessary to conduct further technical 

evaluation with patients following knee replacement, mirroring how the system will 

be used in clinical practice. 
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In order to determine the clinical functionality and feasibility, Chapter 6 presented 

a qualitative study that was undertaken with clinicians involved in the orthopaedic 

care pathway. Semi-structured interviews highlighted the reliance on patient reported 

and subjective measures, with few objective markers to monitor the progress of 

rehabilitation. Clinicians reported a lack of opportunity to assess or monitor patients 

outside of the clinical setting and described how there is a reliance on the patient’s own 

self-management skills. When discussing the prototype exercise biofeedback system, 

these HCPs were positive on the opportunity to track their patient outside of the clinic 

and felt the system could support patient adherence and engagement. There were 

however concerns surrounding the accuracy of the data provided, and the usability of 

the platform, which required further evaluation. 

 

A mixed methods patient evaluation was described in Chapter 7, with the prototype 

system being deployed with patients following knee replacement surgery and used at 

home for two weeks following discharge. Despite the recommendations in the WHO 

guidelines, very few user evaluations of wearable biofeedback systems have been 

conducted in the literature. This study explored the feasibility, usability and user 

experience of the prototype, with findings suggesting the system is highly usable, offers 

additional motivation and improves the patient’s rehabilitation experience. Patients 

highlighted areas for improvement, particularly in the detail of the exercise technique 

feedback they received, and issues were raised regarding the technical functionality 

and stability of the system which warranted further investigation.     

 

The technical functionality of the prototype was therefore further assessed in 

Chapter 8, with the performance of the ML models being evaluated with data collected 

from the clinical population, mirroring how the system was deployed in clinical 

practice. The results indicated a notable reduction in accuracy of classification and 

segmentation compared to the results in Chapter 5, with performance deemed to be 

‘poor’ to ‘moderate’. Interestingly this chapter also highlighted the difference in 

performance between laboratory-based validation and real-world testing, highlighting 
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limitations in the current ML literature. Furthermore, this chapter discussed the issues 

regarding both technical and clinical feasibility in providing feedback via the methods 

employed within the prototype system. Specifically, challenges in the collection and 

labelling of training data, the binary method of feedback not capturing smaller clinical 

improvements, and the human factors that need to be considered when providing 

feedback as part of therapy, suggest that alternative methods of providing biofeedback 

with IMU data should be explored.  

 

Therefore, the final study described in this thesis in Chapter 9 outlined the early 

stage investigation of a method to measure joint angle using a single IMU and ML 

methods. This metric has the potential to offer greater value to clinicians and patients 

given its continuous nature. The good degree of accuracy demonstrated in this early 

evaluation compared to the gold standard shows promise in this method of 

assessment. However, given the exploratory nature of this work, further investigation 

is needed to assess technical functionality and feasibility with an unseen test data set 

from a clinical population, as well as building this model into the prototype system. 

 

10.2 Implications 

Providing accurate and effective feedback to patients outside of the clinic setting is 

critical to the success of CH exercise biofeedback systems. This research has 

contributed meaningfully to the fields of CH and wearable sensing, as to the author’s 

knowledge, it is the first to develop and evaluate an exercise biofeedback system 

utilising only a single IMU. Specifically, this thesis addressed gaps in the literature by 

conducting an extensive evaluation of a newly developed prototype system covering 

clinical and technical aspects during a real-world deployment. 

 

There are numerous implications to the wider research community based on the 

findings of this thesis. Firstly, this research has highlighted the importance of real-

world evaluation of ML models in exercise biofeedback. Results from this thesis 

suggest a notable reduction in real-world accuracy compared to the common cross-
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validation approaches, raising questions on the true performance of ML systems 

currently deployed without real-world performance assessment [59, 68, 69, 96]. The 

adaption of the WHO guidelines [53] to form a specific monitoring and evaluation plan 

for prototype exercise biofeedback systems has provided a basis for rigorous 

examination of key components and considerations in development, a process which 

is not currently followed in the research literature [59], thereby maximising the 

acceptability and efficacy of the system.  

 

This work has identified challenges in current adherence research, specifically 

given the lack of a gold standard measure, yet it has also demonstrated how IMUs and 

CH can be used to measure adherence more objectively. Therefore, this work may 

result in potential clinical benefits by reducing unnecessary modification of 

rehabilitation programmes as clinicians can receive objective adherence metrics, 

improving self-management by offering adherence enhancing interventions, and 

offering clinicians the ability to manage patients more proactively through the use of 

this data. Additionally, there are further research implications, as future studies may 

incorporate adherence measurement with IMUs, thereby reducing the number of false 

conclusions drawn on exercise rehabilitation due to the misreporting of adherence 

levels [103, 104, 111]. Furthermore, this thesis has shown how adherence enhancing 

interventions can be successfully incorporated into the design of CH solutions to 

maximise engagement, returning an adherence rate above the average reported in the 

literature [36, 107, 109], thereby maximising the effectiveness of the rehabilitation 

programme. 

 

Key considerations regarding the feedback provided to exercise rehabilitation 

patients through biofeedback systems have been highlighted based on this work. The 

findings of this thesis would suggest that continuing to follow the current approaches 

of classifying exercise technique at a binary level does not provide sufficient 

information to the user. There is a desire from both patients and clinicians for a more 

continuous metric that reflects changes in technique and performance to a smaller 

degree, and as such, this thesis has developed and undertaken early evaluation of a 

novel method of measuring joint angle with a single IMU using machine learning, a 



 155 

method not currently explored in the literature dominated by multi-sensor setups 

[189, 226, 228–230, 235]. This method not only reduces hardware costs and improves 

usability, but also lays the groundwork for using the smartphone as the sensing 

platform for further investigation. 

 

A key finding from this body of work, and a significant implication in how to 

approach the method of providing exercise biofeedback, relates to the feasibility of 

using ML models to classify exercise technique. Not only do users seek further 

information in their feedback as described above, but the feasibility in building these 

models is questionable. To get to the current position, this research programme has 

spanned several years and has consisted of an interdisciplinary team of clinical, data 

science and software development expertise, yet the system currently has only four 

exercises providing classification at a level where performance is ‘poor’ to ‘moderate’. 

The need for collecting and labelling significant amounts of clinical training data which 

relies on concordance between clinicians which has been shown to be challenging 

[164], building a different classification model for each exercise, implementing these 

models within a software platform, and evaluating it effectively is no small 

undertaking. Hence without published evidence, the claims made by commercial 

offerings must be viewed with caution, and the sustainability of such approaches must 

be considered.        

 

Notwithstanding these clear technical challenges, the results of Chapter 6 and 

Chapter 7 show that the prototype system was reported to be very useful, usable, and 

improved the post-operative experience of patients undertaking knee replacement 

rehabilitation. These results are based on investigations with a prototype that 

demonstrated the technical issues highlighted throughout this thesis, therefore it is 

possible that with a technically superior system, even further benefits may be evident. 

However, it is important to consider the limitation of the homogenous sample in the 

clinical study of Chapter 7 where the level of education of patients was above the 

national norm, highlighting the need for further multi-site evaluation in a wider cohort 

of the population. Thus, this thesis provides evidence to support the continued 

development of exercise biofeedback systems in support of home exercise 
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rehabilitation, whilst suggesting a new reference framework for providing feedback is 

required.  

 

10.3 Future Directions 

Based on the findings of this research, and the implications discussed, this thesis 

has highlighted additional research questions that should be addressed as future work. 

Firstly, the current segmentation process requires a completed exercise set before the 

sensor data can be processed, therefore limiting any feedback regarding technique to 

the end of the exercise. In order to provide more meaningful ‘live’ feedback, the data 

analysis process needs to take place whilst the exercises are still being performed. As 

such, alternative methods of segmentation must be investigated, including the use of 

neural networks.  

 

Secondly, given the conclusions drawn from this thesis, further work should 

examine alternative methods of providing feedback to the user, as the binary approach 

in this prototype has feasibility and functionality challenges. Advanced machine and 

deep learning methods to assess exercise technique or joint angle may provide a more 

desirable level of feedback to both the patient and clinician, with additional work to 

build on the early stage findings of Chapter 9.  

 

Thirdly, by developing a single sensor system, there is an opportunity to harness 

the IMU within the smartphone to act as the sensing platform. Therefore, future work 

involves translating the methods and approaches deemed successful with the current 

IMU systems into smartphone-based data capture. This will however have inherent 

challenges due to the varying specifications of individual devices, with sampling 

frequency, calibration, configuration and type of sensor all creating variance when 

building and training ML models.  
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Finally, there is additional clinical work to further understand the impact of such 

sensor-based biofeedback systems and whether the system’s aims are being achieved. 

The results from this thesis suggest that the current prototype requires modification 

prior to moving to the next phase of maturity defined in the WHO framework [53], 

however following these modifications, future studies should continue to monitor the 

functionality and stability of the new data analysis approaches, but also move to 

explore the clinical efficacy, effectiveness and potential economic impact of the system, 

as defined within the guidelines.   

 

If these next steps are followed, it is perceived that such a CH exercise biofeedback 

system could be provided to patients with a multitude of clinical conditions who are 

undertaking home rehabilitation. This system could provide meaningful and timely 

feedback to support the patient to adhere to their rehabilitation, and also offer 

clinicians the opportunity to proactively manage their clinical caseload, allowing 

individualised exercise prescription and reduced face-to-face contact time where 

appropriate whilst maximising the clinical outcome of exercise rehabilitation. 

 

10.4 Conclusion 

This thesis sought to develop and evaluate a CH exercise biofeedback system 

utilising a single inertial sensor for the support of orthopaedic rehabilitation. Patients 

are being discharged home with exercise programmes, however adherence and 

engagement is often poor for a number of reasons. Despite the development of a 

number of CH solutions, acceptance and uptake is slow, in part due to the lack of 

technical and user evaluation undertaken with these interventions. As a result, the key 

components of the prototype system developed as part of this thesis were evaluated 

according to WHO guidelines, with both technical and clinical considerations 

throughout, and inclusion of key stakeholders. The research presented suggests that 

the prototype was highly usable and contributed positively to the patient experience 

during rehabilitation following knee replacement surgery. Furthermore, patients and 

clinicians felt that the system has the potential to improve engagement with, and the 
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outcomes of rehabilitation. However, the current technical approach to providing 

technique-based feedback has limitations in functionality and feasibility. As such, 

future research should explore alternative methods of providing exercise biofeedback, 

including building on the promising early stage results of the assessment of joint angle. 

Therefore, the findings of this thesis are significant, presenting the development and 

thorough evaluation of an early stage prototype and offering evidence to support the 

continued development and investigation of IMU based exercise biofeedback systems. 

This technology has the potential to support patients and clinicians in the 

rehabilitation following knee replacement surgery, and this work has highlighted 

areas for further development to maximise the effectiveness and acceptability of the 

system. 
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3.1 Prototype Instruction Manual 
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3.2 Educational Video Permission Letter 

 

 



 185 

3.3 Video Walkthrough of Prototype System 

 

 

Please see the following link to view a system walkthrough: 

https://youtu.be/e6LhNvRHGIc 

 

https://youtu.be/e6LhNvRHGIc
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5.1 Classification Results Following Cross-Validation  

The best performing algorithm for each exercise is highlighted in green.

 
Algorithm 

 
Metric (%) 

Exercise 

HS IRQ SLR SAKE 

 
Logistic 

Regression 

Accuracy 98.45 92.05 94.63 95.76 

Sensitivity 99.43 93.73 95.95 96.26 

Specificity 97.51 90.24 93.10 95.26 

 
Support Vector 
Machine with 

SMO 

Accuracy 98.17 89.40 94.78 96.29 

Sensitivity 99.14 90.31 96.22 96.52 

Specificity 97.23 88.41 93.10 96.05 

 
Adaptive 
Boosting 

Accuracy 98.17 90.87 93.90 95.23 

Sensitivity 99.43 90.60 95.95 95.19 

Specificity 96.95 91.16 91.54 95.26 

 
Random Forest 

Accuracy 98.03 88.07 90.71 96.29 

Sensitivity 98.86 87.46 92.16 96.52 

Specificity 97.23 88.72 89.03 96.05 

 
J48 

Accuracy 96.06 83.80 89.55 95.09 

Sensitivity 96.29 85.19 91.62 95.99 

Specificity 95.84 82.32 87.15 94.21 
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6.1 Participant Information and Consent Form 
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6.2 Ethics Approval Letter 
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6.3 Clinician Interview Topic Guide 

Main questions formed the core structure of the interview, further follow-up 

questions were put forward dependent on initial response.  

- What methods would you currently use for monitoring and feedback during 

patient rehabilitation? 

 

- Do you know anything about wearable technology?  

o If so tell me what you know, how they're used and your view of them. 

 

- What do you think are the opportunities of using technology in orthopaedic 

rehabilitation?  

o Equally what do you think are the challenges? 

 

- What do you think of the role of mobile phones and tablets in monitoring of 

patients? 

 

- Having used this technology, what do you think about using software like this 

for this purpose?  

 

- How did you find using this particular application? 

 

- What impact do you think this could have for patient rehabilitation?  

o Both for the patient, and for clinicians.  

o How would you perceive a system like this changing clinical practice? 

 

- Is there any way we can improve on this application from your experience? 

 

- What did you think about the way the information was presented in the app? 

 

- Did you encounter any difficulties whilst using the software, any tasks that 

you found difficult or technical issues? 
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6.4 Additional Clinician Quotations Supporting Results 

Theme Sub Theme(s) Quote 

Current 
Practice 

Measures 
Used 

Generally, I would manually take objective measures, traditional measures like muscle strength, 
range of motion, and then some subjective ones as well, opinion based on movement quality. 

We use the goniometer to measure how much flexibility has come into their hip or knee. That’s the 
only indication we can give them by using something as a tool. Otherwise we eyeball and give a rough 
estimate. 

To give an example, the lady that I saw yesterday she was 3 weeks and 6 days after her knee 
replacement and had 130 degree knee bend. Whereas I know from doing this job and from seeing a 
lady earlier on in the week and only has 70 degree knee bend. You can see with the lady who has 130 
knee bend she doesn’t realise how well she is doing, but she thinks she should be further along. 

Measuring the range with a goniometer but there’s a lot of intra reliability issues with it you know, as 
to whether you’re specifically getting the right measure from one to the next so I wouldn’t say how 
valid it is. 

Say for a knee replacement they have their CPMs so once they start to reach towards their 90 degrees. 

I would start out with the swelling, if there’s any swelling present around the knee or the hip. 

Any lag with some of their movements they were doing, I would tell them you were lagging yesterday 
but today you’re much better than what you were yesterday. 
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We would look for breaking down different parts of their gait, the distance they’ve walked, the time 
they would take to do the distance which would give the speed as well, the stepping pattern, the step 
length. 

Some patients would use the tick box in the booklet, like a diary, a list of the exercises and dates and 
times that they can tick it off. 

Using scales like pain scales and functionality scales. 

Decreasing pain reports, or decreasing reports about their pain experience, and decreasing levels of 
analgesia would be the two outcome measures. 

Their pain is another thing we would use as a measure as well to I guess progress, you know often the 
reason people have had an ortho procedure is because of pain so that’s an important thing for the 
patient to show that they’re improving and that’s something we would definitely take as an objective 
measure. 

We’re probably not as, like with physio they’re looking at ROM and they’re commenting specifically 
on joint range, we’re more looking at it from a functional perspective, are they able to you know 
perform a task in a safe manner whilst adhering to the guidelines that are set out past their surgery. 

Returning to function is another important measure, we would check pre-during and post-op, 
especially pre and post from a function point of view. Are they back doing ADLs, Sport, working. So 
those type of things we would check. Sometimes it’s just asking through subjective questions or others 
would be questionnaires such as the WOMAC to find out functionally how that is improving. 

How many can you achieve before you fatigue / movement quality is poor. That’s gold. 

…but it would be nice to have an objective measure of movement quality to feedback to the patients. 
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Lacking 
Objectivity 

Objective markers are few and far between and we’re still reliant on the old clinical measures like 
range of motion, muscle strength - which if you’re testing on an Oxford scale it’s a very subjective 
thing. 

I suppose it’s a lot of observation and it is quite subjective in a lot of other ways like stair mobility. 

Objectively again you’d ask their pain scales, I’ll ask them to keep an exercise diary, what duration 
they would walk, how many times they exercises a day, and again keep a record of it, as if they don’t 
it’s just a subjective response. 

Monitoring them you’re really just looking at visually just using your visual aids yourself so gauging 
yourself their progression. 

But it is more, kind of, you don’t have anything to, how do I say it, you don’t have machines. So it is 
really a more kind of ongoing assessment. 

Feedback & 
Monitoring 

I guess just verbal feedback is our only option… but when they go home we’re not giving them any 
feedback ‘til they come back to the clinic. 

Verbal feedback or sometimes written feedback so you’re adapting things to their ability… most of the 
patients in the early post-op phase need it to be clearly documented in front of them to make a 
change otherwise they forget. 

Purely conversation. 

Some patients themselves have said when they contacted me that they don’t know what stage they 
should be at, even though we provide them with the info at pre assessment beforehand, even though 
we go through the information when they’re here in the hospital. 
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They can call in if they have a problem but between the visits of the teams that are going out once a 
day over the course of the first week, no they have to get on with it themselves, they don’t have 
anything to work off except what they’ve been educated to do. 

You’re not watching them and they’re like oh yeah I did my exercises and you just have to go by that 
they did it. 

Wearables Current Use & 
Awareness 

A mobile phone that measures your distance, and measures calories and distance walked and you can 
go back and check and see exactly what you’ve done for a day. 

I’ve used a pedometer here at work when they were trying to get people to take more steps, I have 
used a HR monitor when training. 

Yes, erm map my run… . I have another mobility app and its more for tracking distance. 

I’ve used the sensors, the HR monitor sensors and things like that for GAA training in the past and 
that was more to do specific testing. 

I’ve used the watch technology for some swim training and some gym training when I was training 
for specific things.  

I actually haven’t used any wearable technology so there’s not much I can tell you to be honest. 

I haven’t used any… I know you can get all sorts of apps that'll measure all sorts of objective 
measurements of sports performance. 

A lot of my patients at the moment all have Fitbits for measurements of how many steps do they take 
per day, a lot of the smartphones obviously have apps as well that record how many calories and 
steps they’re taking, what distance they walked, run, cycle. 
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Motivational It gives you a sense of achievement. At the end of each session say I’ve gone for a nice long walk and 
I’ve made sure it is uphill/downhill all that stuff you know. If I look at it and say well I’ve walked 
10km I think I’m quite happy with that for a day, you’re delighted with yourself so you do get a sense 
of accomplishment from it. 

The 10k steps definitely does encourage people to be more active, they’re more conscious, they’re 
more objective. 

I just think for the whole kinda like tracking your steps, my friend was showing me hers and it tells 
you what you’ve done and what you have to do and you can compete with other people. I think they’re 
quite motivating. 

I like it from a motivational point of view and you have an excel spreadsheet and you can compare 
averages like this time to a year ago. 

And you kind of got little rewards or prompts from it you know, congratulations you’ve done 5 days in 
a row and I liked that. 

Track Data Well I suppose I would predominantly have used it for measuring distance, so if I was tracking myself 
or setting myself a goal for exercise in terms of time and distance, erm, it would have been, it’s a 
useful thing for a tracker. 

You give a patient an exercise and the subjective they may report one thing but at least with the 
objective measurements you have something in front of you that they walked 5k in a certain time or 
they did do a certain amount of steps. 

I think they can be used to encourage people to give feedback, they can see their improvements and if 
people are into tech they can actually track their different training programmes and log, you can see 
how you’re improving and just from peoples feedback to me some people really like that. 
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I did look at the data but I probably haven’t uploaded the data anywhere or done anything more with 
it than literally monitor anything. 

Negatives How can it differentiate between height and weight and I don’t know if that is always taken into 
account with some of these technologies.  

I know there are newer and updated versions of Fitbits and other wearables coming out that have HR 
and calories burnt but again how specific is that to the patient compared to a generalised population. 

My opinion is I personally would find it irritating. Why? I hate email reminders, and uninvited contact 
from companies. For me a Fitbit is impractical as we have a bare wrist policy so most of my life it has 
no relevance to me. But the main block would be uninvited contact. 

It’s the remote setting of goals, or the setting of goals that you then fail. So your sense of failure 
overrides your sense of success. I think there’s a possibility of the two things happening and I think for 
me would detract from the benefit of wearing it. If I felt I wasn’t meeting goals. 

There is nearly an obsession that they have to achieve 10k steps when I have seen security guards just 
marching on the spot rather than just walking. 

I think you can get sick of having that many options available to you. And I think that there’s so much 
choice out there and you never know what one is going to work for you until you have downloaded a 
few and seen what works best for you and your lifestyle and what you want to use it for. 

I don’t particularly like being on technology overly so I don’t necessarily want to have to go after my 
run onto my laptop to track my run. I’ve been involved in sport at a high level for a long time so I have 
a good understanding myself of how to push myself so I don’t need that feedback but I can see how it 
is really good for people who wouldn’t have that background. 

Opportunity I think there’s definitely a place for it because it’s much more in peoples life than ever. Lots of people 
like apps now and they like to tag into something and if it can give more specific individual feedback 
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Connected 
Health in 
Orthopaedics 

then there’s definitely a role for it to be a part of their progression, especially resulting in something 
that will rehab for months. 

I suppose if they had an app and stuff on them, do you know they could like, everyone kinda YouTube’s 
stuff and they’re not accurate. Everyone’s saying oh well that looks like that’s what I’m doing but you 
don’t really know. But if you did have the Fitbit you could say right well I actually have done it and 
you just feel a bit more secure I suppose. 

A lot of GP surgeries are using remote technology with their patients, even medical records are being 
shared with patients that they then take into their hospital. I mean there’s huge growth in that. 

Erm I think I’ve seen a lot of people and proposals in relation to an introduction of kind of these 
wearables into the health and not just the fitness sector and to do with health and health monitoring 
so I think there is definitely a huge role to play. 

Well I suppose orthopaedic rehab because it’s so prescriptive and it’s so specific, and I know it had to 
be personalised and individualised but the exercises are pretty much the exercises you’re going to do 
after a knee surgery or hip surgery so I mean in a way I think its I suppose there aren’t as many 
variables with it. 

I’m a bit of a control freak and I would love if I was a patient if I could have something that easily 
helped me track my health in terms of my BP, glucose levels, HR, O2 levels. So it took a more holistic 
view, something that I could track. 

The last job I had in spinal wards where if there was something there, if there’s people there and they 
could see progress on a screen rather than just being told, you’re doing great, you’re doing fantastic. 
I’m sure that grinds on people a bit you know. Definitely in the orthopaedic ward, if there’s a way of 
saying this is where you were at the start, now you’re here, now you’re here I’m sure that would be 
brilliant. 
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I think it’s the future of physiotherapy probably, what we tried to introduce was emailing, there’s 
always going to be some issues with emailing. Not just pictures and descriptions but videos of how an 
exercise should be performed. 

Features You can always video call them and see how are you getting on, that way you don’t have to physically 
go to the house to see how they’re getting on. They can just show you the exercise. 

Unless you had the smartphone or something you can communicate with the patient through that, 
obviously for example you have facetime 

Even something like a Fitbit that showed a graph that you can go and check if they’ve actually done 
their exercise/if they’ve achieved their targets. It’s very easy to say oh yeah you look like you’re doing 
it right until you kinda see. 

I think it would give the patient an opportunity to give a much more personal record of their 
experience. And, you know, also a central monitoring or central axis, I mean if you had a patient 
tablet in a room and a nurse had a smartphone or something in her pocket. That she could check into, 
and say ok patient in 302 is reporting pain in the last hour, I haven’t been in there I’ll check. Very 
simple things whereas patients don’t always tell you? 

Even from an older persons discharging to home perspective from family to be able to see how their 
health is doing its not this subjective, oh mum started feeling unwell, I think it was 3 or 4 days ago but 
if something even, just temperatures, something very basic and something very objective that you 
could measure over time that’d be really helpful. 

How much bend they have on their knee without being strapped to the machine (CPM). Maybe that’d 
be something in the future that could be even better again, something along those lines. 

I love the idea of real-time feedback, the idea something can tell you you’re doing something wrong 
immediately and help you correct it. I think some patients having that insight and that awareness 
and that something to prompt you on the spot because that’s what we would sometimes find is that 
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people would get into behaviours or habits of doing things. I’m trying to think about the transition 
from hospital to home, a lot of the time they go home and it’s as if we’re starting from scratch with 
them. 

When they come to pre-ops rather than handing them loads of sheets that they’re given that 
information via email or an app so once they come in they download the app and get all that 
information and say refer them to that during it. 

Challenges Getting the patient to buy in to it is the number one challenge, from everything. A piece of tech that 
I’ve used with athletes would be monitoring of their load fitting in their activity duration during their 
training session to build up their profile of how much training they’ve done – getting them to use it is 
a problem but when they do use it its invaluable. 

I think there are an awful lot of opportunities there but a lot of it comes down to patient compliance. 

The more work they have to do the less reliable it is. 

If you expect the patient to go back and log onto a computer to record data you’re not going to get it. 

Time… in an outpatient session you’ve got 30 mins to get them in, assessed, treated, progressed, and 
then how relative is it going to be taking up your time to look up their adherence levels etc. because if 
they come in and you see that they’ve improved and their quality of movement has improved you can 
be fairly confident they’ve been adherent to their exercises. 

If you don’t have a good understanding of the app or the technology itself, it can be quite difficult for 
someone to use it. For example, if it is someone quite elderly, they wouldn’t be as tech savvy as 
someone in their teens or early twenties. So it’s the whole aspect of getting to know about the app or 
technology before they start using it. That would be the only difficulty there. 

I suppose how user friendly the app and I suppose that can be a weakness and a strength for patients, 
depending on the patient age population. 
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And the big problem is if they cannot use it then it is pointless 

I mean if the interface is difficult or if something, errors keep occurring, I think the more simple a 
thing is and the more intuitive it is the easier it will be from an uptake and an ongoing compliance 
issue. 

The technology actually working, how many times you know, the lack of WIFI, computer crashing. I 
suppose they would be the huge elements. 

The ability to pick up on the false in particular because obviously there’s going to be a limit to what 
the technology can do so it needs to be factored towards a specific goal so whatever that is. 

If you look at the elderly population that are primarily getting joint replacements are a lot of them au 
fait with, some of them would be but there would be presumably a large percentage who aren’t au 
fait with iPad, iPhone and similar technologies. 

I suppose, a lot of people have the technology, that’s not as much a barrier. It’s so accessible now on 
smartphones and so many people have smartphones I don’t really see that as a barrier. Nor do I see 
the whole age profile of the patients as a barrier because I’m seeing 90 year olds using skype and 
Facebook and I think that barrier is reducing. 

Yes of course, without being rude and I would put myself in the same bracket, not being ageist. But 
certain people of an age are fantastic with technology, you know I know we have the silver surfers 
and that’s what they’re being christened, but I see a lot in the hospital where they’re skyping families 
– telling them they’re feeling well. 

I think the barriers to technology in health are coming down every day. I see such changes for the 
older population on the ward now. 

One would have said data protection, that’s always going to be your main challenge. 
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So I suppose how can the app be, you know, I know this seems like a strange one, but how many times 
have we heard of people being hacked, and the technology being there and being stolen and stuff like 
that and I think unfortunately that’s getting more and more common. I don’t know if that’s something 
anybody will think of when it comes to this kind of app for healthcare for better patients. But I do 
think that’s something the potential is there for. 

So I would think that with technology the person that has to be driving the connection is the patient. 

So you need to overcome that barrier with the patient that they might perceive it as something that 
you are handing over responsibility when in fact what you’re trying to do is get a better 
understanding to deepen a relationship. You want to use it in a way that enhances the trusting 
element of the patient-HCP relationship. That has to be the fundamental process. You have to utilise it 
in a way that actually increases that relationship as opposed to detracts from it. 

Just that it can’t replace actually somebody being there looking at them. Even though you can have 
two people looking at someone doing an exercise a highly trained physio is going to see what needs to 
be tweaked in your technique with something. It’s very easy to do an exercise that actually is going to 
ramp up your pain and you can just change it slightly and often you’re not, and I don’t think tech can 
replace that part of it but if it’s going to be used to iron out the simpler things, but the higher things 
you need an experienced eye to see I don’t necessarily know how you can replace that. 

Perceived 
Impact of 
Exemplar 

Track Data Then at least you can track as well to see if they’re actually using it at all. Because if they’re not using 
it then they’re likely not doing anything. 

One of my favourite things about it is that you can score the difficulty, if somebody is scoring 555 then 
they’re finding it too difficult but if they’re scoring 111 you can progress them on very quickly. 

I like the mood as well in terms of from a depression point of view, they’re so much depression out 
there, these people may not acknowledge it and this could pick up a few mental health issues as well. 
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It gathers up data and tells you whether the patients are doing the exercises or not. That way if they 
say they have done it you can say no, you didn’t do the exercise I’ve got the information here so yes its 
quite good to go back to. 

The data is automatically taken and you’re not physically putting the data into a computer, all you’re 
doing is log into the app and just go onto the page you want to see and put it all together. Instead of 
spending hours on a computer putting the data in so yeah it’ll be a big hit for sure. 

It would change maybe the clinical practice, because if you were noticing a certain surgeons patients 
experienced more pain, or people discharged over the weekend have higher pain levels, you know 
then what you’re doing is establishing patterns that allow you to intervene. 

You’re always going to see what you see, but this is something where you can record data and it 
doesn’t lie. 

I’m very impressed by the spreadsheet at the end that tells you if you’ve done it correctly or 
incorrectly, I’m impressed by the graphs and saying the amount of reps performed and if you’ve done 
your dosage for the day or over a period. 

Improve 
Outcome 

Very useful, I think it’ll improve the quality of the patients exercise. 

It’ll improve the quality of the patients rehab. So I think they will be more likely to follow more 
structured programmes when they have visual feedback to do it. 

There are times when you could be doing the exercise but you wouldn’t know if you were doing it 
right or wrong so to be told that you are doing the exercises incorrectly it makes you go back and do 
them properly again that way you know you’re getting the best out of it. 

I think they’d rehab quicker and be more confident in their rehab, which is the best thing. 

I think you’re going to do the same thing, but at a better standard and a better quality. 
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Motivation & 
Support 

I think it will enhance the patient confidence in their recovery… it’s reassuring to know you’re on 
track. 

There are times when you could be doing the exercise but you wouldn’t know if you were doing it 
right or wrong so to be told that you are doing the exercises incorrectly it makes you go back and do 
them properly again that way you know you’re getting the best out of it. 

The feedback from the screen, makes you think how am I going to complete these exercises correctly 
you know. 

From their perspective they’re getting feedback immediately that they’re doing something wrong and 
there’s a prompt to give them the idea of maybe what they’re doing and how they could perform the 
exercise better which is great. 

Yeah well its correcting you and telling you that you’re not doing it properly or that you’re doing it 
perfectly and its nice for people to feel like they have sort of backup when they go home. 

I think it will be a fantastic impact on the patient it really would. I can’t overemphasise the amount of 
times that people, when they see themselves progressing they go much further again and it shoots 
along. They really get a sense of wellbeing, accomplishment all that sort of stuff and they know I’m 
getting there, I can see I’m getting there. I can visibly see and I can see the data as well you know. 

Healthcare 
Efficiency 

… you’re hopefully not going to need MUA’s (Manipulation under anaesthetic) and that kind of thing 
because you’re doing it right from the beginning. 

As a patient, I would imagine that if I was doing my exercises correctly, I would need less appointment 
time with a physiotherapist… If I wasn’t doing the exercises correctly, the physiotherapist might call 
me to go through how to do it, but if I’m doing my exercises correctly, if I’m reaching the goals I need 
to and the activity levels that I need to, why do I need to come in and see a physio? 
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It would even reduce the phone calls in saying I don’t know if I’m doing this right or I think I’m doing 
something wrong because it’s there in front of you. 

As a patient I would imagine that if I was doing my exercises correctly, I would need less appointment 
time with a physiotherapist. Particularly if I’m paying for it. 

It would save them from travelling out of the house, a lot of patients would struggle to get a lift to the 
hospital and trying to manage around people’s workloads to get lifts. 

Challenges As long as I follow it… I wouldn’t go and see the physio again. 

It’s not going to take the place of the therapist you know, but it just serves to really hammer home the 
message you’re trying to get across to the patient. 
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7.1 Participant Information and Consent 

 



 210 

 



 211 

 



 212 

 



 213 

 



 214 



 215 

7.2 Patient Interview Topic Guide 

Main questions formed the core structure of the interview, further follow-up 

questions were put forward dependent on initial response.  

- How do you think using this platform has affected your rehabilitation? 

Example of follow-up questions:  

• You say you think it has been beneficial, in what way? 

• Why do you think that? 

• How did it make you feel when doing that? 

 

- How did you find the system to use? 

Example of follow-up questions: 

• What have you explored within the software? 

• Describe how your skills in using the platform have changed from when 

you first received it to now? 

• How did you feel when that happened? 

• How confident would you feel in using this software for a further period 

of time independently? 

 

- What did you think about the way the information was presented in the app? 

Example of follow-up questions:  

• Tell me what you understood the progress graphs to show you? 

• What aspect of the presentation could be improved? 

 

- Did you encounter any difficulties whilst using the software, any tasks that 

you found difficult or technical issues? 

Example of follow-up questions:  

• How did you feel when that happened? 

• Do you remember what you were doing when that occurred? 

 

- Is there any way this system can be improved based on your experience?  

Example of follow-up questions:  

• Are there any other features you would like to see? 

• You say the sleeve isn’t easy to fit, what might make it easier? 

 

- Do you have any other thoughts about this system, or about using technology 

in healthcare?
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7.3 System Usability Scale 

The following items look to understand how easy you found the technology to use. 
Please answer all items. For each item‚ please indicate how much you agree with the 
statement. 
 
 
I think that I would like to use this system frequently 
 
Strongly Disagree   Neutral  Strongly Agree 
 1  2  3  4  5   
 
 
 
 
I found the system unnecessarily complex 
 
Strongly Disagree   Neutral  Strongly Agree 
 1  2  3  4  5   
 
 
 
 
I thought the system was easy to use 
 
Strongly Disagree   Neutral  Strongly Agree 
 1  2  3  4  5   
 
 
 
 
 
I think I would need the support of a technical person to be able to use this 
 
Strongly Disagree   Neutral  Strongly Agree 
 1  2  3  4  5   
 
 
 
 
I found the various functions in this system were well integrated 
 
Strongly Disagree   Neutral  Strongly Agree 
 1  2  3  4  5   
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I thought there was too much inconsistency in this system. 
 
Strongly Disagree   Neutral  Strongly Agree 
 1  2  3  4  5   
 
 
 
 
I would imagine that most people would learn to use this system quickly 
 
Strongly Disagree   Neutral  Strongly Agree 
 1  2  3  4  5   
 
 
 
 
I found the system very awkward to use 
 
Strongly Disagree   Neutral  Strongly Agree 
 1  2  3  4  5   
 
 
 
 
I felt very confident using the system 
  
Strongly Disagree   Neutral  Strongly Agree 
 1  2  3  4  5   
 
 
 
 
I needed to learn a lot of things before I could get going with this system 
 
Strongly Disagree   Neutral  Strongly Agree 
 1  2  3  4  5   
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7.4 User Version of the Mobile Applications Rating Scale 

Circle the number that most accurately represents the quality of the app you are 
rating. All items are rated on a 5-point scale from “1.Inadequate” to “5.Excellent”. 
Select N/A if the app component is irrelevant. 
 
 
APP QUALITY RATINGS 
 
SECTION A 
Engagement – fun, interesting, customisable, interactive, has prompts (e.g. sends 
alerts, messages, reminders, feedback, enables sharing) 
 
 
1. Entertainment: Is the app fun/entertaining to use? Does it have components that 
make it more fun than other similar apps? 
 
1 Dull, not fun or entertaining at all 
2 Mostly boring 
3 OK, fun enough to entertain user for a brief time (< 5 minutes) 
4 Moderately fun and entertaining, would entertain user for some time (5-10 minutes 
total) 
5 Highly entertaining and fun, would stimulate repeat use 
 
2. Interest: Is the app interesting to use? Does it present its information in an 
interesting way compared to other similar apps? 
 
1 Not interesting at all 
2 Mostly uninteresting 
3 OK, neither interesting nor uninteresting; would engage user for a brief time         
(< 5 minutes)  
4 Moderately interesting; would engage user for some time (5-10 minutes total) 
5 Very interesting, would engage user in repeat use 
 
3. Customisation: Does it allow you to customise the settings and preferences that 
you would like to (e.g. sound, content and notifications)? 
 
1 Does not allow any customisation or requires setting to be input every time 
2 Allows little customisation and that limits app’s functions 
3 Basic customisation to function adequately 
4 Allows numerous options for customisation 
5 Allows complete tailoring the user’s characteristics/preferences, remembers all 
settings 
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4. Interactivity: Does it allow user input, provide feedback, contain prompts 
(reminders, sharing options, notifications, etc.)? 
 
1 No interactive features and/or no response to user input 
2 Some, but not enough interactive features which limits app’s functions 
3 Basic interactive features to function adequately 
4 Offers a variety of interactive features, feedback and user input options 
5 Very high level of responsiveness through interactive features, feedback and user 
input options 
 
5. Target group: Is the app content (visuals, language, design) appropriate for the 
target audience? 
 
1 Completely inappropriate, unclear or confusing 
2 Mostly inappropriate, unclear or confusing 
3 Acceptable but not specifically designed for the target audience. May be 
inappropriate/ unclear/confusing at times 
4 Designed for the target audience, with minor issues 
5 Designed specifically for the target audience, no issues found 
 
 
 
SECTION B 
Functionality – app functioning, easy to learn, navigation, flow logic, 
and gestural design of app 
 
6. Performance: How accurately/fast do the app features (functions) and components 
(buttons/menus) work? 
 
1 App is broken; no/insufficient/inaccurate response (e.g. crashes/bugs/broken 
features, etc.) 
2 Some functions work, but lagging or contains major technical problems 
3 App works overall. Some technical problems need fixing, or is slow at times 
4 Mostly functional with minor/negligible problems 
5 Perfect/timely response; no technical bugs found, or contains a ‘loading time left’ 
indicator (if relevant) 
 
7. Ease of use: How easy is it to learn how to use the app; how clear are the menu 
labels, icons and instructions? 
 
1 No/limited instructions; menu labels, icons are confusing; complicated 
2 Takes a lot of time or effort 
3 Takes some time or effort 
4 Easy to learn (or has clear instructions) 
5 Able to use app immediately; intuitive; simple (no instructions needed) 
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8. Navigation: Does moving between screens make sense; Does app have all 
necessary links between screens? 
 
1 No logical connection between screens at all /navigation is difficult 
2 Understandable after a lot of time/effort 
3 Understandable after some time/effort 
4 Easy to understand/navigate 
5 Perfectly logical, easy, clear and intuitive screen flow throughout, and/or has 
shortcuts 
 
9. Gestural design: Do taps/swipes/pinches/scrolls make sense? Are they consistent 
across all components/screens? 
 
1 Completely inconsistent/confusing 
2 Often inconsistent/confusing 
3 OK with some inconsistencies/confusing elements 
4 Mostly consistent/intuitive with negligible problems 
5 Perfectly consistent and intuitive 
 
 
 
 
SECTION C 
 
Aesthetics – graphic design, overall visual appeal, colour scheme, and stylistic 
consistency 
 
10. Layout: Is arrangement and size of buttons, icons, menus and content on the 
screen appropriate? 
 
1 Very bad design, cluttered, some options impossible to select, locate, see or read 
2 Bad design, random, unclear, some options difficult to select/locate/see/read 
3 Satisfactory, few problems with selecting/locating/seeing/reading items 
4 Mostly clear, able to select/locate/see/read items 
5 Professional, simple, clear, orderly, logically organised 
 
11. Graphics: How high is the quality/resolution of graphics used for buttons, icons, 
menus and content? 
 
1 Graphics appear amateur, very poor visual design - disproportionate, stylistically 
inconsistent 
2 Low quality/low resolution graphics; low quality visual design – disproportionate 
3 Moderate quality graphics and visual design (generally consistent in style) 
4 High quality/resolution graphics and visual design – mostly proportionate, 
consistent in style 
5 Very high quality/resolution graphics and visual design - proportionate, consistent 
in style throughout 
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12. Visual appeal: How good does the app look? 
 
1 Ugly, unpleasant to look at, poorly designed, clashing, mismatched colours 
2 Bad – poorly designed, bad use of colour, visually boring 
3 OK – average, neither pleasant, nor unpleasant 
4 Pleasant – seamless graphics – consistent and professionally designed 
5 Beautiful – very attractive, memorable, stands out; use of colour enhances app 
features/menus 
 
 
 
 
SECTION D 
Information – Contains high quality information (e.g. text, feedback, measures, 
references) from a credible source 
 
13. Quality of information: Is app content correct, well written, and relevant to the 
goal/topic of the app? 
 
N/A There is no information within the app 
1 Irrelevant/inappropriate/incoherent/incorrect 
2 Poor. Barely relevant/appropriate/coherent/may be incorrect 
3 Moderately relevant/appropriate/coherent/and appears correct 
4 Relevant/appropriate/coherent/correct 
5 Highly relevant, appropriate, coherent, and correct 
 
14. Quantity of information: Is the information within the app comprehensive but 
concise?  
N/A There is no information within the app 
1 Minimal or overwhelming 
2 Insufficient or possibly overwhelming 
3 OK but not comprehensive or concise 
4 Offers a broad range of information, has some gaps or unnecessary detail; or has no 
links to more information and resources 
5 Comprehensive and concise; contains links to more information and resources 
 
15. Visual information: Is visual explanation of concepts – through 
charts/graphs/images/videos, etc. – clear, logical, correct? 
 
N/A There is no visual information within the app (e.g. it only contains audio, or text) 
1 Completely unclear/confusing/wrong or necessary but missing 
2 Mostly unclear/confusing/wrong 
3 OK but often unclear/confusing/wrong 
4 Mostly clear/logical/correct with negligible issues 
5 Perfectly clear/logical/correct 
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16. Credibility of source: does the information within the app seem to come from a 
credible source? 
 
N/A There is no information within the app 
1 Suspicious source 
2 Lacks credibility 
3 Not suspicious but legitimacy of source is unclear 
4 Possibly comes from a legitimate source 
5 Definitely comes from a legitimate/specialised source 
 
 
 
APP SUBJECTIVE QUALITY 
 
SECTION E 
 
17. Would you recommend this app to people who might benefit from it?  
 
1 Not at all I would not recommend this app to anyone 
2 There are very few people I would recommend this app to 
3 Maybe There are several people I would recommend this app to 
4 There are many people I would recommend this app to 
5 Definitely I would recommend this app to everyone 
 
18. How many times do you think you would use this app in the next 12 months if it 
was relevant to you? 
 
1 None 
2 1-2 
3 3-10 
4 10-50 
5 >50 
 
19. Would you pay for this app? 
 
1 Definitely not 
2 
3 
4 
5 Definitely yes 
 
20. What is your overall (star) rating of the app? 
 
1 STAR - One of the worst apps I’ve used 
2 STARS 
3 STARS - Average 
4 STARS 
5 STARS One of the best apps I've used 
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PERCEIVED IMPACT 
 
SECTION F 
 
1. Awareness – This app has increased my awareness of the importance of addressing 
the health behaviour 
 
Strongly Disagree      Strongly Agree   
 1  2  3  4  5   
 
 
 
2. Knowledge – This app has increased my knowledge/understanding of the health 
behaviour 
 
Strongly Disagree      Strongly Agree   
 1  2  3  4  5   
 
 
 
3. Attitudes – The app has changed my attitudes toward improving this health 
behaviour 
 
Strongly Disagree      Strongly Agree   
 1  2  3  4  5   
 
 
 
4. Intention to change – The app has increased my intentions/motivation to address 
this health behaviour 
 
Strongly Disagree      Strongly Agree   
 1  2  3  4  5   
 
 
 
5. Help seeking – This app would encourage me to seek further help to address the 
health behaviour (if I needed it) 
 
Strongly Disagree      Strongly Agree   
 1  2  3  4  5   
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6. Behaviour change – Use of this app will increase/decrease the health behaviour 
 
Strongly Disagree      Strongly Agree   
 1  2  3  4  5   
 
 
 
 
 
 
 
Further Comments about the app? 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
THANK YOU! 
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7.5 Additional Patient Quotations 

PRIMARY THEME: USABILITY 

Sub-theme Description Quotations Participant 

Usability 
Difficulty 

References relating 
to the ease / lack of 
ease participants 
reported in using 
the system. 

Very good, I thought it was very easy to use. Post-Acute 3 

I was worried that trying to learn would take up what should be the learning time 
for the exercise. So once you went to it once, it was just brilliant after that. And I 
didn’t have any problem and the thing worked and at one stage it said something 
the power was low and I knew straight away well just plug it in. And it just 
came…it’s such an easy transition from knowing nothing to knowing a whole lot 
of things. 

Acute 7 

I found it very easy to adapt to it.  For what I used it for to do the exercise and 
record the exercise on it, it was very, very easy. 

Acute 5 

It was very simple… Yeah it was. And it was effective . Post-Acute 4 

Initially I said to you I wasn't very computer literate but it's very simple to use. 
Once you do it once or twice you can do it with your eyes closed essentially. 

Acute 9 

It’s very simple to use, very simple. And it flows through on a good progression. Acute 2 

I found it very easy to get using it and didn’t have any problem with it, I suppose 
once I used it a couple of times I was quite confident with it. 

Post-Acute 1 
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I never really had any issues with actually using the whole thing… I mean I don’t 
think I had any difficulty using it from the start so it was just it was plug and play 
kind of, you know? 

Acute 4 

the app was very well made and easy to use Acute 3 

Using that is so easy.  You just follow the instructions. 

 

 

Acute 6 

Repetition 
Counter 

References relating 
to the repetition 
counter in the 
exercise 
component of the 
system. 

There is a bit of problem with the counting in it… Yea sometimes it misses a few 
you do… it just runs away with itself. 

Post-Acute 1 

You knew if the person was moving you were doing it, the only thing that might 
get to you on occasion if the numbers don’t come up, if you are doing 3 repetitions 
and it’s only saying one, you are saying hold on I did count 3. 

Post-Acute 2 

The repetitions are not showing up on some they show up and on some they don’t 
show up. So I just count that when I have done 15… Sometimes it stays at zero and 
I just do 15 and then it tells me you did these exercises correctly well done. 

Post-Acute 3 

The knee bend one unless you get to a certain angle it doesn’t count it, and then 
occasionally it will double count it will count as you are going up and down. 

Post-Acute 4 

The repetitions are sometimes a bit skew ways, there has been times when it’s 
counted twice on the way up and on the way down. And then there is other times it 
doesn’t record at all, it’s nil out of 15, but when you are finished it says 
15…detected or whatever. 

Acute 3 
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The counter’s not working basically… Usually, the minute I lie down and put the 
thing, it registers one straight away. It might register a second it gives like  two 
freebies kind of thing so keep. 

Acute 4 

The count doesn’t tend to happen when I'm doing the slide. It does give me a 
correct mark at the end of it. But it doesn’t tend to count that, equally with my leg 
lift, it doesn’t tend to count. 

Acute 6 

The sensor seems to be very sensitive and will record 4 when I've only done 1…. So 
I count manually to make sure I've done 15. 

Acute 9 

Classification 
Accuracy 

References relating 
to the technique 
feedback provided 
by the system. 

Some of the technique feedback seems to be quite inconsistent. Acute 9 

The right or wrong, a lot of the time I knew I was doing it right, and I wasn’t 
lifting my leg and I wasn’t…yet it might have told me that sometimes I was lifting 
my leg. 

Post-Acute 3 

There is another exercise which is I don’t know how it scores… Yes the towel, so 
you lift too high and no I didn’t. 

Acute 1 

I think no matter what you do, the first two of the exercises that gives the same 
answer no matter what you do. 

Acute 6 

The feedback is the same all the time… I feel as if when it tells me I'm lifting my 
thigh, I don't think it is. 

Acute 8 

Progress 

Presentation 

References relating 
to the graphical 
interfaces 

Sometimes on one of the exercises ,it looked as if I had hardly done any, but I knew 
I had done 15. So, I just…but I mean some would go up to 60 or 55 or 60 or 
something and one of them 20 and I was going how come that! 

Post-Acute 3 
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presented within 
the system. 

but I didn’t really know what the scorings were, didn’t study it… Ok that wasn’t 
clear to me. 

Post-Acute 5 

Yeah the progress every time, you could see and it mostly seemed to be recorded 
and it was great because in the beginning you’d see very little you know and now 
but the end of it I am kind of scoring… That wasn’t clear initially because it is 
reporting on a 24 hour period. 

Acute 4 

On the graph I don't know what the interpretation is supposed to be. Acute 6 

Bugs / 
Glitches 

References relating 
to any technical 
errors that 
participants 
reported during 
use. 

And then it started doing really weird things in the last couple of days, because 
even though it registers the 15 heel slides, it then says, unexpected behaviour try 
again. 

Post-Acute 4 

This morning it told me that an expected behaviour has occurred. I don’t know 
and then it did it again.. very few times have I been able to do that exercise when 
it’s actually registered it properly. 

Post-Acute 5 

One other day something came up that said, unexpected behaviour or something 
like that. 

Post-Acute 1 

I had just the one where it says unusual behaviour, unexpected behaviour, please 
repeat the exercise.  I think I was saying to you that on two occasions I actually 
repeated the exercise… I just said there was a glitch and it didn't really bother me. 

Acute 5 
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PRIMARY THEME: USER EXPERIENCE 

Sub-theme Description Quotations Participant 

Overall Use References relating 
to participants’ 
general 
experiences of 
using the system. 

I think it set me on a routine very, very quickly and a routine that I actually got to 
enjoy in a certain way.  It was not like holding a sheet of paper… you became 
involved in it and so user friendly that I really think it was a great aid to me. 

Acute 5 

I got quite use to it, I'm actually going to miss it. I will yeah… but just it kind of 
focused you a little bit more on doing them… And it does feel good then when it 
does say that you did them properly. 

Post-Acute 4 

The first day you are quite unwell I was not very well, I had been a little bit sick at 
the hospital. And that was like a teddy bear, I had nurse with me and I quite liked 
it. The technology helped me to look at the exercise… So at first it was very 
interesting for me to see the exercise done, but after 3 days I knew. 

Acute 1 

I think it was easy, I think it's extremely relevant and I can really see people using 
it big time.   If I had that I would use it every time right from the very beginning.  I 
think it's excellent.   

Acute 5 

It's very helpful, it’s much better than leafing through static illustrations. It's 3D 
real time. It made what are otherwise boring exercises more interesting. 

Acute 9 

It made it more interesting, just to have something to play with while you do the 
exercises. 

Acute 8 

I'm going to miss the machine, I really am. It was a great help, it helped me get 
through it, it gave me a progress report. I knew what I was doing. It was speed, it 
was easy access and it was very helpful. 

Acute 9 
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Repetition 
Counter 

References relating 
to the participants’ 
experiences due to 
the repetition 
counter usability 
issues. 

I have to do it till it hurts before that will register. Post-Acute 2 

I found it frustrating that it was meant to count and it didn't count. Acute 8 

No and it doesn’t start straight away counting, so I do it a second time, because I 
still don’t know whether I'm hitting it properly. 

Acute 7 

The green number, Mad erratic… I'd be more concerned from you filtering all the 
information, did you see oh he did twenty there and I didn't do twenty, I did the 
fifteen. 

Acute 5 

Classification 
/ Bugs 

References relating 
to the participants’ 
experiences due to 
the classification 
and technical 
usability issues. 

It’s just very frustrating as I say it’s on the three that are really painful to do, and 
you struggle through them and you think well I think I have done them fairly well 
and then it says unexplained behaviour do them again and you just can’t. 

Post-Acute 4 

Feedback is useful and it is a motivation to try and get it harder, but there is a 
danger of that, in some of them I think ah it must be just the machine, because I'm 
sure I'm doing it right, and then you meet a physio and the physio says no you are 
not doing it right! and that’s very useful. 

Post-Acute 5 

It just says correct. Now I know they’re not correct but from the apps perspective I 
am doing a knee bend. It’s not very good but I am doing a knee bend. 

Acute 2 

The best part was when it told me I had done them right, and I moved on. 
Occasionally on the leg raised one, it told me I had lifted my leg slightly, but I 
didn’t feel as if I had, but asked me to redo it, so I redid it each time. 

Post-Acute 3 

Yes it’s just rather infuriating, I know it’s an accurate representation that my leg 
isn’t getting straight enough, but it’s just a little bit disheartening when you have 
tried as hard as you possibly can to get the leg straight and it tells you. 

Acute 4 
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PRIMARY THEME: PERCEIVED IMPACT 

Sub-theme Description Quotations Participant 

Adherence References relating 
to the perceived 
impact 
participants feel 
use of the system 
has on adherence 
to exercise. 

It kept me doing physio when I might not have done it at home, especially with 
various things that have been happening at home. So it kept me doing physio and 
made sure I did it every day. 

Post-Acute 3 

Well I can 100% tell you that I had a previous knee operation and I didn’t have 
an app and I did the exercises as diligently and frequently as I could but I 
certainly didn’t do them with the thoroughness and regularity that I’ve done 
them this time 

Acute 3 

Yeah it’s good, keeps you doing it anyway. Post-Acute 1 

Time is short in the mornings, you might be inclined to cut short your exercise 
and I’ll do more of them later, but when you are using the app you stick with it. 

Post-Acute 5 

I wouldn’t have done the exercises to the same degree… I just feel I possibly 
wouldn’t have done them as rigid as I have tried to do them. Now I have obviously 
missed an odd one but I mean I have tried to do them as rigidly all the time 

Acute 2 

It does make you do it more and I do think it makes you try that bit harder Acute 6 

I've been very diligent with doing the exercises and I do find it a great help. Acute 9 

Monitoring References relating 
to the perceived 
impact 
participants felt 

I found it, I have to say, it made do the exercises when I didn’t really want to do 
them, knowing I was being monitored, and, but I do think it helped me a lot 

Acute 2 

I kind of felt that that app now was going to first of all make me do my exercises, 
the three times a day, and secondly at least it was recording it and you could see, 

Acute 4 
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that monitoring of 
home exercises 
offered. 

that’s what I liked, you could see the progress from I’m sure you have the record 
there of the beginning ones weren’t great. 

It is useful in the fact that it definitely makes you do the exercises because you 
know you are being monitored. It makes them a little more interesting as well. 

 

Acute 8 

The other thing that was good was to go in and look at your progress as well. Post-Acute 4 

If you know someone is looking at you, I'm definitely going to do a better job of 
doing my exercises the right way… I was definitely much more inclined to do the 
exercises, if I know he is able to see. 

Post-Acute 5 

I called it Big Brother, but it was watching me and no matter what I did my three 
lots of exercises with all the repetitions, exactly as I’ve been shown in the hospital, 
because the app was there monitoring and it became a little bit of a challenge for 
me to try and improve the scores each day that I did the app.  So essential, it was 
an essential and hugely beneficial part of my recuperation. 

Acute 3 

I definitely know, like the fact that somebody was watching it definitely made me 
do it. 

Acute 4 

I liked to see the progress at the end of the day, or even after the session. I 
checked that every time to see if it has gone from red to yellow etc. 

Acute 8 

I liked that, it was like a reward graph. Acute 9 

Motivation I enjoyed using it, it’s easy use and does motivate me to do this. Post-Acute 5 
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 References relating 
to participants’ 
views how the use 
of the system 
impacted their 
motivation to 
exercise. 

Oh yes it made a huge difference, that was a great motivation… It just meant that 
I was in control of my situation and I didn't feel the days were endless.  I was 
looking forward to doing it to see how well I was doing.   

Acute 7 

A huge incentive and even if you try it and say, I'm too tired tonight and then you 
say no, no I have to do it and I have to try and improve on it. 

Acute 6 

The way it is very motivational. Acute 3 

What's the word for it, motivates it. It certainly does.  It's better than a kick in the 
ass. 

Acute 6 

Classification References relating 
to the perceived 
impact from 
receiving exercise 
technique based 
biofeedback. 

So certainly it gives me incentive to try and think about the exercise and getting 
it done properly. 

Post-Acute 5 

That’s the important bit about it that it tells you straight away, you need 
feedback, there is no point in having the app if it doesn’t give you feedback… 
Because if you are waiting for someone to come in and check it out for you, that’s 
two to three weeks, but it’s two to three weeks of doing it wrong. 

Post-Acute 2 

it’s ideal for somebody that’s coming straight out of hospital and they have to do 
the exercises on their own, because if you are not doing it correctly why are you 
bothering doing them in the first place. So that as a tool in itself is worth a hell of 
a lot. 

Post-Acute 3 

Just the fact that it counted the repetitions and it told you whether you were 
doing them right or wrong. Now I know I said I didn’t like it saying that I didn’t 
do them correctly but it was good to know that you weren’t actually doing them 
correctly. 

Post-Acute 4 
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Yes, so the knee bend, it was telling me my knee was falling to the side, I thought 
actually now, now I'm doing it slightly different and I'm conscious of it and it says 
it’s ok 

Post-Acute 5 

The app helped me because I know I was doing the exercises and I was doing 
them right and going ok. 

Post-Acute 5 

Negative 
Experience 

References relating 
to participants 
who reported 
negative impact & 
experience in 
system use. 

Yes first couple of days that was very interesting and I liked the idea of looking at 
the little cartoon. But after 2 or 3 days it was for me, I thought it was 
unnecessary. 

Acute 1 

Improved 
Rehabilitation 
Process 

References relating 
to participants’ 
views on the use of 
the system in 
rehabilitation. 

I think the fact that I was almost keen for the next session, it led to a regularity 
and I think that has paid huge dividends in the exercises and in the result of the 
exercises on the leg. I really think it was extremely beneficial. 

Acute 5 

I thought it was excellent because although you go to pre-op and you get lots of 
information, you have quick meetings with the surgeon, everything is always in a 
bit of a tizzy because you are out of your comfort zone. So the information on the 
app, I read every single part of it, there’s a video there with a number of surgeons 
talking about the operation and what to expect. It’s actually very good. 

Acute 3 

It was so positive.  It was just brilliant.  It just meant that I was in control 
whereas normally I would be coming home and in the hospital it would be 
altogether different because there's so much support there, but when you come 
home its gone except that I had that. 

Acute 7 
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I found it very helpful, I found it a fantastic aid because it was a bit like having an 
instructor or a tutor with me while I was doing them. 

Acute 9 

Its great and it will give people confidence that even when they know that's there 
that having the operation in itself, knowing that there's something on after it 
that it will help people. 

Acute 7 

 

PRIMARY THEME: REFINEMENTS 

Sub-theme Description Quotations Participant 

Additional 
Exercises 

References 
relating to the 
desire for an 
increased library 
of exercises. 

I think if you gave me progression on the exercises, well done, try this one now, I’d 
like that. 

Post-Acute 5 

I think if it was only the same exercises and I would feel sure yes I can do them, I 
would  feel probably not as inclined to do them but if there was kind of like ok 
like we’ll say you have unlocked the next level, you know, now you can do this, 
now move on to, but I think there would have to be a moving on to the next phase 
to make you keep doing it. 

Acute 4 

So I suppose if there was some way of making it more difficult that there was a 
basic set and if it could recognise that you were able to do those well and them 
move you onto something else perhaps. 

Post-Acute 1 

Offer me more comprehensive ones than those ones, so those ones I found 
reasonably easy to do, so I’d like it to do the one like kneeling and leaning back, 
more difficult exercises. 

Post-Acute 3 

Obviously I'm doing the exercise, they are much more easy for doing them, that’s 
probably that’s all, I'm doing quite well and it’s…it seems to be easy. Actually they 

Acute 1 
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are so easy that I'm nearly ready to do a little bit more… I wonder if there would 
be a little button saying week 1, week 2, week 3, week 1 you do that higher, week 
3 you do instead of 15 you do 30 of them, these type of things would be 
interesting. 

The only thing I would say is it is only four exercises… if there was any way you 
could throw in the other three… Or any other different one, to add to it 

Acute 2 

I think maybe another one or two exercises just to get a better variety.  There's a 
lot of bed exercises and the ones sitting out on the bed.  I think one or two added 
outside of the bed would really aid and abet the situation. 

Acute 5 

Joint Angle References 
relating to the 
wish for a joint 
angle feature for 
knee motion in the 
system. 

If it was possible on the knee bend one, if it could tell you about how much you 
bend your knee. And I wonder, I don’t know if this is the whole…maybe it’s a bit 
annoying but if it would tell you when you are actually doing it. 

Post-Acute 5 

The other one thing that I’d love to be able to see is you know when you do the 
knee bends, I’d love to be able to see what angle you got… Now it just you know 
then the way at least you could say well I’ve gone from a  50 to a 75 rather than 
just ok it looks like I am doing it ok. 

Acute 4 

This is probably not possible, but to get the angle of that knee bend, if you knew 
that…for me that is where I'm really stuck so just to know that…I know it counts 
it and it said you did it right, but I'm not sure what the angle of the bend is, and 
I'm rather obsessed with that. 

Post-Acute 4 

Is a little bit more information maybe to say you could be doing better on the 
knee bend… that’s the goal isn’t it to get it to a certain range like 90 or 100, that’s 
what it’s all about. 

Acute 2 
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So just something that was able to say you are not quite getting the 90 degree 
when you pull your leg up. 

Acute 3 

Whereas if you have more information on that as to how they're progressing, 
you're up to 65 bend or whatever it might be you’re doing, if there was a bit more 
information on the progress, that would be beneficial. 

Acute 6 

Progress 
Presentation 

References 
relating to options 
for improvement 
of the progress 
graphs and section 
presentation. 

And you know the way your Fitbit would have the circle that you have to fill the 
circle and obviously this system is basic bar charts… Yes that (the Fitbit) does 
make more sense. 

Post-Acute 3 

The one thing that would be of great benefit is if there was a progressive graph 
not just a sort of overall, or even the graph as it is, is not explained too well.  If 
there was an explanation of the graph as it is, that would be great.   

Acute 6 

I think you know on the health app, it shows you the steps and any simple bar 
chart you are using. Just what does that mean. 

Post-Acute 5 

If the patient is just feeling that he can see, really all the patient needs to see is a 
little graph going upwards. 

Acute 3 

Interface 
Graphics 

References 
relating to 
refinement 
opportunities in 
the graphics of the 
interface and 
avatar. 

I suppose it’s nice to see it really but she needs to undergo a great makeover…  
Just a bit more human the graphics… I mean even if it was more a cartoon figure 
or something it doesn’t really matter. 

Post-Acute 4 

I think it’s nice and clear, good if you had men and women I suppose, it would 
probably be good for older person if you get an older person. 

Post-Acute 5 

...you have the older guy and then suddenly you have the young kid with a fancy 
hairdo and ripped jeans.  That seems a bit...she's not right with her ripped jeans.  

Acute 6 
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If she's old and she's wearing ripped jeans she's certainly not right.    You want 
somebody in they're 50s maybe. 

There are some disproportions of the girl on the bed, she looked very young and 
should probably be older. 

Acute 9 

Quality Score 
& Feedback 

References 
relating to the 
opportunity to 
further develop 
the biofeedback 
offered. 

The feedback on the messaging I think needs improving… my first fifteen leg lifts 
for instance, they bear no resemblance to the fifteen I did today. You still, at the 
time you're doing them, you're straining with such effort that you want the 
recognition that you did them, you don't want a negative message and I know 
this is very, very difficult, how you get that message across, look we know you're 
trying here and you haven't quite succeeded in doing anything if you like as 
opposed to your last one where you get a grand correct, you made fifteen returns, 
so there's a bit gap between those two I think. 

Acute 5 

It would be very difficult to rate it from the previous time, there is no linkage 
from the previous repetitions… So in a way you don’t know if you are doing better 
today than you did yesterday… The quality of how I’m doing them. 

Acute 2 

So if somehow you were able to have something to do with the quality of the , the 
quality of, if you had a mark for yes having done your fifteen repetitions,  on each 
of the exercises. 

Acute 3 

Well I would like to be able to know say I did day one I did seven well and eight 
badly. 

Acute 4 

I think the negative it could be worded a bit better, something like ok you have 
done the exercise, there is room for improvement… the way you would on a one 
to one basis, you said to me, ok you did this, in fact when we were doing the leg 
lifts the other day and you said, just bring it above your toe line. You didn’t say to 
me it’s no good if you don’t reach your toe line. That type of thing. 

Acute 5 
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You're doing well, you've got to do better… I don't want it to lie to me either and 
say, you're doing great when I know I'm not. 

Acute 6 

Customisation 
& 
Gamification 

References 
relating to serious 
gaming aspects of 
customisation and 
gamification. 

If there was a games element to it you know you have unlocked the next level… or 
a medal or something. 

Acute 4 

I think that'd be a mistake because then you are going to end up turning it into 
playtime rather than exercise time. I think it'll lose the point of it. I don’t think 
you should be able to manipulate too much unless it is information gathering or 
correcting the programme. For me this is a medical instruction for exercise to 
improve your health... you'd end up wasting time and not doing the exercise. 

Acute 9 

Choice of male or female theme throughout the system would be nice. Acute 8 
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