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Abstract 

A promising solution to the limited, clinical assessment of Parkinson’s (PD), has 

emerged through quantification of real-world walking speed (RWS) from wearable 

devices. RWS can be remotely assessed across consecutive days, measuring change 

in aspects of quality of life that are of importance to patients which can complement 

the existing clinical assessment of PD. The aims of this thesis were to address several 

gaps in the literature and explore, validate, and characterise RWS as a digital mobility 

outcome (DMO), to understand what complementary information it can provide to 

enhance the existing clinical assessment of mobility in PD. 

PD and older adults (OA) participants were recruited from two separate studies: the 

Incidence of Cognitive Impairment with Longitudinal Evaluation – GAIT (ICICLE-GAIT) 

and the Mobilise-D Technical Validation Study (TVS). Participants underwent mobility 

assessments in supervised and real-world environments over seven days, wearing a 

single lower-back wearable device. Algorithms were applied to estimate various macro 

and micro-level DMOs, including RWS within short, medium, and long walking bouts 

(WBs). 

In comparison to OAs, RWS was significantly slower in PD cross-sectionally and 

declined more rapidly longitudinally. At medium WBs, RWS was significantly related 

with MDS-UPDRS III score. In contrast to PD, OAs appeared to modulate their RWS 

differently between indoor and outdoor locations. Walking modulation was further 

characterised as three selected walking speeds, modelled as the number of modes 

within the distribution. Within short WBs, a larger number of selected walking speeds 

were associated with larger medication dosage and FOG score. 

This thesis provides evidence that digital assessment of RWS can provide novel 

complementary information about changes in gait that relate to real-world mobility and 

are of importance to patients. Inclusion of contextual data and novel statistical 

techniques can improve understanding of the impact of PD upon safe modulation of 

walking between different real-world scenarios and within a single bout of walking.  
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Chapter 1. How could digital mobility outcomes improve the clinical 
assessment of mobility in Parkinson’s? 

1.1    Parkinson’s disease 

1.1.1    Epidemiology 
Parkinson’s disease (PD) is a progressive neurological disorder, which affects an 

estimated 10 million people globally (European Parkinson’s disease Association, 

2020), and 145,000 people in the UK (Parkinson’s UK, 2020). The majority of people 

with PD are above the age of 50 and due to an ageing population, it is estimated that 

170,000 people will be living with PD by 2030 in the UK (Parkinson’s UK, 2020), and 

13 million people, globally, by 2040 (Deuschl et al., 2020).  

1.1.2    Pathology, Cause and Risk Factors 
Pathologically, PD is typified by the loss of dopaminergic neurones within the 

substantia nigra region of the brain, with formation of Lewy bodies and Lewy neurites 

(Braak and Braak, 2000; Dauer and Przedborski, 2003). PD is viewed as a slowly 

progressive condition, that begins years before diagnosis and affects multiple 

neuroanatomical areas (Kalia and Lang, 2015). The mechanisms underpinning the 

dopaminergic cell loss which cause PD are still not widely understood, however it is 

thought to result from a complex interplay between genetic and environmental features 

(Kalia and Lang, 2015). Age is the greatest risk factor for PD, with prevalence and 

incidence peaking after 80 years of age. Gender is another risk factor as there is a 

higher incidence rate in males compared to females (Pringsheim et al., 2014). While 

there is some insight from genetic research that has identified specific genetic 

mutations associated with a higher incidence of PD, these genetic factors are relatively 

rare and account only for a small percentage of cases (Kalia and Lang, 2015). A meta-

analysis by Noyce et al., 2012 identified environmental factors that significantly 

increased risk of PD such as: pesticide exposure, prior head injury, beta-blocker use, 

agricultural occupation, and well-water drinking. Significant factors associated with a 

decreased risk of PD included tobacco smoking, coffee drinking, non-steroidal anti-

inflammatory use, calcium channel blocker use and alcohol consumption. 

1.1.3    Motor symptoms 

The resulting dopamine deficiency within the basal ganglia leads to motor dysfunction, 

defined by the cardinal motor symptoms of tremor, rigidity and bradykinesia (Braak and 
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Braak, 2000; Jankovic, 2008). Progression of PD is characterised by worsening of 

these motor symptoms. These motor symptoms propagate to balance, gait and 

postural control impairments, some of which are present in the early stages of PD and 

get worse over time alongside increasing progression in motor symptom severity 

(Galna et al., 2015; Pistacchi et al., 2017; Raccagni et al., 2020).  

1.1.3.1    Gait disturbance 

Gait impairments represent a manifestation of motor symptoms that are of most 

detriment to independence and quality of life (Deane et al., 2014). Gait is defined as a 

human’s method of walking, that relies on kinetic and kinematic motion primarily of the 

lower limbs to move the centre of mass through space, with the arms and trunk moving 

synchronously to provide stability (Richards et al., 2022). Gait, is a complex task that 

requires integration between several motor and cognitive pathways where it is 

regulated by locomotor centres, the cerebral cortex and cerebellum within the brain 

and the spinal cord (Pirker and Katzenschlager, 2017; Richards et al., 2022). 

Therefore, changes in gait have been shown to reflect changes in cognitive, systemic 

and motor function (Middleton et al., 2015).  

Parkinsonian gait has been divided into two categories (i) continuous and (ii) episodic 

(Giladi et al., 2013; Hausdorff, 2009). Continuous gait deficits are defined as changes 

in the gait pattern that appear to be consistent from one step to the next. For example, 

it has been found that people with PD walk with reduced step length and walking 

speed, alongside increased double support time and cadence in comparison to aged-

matched older adults (OAs) (Zanardi et al., 2021). In contrast, episodic gait 

impairments are unpredictable, occurring randomly and thus are difficult to replicate in 

a measurement setting. Episodic gait disturbances can include festination, defined as 

short, rapid steps, which attempt to keep center of gravity between feet while trunk 

involuntary leans forward (Giladi et al., 2001). Other episodic gait disturbances include 

difficulties with gait initiation and freezing of gait symptoms (FOG). FOG is defined as 

an episodic inability to generate effective stepping, in the absence of any known cause 

other than PD (Zhang et al., 2021). FOG symptoms are one of the more prominent risk 

factors for increased falls risk in PD, where there is a larger a risk of sustaining a fall 

and fracture in PD, in comparison to OAs, that increases from 40 years of age (Kalilani 

et al., 2016). Falls are one of the most significant events that can occur with either 

episodic or continuous gait difficulties, as the consequences of sustaining a fall and 
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fracture can cause disability that has a devasting impact upon independence and 

quality of life in PD (Pelicioni et al., 2019).  

1.1.4    Non-motor symptoms 
PD also includes the occurrence of non-motor symptoms, which may include cognitive 

dysfunction and decline, depression, sleep disorders and fatigue (Poewe, 2008). Non-

motor symptoms may be present in the early stage of PD, potentially even earlier than 

presence of motor symptoms (Kalia and Lang, 2015). Not all symptoms are 

experienced in PD. An overview of some of the motor and non-motor symptoms can 

be viewed in (Table 1-1). 
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Table 1-1. Motor and non-motor symptoms of Parkinson’s (Moustafa et al., 2016; 

Poewe, 2008).  

Motor symptom Description 
Tremor Tremors can occur in a resting state (resting 

tremor), during voluntary movements 

(action/kinetic tremor) and postural tremor 

(inability to maintain stable posture against 

gravity) 

Bradykinesia Slowness of movement 

Rigidity Stiff or inflexible muscles 

Postural instability Reduced ability to maintain equilibrium under 

dynamic and static conditions 

Akinesia  Difficulty initiating movements, loss of voluntary 

muscle control 

Dyskinesia Difficulty controlling movements, increased 

involuntary muscle control 

Gait disturbance  Gait disturbances can be classified as episodic 

(freezing of gait, gait festination, difficulty with 

gait initiation) and continuous (walking with 

reduced step length and walking speed) 

Speech impairments Increased dysarthria, largely appearing in the 

later stages of PD 

Non-motor symptom Description 
Cognitive dysfunction Dysfunction affecting memory, attention, and 

other cognitive functions  

Depression and anxiety Increased depression and anxiety  

Sleep disorders Insomnia, restless leg syndrome and sleep 

apnea 

Fatigue General feelings of fatigue and weakness 

Pain Pain maybe present in muscles, joints, or bones 

Visual disturbance  Complications such as blurred vision, double 

vision or difficulty tracking moving objects 

 

1.1.5    Diagnosis and clinical features 

Bradykinesia, rigidity and resting tremor form the diagnostic criteria of PD (Kalia and 

Lang, 2015). The UK PD Brain Bank criteria is primarily used for clinical diagnosis 

(Table 1-2) (Hughes, 1992), and more recently also the Movement Disorder Society 

(MDS) clinical diagnostic criteria (Appendix 1) (Postuma et al., 2015).  
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Table 1-2. The UK Parkinson’s disease Society Brain Bank clinical diagnostic criteria 

(Hughes, 1992).  

Step 1. Diagnosis of Parkinson’s 
Bradykinesia plus one or more of the following features: 

• Muscular rigidity 

• 4-6 Hertz (Hz) rest tremor 

• Postural instability, not caused by primary visual, vestibular, cerebellar or proprioceptive 

dysfunction 

Step 2. Exclusion criteria for Parkinson’s 
One or more of the following suggests a different diagnosis: 

• History of repeated strokes with stepwise progression of parkinsonian features  

• History of repeated head injury  

• History of definite encephalitis Neuroleptic treatment at onset of symptoms  

• 1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP) exposure  

• Negative response to large doses of levodopa (if malabsorption excluded)  

• More than one affected relative 

• Sustained remission • Strictly unilateral features after 3 years  

• Early severe autonomic involvement  

• Early severe dementia with disturbances of memory, language, and praxis  

• Oculogyric crises  

• Supranuclear gaze palsy  

• Babinski sign  

• Cerebellar signs  

• Presence of a cerebral tumour or communicating hydrocephalus on CT scan or MRI 

Step 3. Supportive prospective positive criteria for Parkinson’s 
Three or more of the following features are required for diagnosis of definite Parkinson’s: 

• Unilateral onset  

• Rest tremor present  

• Progressive disorder  

• Persistent asymmetry affecting the side of onset most  

• Excellent response (70–100%) to levodopa  

• Severe levodopa-induced chorea  

• Levodopa response for 5 years or more  

• Clinical course of 10 years or more 

 

Diagnosis of PD remains a challenge and can only be confirmed with post-mortem 

assessment, where the heterogeneity of symptoms increases the misdiagnosis rate 

(Postuma et al., 2015). Between 75% and 95% of individuals with PD have their 
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diagnosis confirmed upon autopsy (Postuma et al., 2015). Furthermore, studies have 

shown that experienced movement disorder specialists can diagnose PD with greater 

accuracy (Hughes et al., 2001). In the early stages misdiagnosis is increased due to 

the similar profile in symptoms of early PD to other neurodegenerative conditions such 

as multiple system atrophy, progressive supranuclear palsy, subcortical arteriosclerotic 

etc. (Postuma et al., 2015). There has been an extensive focus upon developing 

biomarkers that can diagnose PD in the early stages, as early diagnosis would allow 

for accurate treatment and prognosis.  

1.1.6    Management  
Dopaminergic medications used to manage motor symptoms in PD (Bryant et al., 2011; 

Galna et al., 2015; Lord et al., 2011a) and are designed to replace or increase the 

availability of dopamine to maintain motor control (Zahoor et al., 2018). Such 

medications include levodopa, dopamine agonists, monoamine oxidase type B (MAO-

I B) inhibitors and catechol-O-methyl transferase (COMT) inhibitors (Fujikawa et al., 

2022; Sigurdsson et al., 2021). According to the NICE guidelines for management of 

PD (Rogers et al., 2017) alongside pharmacological treatment, individuals can also 

receive input from a multidisciplinary team including physiotherapy (PT), to deliver 

specific intervention for balance or motor function problems. Physical rehabilitation of 

motor function in PD can be achieved through various exercise programmes (Mak and 

Wong-Yu, 2019; Pang, 2021; Uhrbrand et al., 2015). Recent work has demonstrated 

that aerobic exercise leads to increased cognitive function and stabilizes disease 

progression of the corticostriatal sensorimotor network (Johansson et al., 2022). 

Occupational therapy may help improve activities of daily living, and speech and 

language therapy and referral for a dietician may also be recommended (Rogers et al., 

2017).  

1.1.7    Motor complications  
Medications targeting specific symptoms improve quality of life in PD (Deane et al., 

2014), however they’ve been shown to have no disease modifying effect (Verschuur 

et al., 2019). Medication is effective at improving motor symptoms, particularly in the 

early stages where the beneficial response is maintained by intermittent dosing in 

waking hours (Aradi and Hauser, 2020). However, prolonged medication usage can 

lead to motor complications, including motor fluctuations which are defined as 

transitions between ON and OFF medication stages, which can be sudden and 

unpredictable and have no relationship with the response time of levodopa (Jankovic, 
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2005). Additional complications may include increased frequency of dyskinesias, the 

wearing-off phenomenon and unpredictable off episodes (Aradi and Hauser, 2020). 

Dyskinesias are defined as uncontrolled, involuntary movements, the incidence of 

which increase with prolonged levodopa usage (Aradi and Hauser, 2020). Increasing 

number of fluctuations and medication usage and advanced PD duration increase the 

incidence of FOG symptoms (Zhang et al., 2021).  

1.1.8    Clinical assessment  
One of the key challenges for delivering effective management and treatment of PD 

motor symptoms, is ultimately focused upon extension of quality of life. The 

effectiveness of management and treatment methods upon motor and non-motor 

symptoms of PD are currently evaluated within supervised environments (ie., hospital 

or laboratory), through the use of questionnaire-based assessments, such as the MDS 

Unified Parkinson’s Disease Rating Scale (MDS-UPDRS) (Goetz et al., 2008). The 

MDS-UPDRS is a four-part rating scale, parts I and II assesses non-motor and motor 

experiences of daily living respectively, and part IV assesses motor complications. 

MDS-UPDRS part III assesses motor symptom severity, through evaluating the 

individual across a wide range of upper and lower body motor signs assessed clinically. 

The MDS-UPDRS III remains the most widely used method to evaluate motor symptom 

severity, however, it has limitations. The score is based upon subjective visual 

interpretation, and the assessment is currently accessible to those physically capable 

of travelling into a clinic, which increases the burden upon patient, clinician, and carer. 

Furthermore, the assessment is conducted within a controlled, supervised setting 

which does not reflect how symptoms manifest in the daily lives of people with PD, 

providing clinicians with an incomplete perspective of how symptoms truly impact upon 

quality of life. Most fundamentally, assessments such as the MDS-UPDRS III does 

directly assess the impact of symptoms upon aspects of quality of life that are of most 

importance to patients, such as preservation of their physical mobility in their day to 

day lives (Deane et al., 2014; Port et al., 2021). 

1.2    Physical mobility  

The presence of motor and non-symptoms in PD, translate to impairments in their 

physical mobility. Mobility impairments are also termed Mobility disability, which is 

defined as the inability to repeatedly perform activities of daily living (Rochester et al., 

2020; Viceconti et al., 2022). Mobility is a broad concept, and has been defined as the 
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ability to move freely and easily without a vehicle (Viceconti et al., 2022), where the 

ability to walk through the home and community independently and safely represents 

one of the most functionally relevant concepts of mobility. Thus, one of the most 

substantial and disruptive causes of mobility disability is the gait disturbances 

experienced by people with PD (see - 1.1.3.1). People with PD consider their gait, as 

one of the most important aspects of mobility (Deane et al., 2014; Delgado-Ortiz et al., 

2023; Keogh et al., 2021; Port et al., 2021), however current clinical assessment does 

not objectively measure how gait is affected in the daily-lives of people with PD, which 

limits selection of optimal treatment methods that target and protect the aspects of 

quality of life that people with PD care about the most.  

1.2.1    Mobility assessment 
Mobility assessment is multi-faceted and can be objectively measured in supervised 

and real-world environments with assessments of an individual’s mobility capacity, and 

mobility performance (Table 1-3) (Rochester et al., 2020; Viceconti et al., 2022).  

Table 1-3. Definitions of mobility concepts (Viceconti et al., 2022) 

Mobility concept Definition 
Mobility The ability to move freely and easily 

without a vehicle 

Mobility capacity Intensity of which an individual can 

perform a specific motor task, in a clinical 

or research setting 

Mobility performance Mobility that has been assessed in the 

real-world over a sufficiently long period 

of time. 

Mobility disability Inability to repeatedly perform activities 

of daily living (bathing and grooming, 

dressing and undressing, meal 

preparation and feeding, functional 

transfers, safe toilet use and maintaining 

continence and ambulation) 
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1.2.2    Supervised assessment of mobility capacity  

Mobility capacity is typically assessed by the intensity of which individuals can perform 

specific motor tasks. The MDS-UPDRS III assesses capacity in a clinical context, as 

outlined in section 1.1.8, it evaluates motor symptom severity and does not direct 

assess mobility. In a research setting, capacity is assessed through use of brief 

functional walking tasks (10 metre straight walk, timed up and go test etc.,) in 

supervised environments (Bloem et al., 2016). Supervised environments are 

standardised and free from obstructions, changes in lighting and other distractions that 

are present in the real-world. Supervised assessment is limited as scrutiny from 

researchers and clinicians, may create measurement effects such as the Hawthorne 

effect, which is the alteration of behaviour by the participants of a study due to 

awareness of being observed (Sedgwick and Greenwood, 2015). Furthermore, these 

brief assessments only provide a snapshot insight into how individual’s motor 

symptoms can manifest during testing in optimal, supervised conditions. Participants 

are typically assessed ‘ON’ medication, so this does not capture the full extent of 

symptoms which may fluctuate widely in PD. For these reasons, supervised 

assessment only provides an insight into an individual’s mobility capacity under optimal 

conditions (Rochester et al., 2020; Viceconti et al., 2022; Warmerdam et al., 2020).  

1.2.3    Real-world assessment of mobility performance 

Mobility performance is assessed in real-world settings over extended periods of time. 

Real-world is defined as the context that walking takes place, where real-world 

assessment is unsupervised, uncontrolled and non-standardised (Kluge et al., 2021). 

In the real-world, mobility may be influenced by variation in various confounding factors 

such as terrain (Kowalsky et al., 2021), weather (Kim and Brown, 2022), and specific 

types of indoor and outdoor environments (Toda et al., 2020). Furthermore, real-world 

mobility takes place over multi-task scenarios, such as walking and talking, or using a 

smartphone. The presence of partners or caregivers may also influence real-world 

mobility (Warmerdam et al., 2020). Thus, real-world environments are more 

challenging, which is reflected by findings that assessments of mobility capacity in 

supervised settings, might overestimate real-world mobility performance (Corrà et al., 

2021; Del Din et al., 2016a; Hillel et al., 2019). People with PD also experience 

fluctuations in symptoms and medication state which are difficult to replicate during 

supervised capacity assessments.  
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1.2.4    Mobility outcomes 

An individual’s mobility capacity or performance is quantified through mobility 

outcomes (Viceconti et al., 2022). At present existing mobility outcome measures in 

PD are only based upon assessments of supervised mobility capacity such as the 

EuroQol 5-dimensions (EQ-5D) and Short Form 36 Physical Functioning Subscale 

(SF-36) (Jaeger et al., 2022). However, the current use of these outcome measures 

as surrogate markers of an individual’s real-world mobility disability does not predict 

behaviours in real-world settings (ie., ecological validity) and lacks sensitivity and 

granularity in detecting the discrete changes that occur during repeated activities of 

daily living. This incomplete assessment of mobility limits therapeutic development and 

clinical management (Warmerdam et al., 2020). 

1.3    Digital mobility outcomes  

Due to technological limitations, it was not previously possible to continuously assess 

an individual’s mobility perfomance in the real-world, thus there are currently no tools 

widely used in clinical research or clinical care (Jaeger et al., 2022). An emerging 

solution exists in the quantification of Digital Mobility Outcomes (DMOs) (Del Din et al., 

2021; Rochester et al., 2020). DMOs are mobility outcomes are obtained through the 

quantified assessment of gait, which enable the extraction of a plethora of clinically 

relevant features that can directly assess an individual’s mobility. Perseveration of gait 

is important to people with PD, (Deane et al., 2014; Delgado-Ortiz et al., 2023; Keogh 

et al., 2021; Port et al., 2021) where walking is a fundamental aspect of mobility. Thus, 

DMOs quantified from gait assessment are able to assess the efficacy of management 

and treatment of symptoms that relate to aspects of mobility that are of most 

importance to people with PD, being relevant to both patient and clinician. DMOs can 

be evaluated in both supervised and real-world settings providing concurrent insight 

into both mobility capacity and mobility performance.  

1.3.1    Tools for quantification of DMOs  
An overview of some of the existing measurement devices for quantifying DMOs, along 

with their respective advantages and disadvantages can be found below (Table 1-4). 
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Table 1-4. Advantages and disadvantages of measurement instruments that can 

quantitatively assess digital mobility outcomes (Buckley et al., 2019) 

 Traditional  
Instrument Advantages Disadvantages 

Video cameras 

• Low-cost 

• Minimal setup time 

• Portable 

• Non-invasive 

• No training required 

• Subjective 

• Low resolution data 

• Gait cannot directly be 

quantified 

• Low inter-researcher 

reliability 

Stopwatch 

• Non-invasive 

• Minimal setup time 

• No training required 

• Subjective 

• Prone to various sources of 

measurement error 

• Extremely low granularity 

3D motion capture 

• Considered gold 

standard 

• High accuracy and 

precision 

• High resolution data 

• Non-invasive 

• Expensive 

• Requires extensive training 

and expertise 

• Misplacement of markers is 

subjective and prone to 

error 

• Markers prone to soft 

tissue artefact 

• Preparation of participant 

can be time consuming 

• Assessment confined to 

supervised environments 

Instrumented walkways 

• Fast processing time 

• High accuracy and 

precision 

• Non-invasive 

• Fast setup 

• Expensive 

• Measurement volume 

limited by mat dimensions 

• Requires large enough 

space to accommodate 

mat dimensions 

• Prone to errors in 

misidentification of gait 

sequences from shuffling 

feet 

• Assessment confined to 

supervised environments 
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Force plates 

• Considered gold 

standard for measuring 

ground reaction forces 

and COP 

• Non-invasive 

• Minimal space 

required 

• Minimal participant 

preparation time 

• High resolution data 

 

• High cost 

• Requires technical 

expertise 

• Requires purpose built 

dedicated space 

Wearables 

Instrument Advantages Disadvantages 

Pressure insoles 

• Can accurately and 

reliably measure real-

world gait 

• Considered wearable 

‘silver standard’  

• Can be applied as a 

reference system to 

validate algorithms in 

real-world settings 

• Difficult to equip 

• High battery consumption  

• Expensive, bespoke made 

devices 

Smartphones 

• High availability 

• Excellent 

measurement potential  

• Non-invasive 

• Lightweight 

• Opportunity for remote 

monitoring  

• Data not readily available 

• Proprietary ‘black box’ 

algorithms applied to data 

• Battery life 

Inertial measurement units 

• Low cost  

• Lightweight  

• Capable of 

continuously 

monitoring across 

consecutive days in 

real-world settings 

• Opportunity for remote 

monitoring 

• Minimal preparation 

time 

• Algorithms are often 

validated in their 

performance in controlled, 

supervised environments, 

limited their reliability upon 

data collected in more 

complex real-world settings 

• Requires complex 

algorithms and specialist 

expertise to extract key 

features 
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 • Battery life 

Wearable camera 

• Lightweight  

• Minimal preparation 

time 

• Provides more 

contextual insight 

• Battery life 

• Low resolution 

• Automatic solution to 

analyse the hours’ worth of 

collected videos.  

 

1.3.2    Traditional tools 
Traditionally DMOs have been quantitatively assessed across clinical assessments of 

mobility capacity through use of researcher operator stopwatches (Polhemus et al., 

2021). However due to the development of more sophisticated equipment such as 3D 

motion capture it is possible to more accurately and reliably quantify a wide range of 

gait characteristics, (Del Din et al., 2016b; Lord et al., 2013a). Despite the high 

accuracy and precision of 3D motion capture, the widespread adoption within clinical 

analysis is limited, due to its high cost, and the expert training required to operate the 

system. Furthermore, the placement of the reflective markers is time consuming 

requiring extensive knowledge of human anatomy, as small misplacement of the 

markers can create crosstalk between joint angles (Piazza and Cavanagh, 2000). The 

markers themselves may impede movement and soft tissue artefact can be caused by 

the skin underlying the marker (Mündermann et al., 2006). Instrumented walkways can 

be set up with relative ease in comparison to motion capture systems, however such 

systems are also expensive and may only capture gait sequences across short 

distances. Furthermore, inaccuracies in gait detection may be produced through 

shuffling of the feet, which is common in PD (Del Din et al., 2016b). Gold standard 

technologies such as these, are confined to assessing participants in supervised 

settings, and they are only able to assess mobility capacity and only accessible to 

those individuals fortunate to live in close geographical proximity, or able to travel to 

assessment. Access to the clinician’s and researchers experienced in interpreting 

these values are not widely available for NHS use.  

1.3.3    Wearable devices 
More recent technological advances have led to the development of wearable devices, 

which can offer a lightweight and low-cost alternative to gold standard technologies for 

assessment of DMOs. Wearable devices are comprised of various inertial 

measurement units (IMUs) such as accelerometers, gyroscopes, magnetometers, 

barometers, temperature sensors and global positioning satellite (GPS) receivers (Lu 
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et al., 2020) (Table 1-5). These devices are designed to be worn on the body and can 

be equipped with relatively low preparation times. Wearables can be worn in both 

clinical and real-world settings, enabling concurrent evaluation of traditional and novel 

measures DMOs (Buckley et al., 2019). Their extended battery life offers a feasible 

and non-invasive solution to objectively and continuously measuring real-world mobility 

performance across extended periods of time.  

Table 1-5. Different inertial measurement units that can be incorporated into wearable 

devices, to quantify digital mobility outcomes.   

Sensor Measure 
Accelerometer Tri-axial gravitational accelerations (g) of 

a moving body.  

Gyroscope Tri-axial angular velocity, or rotations 

(degrees per second).  

Magnetometer Position relative to earth’s magnetic core 

(T) 

Barometer Atmospheric pressure (bar), can be 

applied to quantify real-world activity 

more robustly, in terms of stair decent 

and incline walking 

Temperature sensor Body temperature in Celsius or 

Fahrenheit. Particularly useful in 

determining wear times of the device  

Global position satellite (GPS) receivers Latitude and longitude coordinates that 

can be processed to understand spatial 

behaviour 

 

While wearable devices are not without their limitations (Table 1-4), the inclusion of 

real-world DMOs, may provide a more data-driven and detailed insight, that may help 

complement in the diagnosis and management of PD. 

1.3.4    Quantification of DMOs from wearable devices 
DMOs can be objectively measured with a single wearable device. In general, a larger 

number of sensors results in better accuracy of DMOs, however this reduces usability 

and comfort for the participant (Keogh et al., 2023) and increases the likelihood of 
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missing and incorrect data through accidental misplacement of the sensors (Czech et 

al., 2020). A single sensor has sufficient accuracy, alongside maintaining maximum 

device adherence. While the sensor can be worn is a variety of locations, the lower 

back (fifth lumbar vertebrae) is most favourable as it can be can be worn via an 

elasticated strap unobtrusively for seven days, and is capable to measure gait events, 

and due to its positioning close to the centre of mass it can reflect the overall movement 

pattern of the right and left limbs (Yang and Hsu, 2010).  

Algorithms can be applied to the raw sensor data to calculate walking speed and a 

battery of DMOs (Rochester et al., 2020). These algorithms, draw upon biomechanical 

(Zijlstra and Hof, 2003), signals processing (Paraschiv-Ionescu et al., 2020) and 

machine learning techniques (Ullrich et al., 2021) and are highly adaptable, enabling 

an almost infinite number of gait features to be calculated. Quantification of real-world 

DMOs with wearable devices, is first reliant upon the accurate segmentation of periods 

of walking activity from non-walking activity (lying, sitting, sedentary behaviour and 

travelling in vehicles) (Figure 1-1A). Within each identified walking sequence, individual 

gait events are then detected, which then enable estimation of step/stride time and 

length and subsequently the estimation of DMOs across multiple gait cycles (Del Din 

et al., 2016b). A single gait cycle may also be defined as a stride, as it consisted of two 

consecutive steps of either foot. A gait cycle is comprised of both the stance and swing 

phase, where the stance phase is when the foot is in contact with the ground and 

makes up 60% of the cycle and the swing phase when the foot is in flight and is the 

remaining 40% (Richards et al., 2022) (Figure 1-1B). Lord et al., 2013a, conceptualised 

a gait model in older adults and PD, that identified 16 clinically relevant gait outcomes, 

from five different domains namely pace, rhythm, variability, asymmetry and postural 

instability (Figure 1-1D). This model was developed with data collected from an 

instrumented walkway in supervised settings, however it has since been replicated with 

DMOs estimated from wearable devices (Morris et al., 2017a). 
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Figure 1-1. Estimation of digital mobility outcomes (DMOs) adapted from (Lord et al., 

2013a). 1A) Periods of walking activity are segmented from periods of non-walking 

activity (lying, sitting, sedentary behaviour. 1B) Estimation of the volume, pattern, and 

variability of walking activity. 1C) Within each detected walking sequence, individual 

gait events are detected, which in turn enable estimated of step/stride durations and 

A) 

B) 

C) 

D) 

E) 
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cadence. 1D) Within each identified gait cycle, spatial-temporal DMOs are estimated. 

Dual leg stance (DLS) meaning both feet in contact with the ground and single leg 

stance (SLS) refers to a single foot in contact with the ground. 1E) DMOs can then be 

estimated from any of the spatial-temporal domains of gait (Lord et al., 2013b).  

1.3.5    Characterisation of DMOs in PD 
Real-world DMOs, offer further mobility insight as DMOs to provide insight into 

ambulatory behaviour, alongside measurement of spatial-temporal gait characteristics. 

Considering a more refined and standardized approach, real-world DMOs can 

conceptualised at a macro and microstructural level (Lord et al., 2013a).  

1.3.6    Macrostructural DMOs 

Macrostructural DMOs refers to quantification of volume (i.e., step count, number of 

walking bouts (WB), amount of walking time), patterns (ie. frequency of WBs and 

variability of ambulatory behaviour. People with PD typically have less volume and 

reduced variability of macro gait activity which is prevalent even in early PD (Chastin 

et al., 2010; Lord et al., 2013c). Maintaining physical activity with ageing presents a 

significant challenge, even more so for people with PD. The benefits of physical activity 

are far reaching and in PD may extend to reducing deterioration in gait and balance 

(Tsukita et al., 2022), to help mitigate loss of quality of life and independence. Thus, 

quantification of DMOs on a macrostructural level is useful, as it can provide insights 

into behavioural patterns, such as reduced physical activity, which could propagate to 

increased mobility impairment. This would allow specific recommendations or 

interventions can be made to ensure that physical activity and exercise is maintained 

to mitigate the effects of ageing upon quality of life and independence.  

1.3.7    Microstructural DMOs 

Microlevel DMOs have been characterised in PD in supervised and real-world settings. 

In a supervised setting, a variety of micro gait DMOs, such as stride length, stride time, 

walking speed, were significantly lower and cadence and double support time 

significantly higher in PD in comparison to OAs (Schlachetzki et al., 2017), which is 

consistent with previous findings made with gold standard technologies (Zanardi et al., 

2021). Furthermore, walking speed has been demonstrated to reduce significantly 

overtime, however no difference in the rate of change in walking speed between PD 

and OA could be found (Wilson et al., 2020). Step length on the other hand was found 
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to deteriorate more rapidly over time in PD, suggesting this is a more sensitive measure 

of PD progression when assessed in a supervised setting.  

In the real-world, researchers have made similar findings to supervised research, in 

that people with PD have reduced walking speed and step length (Del Din et al., 

2016a). When understanding whether any influence of environment exists upon 

DMOs, researchers have demonstrated that irrespective of cohort, people with PD 

walked with decreased pace and increased rhythm, variability and asymmetry in the 

real-world when compared to the laboratory (Del Din et al., 2016a). Furthermore, in 

comparison to the gold standard (instrumented walkway), they found higher values of 

variability and asymmetry metrics quantified from the wearable device, which suggests 

that it’s a more sensitive tool in measuring gait characteristics from those domains (Del 

Din et al., 2016b). Where other studies have demonstrated people with PD walk with 

more variability and asymmetry of the upper and lower limbs (Mirelman et al., 2019; 

Zanardi et al., 2021) and changes in the pace and rhythm domains of gait have been 

demonstrated to be evident in early PD, even with optimal medications (Galna et al., 

2015). This suggests that measuring DMOs in a real-world setting may provide more 

sensitive surrogate markers of PD pathology compared to laboratory based DMOs, 

and provide different insights of mobility, in comparison to mobility capacity. There is a 

lack of studies that have explored whether progression in PD translates to changes in 

real-world DMOs, which makes for an interesting area of analysis.  

1.3.8    Real-world walking speed  
A plethora of DMOs can be estimated at micro and macro levels to provide insight into 

different aspects of mobility. However, walking speed could be applied as a single 

outcome measure to gain into an individual’s global mobility performance. Walking 

speed reflects a composite outcome measure of gait, as it combines spatial-temporal 

measures, specifically calculated through the ratio of step/stride length to step/stride 

duration (Del Din et al., 2016b). Walking speed specifically, has been cited as the sixth 

vital sign of health (Middleton et al., 2015), where there is a wealth of evidence 

demonstrating associations between reductions in walking speed with ageing (Hollman 

et al., 2011; Wilson et al., 2020), cognitive decline (Iansek et al., 2013; Morris et al., 

2016), falls risk (Jehu et al., 2021; Kyrdalen et al., 2019) and PD (Del Din et al., 2016a; 

Mirelman et al., 2019; Wilson et al., 2020; Zanardi et al., 2021). Walking speed was 

significantly slower in the real-world in contrast to supervised settings in PD, where 
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real-world walking speed (RWS) was more sensitive to discriminating between PD and 

age-matched control participants (Del Din et al., 2016a).  

Digital assessment of mobility, through quantification of RWS with wearable devices 

could be remotely deployed in the future to monitor aspects of health that is not 

captured through the existing clinical assessment (Del Din et al., 2021). This would 

extend availability of assessment to individuals not physically capable of travelling into 

the clinic and allow clinicians to target and manage aspects of PD that are of most 

importance to people with PD. However, for this to be achieved a number of challenges 

must be overcome.  

1.4    Barriers to the clinical adoption of DMOs 

DMOs, such as RWS are yet to gain adoption in clinical trials and clinical care. In order 

for this to be achieved a number of critical steps and challenges must be overcome, 

including comprehensive technical and clinical validations (Goldsack et al., 2020; 

Rochester et al., 2020; Viceconti et al., 2020). 

1.4.1    Technical validity 
Technical validation concerns the evaluation of algorithms to convert sample-level 

sensor measurements in DMOs and evaluate their performance with respect to gold 

or silver standard technology. Large multi-centric efforts, such as the Mobilise-D 

project (Mazzà et al., 2021; Rochester et al., 2020) have undertaken a highly 

comprehensive validation that has ensured that RWS can be estimated accurately and 

reliably across a range of environments, cohorts and contextual factors (Kirk et al., 

2023b; Micó-Amigo et al., 2023).  

1.4.2    Clinical validity 
Clinical validation is typically undertaken to demonstrate that it is related to something 

relevant to the patient, clinician or health service and measures or predicts the clinical, 

biological, function state, or experience in the context of use (in this instance RWS as 

a measure of mobility in PD) (Goldsack et al., 2020). Clinical validity for RWS can 

specifically be demonstrated as outlined below (Table 1-6) (Rochester et al., 2020; 

Viceconti et al., 2020).  
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Table 1-6. Criteria for demonstrating clinical validity of digital mobility outcomes 

(Rochester et al., 2020; Viceconti et al., 2020) 

Concept Description 
Convergent validity The extent to which the DMO correlates 

with measures that should be 

theoretically related to each other 

Discriminant validity The extent to which the DMO does not 

correlate with measures of attributes 

that are different from the attribute the 

DMO is intended to assess 

Known group validity The extent to which the DMO 

demonstrates significant differences 

between groups who are known to differ 

on that specific construct 

Predictive validity The extent of which a DMO is able to 

predict future clinical outcomes 

Responsiveness to intervention Whether the DMO, is sensitive to 

changes that occur in a clinical 

intervention trial 

Ecological validity  The extent of which the DMO can be 

generalised to real-world settings 
DMO = Digital mobility outcome 

A large scoping review (Polhemus et al., 2021), mapped a large body of existing 

evidence of studies in a supervised setting that have demonstrated the clinical validity 

of DMOs including walking speed in PD. However, it’s known that DMOs estimated 

from supervised assessments lack ecological validity in being representative of real-

world mobility. Whilst real-world DMOs weren’t included in their review, this represents 

an essential first step in understanding why there is a lack of evidence and where the 

specific gaps in clinical validity lie. Further challenges need to be addressed in 

understanding the optimal methods of data aggregation and statistical summary for 

real-world DMOs.  
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1.4.3    The context of real-world mobility 
RWS is assessed over seven consecutive days encapsulates a rich and vast dataset 

of mobility that has been undertaken across various WBs, which differ in their length, 

duration, and context. The majority of research of research summarises RWS through 

averaging across the entire week. More recently other researchers have started to 

explore more subtle approaches that consider the duration or length or length of WBs, 

termed aggregation. This involves the aggregation of RWS within specific WB 

thresholds, based upon their duration (ie., length in seconds), or the number of steps 

within each bout (Del Din et al., 2016a; Rehman et al., 2022; Shah et al., 2020a). An 

overview of the different duration thresholds that have typically been applied to 

categorise WBs can be viewed below (Table 1-7).  

Table 1-7. Different walking bout duration thresholds that are typically applied in real-

world studies (Del Din et al., 2016a) 

WB duration Activity 
All WBs Contains all real-world information 

< 10 seconds Very short WBs, most challenging to 

estimate gait from, often excluded from 

real-world mobility analysis 

10 to 30 second Short WBs, may capture essential 

household activities (making a drink, 

etc.,) 

30 to 60 seconds Medium length WBs containing 

prolonged periods of house-hold activity, 

or intermittent periods of outdoor walking 

(shopping, walking in parks etc.,) 

> 60 seconds  Long WBs, that are speculated to take 

place in outdoor spaces, where 

individuals may achieve their real-world 

capacity and fastest RWS 
WB = Walking bout. RWS = Real-world walking speed 

Most WBs are very short (< 10 seconds) (Del Din et al., 2016a; Rehman et al., 2022; 

Shah et al., 2020a), however these WBs often contain non-gait related activities 

(transitions, sharp turns, gait initiation and termination), as such this duration provides 
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the greatest challenge to algorithm performance (Kirk et al., 2023b; Micó-Amigo et al., 

2023). Furthermore, DMOs estimated at < 10 seconds, do not discriminate between 

PD and OAs (Del Din et al., 2016a). For these reasons < 10 seconds can be excluded 

from real-world analysis. RWS within short WBs (10 to 30 seconds), are speculated to 

take place indoors (specifically in the household) and may encapsulate the largest 

number of motor fluctuations, as essential activities as this duration are completed 

irrespective of medication state (Del Din et al., 2016a; Lord et al., 2013c). In contrast, 

longer WBs would likely take place within more open outdoor spaces, where 

individuals would achieve steady-state walking and their fastest RWS, the lowest 

numbers of data are contained within longer durations (Del Din et al., 2016a). Previous 

research that demonstrated RWS encapsulated within medium to long WBs was 

significantly slower in PD in comparison to OAs (Del Din et al., 2016a). This 

demonstrates how WB duration helps to further sensitise the information reflected by 

RWS.  

1.4.3.1    Environmental location 

Real-world mobility may also fluctuate between environments. At present, direct 

measurement of environmental information is not typically included by researchers and 

instead this information is inferred based upon the WB duration (ie., short WBs take 

place indoors and long WBs outdoors) (Corrà et al., 2021; Del Din et al., 2016a; Shah 

et al., 2020a). The importance of understanding environmental context and its 

influence upon mobility is gaining traction within health-care research, as an increasing 

number of studies have suggested the context of the places of which people work, live 

and socialise are associated with health-related behaviours and outcomes (Rainham 

et al., 2008). Real-world environments can be broadly categorised as indoor or 

outdoor, and both types of environments could pose their own specific challenges to 

mobility. Indoor or outdoor location in real-world settings can be quantified through 

GPS and Global Navigation Satellite (GNSS) Systems, which have had promising 

applications toward quantifying real-world physical activity behaviour (Jankowska et 

al., 2015; Schipperijn et al., 2014). However, no study has directly compared 

differences in RWS between indoor and outdoor locations. GPS data coupled with 

RWS measurements from wearable devices, has potential to provide more specific 

insight into how the ability of individuals to adapt their walking through modulation of 

their RWS to safely navigate the demands of each real-world context they find 

themselves within.  
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1.4.4    Real-world gait modulations  

RWS may need to be modulated to account for different changes in environment and 

WB duration. Individuals may modulate their RWS through different phases of 

acceleration, steady-state, and deceleration. They must also adapt to contextual 

challenges like changes in surface (Osaba et al., 2020), obstacles, fatigue (Zhang et 

al., 2022), and multitasking. Moreover, PD could disrupt gait initiation and cause 

inconsistent patterns in RWS due to episodic gait disturbances such as festination 

(Giladi et al., 2001), or FOG symptoms (Mancini et al., 2021; Zhang et al., 2021) and 

motor fluctuations. Objective quantification of modulations within a walking bout can 

provide a comprehensive understanding of walking dynamics and functional 

capabilities, especially in PD. This information can inform decision-making, therapeutic 

management, and personalized interventions to improve mobility and quality of life. 

Traditional mean values for RWS may not capture clinically important patterns and 

frequencies but analysing DMOs, through more novel techniques could offer valuable 

insights into adaptability of walking across various real-world contexts, alongside the 

fluctuating nature of PD (Figure 1-2) (Goodier, 2007). 

 

 

Figure 1-2. Condensing information from real-world walking speed (RWS) assessed 

over seven days: standard statistics (mean and standard deviation) versus exploring 

the number of modulations that occur within RWS.  

1.5    Thesis aims 
This thesis aimed to understand whether digital assessment of mobility, through 

quantification of RWS has value as a clinical mobility endpoint to provide a more 

complete and objective, remote evaluation of mobility. There was a particular focus 
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upon understanding whether novel methods of data aggregation or statistical summary 

were able to further extract the point of which RWS has the most clinical relevance. 

The specific aims of the thesis are addressed across the chapters outlined below:  

Chapter 2: Mapping the existing evidence of the clinical validity of real-world 
digital mobility outcomes: a systematic review 

This chapter contains a systematic review, which mapped the existing literature that 

has sought to clinically validate DMOs estimated from unsupervised and continuous 

assessments, to understand what they are telling us about real-world mobility.  

Aims: 

To explore the existing literature, to understand what information is reflected by real-

world DMOs, with the following specific aims:  

• Ecological validity: Identify existing studies that have sought to explore the 

influence of supervised and real-world assessment upon DMOs; 

• Known groups differences: Explore the existing literature that has quantified 

differences in real-world DMOs between PD and OAs, and specific clinical 

groups within PD; 

• Convergent validity: Map body of literature that has explored relationships 

between real-world DMOs an clinical scales; 

• Predictive capacity: Identify studies that have explored longitudinal 

relationships between real-world DMOs and clinical outcomes. 

 

Chapter 3: General methods  

This chapter provides an overview of the general methods within this thesis, including 

detailed descriptions of the two datasets; Incidence of Cognitive Impairment with 

Longitudinal Evaluation – GAIT (ICICLE-GAIT) study and Mobilise-D Technical 

Validation Study (TVS).  

Chapter 4: Can real-world walking speed add value to assessment of disease 
severity in Parkinson’s disease?  

This chapter undertook a comprehensive exploration of RWS to understand what 

information it is providing. Specifically, whether RWS can assess real-world mobility 

impairment, through exploring cross-sectional and longitudinal differences between 
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PD and OA participants, before exploring cross-sectional and longitudinal associations 

with MDS-UPDRS III 

Aims 

• Explore whether RWS corresponds to known group differences in RWS in 

PD and compare to OAs, cross-sectionally 

• Explore whether RWS corresponds to known group differences in changes 

in RWS in PD and compare to OAs, longitudinally  

• Determine the convergent validity between RWS and MDS-UPDRS-III 

• Explore the relationship between change in RWS with change in MDS-

UPDRS III 
Hypotheses 

• RWS would be slower in PD across a range of WB durations 

• Longitudinally, RWS would reduce more rapidly in PD 

• RWS would show a weak to moderate relationship with the MDS-UPDRS III, 

dependent upon WB duration 

• Changes in RWS would not be related to changes in the MDS-UPDRS III. 
 

Chapter 5: Enhancing the understanding of real-world walking speed in 
Parkinson’s and aging: Influence of Indoor and Outdoor location 

This chapter aimed to understand whether inclusion of environment contextual data 

(indoor and outdoor location), alongside the WB duration is able to improve 

interpretation of RWS and provide further insight into what factors may influence real-

world mobility.  

Aims 

• Explore whether the volume of real-world walking is larger within indoor or 

outdoor locations, in different WB duration thresholds in PD and OA 

participants; 

• Determine if volume of walking within indoor and outdoor locations is 

significantly different between PD and OAs; 

• Explore whether mean RWS is significantly different between indoor and 

outdoor locations in different thresholds of WB duration for PD and OA 

participants; 
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• Determine whether RWS within indoor and outdoor locations is significantly 

different between PD and OAs. 

Hypotheses 

• The majority of real-world walking will take place indoors for both cohorts; 

with the largest proportion of indoor walking being comprised of short WBs 

and conversely largest proportion of outdoor walking being comprised of 

longer WB durations; 

• PD will have a significantly larger proportion of indoor walking activity in 

comparison to OAs; 

• Mean RWS would be significantly slower within indoor environments 

compared to outdoor settings for both cohorts across each WB duration; 

• Mean RWS would be significantly slower in PD participants in comparison 

to OAs across each environment, and WB duration threshold.  

 

Chapter 6: Gait adaptation in the real-world: Quantification of modulations within 
real-world walking speed in people with Parkinson’s and older adults 

This chapter described an exploratory study of the utility of a novel method of 

characterising the number of modulations that occur within RWS across WBs, real-

world locations and assessment contexts, and whether these modulations are different 

between PD and OAs 

Aims 

• Determine of the number of selected walking speeds (defined by the number 

of modes) in real-world and laboratory settings in PD and OAs 

• Explore whether selected walking speeds are modulated differently between 

WB duration thresholds and assessment context (laboratory vs real-world) 

Hypotheses 

• In the real-world, selected walking speeds would be dependent upon the WB 

duration, as mean RWS has been previously shown to differ between WBs 

(Del Din et al., 2016a). PD participants would be characterised by fewer 

selected walking speeds in comparison to OAs, demonstrating a reduced 

ability to adapt RWS (Lord et al., 2013c). 
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• Both groups would have a larger number of selected walking speeds in the 

real-world, in comparison to the laboratory, due to the need to adapt walking 

to a more complex environment. 

 

Chapter 7: Unravelling the clinical implications of real-world walking speed 
adaptations: A key to understanding real-world behaviour in Parkinson’s? 

This chapter undertook an explanatory analysis to understand the number of selected 

walking speeds correspond to. It was also explored whether the number of selected 

walking speeds changed as time progressed was explored.  

Aims 

• Undertake an explanatory analysis to understand what information is reflected 

by a larger or smaller number of selected walking speeds, across different WB 

durations in in PD and OAs 

• Characterise longitudinal differences in the number of selected walking speeds 

between PD and OAs 
Hypotheses  

• The number of selected walking speeds would reflect different clinical, 

demographic or gait-related factors dependent upon the WB duration  

• Longitudinal changes in modulations of selected walking speeds would occur 

more rapidly in PD, in comparison to OAs.  
 

Chapter 8: Thesis overview and conclusions 

This chapter provides a final overall summary of all chapters. It will outline key findings 

and the clinical implications of the thesis, along with discussion of limitations and 

recommendations for future research. 
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Chapter 2. Mapping the existing evidence of the clinical validity of 
real-world digital mobility outcomes: a systematic review 

This chapter contains a systematic review, which mapped the existing literature that 

has sought to clinically validate DMOs estimated from unsupervised and continuous 

assessments, to understand what they are telling us about real-world mobility.  

2.1    Introduction 

While there is large body of evidence that provides insight into the clinical measures 

that are reflected by DMOs assessed in a supervised setting (Polhemus et al., 2021), 

the existing literature exploring what clinical information is reflected by DMOs 

estimated from unsupervised and continuous real-world assessments has not been 

widely explored (Polhemus et al., 2021). Thus, the overarching aim of this chapter was 

to conduct a systematic review to address this gap and map the existing evidence of 

studies seeking to understand what real-world DMOs tell us about mobility. 

Furthermore, literature needs to be reviewed to establish similarities and differences 

in DMOs assessed in supervised and real-world environments, to understand the 

influence of environmental context upon the clinical utility of DMOs. It was hoped this 

review would also identify application of studies exploring the impact of real-world 

contexts and novel methods of statistical summary upon the construct validity of 

DMOs.  

2.1.1    Aims 

Aims: 

To explore the existing literature, to understand what information is reflected by real-

world DMOs, with the following specific aims:  

• Ecological validity: Identify existing studies that have sought to explore the 

influence of supervised and real-world assessment upon DMOs; 

• Known groups differences: Explore the existing literature that has quantified 

differences in real-world DMOs between PD and OAs, and specific clinical 

groups within PD; 

• Convergent validity: Map body of literature that has explored relationships 

between real-world DMOs an clinical scales; 
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• Predictive capacity: Identify studies that have explored longitudinal 

relationships between real-world DMOs and clinical outcomes. 

2.2    Methods 

2.2.1    Search strategy 
Systematic searches were conducted in 11 databases for peer-review and grey 

literature (ie., Master’s and doctorate theses) MEDLINE, EMBASE, CINAHL, Cochrane 

Library, Scopus, Web of Science, IEEE Xplore, ACM Digital Library, ProQuest 

Dissertations, OpenGrey, National Information Centre’s Projects in Progress 

Database. Criteria was limited to studies prior to October 2021, which was the date of 

the searches, where the lower limit was set to studies published during or after 1999. 

The search strategy can be observed in Appendix 2. 

2.2.2    Study selection  
For an article to be eligible, it must have reported an original analysis that addressed 

one of the RQs, with respect to an included DMO (Figure 1-1). 

Eligibility of articles was assessed through abstract and full text screening. All 

reviewers (CK, MM and HB) received training on review conduct prior to abstract 

screening and piloted eligibility criteria on a random set of 50 abstracts to ensure 

consistency. Four reviewers independently screened the abstracts, where the lead 

reviewer (CK) monitored consistency between reviewers throughout the abstract 

screening stage. Articles were included in the full-text screening if a single reviewer 

deemed an abstract eligible; articles were excluded if two reviewers opted for rejection. 

For the abstract screening, study design, review conduct, records of duplication, 

reference exclusion on an individual author contribution were managed in Rayyan 

(Cambridge, Massachusetts, USA). Initially, references were compiled in Zotero 

(George Mason University, Virginia, USA) and the final review libraries in Mendeley 

(Elsevier B.V., Amsterdam, The Netherlands), an open access reference management 

software. Any Duplicate studies were excluded, based upon comparing titles, authors, 

publication years and abstracts. 

Two reviewers (CK, MM) screened each full-text and extracted data if eligible, where 

all the data extraction items from the review can also be viewed in Appendix 3. 

Following data-extraction, disagreements were resolved through discussion. Data 

extraction forms were developed, and data extraction was conducted in Microsoft 

Excel (Microsoft, Washington, USA). Customised risk of bias and quality assessment 
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was developed, which assessed the external and internal validity of the included full 

text articles and is defined below (see - 2.2.4). This was completed alongside data 

extraction and reporting quality of bias is presented through narrative analysis and 

table summaries. 

2.2.3    Data analysis 
Data was extracted and analysed to provide a descriptive summary for each research 

question (RQ)  

1. Ecological validity: studies that recorded statistically significant differences 

between DMOs assessed in both supervised, and real-world assessments, in 

people with PD were documented. 

2. Known group differences: report the proportion of analyses that recorded 

statistically significantly differences in DMOs between groups (people with PD vs. 

OAs) or stratified differences between sub-groups of PD participants, such as 

comparison between: 

• Hoehn and Yahr stage (Goetz et al., 2008) 

• Freezing of gait symptoms, as recorded by the New Freezing of Gait 

Questionnaire (NFOG) (Nieuwboer et al., 2009) 

• Fall status, as recorded by falls diaries, or other means reported by the 

study 

Studies were identified that explored whether known group differences were stronger 

in supervised or real-world settings, so those studies were reported separately.  

3. Convergent validity: report the proportion of analyses that reported statistically 

significant associations between DMOs and included clinical measures such as: 

• The Movement Disorder Society Unified Parkinson’s Disease Rating Scale 

(MDS-UPDRS) total score, or MDS-UPDRS Part II, or MDS-UPDRS Part III and 

the MDS-UPDRS part III-Gait assessment (Goetz et al., 2008) 

4. Predictive validity: Determine whether there were literature exploring longitudinal 

associations between DMOs and clinical outcomes such as falls risk, FOG symptoms 

or motor severity.  

2.2.4    Quality assessment  
The quality of studies within a review, is usually conducted with respect to standardised 

guidelines. However, those standardised guidelines focus on healthcare interventions 
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such as randomised control trials. As such, a customised quality of appraisal form was 

developed, based upon the Quality Assessment Tool for Observational Cohort and 

Cross-sectional Studies (Zeng et al., 2015) which was assessed by two reviewers (CK 

and MM). Risk of bias/quality assessment relative to each research question and is 

summarised below (Table 2-1).  

Table 2-1. Quality appraisal assessment 

Category Aspect of quality 

External validity 

• Was the study population clearly specified and 

defined? (age/gender/condition) 

• Were inclusion and exclusion criteria for 

participants defined?  

• Was the research question or objective in this 

paper clearly stated? 

Internal validity 

• Were the main outcomes clearly described in the 

methods/introduction.   

• Could it be replicated? 

• Validated measures 

(criterion/convergent/discriminant validity) and 

implemented consistently across all study 

participants?  

• Devices for a data acquisition clearly reported? 

• Protocol clearly described 

• Sensor attachment reported? 

• Length of real-world assessment clearly described? 

• > 3 days of collected data controlled for? 

• Appropriate ethics and consent? 

Analysis 

• Were the statistical tests used to assess the main 

outcomes appropriate (i.e. parametric vs. non-

parametric)? 

• Probability values reported (e.g. 0.026 rather than 

<0.05) for the main outcomes. 

• Were key potential confounding variables 

measured and adjusted statistically for their impact 

on the outcome(s)? 

• Was reporting of results adequate (i.e. no selective 

reporting) 

The reviewer scored one if they felt the study has addressed that aspect of quality, 

and a zero if they believed the study has insufficient quality. The total score across 
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all aspects of quality was deemed as the quality score for that study. The average of 

the two scores between both reviewers was deemed as the final quality score. The 

classification of each quality score can be found below (Table 2-2).  

Table 2-2. Category of quality rating with their respective score range (Zeng et al., 

2015) 

Quality rating Score 
Poor 0 to 3 

Moderate 4 to 7 

Good 8 to 11 

Excellent > 12 

 

2.3    Results 
2.3.1    Characteristics of included studies 
The initial search identified 3518 articles, where 60 articles were eligible for the full-

text review. Seventeen articles that were eligible for all RQ; five of which were eligible 

for ecological validity, nine for known group differences, ten for convergent validity; and 

none for predictive capacity. An overview of the population characteristics for all 

eligible studies.  

Table 2-3. Population characteristics identified across the included articles. All 

variables reported as median and range.  

Population characteristics PD OAs 
Number of participants 47 (27, 106) 20 (17, 35) 
Age (years) 68.02 (66.6, 69.3) 67.9 (66.85, 69.8) 
MDS-UPDRS III (points) 32.95 (28.63, 34.69) - 
Hoehn and Yahr stage 2.07 (2, 2.45) - 
Disease duration (years) 6.45 (5.21, 7.60) - 
LEDD (mmhg) 470.46 (425.42, 532.75) - 

PD = Parkinson’s. OA = Older adults. MDS-UPDRS III = Movement disorder society unified Parkinson’s 
disease rating scale Part III. LEDD = levodopa equivalent daily dosage.  
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Figure 2-1. From identification to inclusion: number of articles identified, screened, and 

extracted for each stage of this systematic review. 

Across all of the 17 eligible studies, construct validity was explored across 114 

analyses. Known groups validity was the most widely explored aspect of construct 

validity (number of validations = 52), followed by ecological validity (n=22) and 

convergent validity (n=17). 

DMOs belonging from the pace domain had the largest number of analyses for their 

construct validity (Figure 2-2). In terms of individual DMOs, construct validity was most 

widely explored for walking speed (n = 17), step/stride length (n=9) and step/stride time 

(n=9).  
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Figure 2-2. The number of digital mobility outcomes identified across all studies and 

aspects of validity, grouped by gait model domain. (Lord et al., 2013b).  

For all studies heterogeneity in measurement methods was found with respect to 

instrument; sensor attachment; length of assessment; and WB duration from which 

each DMO was estimated (Table 2-4). Measurement methods of supervised studies 

can be viewed in Appendix 4.  
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Table 2-4. Measurement methodologies applied within real-world studies.  

Instrument Number (%) 
Wearable device (Lower back and feet) 6 (35%) 

Wearable device (Lower back) 6 (35%) 
Wearable device (Lower back) 6 (35%) 

Sensor attachment Number (%) 
Unreported 8 (47%) 
Velcro belt 4 (23%) 

Adhesive and bandage 3 (17%) 
Worn in pocket  1 (1%) 

Instrumented socks and elastic belt 1 (1%) 
Length of assessment Number (%) 

7 days 9 (52%) 
1 day 4 (23%) 
3 days 3 (17%) 
12 days 1 (6%) 

Walking bout (WB) duration Number (%) 
Unreported 5 (29%) 

All WBs > 3 s 4 (23%) 
All WBs > 1 minute 4 (23%) 

All WBs > 10s 2 (11%) 
15 to 30 seconds 2 (11%) 
20 to 30 seconds 2 (11%) 
30 to 60 seconds 2 (11%) 

WBs > 120 seconds 2 (11%) 
30 to 60 seconds 2 (11%) 

All WBs 1 (6%) 
All WBs > 15s 1 (6%) 

60 to 120 seconds 1 (6%) 
WBs < 10 seconds 1 (6%) 

WB = Walking bout.  

2.3.2    Ecological validity 
Across five studies, 22 explorations of the influence of real-world and supervised 

assessment upon DMOs was identified (Atrsaei et al., 2021; Corrà et al., 2021; Del Din 

et al., 2016a; Shah et al., 2020a; Toosizadeh et al., 2015). The majority of studies, 

reported DMOs that were significantly different between real-world and supervised 

assessments, excluding one article which demonstrated no differences in step time, 

stride length and stride duration (Shah et al., 2020c) (Figure 2-3). 
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Figure 2-3. Ecological validity: number and proportion of studies that reported 

significant differences or no differences between digital mobility outcomes assessed in 

real-world and supervised assessments. 

2.3.3    Known group differences 
Within the nine studies, 52 analyses were extracted exploring whether DMOs were 

significantly different between PD and OAs (Corrà et al., 2021; Del Din et al., 2019, 

2016a; Shah et al., 2020d, 2020b, 2020c; Terashi et al., 2020, 2013; Toosizadeh et 

al., 2015). The DMOs that were significantly different between PD and OAs in the 

largest proportion of analyses were swing time and step length asymmetry (100% of 

analyses), step length (75% of analyses), step length variability (66% of analyses), 

swing time variability (66% of analyses) and walking speed (60% of analyses). Known 

group differences were not reported for stride duration variability, stride time, double 

support time and step/stance time asymmetry (Figure 2-4).  
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Figure 2-4. Known group differences: number and proportion of studies that reported 

significant differences in digital mobility outcomes between Parkinson’s and control 

participants assessed in the real-world assessments.  

Twenty-three analyses identified within three studies explored whether DMOs 

estimated from real-world assessments were more sensitive to differences between 

PD and OAs in comparison to those assessed under supervised conditions (Del Din et 

al., 2016a; Shah et al., 2020c; Toosizadeh et al., 2015). In the pace domain, walking 

speed was significantly different between groups in the same proportion of analyses 

(33%). In contrast, step/stride length was more consistently different when assessed 

in real-world settings. From the other domains, only swing time and step length 

asymmetry when assessed in the real-world were significantly different between PD 

and OA (Figure 2-5).  
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Figure 2-5. Known group differences: number and proportion of studies that reported 

significant differences or no differences in digital mobility outcomes between 

Parkinson’s and control participants assessed in either real world or supervised 

conditions. Only solid fill colour reported significant differences. 

Ten analyses across five studies explored whether DMOs can discriminate between 

known clinical groups (Del Din et al., 2019; Mancini et al., 2021; Terashi et al., 2013; 

Weiss et al., 2015, 2014). Walking speed, step length and walking speed variability 

were able to discriminate fallers from non-fallers and differed between Hoehn and Yahr 

stages. However, walking speed and step time were unable to distinguish FOG from 

non-FOG (Figure 2-6).  
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Figure 2-6. Stratified differences between groups: number and proportion of studies 

reporting statistical differences or no statistical difference in digital mobility outcomes 

between different Parkinson’s groups.  

2.3.4    Convergent validity 
Within 10 studies, 17 analyses were identified exploring the convergent validity of 

DMOs (Corrà et al., 2021; Galperin et al., 2019; Mancini et al., 2021; Shah et al., 

2020d; Terashi et al., 2020, 2013; Weiss et al., 2015, 2014). Walking speed was not 

associated with any component of the MDS-UPDRS total score and parts II & III. 

However, two analyses recorded associations with the MDS-UPDRS III gait-item 

(Corrà et al., 2021). One study found step length and swing time variability was 

associated with PIGD sub score (Shah et al., 2020d) (Figure 2-7).  
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Figure 2-7. Convergent validity: number and proportion of studies reporting statistical 

associations or no statistical association between digital mobility outcomes and 

Parkinson’s clinical scales. 

2.3.5    Predictive capacity 
No studies explored the predictive capacity of real-world DMOs.  

2.3.6    Quality assessment 
Overall, the quality of studies was moderate [median = 11, IQR = 9, Range = 8:13]  

2.4     Discussion 

The overarching aim of this review was to map the existing evidence exploring the 

construct validity of real-world DMOs. From 3518 articles identified from the initial 

search, only 17 articles were eligible for data extraction. This is substantially fewer than 

the 307 articles identified in a similar review of only supervised-based DMOs 

(Polhemus et al., 2021). Real-world mobility monitoring is technically challenging 

because algorithm performance may differ across WB duration and is also influenced 

by various contextual factors such as terrain (Kowalsky et al., 2021), weather (Kim and 

Brown, 2022), and specific types of environments (Del Din et al., 2016a; Mazzà et al., 

2021; Shah et al., 2020a). Furthermore, there was no common consensus about how 

to contextualise RWS, as differences in which WB duration thresholds to apply to 
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estimate DMOs from was observed, which limits comparison. Seven articles (40%) 

recorded data for less than three days, where it has previously been demonstrated that 

more than three days of assessment is necessary to obtain reliable data (Czech et al., 

2020). In terms of sensor location and number, less than half of the included studies 

(n = 6, 35%) positioned a single wearable device on the lower back, which has been 

shown to provide reliable measurements, whilst also accounting for the usability needs 

of the participant (Del Din et al., 2016b; Keogh et al., 2023; Soltani et al., 2021). The 

lack of literature, combined with methodological heterogeneity identifies the need for a 

common consensus and robust technical validation that maximises the accuracy, 

reliability, and validity of real-world DMOs.  

2.4.1     Are DMOs different between context of assessment? 
The majority of studies reported that DMOs were significantly different between 

supervised and real-world assessments (Atrsaei et al., 2021; Corrà et al., 2021; Del 

Din et al., 2016a; Shah et al., 2020c; Toosizadeh et al., 2015). For a DMO to be 

considered ecologically valid, it must be demonstrated that it’s measurement can be 

generalized to real-world environments. The difference between supervised and real-

world assessments of mobility have previously been well described (see - 1.2.2 to 

1.2.3). Supervised assessment provides insight into an individual’s mobility capacity 

under optimal conditions, where real-world assessment provides insight into mobility 

performance (Rochester et al., 2020; Viceconti et al., 2022). The current assessment 

of PD mobility typically only includes an assessment of capacity, which is then 

generalised to their real-world performance. However, these findings further 

strengthen the argument that real-world and supervised mobility is different, thus 

supporting the inclusion of real-world data, to capture information not captured by 

existing clinical assessment.  

Real-world environments posed more of a challenge to mobility (see – 1.2.3), which is 

reflected by the majority of DMOs being lower when assessed in the real-world (Atrsaei 

et al., 2021; Del Din et al., 2016a; Shah et al., 2020c; Toosizadeh et al., 2015). One 

study however reported no difference in stride length between assessment settings 

(Shah et al., 2020c). This was surprising given that step/stride length is a gait 

disturbance that has been consistently associated with PD in both supervised and real-

world settings (Del Din et al., 2016a; Zanardi et al., 2021). Despite finding no difference 

in stride length, Shah et al., 2020c, found that walking speed was significantly slower 

in the real-world, this suggests that in their cohort participants modulated their real-
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world mobility through adaptation of their overall walking speed, rather than underlying 

gait.  

Corrà et al., 2021, explored the influence of medication state upon the ecological 

validity of walking speed. Despite finding no association between the mean value of 

walking speed, they did find associations between supervised and real-world walking 

speeds when the participant was ON-medication and when RWS was estimated from 

the upper, percentiles in its distribution, representing its fastest real-world speeds. This 

demonstrates the context of which it's possible for an individual to achieve their 

capacity in the real-world. These associations may not have been found if walking 

speed was summarised with the mean value and demonstrate that real-world DMOs 

reflect different aspects of mobility, dependent upon the region of the distribution they 

are extracted from.  

Real-world DMOs are more complex, and condensing of DMOs into singular values 

(mean, median etc.,) may exclude potentially clinically important patterns that exist 

inside the datasets. Atrsaei et al., 2021 included a novel method of summarising 

walking speed based upon different regions, or modes, within its distribution. They 

found only the median walking speed estimated from the individuals ‘fastest’ or 

‘highest’ mode reflected their supervised-walking speed. Furthermore, they 

demonstrated a link between a slower ‘lowest’ mode, with an increased number of 

levodopa intakes. However, they only collected data across one day, and the sample 

size was small (n = 27), and motor symptom severity was low (MDS-UPDRS III = 25). 

Furthermore, they fitted the same bi-modal distribution to all participants, which 

assumes each individual had the same number of modes. Further findings in a larger 

cohort, that have been assessed across a larger number of days in the real-world is 

required to confirm these findings. However, this is promising and demonstrates how 

novel methods of statistical summary can provide an objective measure of the impact 

of fluctuations in symptoms and medication state upon real-world mobility, which 

cannot easily be replicated in a supervised setting.  

2.4.2     Do DMOs discriminate between PD and OAs? 
Within the real-world studies, the majority of DMOs were significantly different between 

PD and OA participants (Del Din et al., 2019, 2016a; Shah et al., 2020d, 2020d, 2020b; 

Toosizadeh et al., 2015). PD participants were largely in the early stages and mild to 

moderate in their motor symptom severity (MDS-UPDRS III across all studies mean = 

32.95, range = (28.63, 34.69). This demonstrates how real-world DMOs are sensitive 
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to detecting real-world mobility impairments in PD. Despite walking speed being the 

most widely studied DMO, reduced step length and increased step length variability 

were more consistently identified as significantly different between groups. A slower 

walking speed is seen as age increases (Wilson et al., 2020; Zanardi et al., 2021), 

whereas reduced step length was more typically associated with PD (Morris et al., 

1996; Zanardi et al., 2021). One study found step length asymmetry was significantly 

larger in PD compared to OAs (Del Din et al., 2016a), which is not surprising, given 

that an asymmetrical walking pattern has typically been observed in PD (Del Din et al., 

2016a), where gait asymmetry maybe related to asymmetric neural degeneration 

within the basal ganglia (Peterson and Horak, 2016). However, in that study 

differences in DMOs were largely dependent upon the real-world context, or WB 

duration, that the DMO was estimated from.  

Real-world walking is comprised of various WBs, which may reflect different activities 

dependent upon the WB duration threshold that DMO is estimated from (see – 1.4.3). 

Del Din et al., 2016a, was the only study to explore the influence of WB duration upon 

differences in DMOs between PD and OAs. They found no group differences, when 

the DMO was estimated from very short WBs (< 10 seconds). Activity within very short 

WBs < 10 seconds is noisy and is does not contain activities that directly relate to gait  

(Micó-Amigo et al., 2023). In contrast, they found that DMOs from the pace domain 

were lower in PD in comparison to OAs as the WB duration increased. Differences in 

rhythm (step, swing, and stance times), and asymmetry were only present in medium 

length WBs. While measurement of environment is not typically included in real-world 

protocols, it is inferred that short WBs take place within the home environment, in 

contrast to long WBs (> 60 seconds), that could likely only be accommodated within 

open outdoor spaces, encapsulated steady state gait, where fastest walking speeds 

may be achieved. DMOs estimated from these faster WBs, may reflect closer to an 

individual’s mobility capacity, which is already assessed within a supervised setting. In 

contrast, short to medium length WBs may contain a larger proportion of essential 

activities of daily living, which provide a more functionally relevant mobility insight, 

reflecting an individual’s real-world mobility performance. This work demonstrates why 

real-world contexts are critical to interpretation of real-world mobility.  

Three studies explored whether differences between PD and OAs in DMOs were 

greater in the real-world, in comparison to supervised settings (Del Din et al., 2016a; 

Shah et al., 2020c; Toosizadeh et al., 2015). Differences in walking speed were similar 
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when assessed in either real-world or supervised settings (33% of analyses reporting 

significant differences); one study found group differences in walking speed only 

existed in supervised assessment (Toosizadeh et al., 2015). However, they only 

assessed gait over 24 hours (Buckley et al., 2020) and did not aggregate walking 

speed within WB thresholds. In contrast to walking speed, some aspects of step length 

discriminated between people with PD and controls more consistently in the real-world 

rather than supervised settings, where differences in step length asymmetry were only 

present in the real-world (Del Din et al., 2016a).  Due to the more challenging nature 

of real-world environments (navigation of furniture, obstacles, human traffic etc.,), this 

would’ve propagated to a more asymmetrical walking pattern in PD, as they are unable 

to regulate their real-world gait to account for environmental challenges as well as OAs. 

These findings further support the need for ecological valid DMOs to be applied as 

mobility outcomes to provide a more complete insight.  

2.4.3    Do DMOs discriminate between clinical groups in PD? 

Seven analyses explored whether DMOs can stratify differences between freezers, fall 

status and Hoehn and Yahr stage (Del Din et al., 2019; Mancini et al., 2021; Terashi 

et al., 2013; Weiss et al., 2015, 2014). Lower walking speed and stride length, and 

increased walking speed variability were consistently able to distinguish fall status in 

PD (Del Din et al., 2019; Weiss et al., 2014). However, no difference in walking speed 

and step time were found between individuals with and without freezing of gait 

symptoms (Mancini et al., 2021; Weiss et al., 2015). Gait freezing is speculated to be 

contextually sensitive (Nieuwboer et al., 2009), and may typically occur during shorter 

periods of walking undertaken in more confined home-based environments, which 

involve sharp turns (Mancini et al., 2018). Both studies exploring DMOs in individuals 

with FOG symptoms, did not aggregate based upon WB duration. HY stage measures 

functional disability and is scored from 0 (unilateral involvement only usually with 

minimal or no functional disability) to 5 (confinement to a wheelchair). A slower walking 

speed and increased stride duration were associated with a larger HY stage (Terashi 

et al., 2013; Toosizadeh et al., 2015), demonstrating how real-world mobility 

impairments correspond to clinicians rating of progression in functional disability.  

2.4.4    Do DMOs relate to clinical measurements of PD severity? 
In comparison to the other RQs, there was a limited number of analyses that explored 

the convergent validity of real-world DMOs with traditional clinical scales (n=17). The 

most widely explored relationship was with the MDS-UPDRS III (number of analyses 
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= 5), however no relationship with any DMO and total score was identified. The MDS-

UPDRS III is a large composite score, which despite including a gait item in its 

assessment, is also comprised of many upper and lower body items not directly related 

to gait. The PIGD score (J. Jankovic, 1990) was calculated from the gait-related items 

of the MDS-UPDRS III, where Shah et al., 2020d found stride length to be associated 

with PIGD score. This is logical given than during the gait-item of the MDS-UPDRS III 

raters are advised to observe step/stride lengths specifically (Goetz et al., 2008).  

Corrà et al., 2021, explored whether walking speed was related to only the gait item of 

the MDS-UPDRS III. Despite finding no association with the mean walking speed, they 

did find associations with the MDS-UPDRS III gait item from the 90th percentile of 

walking speed when ON medication, and the 25th percentile of walking speed when 

OFF medication. The MDS-UPDRS III, is a capacity measure so an association with 

the 90th of RWS assessed in an optimal medication state (ON) (representing real-world 

capacity), is not surprising. When mobility was assessed in an OFF state, they 

observed associations with the lowest percentiles of RWS with the MDS-UPDRS III-

gait item (also assessed in OFF). This demonstrates how only the lowest real-world 

mobility was related to lowest measurements in a capacity setting. However, they didn’t 

include WBs < 15 seconds, which potentially excluded the slowest real-world WBs. No 

study had systematically explored whether estimation of DMOs within each WB 

duration threshold, influences its convergent validity, this makes for an essential next 

study.  

2.4.5    Are DMOs able to predict clinically important outcomes?  
It was not possible to identify any studies which explored whether DMOs were able to 

predict clinical important outcomes (such as falls risk, motor severity, hospitalization 

etc.,). This finding was expected given that a similar previous review identified limited 

evidence exploring the predictive capacity of supervised DMOs (Polhemus et al., 

2021), and given that there is a limited number of longitudinal studies with wearable 

data. A lack of evidence may stem from several technical challenges that need to be 

addressed, which limits the confidence of researchers to collect longitudinal data. 

Furthermore, there is a limited consensus on what the best statistical approach toward 

modelling complex interplay between real-world DMOs and clinical outcomes. In order 

to understand whether DMOs can predict important clinical outcomes, such as motor 

disease progression or falls risk, this is an essential gap that must be addressed in the 

literature (Polhemus et al., 2021; Rochester et al., 2020; Viceconti et al., 2020). 
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2.5    Limitations 
A large number of articles from a comprehensive search strategy were identified, which 

following a rigorous screening process reduced the data for extraction to just 17 

articles. Despite only including spatial-temporal DMOs in the eligibility criteria, there 

several studies that explored the clinical utility of DMOs at a macro level only, which 

would’ve increased the number of studies and scope of the review. Additionally, DMOs 

related to turning were not included, which may have had stronger clinical relationships 

particularly in the instance of Shah, et al. 2020 and Mancini, et al. 2021, who both 

found strongest relationships with freezing of gait symptoms with turning measures. 

More complex DMOs based upon machine learning, deep learning and signals 

processing paradigms have been quantified using real-world data (spectral density, 

signal magnitude, signal regularity, single complexity) (Coates et al., 2020; Rehman et 

al., 2020), and explored with respect to their clinical validity. Although not included 

within this review, perhaps a future research direction in PD, could be whether more 

complex DMOs have stronger clinical validity than spatial-temporal DMOs. However, 

spatial-temporal DMOs are advantageous when considering interpretability to 

clinicians and patients. The body of real-world literature will rapidly expand over the 

next few years so it’s vital for similar reviews as the present study to be updated.  

2.6    Conclusions  
Overall, this review identified that there was limited evidence to support the clinical 

validity of real-world DMOs and therefore understand their potential utility to inform 

research and clinical practice. This was particularly true for predictive capacity, where 

no evidence was identified, which highlights the need for collection and analysis of 

longitudinal real-world datasets. Some differences in DMOs were dependent upon the 

environment they were assessed within, which highlights the importance of including 

real-world measurements to ensure DMOs are ecological valid. Real-world 

environments are complex and variable, and a more granular approach to 

understanding real-world data would be to explore how specific types of environments 

(indoor or outdoor) influence the aspect of mobility that is being assessed by RWS. 

Strongest findings were observed with studies that aggregated DMOs within specific 

WB durations or that used novel summary statistics based upon extreme values in the 

distribution.  
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Chapter 3.  General methods 

This chapter provides an overview of the general methods within this thesis, including 

detailed descriptions of the two datasets of participants included in this thesis; 

Incidence of Cognitive Impairment with Longitudinal Evaluation – GAIT (ICICLE-GAIT) 

study and Mobilise-D Technical Validation Study (TVS). In the original thesis proposal 

submitted to the University during my first year, it was intended to include the TVS 

dataset only.  However, due to impact of the COVID-19 pandemic the availability of the 

TVS dataset was extensively delayed, so permission was granted to include 

participants from the ICICLE-GAIT study to continue progression of this thesis whilst 

awaiting availability of the TVS data. As such, the analysis of Chapters 4 & 7 was 

conducted with ICICLE-GAIT and Chapter 5 & 6 with the TVS-dataset. I was not 

involved with the data collection process of ICICLE-GAIT, as the study took place prior 

to the start of my PhD. For Mobilise-D, I trained to assist in the face-to-face data 

collection, however due to COVID-19, there was a need to limit footfall in the 

laboratory, as such I did not have a role in data collection.  

3.1    ICICLE Dataset 

Participants were recruited from the ICICLE-GAIT study (Del Din et al., 2016a; 

Rochester et al., 2014; Wilson et al., 2020; Yarnall et al., 2014). The main objective of 

ICICLE-GAIT was to examine the utility of gait, as a surrogate marker of cognitive 

decline and falls in early PD. Recruitment took place between June 2009 and 

December 2011. Participants were diagnosed with idiopathic PD according to the UK 

Parkinson’s Disease Brain Bank criteria (Hughes, 1992) by a movement disorders 

specialist and diagnosis was confirmed at each follow-up visit. Baseline exclusion 

criteria comprised: significant memory impairment (Mini-Mental State Exam (MMSE) 

<24) or a diagnosis of Parkinson’s disease dementia (Emre et al., 2007); dementia with 

Lewy bodies; drug-induced parkinsonism; ‘‘vascular’’ parkinsonism; atypical 

parkinsonian disorders;  poor command of English; or presence of any neurological 

(other than idiopathic PD), orthopaedic, or cardiovascular conditions that severely 

impacted mobility. OAs had to be at least 60 years of age, walk independently without 

a walking aid and have no substantial cognitive impairment, mood or movement 

disorder. Participants underwent clinical and real-world assessment at 18-, 36-, 54- 

and 72-months following baseline assessment. Across all time points, 88 individual PD 

participants, from a total of 120 and 111 people from 184 OAs for whom data was 
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available were included. ICICLE-GAIT was undertaken in accordance with the 

Declaration of Helsinki and was granted ethical approval from the Newcastle and North 

Tyneside Research Ethics Committee (Ref: 09/H0906/82). All participants provided 

written informed consent prior to assessment.  
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Figure 3-1. Recruitment and deviation diagram for the ICICLE-GAIT study 

3.2    Demographical and clinical measures  

Participants underwent clinical and real-world assessment at baseline, 18-, 36-, 54- 

and 72-months following baseline assessment. For clinical and demographic 

assessment, participants were tested ‘ON’ medication, defined as within hour after PD 

medication. Participants were assessed with the MDS-UPDRS (Goetz et al., 2008) 

(score min to max 0-199). The MDS-UPDRS III consists of four parts, however only 

MDS-UPDRS part II and part III were investigated in this thesis, and the majority of 

ICICLE.  MDS-UPDRS II assesses motor experiences of daily living (score min to max 

0-52), where MDS-UPDRS III assesses motor symptom severity (score min to max 0-

108), alongside the Hoehn and Yahr stage (0-5). Incidence of gait-freezing was 

assessed with the New Freezing of Gait Questionnaire (NFOG) (Hulzinga et al., 2020) 

(score min to max 0-25), and Levodopa Equivalent Daily Dosage (LEDD) was 

calculated in accordance with previously defined methods (Tomlinson et al., 2010). 

3.3    Real-world gait assessment protocol  

Participants were asked to wear a wearable sensor (Axivity AX3, York, UK) 

(23.0×32.5×7.6 mm; weight: 11 grams, data collected at 100 Hz, range ± 8 g). The 

sensor was attached over the fifth lumbar vertebra (L5) with a hydrogel adhesive 

(PALStickies, PAL Technologies, Glasgow, UK) and covered with Hypafix™ bandage 

upon their lower back. They were subsequently monitored during their everyday 

activities for 7-continuous day and were asked to continue their normal routine. After 

seven days, participants removed the device and posted it back to the researcher (Del 

Din et al., 2016a).  

3.4    Data processing & DMO estimation   

All macro and micro level DMOs, were processed from the tri-axial raw accelerometer 

data, using bespoke validated algorithms implemented in MATLAB® R2018a 

(Mathworks, California, United States) (Del Din et al., 2016b; Hickey et al., 2016). 

3.5    Walking bout detection (Macro) 

First, periods of walking were segmented from non-walking. The detection and 

segmentation algorithm employed a logical heuristics paradigm, as defined in a 

previous work (Hickey et al., 2016). Periods of upright signal were analysed by a 
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moving window, based upon the combined SD of accelerations and mean of vertical 

acceleration. A conservative approach was adopted and used a threshold of three 

steps (minimum bout length) to define a WB with a minimum resting period of 2.5 s 

between bouts (Del Din et al., 2016b). The algorithm was validated and demonstrated 

excellent relative and absolute agreement with gold standard (wearable camera) 

(Hickey et al., 2016). Pattern of ambulatory behaviour was assessed through 

estimation of Alpha and Variability.  

 Alpha is defined as the distribution of WBs, a lower alpha indicates that a greater 

proportion of the individuals Macro activity is derived from longer WBs (Lord et 

al., 2013c). Alpha has been previously defined in PD and OA participants 

(Chastin et al., 2010; Lord et al., 2011b).  

 Variability is defined as the within participant variability in WB duration (Lord et 

al., 2013c). Variability is calculated from maximum likelihood estimation, as 

distribution of bout length is log normally distributed (Rochester et al., 2012). A 

higher variability score indicates a more varied pattern of walking. 

3.6    RWS estimation (Micro) 

The accelerometer data was transformed into a horizontal-vertical coordinate system 

and filtered with a fourth-order Butterworth filter at 20 Hz. First, the algorithm estimated 

Initial contact (IC) and final contact (FC) gait events from a continuous wavelet 

transformation (CWT). The IC were detected as the local minima of the CWT. A further 

differentiation with the Gaussian CWT resulted in the local maxima being defined as 

the FC events. IC and FC events were then used to estimate step, stride, stance, and 

swing times. To estimate step length, the algorithm adopted the inverted pendulum 

model, as described in a previous work (Zijlstra and Hof, 2003). Where ℎ refers to the 

change in height of the device, derived using the double integration of the vertical 

acceleration signal and 𝑙𝑙 is the pendulum length (height of the sensor from the ground). 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐿𝐿𝑆𝑆𝐿𝐿𝐿𝐿𝑆𝑆ℎ = 2�2𝑙𝑙ℎ − ℎ2 

Walking speed was estimated as the ratio of step length to step time: 

Walking speed = Step length / step time 

This algorithm was validated in a previous work, with excellent relative and absolute 

agreement when compared to a gold-standard instrumented walkway (Del Din et al., 

2016b). This method was applied to estimate the mean, variability (SD of steps) and 
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asymmetry (AverageLeft – AverageRight), of all 15 DMOs from each domain in the 

conceptual model of gait (Figure 1-1D) 

 

Figure 3-2. Protocol and data extraction for real-world gait assessment. A) Axivity AX3 

sensor is attached to the lower back with a hydrogel adhesive (PALStickies, PAL 

Technologies, Glasgow, UK) and covered with Hypafix™ bandage. B) Participant 

continues their normal weekly activities, whilst the device monitors their mobility over 

seven-consecutive days. C) Segment periods of walking from non-walking (Hickey et 

al., 2016). D) Detection of initial contact gait events within WBs (Del Din et al., 2016b). 
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E) Estimation of step length based upon the inverted pendulum model (Zijlstra and Hof, 

2003). F) Extraction of real-world walking speed and battery of digital mobility 

outcomes.  

3.7    Mobilise-D technical validation study dataset 

The Mobilise-D TVS, was cross-sectional study, conducted as the first phase of the 

Mobilise-D project (Mazzà et al., 2021; Rochester et al., 2020). Mobilise-D is a public-

private partnership, that represents the combined efforts of 34 global academic and 

industrial research partners, aiming to deliver a solution for the remote digital 

assessment of mobility (Rochester et al., 2020). This thesis only includes data from 

the TVS, as it was the only data that became available during my PhD studentship. 

The primary objective of the TVS was to produce and extensively validate a single-

sensor algorithm combination in its ability to estimate DMOs across a variety of cohorts 

and environments, before establishing participants and assessors’ opinions on the 

usability and acceptability of the devices (Mazzà et al., 2021). Recruitment took place 

between August 2020 and December 2021 where the consortium targeting a 

convenience sample of 20 participants to be recruited from each of the cohorts defined 

in Section 3.2. This thesis includes only the PD and OAs cohorts. inclusion and 

exclusion criteria is defined below (Table 3-1).  
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Table 3-1. Inclusion and exclusion criteria for the Parkinson’s and older adult cohorts 

of Mobilise-D.  

Group Inclusion criteria Exclusion criteria 
Both groups • Able to walk 4 metres 

independently with or without 

walking aids 

• Able to give informed consent 

• Willingness to wear the sensor 

setups during the study 

• Shoe size 36 EU (3 UK), or above 

• Able to read and write in first 

language of the respective 

country 

• Montreal Cognitive Assessment 

score > 15 (Nasreddine et al., 

2005) 

• Available for home / office visit 

during study period 

• Occurrence of any of the 

following 3 months prior to 

inclusion:  

myocardial infarction, 

hospitalisation for unstable 

angina, stroke, coronary 

artery bypass graft, 

percutaneous coronary 

intervention, implantation 

of a cardiac 

resynchronisation therapy 

device 

• Current medical condition 

that could interfere with the 

patient’s compliance 

PD • Aged 18+ years 

• Diagnosis of PD according to the 

Movement Disorders Society 

criteria (Postuma et al., 2015) 

• Impaired mobility related to 

non-PD causes as judged 

by the investigator 

OA • Aged 65+ years  

 

Twenty PD and 20 OA participants were recruited across four sites: Tel Aviv Sourasky 

Medical Centre, Israel (ethics approval granted by the Helsinki Committee, Tel Aviv 

Sourasky Medical Centre, Tel Aviv, Israel, 0551-19TLV), Robert Bosch Foundation for 

Medical Research, Germany (ethics approval granted by the ethical committee of the 

medical faculty of The University of Tübingen, 647/2019BO2), University of Kiel, 

Germany (ethics approval granted by the ethical committee of the medical faculty of 

Kiel University, D438/18) and The Newcastle upon Tyne Hospitals NHS Foundation 

Trust, UK (ethics approval granted by London—Bloomsbury Research Ethics 

committee, 19/LO/1507). As per the study register (ISRCTN, 12246987). The study 

commenced in April 2020, however due to COVID-19 the study began in August 2020 

and concluded in April 2022. 
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3.8    Demographic and clinical measures 

All the demographic and clinical variables assessed within participants of the TVS can 

be viewed in Table 3-2.  

Table 3-2. Demographic and clinical information assessed within the TVS. 

Category Variable 

Descriptive 

• Age 

• Sex 

• Living arrangements 

• Education 

Anthropometric 

• Height  

• Mass 

• Shoe size 

• Waist width 

Clinical status 

• Comorbidities 

• Number of falls and injuries in the 12 

months prior to assessment 

• Walking aid usage 

• Current medication 

• Montreal Cognitive Assessment 

(Nasreddine et al., 2005) (score min to 

max 0-30) 

• Visual Analogue Scale (Campbell and 

Lewis, 1990) (score min to max 0-100) 

• Late-Life Function and Disability 

instrument (Jette et al., 2002) (score 

min to max 0-100). 

Motor disease severity 
• MDS-UPDRS III (Goetz et al., 2008), 

(score min to max 0-108) 

MDS-UPDRS III: Movement Disorder Society-Unified Parkinson’s Disease Rating Scale Part III  

3.9    Protocol 

Participants were assessed in the laboratory and the real-world. Mobility data was 

collected with a wearable device (McRoberts Dynaport MM+) (sampling frequency 100 

Hz, triaxial acceleration range: ±8 g / resolution: 1 mg, triaxial gyroscope range: ±2000 

degrees per second (dps)/ resolution: 70 mdps), secured to their lower back with a 

Velcro belt.  
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3.9.1    Laboratory protocol  

Participants were asked to complete seven tasks with increasing complexity: straight 

walking, timed up and go, L-test, surface test, hallway test and simulated daily 

activities. Each task was designed to assess various elements associated with real-

world walking including a range of walking speeds, incline/steps, surface, path shape, 

turns and specific motor tasks to simulate of typical real-world transitions (Mazzà et al., 

2021; Scott et al., 2022).  

3.9.2    Real-world protocol 

The participants were equipped the wearable device and asked to carry a Samsung 

Galaxy S9 (Samsung, Seoul, South Korea) smartphone, with the AEQORA application 

(Ciravegna et al., 2019) installed, which enables the measurement of contextual 

confounding factors that are defined below. Participants were instructed to go about 

their normal activities and asked to always wear the DynaPort MM+, excluding during 

water-based activities, continuously over seven days.  

 

Figure 3-3. Equipment worn by the participant to assess mobility during the real-world 

gait protocol. 
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3.10    Data processing & DMO estimation 

3.10.1    Algorithm selection (pre-technical validation study) 

The pre-technical validation study (pre-TVS) was conducted prior to the TVS with the 

purpose of identifying, optimising, and comparing the performance of many algorithms 

for each block of the processing pipeline (Figure 3-4). Initially, researchers conducted 

an extensive review of the literature to identify algorithms that have been applied to 

extract gait features from a single device. These algorithms underwent optimisation 

and development in accordance with definitions identified from a consensus-based 

framework for digital mobility monitoring (Kluge et al., 2021), in software packages 

such as MATLAB® (Mathworks, California, United States) and Python® (Python 

Software Foundation, Delaware, USA). All of the algorithms were uploaded onto a 

GitLab repository, before packaging to be run on the e-Science Central platform (e-

SC) (Hiden et al., 2013).  

 

 

Figure 3-4. The Mobilise-D pipeline for digital mobility outcome estimation.  

Due to the complexity and size of the data required in the Mobilise-D project, the e-SC 

platform was employed (Hiden et al., 2013), to avoid high computational cost, and 

delayed processing times caused by data-processing by individual researchers, and 

allow storage of large datasets. e-SC is a cloud-based application, which enables the 

processing and manipulation of data through an in-browser window editor, providing 

users with the ability to build workflows by dragging services and connecting them. 

Algorithms were packaged onto the e-SC platform from GitLab utilising Docker 

Containers, which enables to code from MATLAB or Python to run in a separated 

environment (comprising a docker container), in the same workflow. Thus, all of the 
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algorithms to be evaluated within a specific block of the processing pipeline can be 

processed en-masse with a single click (Figure 3-5). 

 

Figure 3-5. Graphical representation of the Cadence workflow, the input data was the 

raw inertial measurement unit data, which was passed through the following steps: A) 

Pre-process; extracts naming and time-zone information. B) Dummy blocks; applies 

the same ‘dummy’ algorithm from the gold standard in either laboratory or free-living 

conditions, to estimate fake/dummy outputs needed for individual evaluation of each 

cadence block. Dummy algorithms for cadence estimation include gait sequence 

detection, stride detection, and left right estimation. C) Cadence estimation; can select 

any of the 20 cadence algorithms under evaluation, which can be combined within the 

same workflow (Figure 3-9). D) Stride interpolation; defines output files on a per second 

and per stride level. E) Post process; ensures correct naming and saving of each 

results file.  

 

Figure 3-6. Example cadence workflow, containing six of the 20 cadence algorithms, 

for graphical representation.  



58 
 

In the pre-TVS, algorithms was concurrently validated, as defined by Bonci et al., 2020. 

This validation was performed upon previously existing dataset that were provided by 

consortium partners and stored upon the e-SC platform. The best performing 

algorithms upon these datasets underwent further optimisation, before undergoing 

validation upon the data collected from the TVS protocol.  

3.10.2    Algorithm selection (Technical validation study) 

Algorithms were ranked based upon their performance upon TVS dataset, where the 

best performing algorithm for each block of the DMO pipeline (Micó-Amigo et al., 2023) 

was identified (Figure 3-7). As algorithms were applied upon the data of the PD and 

OA cohorts separately, both cohorts differed in their best ranked algorithm for GSD 

and cadence blocks. As a result, two pipelines; P1 and P2 were created for OA and 

PD cohorts respectively, below the technical description of each block of the DMO 

pipeline is detailed (Figure 3-7). The pipelines to estimate RWS have been extensively 

validated by Kirk et al., 2023b. For all types of evaluations various 

statistical/comparison measures were evaluated to quantify the walking speed 

estimation error for the sensitivity analysis: 

• Intra Class Correlation Coefficient (ICC(2,1)) was calculated to assess the 

association between the DMOs of the two systems. Based on ICC estimates, 

values < 0.5, between 0.5 and 0.75, between 0.75 and 0.9, and > 0.90 were 

deemed to be indicative of poor, moderate, good, and excellent reliability, 

respectively.  

• Absolute agreement was assessed by quantifying (i) the accuracy/mean 

absolute error (MAE), (ii) bias/mean error and (iii) precision/limits of 

agreements (LoA) between walking speed estimates of both systems. 

• Mean relative errors (MRE) and mean absolute relative error (MARE) were 

estimated as the ratio between the (absolute) errors per WB and the 

corresponding estimates from the reference system, expressed as a 

percentage. 
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Figure 3-7. Overview over the different algorithmic steps of the gait analysis pipeline 

with short explanations of the intermediate and final outputs of each of the algorithmic 

blocks. The algorithm column in indicates the used algorithms for the two pipelines P1 

(PD) and P2 (OA). Algorithms include, gait sequence detection (GSD), turning 

detection, initial contact detection (ICD), cadence estimation (CAD) and stride length 

estimation (SL). Short citations for the algorithms are provided below the figure. For 

more details see Kirk et al., 2023b. 
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3.10.3    Indoor or outdoor estimation  

GPS data needed to estimate the contextual factors under assessment in the TVS 

were captured from the AEQORA application installed on the Smart Phones that 

participants were asked to wear during the real-world protocol of the TVS (Ciravegna 

et al., 2019). The only contextual factor investigated in this thesis, was whether the 

participant was indoor or outdoor, which was estimated from staypoint information. A 

staypoint is defined as a location where a participant spends a significant amount of 

time. There are two methods to estimate these locations:  

Method (i) If the phone does not attempt to acquire GPS data, it determines that it is 

stationary. In this period, it can be assumed that the participant is positioned at the last 

recorded GPS location, however this is prone to error as the participant may not be at 

last GPS location due to their phone running out of battery, or lost GPS signal.  

Method (ii) The second method utilises the proximate consecutive GPS locations to 

indicate the participant has stopped at a given location. Here, a staypoint is defined by 

a minimum threshold of time at a given location, where a location is defined by a 

maximum threshold of distance. Staypoints are then clustered to determine the actual 

staypoints using HDBSCAN, a density-based clustering algorithm. Location semantics, 

such as the nearest building or area of land, are derived from the relevant area of the 

OpenStreetMap (OSM) (https://www.openstreetmap.org), over which the GPS 

coordinates overlap. The data from OSM are used to identify the land use associated 

with each staypoint (parks, forests, urban), as well as whether the participant is indoor 

or outdoor.  

3.11     Statistical analysis 

Continuous variables were visually inspected for their distribution and outliers through 

use of histograms, scatterplots, and boxplots. All statistical analysis was completed in 

R (R Foundation for statistical computing, V4.02, Austria). Other statistical methods 

will be described as they are applied within the thesis.  

 

https://www.openstreetmap.org/
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Chapter 4. Can real-world walking speed add value to the clinical 
assessment of disease severity in Parkinson’s disease?  

In Chapter 2, there was an overall lack of comprehensive studies that have sought to 

establish what clinically useful information real-world DMOs are able to provide, 

particularly with longitudinal data and across different WB durations. The main aim of 

this chapter was to address these gaps and comprehensively explore whether RWS 

was able to discriminate between groups, sensitive to detecting changes over time, 

related to motor symptom severity and changes in motor symptom severity. This 

chapter has been published in the Journal of Parkinson’ disease (Kirk et al., 2023a).   

4.1    Introduction 

DMOs, such as RWS have been proposed as ecologically valid measures of real-world 

mobility performance. These tools could be used to complement the existing clinical 

assessment of motor symptom severity in PD (Holden et al., 2018; Morris et al., 

2017b), addressing some of the limitations of existing scales (Rochester et al., 2020), 

such as the MDS-UPDRS III (Goetz et al., 2008). The MDS-UPDRS III is the clinical 

standard to rate motor severity in PD, however it does have limitations. The 

assessment is conducted episodically in person, it is time consuming to administer 

which increases patient and clinician burden and may not reflect the fluctuating nature 

of PD, as participants are typically assessed ‘ON’ medication. Interest in remotely 

monitoring PD using digital tools is increasing to address some of these limitations (see 

- 1.3.8).  

Despite the promise, widespread adoption of real-world gait as a clinical mobility 

endpoint has not yet reached the clinic or clinical trials. To achieve this, comprehensive 

clinical validation is required (Del Din et al., 2021; Rochester et al., 2020) to explore 

what information RWS (or other DMOs) can provide that can complement the existing 

clinical assessment. This can be achieved through undertaking explorations of the 

clinical validity of RWS and demonstrate it measures what it’s claimed to measure (ie., 

real-world mobility perfomance), something relevant to the patient, clinician, or health 

service, and is able to monitor changes in patient characteristics over time. Despite 

showcasing in Chapter 2, that some studies have demonstrated the clinical validity of 

real-world DMOs, there was an overall lack of evidence. Furthermore, there was no 

common consensus on methodological approach, as studies differed in their choice of 
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device location, number of devices, WB duration and number of days collected, which 

limits comparison between results. There was also no literature that included analysis 

of relationships between DMOs and clinical outcomes, longitudinally.  

This study aimed to address these gaps and explore whether RWS is sensitive to 

monitoring the presence and progression of PD, with respect to ageing in general 

(Wilson et al., 2020). While walking speed is related to motor disease severity in 

controlled testing (Galperin et al., 2019; Hill et al., 2021; Polhemus et al., 2021; 

Raccagni et al., 2018; Schlachetzki et al., 2017), the relationship between RWS and 

MDS-UPDRS III is yet to be explored (Polhemus et al., 2021).  

4.1.1    Aims and hypotheses 

Aims 

• Explore whether RWS corresponds to known group differences in RWS in 

PD and compare to OAs, cross-sectionally 

• Explore whether RWS corresponds to known group differences in changes 

in RWS in PD and compare to OAs, longitudinally  

• Determine the convergent validity between RWS and MDS-UPDRS-III 

• Explore the relationship between change in RWS with change in MDS-

UPDRS III 
Hypotheses 

• RWS would be slower in PD across a range of WB durations 

• Longitudinally, RWS would reduce more rapidly in PD 

• RWS would show a weak to moderate relationship with the MDS-UPDRS III, 

dependent upon WB duration 
• Changes in RWS would not be related to changes in the MDS-UPDRS III. 

4.2    Methods  

4.2.1    Participants  

4.2.2    ICICLE-GAIT 

Participants with PD were included from the 18-, 36-, 54- and 72-month time points of 

the ICICLE-GAIT study, with recruitment and diagnosis as described in Chapter 3.   
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4.2.3    Demographical and clinical measures  

Motor symptom severity was evaluated using the MDS-UPDRS part III (0-108) and 

Hoehn and Yahr (H&Y) stage (0-5). Participants were tested ‘ON’ medication, defined 

as within 1 hour after PD medication. 

4.2.4    Real-world gait assessment protocol  

Participants were monitored during their everyday activities over seven consecutive 

days at each assessment. Data from the 36-month assessment was chosen for the 

cross-sectional analysis as it provided the largest sample size (Table 4-1). Longitudinal 

analysis included data from all time points. Each participant wore a tri-axial device 

(Axivity AX3, York, UK).  

 

A conservative approach was adopted and used a threshold of three steps (minimum 

bout length) to define a WB with a minimum resting period of 2.5 seconds between 

bouts (Del Din et al., 2016b). This approach was selected as the majority of WBs are 

short, so by adopting no threshold, a larger percentage of WBs were included in this 

analysis (Del Din et al., 2016a; Hickey et al., 2016). Furthermore, all WBs < 10 seconds 

from any analysis. This is because activity within these durations does not always 

reflect gait and previous research has shown that DMOs evaluated in shorter bouts 

are less accurate (Micó-Amigo et al., 2023) and show less discriminate ability between 

PD and OAs (Del Din et al., 2016a).   

4.2.5    Real-world walking speed estimation   

RWS was calculated from the tri-axial raw accelerometer data from both devices using 

bespoke validated algorithms in MATLAB® R2018a (MathWorks, California, United 

States) (Del Din et al., 2016a). The accelerometer data was first segmented into WBs 

as detailed in previous work (Del Din et al., 2016a), where RWS was calculated from 

step time and step length (Del Din et al., 2016b). RWS was quantified as the weekly 

mean, where it was first calculated mean RWS within each WB and then calculated 

the mean RWS from all bouts (Del Din et al., 2016a).  

4.2.6    Statistical analysis  

The data was analysed using R (R Foundation for statistical computing, V4.02, 

Austria). The demographic and clinical variables of the ICICLE-GAIT cohort at 36 

months were compared to OAs using two-sampled T tests.  
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4.2.6.1    Does RWS discriminate between PD and OAs? 

RWS within each WB duration threshold underwent assessment for normality, utilising 

Shapiro-Wilkes’s testing. Subsequently, either the T-test (parametric), or Wilcoxon-H 

test (non-parametric) was applied to determine whether the mean RWS at each WB 

duration, was significantly different between 62 PD participants and 94 OAs (Figure 

3-1).  

4.2.6.2    Does RWS change differently in PD or OAs? 

Mixed effects linear models (MEMs) (‘lmer’ function in ‘lme4’ package) (Bates, 2020) 

were used to investigate change in 186 RWS and MDS-UPDRS III measures in 88 PD 

participants, and change in 240 RWS measures within 111 OAs that were assessed 

at consecutive timepoints (ICICLE-GAIT) (Figure 3-1).  MEMs allow flexibility when 

dealing with the missing data and are in accordance with the Food and Drug 

Administration guidelines for dealing with missing data (Garcia and Marder, 2017). The 

assessment timepoint, alongside sex and baseline age were included as fixed effects, 

where HY stage was included as an additional fixed effect for PD, to ensure differences 

in RWS controlled for motor disability. To establish whether the annual rate of change 

in RWS, across the study duration, differed between OAs and PD participants  a group 

and time point of assessment interaction term was modelled, alongside sex, and 

baseline age, also modelling a random intercept for the participant. Performance was 

assessed by calculating conditional R2, marginal R2 and confidence intervals. 

Conditional R2 considers the combined explanatory power of both fixed and random 

effects. Goodness of fit for the models was achieved by reviewing residuals, Q-Q plots 

with tests of dispersion, distribution and outliers, and residual vs predicted plots. 

4.2.7    Is RWS related to clinical measurements of motor severity (MDS-
UPDRS-III)? 

Bivariate correlations and linear effects models (LEMs) (‘lm’ function in ‘lme4’ R 

package) (Pinheiro, 2020) were applied to investigate the cross-sectional relationship 

between RWS with MDS-UPDRS III score. In the LEMs, sex and age were included 

as fixed effects. Model performance was assessed by adjusted R2 and confidence 

intervals. Diagnosis of goodness of fit for the LEMs was achieved by reviewing 

residuals vs fitted, Q-Q, scale location and Cook’s distance plots. An outlier was 

identified in the analysis, through observation of a substantially slower RWS of a 

participant on a scatter plot. The analysis was replicated with and without the outlier 
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and it did not impact the findings, so the data was included. Finally, a secondary 

analysis was performed on discrete thresholds of WB duration in both datasets (10 to 

30 seconds, 30 to 60 seconds, > 60 seconds) as defined in previous research (Del Din 

et al., 2016a; Mc Ardle et al., 2021). The comparison of WB duration, was not adjusted 

for multiple comparisons, due to the exploratory nature of the analysis.  

4.2.8    Are changes in RWS associated with changes in motor severity 
(MDS-UPDRS III)? 

MEMs were applied with data from 88 PD participants to investigate the relationship 

between change in RWS and change in MDS-UPDRS III score. For the fixed effects, 

an RWS*assessment time point interaction term was included, alongside RWS, HY 

stage, sex, and baseline age. A random intercept for the participants was also 

modelled. Model performance was assessed as per the characterising change in RWS 

analysis.  

4.3    Results 

Demographic and clinical data, as well as RWS aggregated across all bouts, are shown 

in Table 4-1. Clinical and demographic information of the ICICLE-GAIT cohort at 18-, 

36-, 54- and 72-months assessment timepoints. 
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Table 4-1. Clinical and demographic information of the ICICLE-GAIT cohort at 18-, 36-, 54- and 72-months assessment timepoints 

Data presented as mean and standard deviation (SD). Bold highlight indicates significant difference at <0.05 significance level between (i) between PD and OAs at specific time 
point. ‘-‘describes an empty field, due to data availability. MDS-UPDRS III = Movement Disorder Society – Unified Parkinson’s Disease Rating Scale – Part III. LEDD = 
Levodopa equivalent daily dosage. Independent data set compared to 36 months ICICLE-GAIT data. 

 18 months 36 months 54 months 72 months 
Group PD OA PD OA PD OA PD OA 

n 43 51 62 94 59 49 49 43 
Age (yrs) 69.1 ± 10.7 70.8 ± 7.1 69.3 ± 9.5 72.5 ± 6.5 68.8 ± 9.4 73.0 ± 7.6 71.3 ± 9.5 72.8 ± 6.5 

Sex (Male / Female, n) 31 / 12 27 / 24 40 / 22 44 / 50 39 / 20 28 / 24 35 / 14 26 / 17 
Height (metres) 1.69 ± 0.88 1.69 ± 0.08 1.69 ± 0.08 1.68 ± 0.09 1.68 ± 0.8 1.70 ± 0.09 1.67 ± 0.09 1.70 ± 0.08 
Body Mass (kg) 79 ± 15 81 ± 15 79 ± 17 77 ± 13 76 ± 15 81 ± 13 77 ± 14 84 ± 13 

MDS-UPDRS II (points) 11 ± 6 - 13 ± 4 - 14 ± 5 - 16 ± 5 - 
MDS-UPDRS III 

(points) 33 ± 11 - 38 ± 12.4 - 39.1 ± 12.6 - 40.9 ± 13.8 - 

Disease duration 
(years) 7.90 ± 4.69 - 8.77 ± 4.02 - 10.36 ± 4.31 - 12.01 ± 4.5 - 

Hoehn and Yahr Stage             
I, n (%) 5 (11%) - 1 (1%) - 1 (2%) - 0 (0%) - 
II, n (%) 40 (85%) - 57 (90%) - 51 (86%) - 35 (70%) - 
III, n (%) 2 (4%) - 6 (9%) - 7 (12%) - 12 (24%) - 
IV, n (%) 0 (0%) - 0 (0%) - 0 (0%) - 3 (6%) - 

NFOG (points) 1.16 ± 4.57  2.17 ± 5.33  1.65 ± 4.73  2.21 ± 5.04  
LEDD (mg/day) 395 ± 206 - 515 ± 256 - 663 ± 294 - 720 ± 312 - 
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4.3.1    Does RWS discriminate between PD and OAs? 

RWS was significantly different between PD and OAs at each time point and WB 

duration, excluding > 60 seconds at the 54-month time point. For both cohorts the 

largest number of available WBs for analysis existed in short durations (10 to 30 

seconds) and the lowest number of WBs were within long WB durations (> 60 

seconds). Differences between PD and OAs in the number of WBs undertaken per 

day, was dependent upon the time point and WB duration (Table 4-2).  
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Table 4-2. Characterisation of real-world walking speed (RWS) and the number of walking bouts recorded per day across the study 

duration in people with Parkinson’s and older adults.  *36 months RWS data was utilised used as time point for cross-sectional 

analysis. For longitudinal analysis, RWS data was included from all time points (18 to 72 months) 
RWS (m/s) 

WB duration 
(seconds) 

18 months *36 months 54 months 72 months 
PD OA PD OA PD OA PD OA 

All > 10 1.03 ± 0.09 1.10 ± 0.09 1.10 ± 0.09 1.04 ± 0.09 1.02 ± 0.09 1.07 ± 0.07 0.99 ± 0.07 1.06 ± 0.07 

10 to 30 1.00 ± 0.08 1.05 ± 0.06 1.05 ± 0.66 0.99 ± 0.77 0.97 ± 0.07 1.02 ± 0.06 0.96 ± 0.07 1.02 ± 0.06 

30 to 60 1.04 ± 0.08 1.10 ± 0.08 1.08 ± 0.07 1.03 ± 0.76 1.02 ± 0.08 1.07 ± 0.06 1.00 ± 0.07 1.07 ± 0.06 

> 60 1.05 ± 0.12 1.16 ± 0.15 1.15 ± 0.13 1.07 ± 0.12 1.09 ± 0.12 1.13 ± 0.11 1.04 ± 0.11 1.11 ± 0.13 

Walking bouts per day (number) 

WB duration 
(seconds) 

18 months 36 months 54 months 72 months 

PD OA PD OA PD OA PD OA 

All > 10 583 ± 202 617 ± 208 625 ± 225 629 ± 189 574 ± 195 622 ± 195 600 ± 199 609 ± 183 

10 to 30  183 ± 71 206 ± 71 192 ± 72 208 ± 66 174 ± 65 203 ± 68 190 ± 67 205 ± 65 

30 to 60 34 ± 16 45 ± 2 38 ± 20 45 ± 18 33 ± 17 44 ± 18 37 ± 19 47 ± 19 

> 60  19 ± 12 24 ± 13 21 ± 14 24 ± 12 19 ± 12 2 ± 12 18 ± 1 22 ± 11 

PD = Parkinson’s. OA = Older adults. RWS = Real-world walking speed. WB = Walking bout. The mean and standard deviation (SD), is reported for both RWS and walking 
bouts per day across each time point of the study duration in people with PD and OAs. If value highlighted in bold, indicates statistically significant difference between PD and 
OA at that time point at < 0.01 level.   



69 
 

Cross-sectionally at 36-months, RWS was significantly lower (P = 0.007) in PD (1.035 

m/s) comparison to OAs (1.097 m/s) at all WBs and within each WB duration threshold 

(Figure 4-1).  

 
Figure 4-1. Mean real-world walking speed (RWS) for Parkinson’s (PD) and older adult 

(OA) participants, estimated at each WB duration. ‘*’ denotes P = < 0.05, where ‘**’ 

indicates P = < 0.01. Datapoints represent an individual’s RWS averaged across the 

seven days, within that specific WB. Line represents median values of RWS.  

4.3.2    Does RWS change differently in PD or OAs? 

Longitudinally, RWS significantly slowed in PD by 0.02 m/s (or 2 cm/s) per year and in 

OAs by 0.01 m/s (or 1 cm/s) per year, when aggregated at WBs > 10 seconds (Table 

4-3). When aggregating within WB thresholds, RWS slowed significantly at each WB 

duration, excluding long WBs (> 60 seconds) in PD (Table 4-3). Rate of decline in RWS 

was larger in PD in comparison to OAs, at each WB duration threshold, excluding > 60 

seconds where no difference with OAs was observed (Table 4-3). 
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Table 4-3. Annual decline in real-world walking speed recorded in Parkinson’s and older adults and the difference in annual decline 

between cohorts across the study duration, from 18 months to 72 months 

 

 

 

 

 

 

 

 

 
 

PD = Parkinson’s. OA = Older adults. RWS = Real-world walking speed. WB = Walking bout. Estimated from a mixed linear regression model including 186 RWS measures from 
85 PD participants and 240 RWS measures from 111 OA participants with age, sex and HY stage (in PD only), as covariates. Subject also a random effect to account for the 
correlation of measures of the same subject and a interaction term between follow up time (in years) and group (PD or OA). ‘*’’ – indicates significant difference in annual decline 
of RWS between PD and OAs.

 
 
 
 

WB duration 
(seconds) 

 

 
Annual Decline of RWS  

 
Difference in annual decline of RWS 

 
OA  

(β, 95% CI, P, R2) 
 

 
PD 

 (β, 95% CI, P, R2) 
 

(β, 95% CI, P, R2) 

 
All > 10 

 
-0.011, -0.017, -0.006 m/s, <0.001, 72% 

 
-0.021, -0.037, -0.004 m/s, 0.014, 55% 

 
-0.017, -0.030, -0.005 m/s, 0.006*, 39% 

 
10 to 30 

 
-0.008, -0.013, -0.003 m/s, 0.001, 69% 

 
-0.013, -0.020, -0.006 m/s, <0.001, 71% 

 
-0.007, -0.013, -0.000 m/s, 0.036*, 67% 

 
30 to 60 

 
-0.009, -0.015, -0.004 m/s, 0.001, 61% 

 
-0.014, -0.021, -0.008 m/s, <0.001, 76% 

 
-0.007, -0.014, -0.001 m/s, 0.035*, 64% 

 
> 60 

 
-0.013, -0.021, -0.005 m/s, 0.001, 73% 

 
-0.004, -0.014, 0.006 m/s, 0.466, 71% 

 
-0.000, (-0.011, 0.011 m/s, 0.938, 69% 
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4.3.3    Is RWS related to clinical measurements of MDS-UPDRS-III? 

At the 36-month time point of the ICICLE-GAIT dataset, there was no significant 

association between MDS-UPDRS III score with RWS at all WBs (β = 1.25 [95% CI = 

-4.29, 1.78] points, P = 0.412). However, when aggregating RWS within specific WB 

thresholds, a significant negative association was found with the MDS-UPDRS III at 

WBs between 30 to 60 seconds (β = -3.94, [95% CI = -7.83, -0.05] points, P = 0.047) 

(Figure 4-2). 

 

Figure 4-2. Cross-sectional relationship between MDS-UPDRS III and RWS for 

walking bouts between 30 and 60 seconds.  

4.3.4    Are changes in RWS associated with changes in MDS-UPDRS III? 

MDS-UPDRS III scores significantly increased by 1.86 [95% CI = 1.11, 2.61] points per 

year across the study duration. However, there was no association between change in 

RWS with change in MDS-UPDRS III at all WBs and each other WB duration threshold 

(Table 4-4).  
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Table 4-4. Relationship between decline in real-world walking speed and change in 

MDS-UPDRS III score in Parkinson’s participants for all walking bouts (WB) pooled 

and for each WB threshold. Adjusted for age, sex and Hoehn and Yahr stage, 

according to WB duration. 

WB duration 
(seconds) 

Association of change in RWS with change in MDS-UPDRS III 
(β, 95% CI, P, Cd. R2) 

WBs > 10 0.323, (-0.203, 0.850), 0.229, 70% 
10 to 30 -0.223, (-1.121, 0.764), 0.657, 69% 
30 to 60 -0.076, (-1.046, 0.888) 0.872, 69% 

> 60 0.141, (-0.506, 0.789), 0.668, 71% 
Estimated from a mixed linear regression model including 186 RWS measures from 85 PD participants with age, 
sex and HY stage as covariates, subject as a random effect to account for the correlation of measures of the same 
subject and an interaction term between follow up time (in years) and RWS. MDS-UPDRS III scores increased by 
1.84 points per year in the cohort.   

4.4    Discussion 

This chapter aimed to address to gaps identified in the review of Chapter 2 and provide 

a comprehensive exploration of whether RWS can provide information that is 

complementary to the clinical assessment of mobility, motor disease severity and 

progression in PD. Cross-sectionally, RWS was significantly slower in PD compared 

to OAs across a range of different WBs. Across the study duration, RWS decreased 

annually in both cohorts, however the reduction was generally more rapid in PD, 

compared to OAs. Significant associations between motor disease severity (MDS-

UPDRS III) and RWS were seen for medium length WBs in the ICICLE-GAIT dataset. 

MDS-UPDRS III scores increased annually; however, change scores were not 

associated with change in RWS longitudinally. These findings highlight that remote 

monitoring may add complimentary information to improve the clinical assessment of 

PD. 

4.4.1    Does RWS discriminate between PD and OAs? 

RWS was significantly slower in PD in comparison to OAs, which is in agreement with 

previous research in the same cohort (Del Din et al., 2016a), plus with work of others 

(Shah et al., 2020c). This finding further validates how a slower RWS corresponds to 

real-world mobility impairments that occur in PD and are separate to, or interact with, 

age-related changes. The challenges of modulating RWS, to safely navigate complex 

real-world environments are likely exacerbated by presence of motor symptoms and 

fluctuations. Thus, real-world mobility measures such as RWS have potential to 

capture novel insights in PD, in comparison to supervised assessments of capacity 
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(Warmerdam et al., 2020). RWS reflects a complex measure of real-world mobility that 

has been assessed across a wide variety of WBs that differ in their duration, context, 

and purpose. For example, short WBs capture more demanding activities such as 

obstacle negotiation, change in direction, gait initiation and termination. In contrast, 

longer WBs which may reflect steady-state gait and a more consistent gait pattern. 

This finding, along with (Del Din et al., 2016a), that RWS was slower in PD across a 

variety WB duration, demonstrates how RWS was slower in PD when assessed across 

a variety of contexts and activities. 

4.4.2    Does RWS change differently in PD or OAs? 

Over the six-year study duration, RWS reduced annually in both PD and OAs. RWS 

significantly reduced by 0.02 m/s more per year (all WBs) in PD compared to OAs. 

Whilst there is lack of agreement of what constitutes a clinically meaningful difference 

in real-world DMOs, a change in supervised walking speed of 0.06 m/s has been 

shown to be a meaningful change in PD (Hass et al., 2014). However, meaningful 

changes in RWS would be expected to be more discrete and be dependent upon WB 

duration (Corrà et al., 2021; Del Din et al., 2016a; Hillel et al., 2019). These findings 

were in contrast to previous work in the same cohort in a laboratory setting (Wilson et 

al., 2020) where walking speed declined in both OAs and PD, but with no difference in 

the rate of decline. Thus, supervised assessment (or mobility capacity) (Viceconti et 

al., 2022), may be a less sensitive measure of detecting the more rapid PD specific 

deterioration that occurs in an individual’s real-world mobility, reflected by differences 

in RWS. Interestingly, differences in rate of decline in RWS were not observed when 

aggregated at long WBs. As time (and disease severity) progressed, the ability to walk 

for extended periods becomes more challenging and the number of longer walking 

bouts decreased. Long WBs reflect more optimal walking, where individuals may 

achieve performance close to their laboratory capacity, so this further supports the 

view that assessment of capacity may be less sensitive to discrete changes in mobility 

that occur over time. This is in agreement with previous research that found only the 

maximum values of RWS correlated with supervised walking speed (Corrà et al., 

2021), and further demonstrates how RWS can provide novel information to existing 

mobility assessment. 
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4.4.3    Is RWS related to clinical measurements of motor severity (MDS-
UPDRS-III)? 

When considering all WBs > 10 seconds, no cross-sectional association between RWS 

and MDS-UPDRS III was found. This is in contrast to previous studies that found 

associations of the MDS-UPDRS III with supervised walking speed (Galperin et al., 

2019; Hill et al., 2021; Raccagni et al., 2018; Schlachetzki et al., 2017). The MDS-

UPDRS III score is large and captures a wide range of diverse signs (including upper 

limb function, tremor), that have been assessed over a brief clinical visit. In contrast, 

RWS is a complex measure that reflects different contexts of mobility dependent upon 

the WB duration that it is estimated from. This is supported by the finding that RWS 

encapsulated within short to medium length WBs (30-60s duration) was associated 

with greater motor disease severity, in contrast to other WB durations. Short to medium 

length WBs may contain prolonged periods of navigating the household environment, 

or perhaps intermittent periods of outdoor walking which provide the optimal balance 

between periods of straight walking, whilst maintaining some challenge to motor 

control. These, additional explorations of WBs are helpful as they may represent 

different contexts of mobility, and thus WB duration may moderate the relationship with 

RWS and disease severity (Galperin et al., 2019; Shah et al., 2020a). From the results, 

a faster RWS of 0.1m/s was associated with less severe motor disease (four points on 

the MDS UPDRS III), which is between the range of minimally and moderate important 

difference of 2.7 to 5.2 points that has previously reported (Shulman, 2010).  

4.4.4    Are changes in RWS associated with changes in motor severity 
(MDS-UPDRS III)? 

MDS-UPDRS III scores increased by 1.86 points per year, which suggests that after 

two years the cohort experienced a change above the threshold of minimally clinically 

important change (Shulman, 2010), although note the reference was using a previous 

version of the UPDRS III (rated out of 108). Alongside increasing MDS-UPDRS III 

scores, RWS increased per year; however, no association was found between the two 

measures. This is not necessarily surprising, given that changes in RWS, a complex 

measure of real-world mobility, were compared with changes in the MDS-UPDRS III, 

a large composite score that assesses many upper and lower body signs, some of 

which are not directly related to gait (tremor, speech, etc.,). Previous studies conducted 

in supervised, laboratory setting have found associations between walking speed and 

MDS-UPDRS III (Hass et al., 2014; Hobert et al., 2019). Interestingly, Hass et al., 2014 
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found that a 0.02 m/s change in walking speed was associated with the minimally 

important change in MDS-UPDRS III score as reported by Shulman, 2010. However, 

they assessed walking speed across a short distance and duration, and participants 

were optimally medicated. MDS-UPDRS III scores have been demonstrated to reflect 

slower rates of progression within unmedicated compared to medicated groups 

(Holden et al., 2018). Thus, RWS may only be associated with motor severity when 

assessed in a similar medication state (Corrà et al., 2021). Despite the lack of statistical 

association, both MDS-UPDRS III and RWS changed independently over time, which 

suggests that RWS may be able to capture additional insights into the impact of 

progression upon real-world mobility, that is not currently captured by the MDS-

UPDRS III.  

4.4.5    Clinical implications and future research 

People with PD walked significantly slower in the real-world, cross-sectionally. 

Longitudinally despite RWS reducing in both PD and OAs, the reduction was more 

rapid for PD. Despite the lack of association with changes in the MDS-UPDRS III, this 

was expected given the differences in nature of assessment between real-world and 

supervised measures. However, the fact that RWS declined alongside increasing 

MDS-UPDRS III scores demonstrates that RWS captures some progressive aspect of 

PD that can complement the progressive aspect of PD that is assessed by changes in 

the MDS-UPDRS III. Thus, digital assessment of mobility, through quantification of 

RWS offers a reliable and sensitive complementary aid to existing clinical assessment 

of progression in motor severity. From the literature it was found that a change in 

supervised walking speed of 0.06 m/s constitutes a clinically important difference, 

however there is no research for what change in RWS is clinically meaningful, which 

represents an essential area of future research.  

Capturing longitudinal real-world data presents a number of technical and logistical 

challenges which are being addressed. Efforts are ongoing to improve the validity of 

outcomes, with more advanced wearable devices that contain gyroscope sensors, 

which enable the enhanced validity of measurement and repeat analyses, in larger 

cohorts (Mikolaizak et al., 2022). In addition, the methods of data aggregation and 

summary metrics explored in this study offer a starting point, where future research 

could explore the optimal combination of aggregation values and summary metrics to 

capture RWS (such as extreme values etc.). Assessment of RWS in independent 

cohort studies would corroborate these findings. 
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Finally, continuous real-world gait outcomes such as RWS also may capture important 

additional information relating to fluctuating nature of disease, and further work is 

warranted to explore this topic. Further work is also required to establish whether 

relationships exist between RWS and additional clinical measures, such as MDS-

UPDRS Part II or falls status and to establish the influence of changes in medication 

and cognition upon RWS. Real-world context is critical to the interpretation of RWS, as 

in the present study context was inferred based upon only the WB duration. Specific 

types of real-world environments could also influence RWS, where inclusion of 

environmental data would improve understanding of real-world data.  

4.4.6    Limitations  

Due to a lack of variation in H&Y stages, analysis of H&Y was not included in this study 

(the majority were H&Y stage II); future work with a greater variability in H&Y stages 

would be helpful to determine generalisability across disease stage and assess known 

groups’ validity. Medication intake, cognition and depression were not controlled for 

and further work should understand the influence of other characteristics on validity of 

RWS. Compared to laboratory-based research, this study was relatively low in number 

(36). The possibility of a type two error and statistical power was not directly explored, 

and this should be addressed in future studies.  PD motor disease symptoms are 

associated with gait abnormalities such as an reduced stride length and step time, 

alongside a slower walking speed (Zanardi et al., 2021). It could be speculated that 

these gait variables may present more sensitive representations of motor disease 

severity; therefore, other real-world gait outcomes could be evaluated in future 

research. Future research should also explore additional analysis of changes in RWS 

that can address more prognostic questions such as prediction of clinical outcomes 

including falls, freezing of gait symptoms or increased fluctuations and dyskinesias.  

4.5    Conclusion 

Assessment of real-world mobility using real-world walking speed as an exemplar 

shows potential to compliment monitoring of mobility in PD, which is an important 

feature with consequent clinical and research utility (Deane et al., 2014; Port et al., 

2021). Ongoing multidisciplinary efforts (Mobilise-D) between academic, industrial and 

clinical partners are underway to address challenges and move tools towards wide 

scale adoption of real-world mobility monitoring (Rochester et al., 2020). Such is the 
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vast nature of real-world dataset, further work is needed to how more granular real-

world contexts, such as the environment, influence real-world mobility.  

Chapter 5. Enhancing the understanding of real-world walking speed 
in people with Parkinson’s and older adults with contextual factors 

This chapter aimed to understand whether interpretation of real-world walking is 

improved by exploration of indoor and outdoor walking alongside the WB duration. 

Specifically, it was characterised whether real-world walking predominantly takes place 

within indoor or outdoor locations in PD and OAs. This chapter also explored whether 

RWS is modulated differently to account for different challenges, by understanding 

whether the RWS of people with PD and OAs is different when assessed indoors or 

outdoors.  

5.1    Introduction 

Building upon the findings of Chapter 4, it is important to explore RWS in more depth 

and understand what additional insights into real-world mobility it is able to provide. 

The majority of real-world walking takes place within short WBs (Corrà et al., 2021; Del 

Din et al., 2016a; Shah et al., 2020a), which are primarily speculated to take place 

indoors, within the home environment (Hickey et al., 2016). While previous research 

has demonstrated volume of real-world walking activity is reduced in PD (Adams et al., 

2021; Del Din et al., 2020; Lord et al., 2013c; Pradhan and Kelly, 2019; Toosizadeh et 

al., 2015), no study has explored whether people with PD walk less within indoor or 

outdoor locations. Understanding the context of real-world walking volume is important, 

as reduced physical activity and out-of-home mobility is associated with prolonged 

sedentary behaviour, increased falls risk and an increased reliance on carers to 

complete daily activities (Milanović et al., 2013). One the other hand, reduced volume 

of indoor walking may imply that individuals are unable to independently complete 

essential activities of daily living within the home setting. 

Indoor environments are enclosed spaces within buildings and may include homes, 

workplaces, shops, banks, and public exhibition centres. These spaces create 

challenges such as including sharp turns, navigation of tight spaces, avoidance of 

obstacles. In contrast, outdoor environments are defined as open spaces outside of 

buildings, including parks, gardens, residential streets, high streets, and recreational 
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areas. Outdoor mobility may be affected by changes in the walking surface, by weather 

(ice, rain etc.,) (Kim and Brown, 2022; Toda et al., 2020), or variations in terrain (pot 

holes, incline, decline, curbs etc.,) (Kowalsky et al., 2021). Furthermore, people may 

feel more unsafe outdoors as they may navigate other pedestrians and traffic 

crossings. In both indoor and outdoor public spaces, psychological factors such as 

reduced feelings of privacy and security may contribute to increased anxiety, which 

negatively influences mobility (Kandola et al., 2018; Zimmermann et al., 2020). For 

people with PD, episodic gait disturbances (e.g. FOG) (Zhang et al., 2021) or motor 

fluctuations may be more apparent within indoor WBs, rather than outdoor WBs as 

individuals may only leave the house when ON medication (Del Din et al., 2016a; Lord 

et al., 2013c). 

Due to challenging and ever-changing nature of indoor and outdoor environments, 

continued adjustment to the persons walking is required, such as changes in speed 

and direction. An inability to adapt RWS to meet specific real-world demands could 

lead to increased falls and injury risk (Brodie et al., 2017; Silva-Batista et al., 2018), as 

most falls have been shown to be due to trips, slips or misplaced strides (Ashburn et 

al., 2008; Hyndman et al., 2002; Talbot et al., 2005), suggesting that falls occur from 

an inability to adapt walking. People with PD have significantly reduced foot clearance 

during gait which is potentially related to reduced walking speed and stride length 

(Alcock et al., 2018, 2016). Evidently, it is important to explore how RWS is adapted 

for different real-world demands, however the influence of context has not been widely 

assessed within the literature.  

At present, context is often inferred indirecly by the duration of a WB (ie., short and 

long WBs take place indoors and outdoors, respectively) (Corrà et al., 2021; Del Din 

et al., 2016a; Shah et al., 2020a). Measurement of environmental information through 

GPS and GNSS systems allows context to be directly captured. These systems can 

be imbedded into specialised wearable devices, or smart phone technologies and 

enable measurement of environmental location than can be synchronously captured 

with wearable data (Breasail et al., 2021; Schipperijn et al., 2014). There is a growing 

body of evidence in health research that has sought to quantify environmental and 

spatial behaviour in order to understand whether a link exists with physical mobility 

(Rainham et al., 2008; Schipperijn et al., 2014; Suri et al., 2023). RWS has been 

quantified separately for in-home (Chung et al., 2022; Stone et al., 2015) and out of 

home respectively (Wettstein et al., 2015, 2013). For in-home 97% of RWS was 
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reported to be less than 0.1 m/s (Chung et al., 2022), where another study, reported 

average RWS in-home was less than 0.57 m/s (Stone et al., 2015). In contrast, studies 

characterising out of home speeds found RWS to be between 1.03 to 1.09 m/s 

(Wettstein et al., 2015, 2013), which appears to be higher than the home. These 

findings collectively show that RWS assessed within the home is potentially slower 

than RWS assessed outdoors, however none of these studies explored differences 

between indoor and outdoor locations within the same study. All of these studies were 

explored in OA participants; however they did not include people with PD.  

5.1.1    Aims and hypotheses 

Aims 

• Explore whether the volume of real-world walking is larger within indoor or 

outdoor locations, in different WB duration thresholds in PD and OA 

participants; 

• Determine if volume of walking within indoor and outdoor locations is 

significantly different between PD and OAs; 

• Explore whether mean RWS is significantly different between indoor and 

outdoor locations in different thresholds of WB duration for PD and OA 

participants; 

• Determine whether RWS within indoor and outdoor locations is significantly 

different between PD and OAs. 

Hypotheses 

• The majority of real-world walking will take place indoors for both cohorts; 

with the largest proportion of indoor walking being comprised of short WBs 

and conversely largest proportion of outdoor walking being comprised of 

longer WB durations; 

• PD will have a significantly larger proportion of indoor walking activity in 

comparison to OAs; 

• Mean RWS would be significantly slower within indoor environments 

compared to outdoor settings for both cohorts across each WB duration; 

• Mean RWS would be significantly slower in PD participants in comparison 

to OAs across each environment, and WB duration threshold.  
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5.2    Methods 

5.2.1     Participants 

Nineteen PD participants and 20 OA participants were included from the Mobilise-D 

TVS (Mazzà et al., 2021) with recruitment process and inclusion and exclusion criteria 

described in Chapter 3. Only 12 PD participants and 18 OA participants were included 

in this study, as GPS data was not collected from some participants, due to technical 

difficulties with the smartphones. 

5.2.2    Real-world protocol 

The participants were continuously monitored over seven days in their habitual 

environment, whilst wearing a Dynaport Move Monitor +.   

5.2.3    RWS estimation 

RWS was estimated per stride from the wearable data, through application of P1 and 

P2 algorithm pipelines for the PD and OA cohorts respectively, that were determined 

in the TVS (Micó-Amigo et al., 2023). Both pipelines are defined in Chapter 3 and 

extensively validated in Kirk et al., 2023b.  

5.2.4    Estimation of indoor and outdoor location 

The GPS information needed to estimate whether the participant was indoor or outdoor 

was captured via AEQORA application (Ciravegna et al., 2019) installed on the 

smartphone that participants were asked to carry. An algorithm (more extensively 

defined in Chapter 3) was applied to estimate the probability that RWS was assessed 

within indoor or outdoor settings, the probability ranged from 0 (outdoor walking) to 100 

(indoor walking). A conservative threshold and classified a probability of < 30% as 

outdoor and > 70% as indoor walking (Debelle et al., 2023) and excluded RWS not 

captured within these thresholds. There is no consensus upon which threshold to 

apply, however an iterative approach was adopted, testing different thresholds to 

ensure a sufficient number of datapoints, whilst maximising a greater likelihood of 

being indoor/outdoor. For PD participants, this filtering removed 459 WBs (7% of total 

WBs) and for OAs this excluded 580 WBs (8% of total WBs).  

5.2.5     Walking bout duration 

Once real-world walking had been classified within environment, it was subsequently 

aggregated at specific WB thresholds (All WBs, 10 to 30 seconds, 30 to 60 seconds, 
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> 60 seconds). In the analysis of RWS all WBs < 10 seconds were excluded, as RWS 

cannot be quantified accurately at this duration (Kirk et al., 2023b; Micó-Amigo et al., 

2023). For PD participants, this filtering subsequently removed 1363 WBs (25% of total 

WBs), for OAs this removed 1146 WBs (18% of total WBs). All participants had > 3 

days of collected data (Buckley et al., 2020).  

 

 
Figure 5-1. Aggregation of real-world walking speed (RWS) from the technical 

validation study protocol (Mazzà et al., 2021). A) Participant completes 7-days of 

mobility assessment, equipped with the Dynaport MM+ to assess RWS and the 

smartphone to assess indoor/outdoor global positioning system (GPS) information. B) 

From the GPS data, thresholds were applied to filter each stride and RWS into 

separate datasets for indoors, outdoors and all environments. C) Within each 

environment RWS is further aggregated into specific walking bout durations 

5.2.6     Statistical analysis 

Demographic variables were checked for normality through use of Shapiro-Wilkes’s 

test, before applying either an independent T test (parametric) or a Mann-Whitney test 

(non-parametric).  
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5.2.7    Characterisation of indoor and outdoor walking volumes 

The number of WBs and strides averaged across the week and per-day, was 

calculated within indoor and outdoor locations for each duration threshold of WB 

duration for PD and OAs. All of the below comparisons were made with paired-t test 

(parametric) or Wilcoxon-H test (non-parametric). 

 

Within cohort 

• Compared the number of WBs and the number of strides (weekly and daily 

average) between indoor and outdoor locations within each cohort 

Between cohort 

• Compared the number of WBs and the number of strides (weekly and daily 

average) estimated within indoor and outdoor environments between cohorts. 

5.2.8    Influence of indoor and outdoor environments upon RWS 

The mean RWS was compared between indoor and outdoor environments for each 

WB duration threshold, before comparing indoor and outdoor RWS between PD and 

OA. All of the below comparisons were made with paired-t test (parametric) or 

Wilcoxon-H test (non-parametric). 

Within cohort 

• Compared the mean RWS assessed across all, indoor and outdoor locations 

within each WB duration threshold, for both cohorts separately. 

Between cohort 

• Explored whether the mean RWS estimated from all indoor and outdoor 

locations was significantly different between PD and OA participants within each 

WB duration threshold. 

5.3    Results 

A summary of all participants demographic and clinical information can be viewed 

below (Table 5-1). PD participants were low disease severity (MDS-UPDRS III = 24.75 

points). The PD cohort had a significantly larger proportion of males to females in 

comparison to OAs, otherwise no significant differences in descriptive statistics 

between PD and OAs were found (P = > 0.05).   
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Table 5-1. Demographic and clinical information for the Parkinson’s and older adult 

cohorts of the technical validation study. 

 ‘-‘describes an empty field, due to data availability. BMI = Body Mass Index. MDS-UPDRS III = 
Movement Disorder Society – Unified Parkinson’s Disease Rating Scale – Part III.  
 
A summary of the all the PD participants excluded and included due to availability of 

indoor and outdoor data can be viewed in Appendix 5. The excluded participants (n=7), 

were significantly older (mean age = 74 years), had significantly larger MDS-UPDRS 

III scores (mean = 27.57 points), and significantly lower RWS (mean  = 0.85 m/s) in 

comparison to the included participants (Table 5-1). 

5.3.1     Characterisation of indoor and outdoor walking 

For both cohorts the majority of WBs were undertaken indoors in comparison to 

outdoors. Within specific WB duration thresholds, differences between indoor and 

outdoor walking volume were not observed for PD participants within WBs between 10 

to 30 seconds and 30 to 60 seconds, however at these durations OA participants 

undertook a significantly larger number of WBs and strides indoors in comparison to 

outdoors. In contrast, long WBs primarily took place outdoors, where both groups of 

Group PD OA 
 n 12 18 

Age (yrs) 66 ± 7 71 ± 6 

Sex (Male / Female, n) 10/2 9/9 

Height (metres) 1.75 ± 1.50 1.66 ± 1.05 

Body Mass (kg) 79.6 ± 14.52 74.32 ± 11.47 

BMI (kg/m2) 25.87 ± 3.96 27.04 ± 3.79 

Number of Walking 
bouts 

5016 ± 209 7814 ± 163 

Real-world walking 
speed (m/s) 

1.01 ± 0.08 1.02 ± 0.12 

MDS-UPDRS III 24.75 ± 10.32 - 

Hoehn and Yahr Stage     
I, n (%) 3 (25%) - 

II, n (%) 7 (58%) - 

III, n (%) 2 (16%) - 

IV, n (%) 0 - 
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participants had a significantly larger volume of strides and daily average number of 

strides outdoors (P = < 0.01) (Table 5-2) (Figure 5-2).  

 

Figure 5-2. Proportion of walking bouts (WBs) that occurred in either environmental 

context for Parkinson’s (PD) or older adults (OAs). Data are shown grouped by different 

thresholds of WB duration.   

When comparing cohorts, across all real-world locations combined, OAs had a 

significantly larger stride count and number of daily strides in comparison to PD for All 

WBs and WBs > 60 seconds (P = < 0.05) (Table 5-2). Within outdoor locations, the 

number of WBs and the daily average number of WBs were significantly larger in PD 

participants in comparison to OAs. No significant differences between cohorts in 

outdoor walking volumes were observed at any additional WB duration threshold. In 

contrast, OAs had a significantly larger number of walking bouts, daily WBs, stride 

count and daily stride count in indoor environments, for each WB duration (Table 5-2).  
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Table 5-2. Volume of walking bouts and strides assessed indoors and outdoors for Parkinson’s and older adult participants.  

All WBs 
 All locations Indoor Outdoor 

Variable PD OA PD OA PD OA 
Total WBs (n)a,b 1616 ± 948 1894 ± 702 932 ± 549** 1667 ± 716** 423 ± 509 238 ± 234 
Daily average WBs (n)a,b 245 ± 150 270 ± 100 138 ± 81** 246 ± 99** 62 ± 72 34 ± 33 
Total strides (n) 39466 ± 25129* 68866 ± 38117* 13977 ± 8642** 30148 ± 13487** 18259 ± 17835 38543 ± 36519 
Daily average strides (n) 5958 ± 3773* 9838 ± 5445* 2076 ± 1300** 447 ± 1852** 2706 ± 2603 5507 ± 5216 
RWS (m/s) 1.10 ± 0.17 1.14 ± 0.18 1.03 ± 0.10 0.97 0.11 1.16 ± 0.28 1.19 ± 0.22 

WBs 10 to 30 seconds 
 All locations Indoor Outdoor 

Variable PD OA PD OA PD OA 
Total WBs (n)b 512 ± 284 646 ± 253 222 ± 182** 590 ± 244** 89 ± 189 35 ± 67 
Daily average WBs (n)b 73 ± 40 95 ± 36 35 ± 26** 83 ± 34** 20 ± 27 10 ± 11 
Total strides (n)b 11107± 6358 13836 ± 5467 4410 ± 3835** 12563 ± 5152** 1900 ± 4256 807 ± 1640 
Daily average strides (n)b 1583 ± 908 2036 ± 801 741 ± 547** 1765 ± 736** 478 ± 608 244 ± 273 
RWS (m/s) 0.93 0.07 0.93 ± 0.09 1.01 ± 0.08* 0.82 ± 0.34* 0.92 ± 0.09 0.98 ± 0.15 

WBs 30 to 60 seconds 
 All locations Indoor Outdoor 

Variable PD OA PD OA PD OA 
Total WBs (n)b 85 ± 70 100 ± 51 21 ± 26** 39 ± 48** 25 ± 48 13 ± 27 
Daily average WBs (n)b 12 ± 10 14 ± 7 4 ± 4** 12 ± 10** 6 ± 7 4 ± 5 
Total strides (n)b 5026 ± 4122 5837 ± 3146 1244 ± 1387** 3741 ± 2609** 1514 ± 3027 834 ± 1718 
Daily average stridesb 744 ± 595 833 ± 449 268 ± 231** 687 ± 614** 373 ± 432 258 ± 286 
RWS (m/s) 1.11 ± 0.16 1.07 ± 0.11 1.05 ± 0.35 1.08 ± 0.24 1.04 ± 0.11 1.01 ± 0.32 

WBs > 60 seconds 
 All locations Indoor Outdoor 

Variable PD OA PD OA PD OA 
Total WBs (n) 56 ± 48 80 ± 63 9 ± 9* 18 ± 21* 16 ± 39 36 ± 60 
Daily average WBs (n) 9 ± 8 11 ± 9 2 ± 2* 4 ± 3* 5 ± 6 8 ± 9 
Total strides (n)a,b 15834 ± 12134* 41268 ± 35174* 1385 ± 1802** 4417 ± 4214** 8336 ± 10087 31944 ± 35317 
Daily average Strides (n)a,b 2587 ± 2056* 5895 ± 5024* 335 ± 315** 836 ± 598** 1660 ± 1658 5038 ± 5045 
RWS (m/s) 1.28 ± 0.19 1.25 ± 0.17 1.07 ± 0.52 1.25 ± 0.22 1.14 ± 0.32 1.25 ± 0.37 

Total WBs/Strides = total number across the week. RWS = Real-world walking speed. WB = Walking bouts. All variables reported as median across the week. 
a = significantly different between indoor and outdoor for PD, b = significantly different between indoor and outdoor for OA. Bold = Significantly different between 
PD and OAs. ‘*’ – P = < 0.05, ‘**’ = P < 0.01
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5.3.2    Comparison of RWS between indoor and outdoor environments  

For people with PD, RWS was not significantly different between indoor and outdoor 

environments for any WB duration threshold. In contrast, in OAs mean RWS was 

significantly slower in indoor environments for all WBs combined (P = < 0.001), and 

WBs between 30 to 60 seconds (P = 0.018) (Figure 5-3).  

When comparing cohorts, differences in RWS where only observed for short indoor 

WBs where RWS was significantly faster in PD by 8% (1.01 ± 0.08 m/s) in comparison 

to OAs (0.92 ± 0.09 m/s) (P = 0.01).  

 

Figure 5-3. Comparison of mean RWS recorded across all, indoor and outdoor 

locations, across different walking bout (WB) thresholds. Datapoints represent an 

individual’s RWS averaged across the seven days, within that specific WB and 

environment. *Indicates statistically significant difference (P = < 0.05) in RWS between 

indoor and outdoor location. Line represents median values of RWS.  
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5.4    Discussion 

The overarching aim of this chapter was to understand whether exploration of real-

world walking within indoor and outdoor locations is able to improve interpretation of 

real-world behaviour. Both cohorts undertook the largest volume of walking within 

indoor locations, where the majority of short WBs also took place indoors and the 

majority of longer WBs primarily took place outdoors. When comparing cohorts, no 

differences in outdoor walking volume was observed, however OAs had a significantly 

larger volume of indoor WBs and strides at each WB duration threshold in comparison 

to PD. Significant differences in RWS between indoor and outdoor locations were only 

observed for the OA cohort, within specific WB thresholds. When comparing cohorts, 

RWS was significantly slower in short duration indoor WBs in OAs compared to PD, 

showing that OAs are able to safely adjust their walking to meet demands of specific 

contexts in comparison to PD. Below the meaning of these findings is discussed and 

provide recommendations on the future use of GPS data in real-world mobility analysis.  

5.4.1    Characterisation of indoor and outdoor walking volume 

The first aim of this chapter was to understand in which location (indoor or outdoor) 

does most real-world walking takes place, and if the pattern of WB duration that relates 

to locations is different. Across all WBs, the largest proportion of WBs took place 

indoors, in keeping with hypothesis. This finding is not surprising given that previous 

self-reported surveys have determined humans spend 90% of their time indoors 

(Diffey, 2011). Within specific thresholds, short WBs (10 to 30 seconds) primarily took 

place within indoor locations, which is in agreement with previous speculation (Hickey 

et al., 2016). Despite not defining specific types of indoor locations, it’s speculated that 

short WBs largely take place within the individual’s home and thus RWS in short WBs 

could reflect performance of essential activities of daily life. In contrast, long WBs (> 

60 seconds), were predominantly outdoors, which is expected given that prolonged 

periods of walking may only be accommodated within open, outdoor spaces. These 

findings should be interpreted with caution as assessment was undertaken during 

COVID-19 where many indoor public spaces were closed and individuals were 

instructed to remain at home (Ammar et al., 2020; “Coronavirus,” 2020). Furthermore, 

participants were asked to place the smartphone on a Bluetooth always charging dock 

when in the home. This increased the probability of participants forgetting to re-equip 

the device and may have resulted in misclassification of outdoor WBs as indoor. 
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5.4.2    Is indoor and outdoor walking volume different between PD and 
OAs? 

At all WBs and across all locations, the number of strides were significantly less for PD 

participants in contrast to OA participants, which is consistent with previous studies 

that have shown similar findings with the number of steps (Adams et al., 2021; Del Din 

et al., 2020; Lord et al., 2013c; Pradhan and Kelly, 2019; Toosizadeh et al., 2015). 

However, no literature had explored whether the volume of real-world walking is 

different between each location. Interestingly, no differences between cohorts in 

outdoor walking volume was observed, however PD participants recorded a 

significantly lower proportion and volume of indoor walking across each WB duration 

threshold in comparison to OAs, where these differences were stronger than all 

locations combined. Thus, these findings build upon existing literature and suggest that 

it is indoor, rather than outdoor walking volume, that is different between cohorts. 

Indoor walking is speculated to primarily take place within the home-environment, so 

this could be interpreted as OAs being more independently able to complete house-

hold activities in comparison to PD. In the present study participants’ motor severity 

can be considered mild (MDS-UPDRS III score = 24.75 points), and mean age was 

similar between PD and OAs. At all WBs indoors PD had 53% fewer steps than OAs, 

which is larger than the than the 30% and 43% fewer steps reported in early-stage and 

mildly impaired PD participants reported in previous studies (Lord et al., 2013c; 

Pradhan and Kelly, 2019). This suggests that a reduction within indoor real-world 

walking volume potentially exists even in early stage PD, however further findings in 

larger samples are needed to confirm this.  

While 10,000 strides per day is a popular recommendation of an active life style 

(Cavanaugh et al., 2012; Choi et al., 2007), there is no consensus on whether a 

higher/lower volume of indoor or outdoor walking activity reflects a healthy pattern in 

walking activity. While distributions between environmental walking has not been 

explored, across all real-world data combined, PD walking has been shown to be 

primarily comprised of a larger proportion of short WBs to long WBs, in comparison to 

OAs through estimation of Alpha (Lord et al., 2013c). Chung et al., 2022, have 

estimated other GPS measures and found relationships between proportion of time 

spent > 1000 ft from house with increased functional fitness (Nagi score) (Masala and 

Petretto, 2008). While it was not possible to quantify such metrics in this study, GPS 

data can be further analyzed to calculate life and activity spaces (Hirsch et al., 2014; 
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Liddle et al., 2014). These spaces reflect the geographical area of which an individual 

conducts their activity and their patterns of mobility within the community and activity 

space specifically can serve as a dynamic measure of ambulation in the community 

and surrounding neighbourhood. Associations have been made between smaller 

activity/life spaces in PD in comparison to OAs (Hirsch et al., 2014), while other 

research in community dwelling OAs has found associations between larger volume of 

physical activity with increased activity space (Suri et al., 2023). Future research could 

expand upon the present study to understand whether activity and life-space metrics 

can improve interpretation of real-world mobility. 

5.4.3    Was RWS different between indoor and outdoor environments? 

In PD participants, no significant difference in RWS between indoor and outdoor 

locations was found, across any WB duration threshold, which contrasts with the 

hypothesis. This hypothesis was partially based upon existing literature that has 

quantified separately for in-home (Chung et al., 2022; Stone et al., 2015) and out of 

home respectively (Wettstein et al., 2015, 2013).  Previous studies quantified in-home 

RWS as <1m/s (Chung et al., 2022), and <0.57 m/s (Stone et al., 2015). Liu et al., 2022 

quantified in-home RWS through use of radio waves found a mean RWS of 0.71 m/s 

for people with PD and 0.91 m/s for individuals without PD. In contrast to those studies, 

in the present chapter all real-world indoor locations were explored, rather than 

exclusively the home environment, however RWS captured within short WBs is 

speculated to primarily reflect in-home activity which was recorded to be 1.01 m/s, 

which is larger than the ranges reported in the existing literature. A possible 

explanation for this, could be the exclusion of WBs < 10 seconds in the present study, 

where there is not mention of filtering this threshold, or any other threshold in the 

existing studies. Furthermore, the PD participants in (Liu et al., 2022), had a larger 

disease severity (MDS-UPDRS III = 30 points), in comparison to the present cohort 

which could explain the slower RWS. 

For outdoor RWS, other studies included OA participants (Mean age range 70 to 72 

years) with and without cognitive impairment have reported average ranges of RWS to 

be between 1.03 to 1.09 m/s (Wettstein et al., 2015, 2013), however they did not 

explore differences between WB duration thresholds. Outdoor RWS in the present 

study was largely dependent upon WB threshold and reported between 0.92 to 1.14 

m/s, with the fastest speeds recorded during long WBs.  Comparison of the findings of 

the present study with the existing literature is limited, as studies have quantified RWS 
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with different technologies (GPS, Microsoft Kinect or radio waves), explored only in-

home RWS rather than all indoor real-world locations, not explored differences in PD 

participants and most fundamentally not compared differences between indoor and 

outdoor RWS in the same study (Chung et al., 2022; Stone et al., 2015; Wettstein et 

al., 2015, 2013).  

In contrast to PD, for OAs RWS was significantly slower when measured indoors 

across all real-world data (all WBs). This supports the hypothesis which was based 

upon previous research (Chung et al., 2022; Stone et al., 2015; Wettstein et al., 2015, 

2013), but also upon the speculation that the different challenges of each type of 

location would require a different adaptation of RWS to safely navigate. At all WBs, 

RWS was lower for OAs when assessed indoors (1.17 m/s), as these environments 

represent more confined spaces, in comparison to outdoor environments that have 

longer pathways and more open spaces allowing for greater modulation of RWS 

speed, particularly at higher walking speeds (mean RWS of 1.23 m/s). The mean 

outdoor RWS at all WBs for OAs was substantially larger than the ranges reported by 

previous studies (1.03 to 1.09 m/s) (Wettstein et al., 2015, 2013), however those 

studies estimated RWS with a different measurement device, real-world assessment 

was completed across a shorter time frame, and they didn’t exclude WBs < 10 seconds 

from their analysis.   

Also, for OAs, within medium length WBs, RWS was significantly faster indoors (1.08 

m/s) in comparison to outdoors (1.01 m/s). One possible explanation is that medium 

outdoor WBs could reflect intermittent periods of walking in urban settings that have 

the need to navigate traffic crossings and other obstacles, requiring slower speed to 

navigate these challenges, which could have reduced RWS. In comparison medium 

length indoor WBs could include shops, places of work, or other large public spaces. 

However, these interpretations remain speculative, and further highlights and the 

challenges and importance of understanding the context of real-world mobility. A more 

granular approach would be built upon promising methods and characterise specific 

types of indoor and outdoor environments (Bayat et al., 2020), or explore differences 

in RWS between individual’s living in rural or urban areas.  

5.4.3.1    Is indoor and outdoor RWS different between PD and OAs? 

The indoor and outdoor RWS across each WB duration threshold, was compared 

between PD and OAs. The only significant differences were observed within RWS 
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assessed during short WBs undertaken indoors, where RWS was significantly slower 

in OAs in comparison to PD. This contrasts with previous findings made in Chapter 4, 

that demonstrated, irrespective of location, RWS in short WBs was significantly slower 

in PD (0.99 m/s) in comparison to OAs (1.05 m/s). In the present study, the fact that 

RWS was significantly slower indoors in comparison to outdoors, only in OA 

participants, demonstrates that they can modulate their walking pattern in comparison 

to people with PD. Within confined indoor locations, a slower RWS reflects a safer gait 

modulation as individuals would want to avoid tripping over furniture, or safely navigate 

other obstacles. This finding, along with the potential inability of PD to adapt walking 

speeds could suggest an ‘inflexibility’ to safely adapt their mobility for specific 

environments or WB durations.  

5.4.4    Limitations  

A primary limitation of this study was in the data collection and estimation of GPS 

information to quantify indoor and outdoor location. Future studies utilising specialist 

GPS devices, with more standardised placement is needed, as previous research 

studies have demonstrated a difference in accuracy between not only the type of GPS 

device, but also differences in estimation of GPS information when the device is worn 

on different locations (Schipperijn et al., 2014; Taoum et al., 2021). Differences in 

accuracy is also reduced within indoor environment using urban locations with high 

rise buildings (urban canyons) (Kerr et al., 2011; Webber and Porter, 2009) and 

increased foot traffic or in spring and summer seasons where trees have greater foliage 

which blocks the satellite signal, reducing accuracy (Duncan et al., 2013; Rainham et 

al., 2008). The sample size for both cohorts was small, and further reduced by some 

participants not recording GPS information. As the study was conducted during 

COVID-19, this could have had a negative influence upon the confidence of 

participants to leave the house, restricting their out of home activities (Falla et al., 2021; 

Knapik et al., 2021; Luis-Martínez et al., 2021). Future studies in a larger sample, with 

more varied motor symptom severity, that is not confounded by COVID-19 is needed. 

Such as the nature of the TVS, a large amount of clinical information was not collected. 

This is an essential area of future analysis, which should be completed in cohorts with 

wide ranges in disease severity, medication intakes and symptoms.  
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5.4.5     Clinical implications & future directions  

The importance of understanding environmental context and its influence upon mobility 

is gaining traction within health-care research, as this would substantially enhance 

interpretation of complex real-world datasets. These findings suggest that indoor 

walking volume, rather than outdoor walking volume, is significantly affected in PD, 

which potentially enables the design of simple interventions and practical 

recommendations to be made for people with PD and their carers such as ensuring 

they continue to independently complete as many home-based activities as possible. 

RWS was only modulated differently between different real-world locations for OA 

rather than PD participants within specific WB duration thresholds. This inability to 

adapt RWS could propagate to reduced foot clearance and increased risk of tripping, 

slipping or misplacing strides and subsequently sustaining a fall (Ashburn et al., 2008; 

Hyndman et al., 2002; Talbot et al., 2005). Evaluation of RWS adaptability could 

improve detection of falls and assist in the development of fall prevention strategies. 

While previous studies in supervised settings have found associations between 

walking adaptability and prospective fallers (Geerse et al., 2019), associations 

between adaptability of RWS between real-world locations and increased falls-risk are 

yet to explored.  

Despite this exploratory work and the exciting potential of GPS data in general, current 

methods of capturing GPS are confounded by several limitations which question their 

accuracy and precision as clinical tools. Liu et al., 2022 has pioneered an innovative 

method of accurately estimating in-home RWS through use of radio waves emitted by 

a Wi-Fi device, however such method is limited to in-home environments only. Several 

technical steps must be addressed, including determining optimal algorithms, type of 

device and the optimal position for device to be worn among others. While no study 

has explored indoor physical activity in PD, other clinical measurements related to 

ageing such as the late life function and disability index (LLFDI) (Jette et al., 2002), or 

the MDS-UPDRS II (self-reported experiences of daily living), could perhaps explain 

the reduced volume of indoor walking activity in PD. Previous studies have also 

suggested a potential link between reduced volumes of walking activity with greater 

cognitive impairment in PD (Mc Ardle et al., 2022), which would make for an interesting 

area for future work.  
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5.4.6    Conclusion 

Digital examination of mobility, through assessment of RWS assesses an individual 

across many different environments, WB durations and contexts, offering a method of 

enhancing the richness and depth of clinical mobility monitoring, alongside existing 

methods. Specifically, it provided greater understanding of specific factors that drive 

real-world mobility and whether mobility is modulated differently between indoor and 

outdoor environments. Here the potential of environmental data into future wearable 

research has been demonstrated. Further technical validation work is needed to 

optimise collection and analysis of GPS data, before application upon a larger sample 

of participants presenting with more varied stage of PD. Despite characterising RWS 

as the mean value between environment, an additional way to explore this would be 

to understand how RWS is modulated within a single WB.  
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Chapter 6. Gait adaptation in the real-world: Quantification of 
modulations within real-world walking speed in people with 
Parkinson’s and older adults 

Understanding how RWS is modulated within a single WB could provide insight into 

the ability of individuals to adapt their walking to safely navigate real-world demands. 

While there is no widely accepted method of modelling the number of modulations, this 

chapter explores one potential method of achieving this by quantifying the number of 

modes, or selected walking speeds, within the distribution of RWS.  

6.1    Introduction 

Real-world walking is complex, as mobility may be challenged by the different 

demands of different contexts, such as the type of location (indoor or outdoor) (Kim 

and Brown, 2022; Toda et al., 2020). In Chapter 5, no difference in mean RWS 

between indoor and outdoor locations for people with PD, which suggested that there 

is inability to modulate RWS between environments within PD. This which may lead to 

negative consequences such as increased falls and injury risk (Brodie et al., 2017; 

Silva-Batista et al., 2018), or reduced quality of life through avoidance of walking which 

could limit mobility and social participation (Delgado-Ortiz et al., 2023; Merchant et al., 

2020). While this method was able to provide insight into the broader patterns and 

trends that exist within RWS, an additional way to explore walking adaptations would 

be to understand how RWS is modulated within a single bout of walking, which is not 

represented by the singular values averaged across the entire assessment period in 

the previous chapter.  

Within a single WB, an individual may modulate their RWS with separate acceleration, 

steady-state, and deceleration phases. Furthermore, an individual may need to adapt 

their walking to account for several contextual challenges they may encounter during 

the WB such as changes in the walking surface (Osaba et al., 2020) obstacle 

negotiation, fatigue (Zhang et al., 2022). Cognitive impairment may also influence 

adaptability of gait, due to the need to complete more cognitively demanding dual-

tasks (Rochester et al., 2014). Specifically in PD, episodic gait disturbances such as 

festination (Giladi et al., 2001), or FOG (Zhang et al., 2021), can cause inconsistencies 

with acceleration and gait initiation (Plotnik et al., 2008). Medication fluctuations and 

dyskinesias can also cause inconsistent gait patterns, which may be reflected in step 
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length and RWS, which have been shown to be more dopa-responsive DMOs (Corrà 

et al., 2021; Curtze et al., 2015; Rochester et al., 2011). These, in turn could create 

more variability within gait modulation (Jankovic, 2005). Additionally, deficits in 

balance, postural control (Raccagni et al., 2020), muscle function (Pääsuke et al., 

2004), and rapid force production (Pelicioni et al., 2021), also occur in PD and may 

negatively affect the ability to quickly adapt walking. Thus, objectively quantifying the 

number of modulations that occur within a WB could provide a comprehensive 

understanding of an individual's walking dynamics and functional capabilities and 

assist decision making, therapeutic management and personalised intervention 

strategies.   

While there is no widely accepted method of modelling modulations in RWS within 

WBs, one potential solution exists through modelling the number of modes within the 

distribution. A distribution is a function that shows the possible values for a variable 

and how often they occur, where a mode is described as a frequently occurring value 

within the distribution. On the surface, the distribution of RWS may be described with 

one mode, however it may include several modes (Figure 1-2). Each mode within the 

distribution could represent a ‘selected walking speed’, existing within RWS, where the 

‘slowest’ or ‘lowest’ selected walking speed could reflect different aspects of mobility 

versus the ‘fastest’ or ‘highest’ mode in the distribution. It could be hypothesised in the 

most complex real-world scenarios an individual may have to adapt their speed several 

times, resulting in a larger number of selected walking speeds. Thus, a reduced 

number of selected walking speeds could reflect limited capability for adapting gait 

across environments and WB durations (Lord et al., 2013c). Alternatively, specific WB 

durations and environments, medication fluctuations, dyskinesias and gait-freezing 

could drive a larger pattern in selected walking speeds (Atrsaei et al., 2021; Mancini et 

al., 2018).  

It is not currently understood how many selected walking speeds exist within the 

distribution. Previously in OAs and PD, researchers have fitted a distribution with a 

fixed number of two selected walking speeds to all assuming that there is a bimodal 

distribution within their RWS (Atrsaei et al., 2021; Brodie et al., 2017; Van Ancum et 

al., 2019). One study fitted a fixed number of five selected walking speeds (Baroudi et 

al., 2022), however their participants were young adult athletes. All of those previous 

studies did not model whether a more optimal number of selected walking speeds 

better fitted the distribution of RWS. While no widely adopted method toward modelling 
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the number of selected walking speeds within RWS exists, one approach is based 

upon unsupervised machine learning clustering algorithm and is implemented within 

the ‘Mclust’ package (Scrucca et al., 2016) in R (R Foundation for statistical computing, 

V4.02, Austria). While Mclust has had applications in a broad range of fields (Foley et 

al., 2020; Nadif et al., 2020; Villafaña et al., 2020), it was yet to applied upon continuous 

real-world gait data.  

6.1.1    Aims and hypotheses 

Aims 

• Determine of the number of selected walking speeds (defined by the number 

of modes) in real-world and laboratory settings in PD and OAs 

• Explore whether selected walking speeds are modulated differently between 

WB duration thresholds and assessment context (laboratory vs real-world) 

Hypotheses 

• In the real-world, selected walking speeds would be dependent upon the WB 

duration, as mean RWS has been previously shown to differ between WBs 

(Del Din et al., 2016a). PD participants would be characterised by fewer 

selected walking speeds in comparison to OAs, demonstrating a reduced 

ability to adapt RWS (Lord et al., 2013c). 

• Both groups would have a larger number of selected walking speeds in the 

real-world, in comparison to the laboratory, due to the need to adapt walking 

to a more complex environment. 

6.2    Methods 

6.2.1    Participants 

Nineteen PD participants and 20 OA participants were included from the Mobilise-D 

TVS (Mazzà et al., 2021) with recruitment process and inclusion and exclusion criteria 

described in Chapter 3.  

6.2.2    Laboratory protocol 

Participants completed seven tasks: straight walking, timed up and go, l-test, surface 

test, hallway test and simulated daily activities. Each task was considered as a single 

WB, where walking speed was aggregated across all laboratory tasks.  
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6.2.3    Real-world protocol 

The participants were continuously monitored over seven days in their habitual 

environment, whilst wearing a Dynaport Move Monitor.  

6.2.4    RWS estimation 

RWS was estimated per stride from the wearable data, through application of P1 and 

P2 algorithm pipelines for the PD and OA cohorts respectively, that were determined 

in the TVS (Kirk et al., 2023b; Micó-Amigo et al., 2023). Both pipelines are defined in 

Chapter 3.  

6.2.5     Characterisation of selected walking speeds 

A distribution may also be termed a ‘Gaussian Mixture Model (GMM) (Reynolds, 2009). 
A GMM can be fitted with any fixed number of modes, or selected walking speeds, 

where each selected speed is defined by mean and covariance parameters. GMMs 

were employed to identify the number of modes, or selected walking speeds existing 

in the distribution underlying RWS for PD and OA participants. GMMs were fitted 

utilizing the ‘Mclust’ function in the ‘Mclust’ package (Scrucca et al., 2016) in R (R 

Foundation for statistical computing, V4.02, Austria). Mclust applies probabilistic, 

unsupervised machine learning algorithms, through utilizing a soft-clustering approach 

that identifies the probability that each data-point belongs to a specific mode or 

selected-walking speed.  

Conceptually, a GMM is defined by several modes, or selected walking speeds 

identified by 𝑘𝑘{1, … ,𝐾𝐾}, where 𝐾𝐾 is the number of selected-walking speeds within this 

dataset (each selected speed 𝐾𝐾 in the mixture is comprised of a mean 𝜇𝜇 that defines 

the centre, a covariance ∑ that defines its width, and a mixing probability 𝜋𝜋 that defines 

how big or small the gaussian function would be.  
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Figure 6-1. Gaussian mixture model containing three modes, or selected walking-

speeds. Datapoints represent an example of an individual’s real-world walking speed 

collected across seven-days, which consisted of thousands of datapoints.  

Mclust was first applied to estimate the number of selected walking speeds 𝐾𝐾 existing 

within the distribution of RWS. In this study, models were fitted containing different 

numbers of selected walking-speeds, ranging from one to nine, to each individual’s 

RWS assessed over the 7-days, or their laboratory walking speed aggregated across 

all tasks. To determine which model, defined by the number of selected walking 

speeds, was the optimal fit, the Bayesian information criterion (BIC) as utilised as a 

method to correct for over-fitting. Where the model that had the largest BIC value was 

determined as the optimal fit.  

6.2.6    Estimation of selected walking-speed parameters  

Once the optimal number of modes was determined, or selected walking speeds within 

RWS, Mclust then applies an expectation-maximisation algorithm to fit the location and 

width of each selected-walking speed to the individual’s distribution. Given that GMMs 

are an unsupervised learning algorithm, the selected walking-speed of which data point 

of RWS belongs to is unknown and is considered a ‘latent variable’. Traditional 

techniques to estimate parameters of each mode, or selected walking-speed, such as 

maximum likelihood estimation, is not possible with the presence of latent variables, 

thus Mclust employs and Expectation-maximisation (E-M) algorithm approach to 

achieve this (Scrucca et al., 2016).  

EM algorithms are defined by an ‘E-step’ which estimated the expected value for each 

selected walking-speed within the mixture and an ‘M-step’ that optimized the 
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parameters (mean and variance) of the distribution using maximum likelihood. 

Specifically, EM algorithms, assumes random modes that are randomly centered upon 

data points of walking speed and computed for each observation, the probability that 

it was generated by each selected walking speed of the model. The algorithm adjusted 

the mean and covariance parameters (𝜇𝜇, ∑) to maximize the likelihood of the data 

given those assignments, the EM algorithm repeats this process until convergence is 

observed in the likelihood value. An overview of this process can be viewed below 

(Figure 6-2).  
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Figure 6-2. Modelling the optimal distribution within real-world walking speed (RWS). Step 1) 

quantification of the number of selected walking speeds existing within the distribution, in this 

method nine models were fitted, however here only include 3 for graphical representation. The 

model that maximises the Bayesian inference criterion is chosen as the optimal fit. Step 2) The 

algorithm randomly positions the three selected walking speeds at some random area of the 

distribution of RWS. Step 3) Algorithm optimises fit of each selected walking speed by re-fitting 

around its mean and variance. 

Following these steps, the algorithm produced an output for everyone containing the 

optimal number of selected walking-speeds within the distribution of RWS and 
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laboratory walking speed process was repeated for RWS within each WB duration (10 

to 30 seconds, 30 to 60 seconds, > 60 seconds and all WBs), in both PD and OA 

cohorts. 

 

The median and ranges of the number of selected walking speeds were calculated to 

summarize the results across each WB duration, and assessment context. The weights 

were calculated based upon the proportion of participants in each number of selected 

walking speeds, with the number selected walking speeds assigned to a larger 

proportion of participants having a higher weight.  

 

Ordinal Logistic regression (Polr function in R statistical software) was employed to 

explore whether the number of selected walking speeds were significantly different 

between PD and OA participants. All models were adjusted for sex, age. The number 

of strides each individual has undertaken was controlled for, to ensure that any 

differences were dependent upon the characteristics of the cohort, rather than 

individual’s recording a larger volume of strides.  

6.3    Results 

A summary of all participants demographic and clinical information can be viewed 

below (Table 6-1). There were no significant differences in general characteristics 

between PD and OAs (P = > 0.05).  
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Table 6-1. Demographic and clinical information for PD and OA participants.  

 ‘-‘describes an empty field, due to data availability. BMI = Body Mass Index. MDS-UPDRS III = 
Movement Disorder Society – Unified Parkinson’s Disease Rating Scale – Part III.  
 

6.3.1     Estimation of selected walking speeds within the distribution of 
RWS  

An example of the number of selected walking speeds that were identified within RWS 

assessed from PD participants can be viewed in Figure 6-3.  

Group PD OA 
 n 19 19 

Age (yrs) 69 ± 8 71 ± 6 

Sex (Male / Female, n) 15/4 9 / 10 

Height (metres) 1.74 ± 0.66 1.67 ± 0.10 

Body Mass (kg) 79.1 ± 13.46 74.4 ± 12.11 

BMI  25.9 ± 4.2 27.12 ± 3.6 

Real-world walking 
speed (m/s) 

1.05 ± 0.21 1.17 ± 0.16 

MDS-UPDRS III 25.78 ± 14.16 - 

Hoehn and Yahr Stage     
I, n (%) 4 (21%) - 

II, n (%) 11 (47%) - 

III, n (%) 4 (21%) - 

IV, n (%) 0 - 
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Figure 6-3. Illustration of selected walking speeds within real-world walking speed 

(RWS) at all walking bout in Parkinson’s. A) Raw distribution of RWS assessed across 

seven days. B) The distribution, defined by number of selected walking speeds 

identified by the algorithm (number of participants = 19).  

6.3.2    Were selected walking speeds modulated differently between WBs? 

The weighted averages of the optimal number of selected walking speeds at each WB 

duration are presented below (Table 6-2). 

Table 6-2. Weighted averages and ranges of selected walking speeds estimated in 

Parkinson’s and older adult participants. 

WB duration 
threshold 

PD  
(Weighted average, 

range) 

OA  
(Weighted average, 

range) 
All WBs 4, 3:7 5, 3:9 

10 to 30 seconds 4, 2:7 4, 3:7 
30 to 60 seconds 4, 2:9 3, 2:6 

> 60 seconds 3, 2:6 4, 2:9 
 

At all WBs, both cohorts were characterised by selected walking speeds ranging from 

three to nine (Figure 6-4). Across each WB duration threshold, the largest proportion 
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of PD participants were characterised by four selected walking speeds, excluding > 60 

seconds in PD, where the largest proportion had three (Figure 6-4).  

When comparing cohorts, the number of selected walking speeds was significantly 

larger in PD for WBs between 30 to 60 seconds in comparison to OA (Odds Ratio = 

4.75, 95% CI [1.14, 22.20], P = 0.05). 
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Figure 6-4. Number of selected walking speeds within real-world walking speed for Parkinson’s and older adult participants 

assessed at walking bout (WB) durations; all WBs, 10 to 30 seconds, 30 to 60 seconds, > 60 seconds. 
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6.3.3    Were selected walking speeds different between assessment? 

Across all laboratory tasks aggregated together, the largest proportion of PD 

participants were characterised by one selected walking speed. In contrast, the largest 

proportion of OAs had two speeds (Figure 6-5).  

The number of selected walking speeds in the laboratory was significantly different 

between PD and OA participants (Fisher’s exact test P = 0.04). 

 
Figure 6-5. Characterisation of the number of selected walking speeds estimated from 

all laboratory tasks together in Parkinson’s and older adults.  

For both cohorts, significantly fewer selected walking speeds in laboratory 

assessments were observed in comparison to the real-world across each WB duration 

for both cohorts (P = < 0.05).  

6.4    Discussion 

Understanding of how RWS is modulated within a single WB could provide important 

insight into real-world walking adaptability. This chapter aimed to explore whether the 

number of selected walking speeds was able to provide insight into how RWS is 

modulated across individuals, cohorts, WB durations, and assessment settings. In the 

real-world, participants were largely characterised by three, four and five selected 

walking speeds. While variation across WB duration thresholds was evident, it was 

difficult to draw any definitive conclusions on the exact influence each context had 

upon modulations. In a laboratory setting, participants were characterised by one or 

two selected walking speeds for PD and OAs, respectively, which was significantly less 

than in the real-world, demonstrating the different challenges each assessment 

environment poses to RWS modulation strategies. Here the utility of a novel application 
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of the ‘Mclust’ (Scrucca et al., 2016) algorithm is discussed and selected walking 

speeds in their ability to reflect modulations within RWS, whilst also highlighting 

limitations and identifying areas of future work.  

6.4.1    Real-world characterisation of selected walking speeds 

Participants exhibited three, four, or five selected walking speeds, indicating different 

strategies for modulating RWS. Within a single WB, RWS was expected to 

demonstrate three distinct phases: acceleration, steady-state, and deceleration, with 

additional variability to adapt to real-world demands. These findings support the 

hypothesis and expand upon previous knowledge about the number of selected 

speeds in RWS (Atrsaei et al., 2021; Brodie et al., 2017; Van Ancum et al., 2019). Prior 

studies in OAs (Van Ancum et al., 2019) and PD (Atrsaei et al., 2021), fitted a GMM 

with two modes to RWS, assuming the existence of two selected walking speeds 

(faster and slower). They assessed goodness of fit using Ashman's D (Ashman et al., 

1994), where a score of ≥2 indicates bimodality. However, Ashman's D does not 

quantify the optimal number of selected speeds. A more recent study by Baroudi et al., 

2022 employed a multi-level modelling approach, which was more similar to the 

approach in this chapter and identified an optimal number of five selected walking 

speeds across all individuals. However, comparisons are limited as their population 

consisted of young athletes who were assessed across 14 days. In contrast, in PD 

participants, Atrsaei et al., 2021 identified a bimodal distribution based on data from a 

single day, capturing a smaller number of walking modulations and potentially resulting 

in fewer selected speeds. The results showed differences in selected walking speeds 

across individuals, which suggests the need to estimate the number of selected 

walking speeds individually, rather than assuming all participants have the same 

uniform number.  

6.4.2    Were selected walking speeds modulated differently between WBs? 

Based on Chapter 4 and previous literature (Del Din et al., 2016a; Shah et al., 2020a), 

it was hypothesized that selected walking speeds would be modulated differently to 

adapt RWS to various activities inferred from different WB duration thresholds. These 

findings partially support this hypothesis, as variation in the number of selected walking 

speeds was observed across WB durations (Figure 6-4). However, it was difficult to 

draw definitive patterns or trends from the results to understand the precise influence 

of each WB duration threshold on RWS modulations. The weighted averages of 



 

108 
 

selected walking speeds appeared to show more variability between WB durations in 

the OA cohort compared to the PD cohort (Table 6-2), although no significant 

differences were observed between the cohorts. This finding is inconsistent with the 

hypothesis, as gait modulation was expected to differ more significantly in PD. This 

hypothesis was based on previous research that explored patterns of ambulatory 

behaviour in PD and OA participants using metrics such as "Variability" (Lord et al., 

2013c). Variability refers to within-subject variability in WB duration, and previous 

studies have shown reduced variability in PD, suggesting a more "inflexible" pattern of 

walking activity (Lord et al., 2013c). Therefore, differences in the number of speeds 

would suggest inflexibility in adapting RWS, but this was not evident within the real-

world results.  

This study represents the first investigation into the differences in modulation of 

selected walking speeds across various WB durations and indoor/outdoor locations in 

individuals with PD and OAs. Despite these initial findings, there is still a limited 

understanding of what information is reflected by the number of selected walking 

speeds. Despite only fitting a distribution with two selected walking speeds, Atrsaei et 

al., 2021, estimated a fixed number of selected walking speeds from all WBs > 15 

seconds and found a correlation between increased variability of the ‘slowest’ or 

‘lowest’ selected walking speed with an increased dopaminergic medication intake 

throughout the day. which suggests a possible link between medication fluctuations. In 

PD, completing such tasks indoors may be independent of ON/OFF medication states, 

where FOG symptoms are more likely to occur during short intermittent periods of 

indoor walking (Mancini et al., 2018; Nieuwboer and Giladi, 2013). These factors could 

contribute to fluctuations in RWS modulations and result in greater variation in the 

pattern of selected walking speeds across individuals (Atrsaei et al., 2021; Smulders 

et al., 2016). However, in the present study, motor disease severity of participants was 

relatively low, therefore the majority of participants may not experience FOG events. 

Balance and postural control deficits are commonly associated with PD (Raccagni et 

al., 2020), and may all influence the ability for people with PD to modulate gait. 

Reduced muscle function is one of the symptoms experienced by individual’s with PD 

(Pääsuke et al., 2004), where deficits in force modulation and production may also 

occur (Park and Stelmach, 2007). Previous research has shown that PD affects the 

capacity to produce maximal and rapid force (Pelicioni et al., 2021), which could 

negatively affect the ability to quickly recover stepping to avoid tripping and 
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subsequently sustaining a fall. Additionally fatigue is a debilitating non-motor symptom 

experienced by individual’s with PD (Friedman and Friedman, 1993), where previous 

research has found that people with PD with increased fatigue had slower acceleration 

and walking speed and shorter (Tanaka et al., 2014). Thus, fatigue could influence the 

ability to modulate walking, particularly during prolonged WBs. Increased cognitive 

impairment is another non-motor symptom associated with PD, which could also affect 

an individual’s ability to safely modulate their walking within complex environments (Mc 

Ardle et al., 2022), however this is yet to be explored.  

A reduced number of selected walking speeds could also imply reduced between-walk 

adaptability, implying a reduced ability to avoid obstacles and quickly adapt and 

recover whilst a trip or slip occurs (Brodie et al., 2017). While no study has explored 

associations between falls risk and the number of selected speeds with RWS, Brodie 

et al., 2017 assessed cadence across seven days and found participants with a larger 

distribution, characterized by two modes (bimodal) had a lower risk of falls than 

individuals with a cadence distribution better modelled by a single mode. While this 

was not explored in the present chapter, different walking modulation strategies maybe 

more evident in the spatial (step length) or temporal (step time) DMOs that RWS is 

estimated from. Reduced step length is a continuous gait deficit that is commonly 

experienced by people with PD (Del Din et al., 2016a; Zanardi et al., 2021), where it’s 

been previously demonstrated that people with PD increase their cadence to account 

for reduced step/stride length in order to maintain their walking speed (Morris et al., 

1996, 1994). Thus, an interesting area of future research would be to characterise the 

distributions across a range of additional DMOs, which could in turn reveal more 

sensitive markers of gait modulation across environments and WB durations in 

comparison to RWS.  

Understanding the relationship between selected walking speed modulations and 

environments is complex due to the influence of environmental constraints. Factors 

such as changes in walking surfaces caused by weather conditions (e.g., ice, rain) 

(Kim and Brown, 2022; Toda et al., 2020), variations in terrain (e.g., potholes, inclines, 

declines, curbs) (Kowalsky et al., 2021), increased anxiety levels (Kandola et al., 2018; 

Zimmermann et al., 2020),  lighting conditions (Bicket et al., 2020), noise levels, and 

the presence of other individuals can contribute to differences in gait modulation 

strategies. Although these specific environmental factors were not captured in the 

present study, it would be valuable for future research to include metrics related to 
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environmental and spatial behaviour, such as the life-space assessment (Liddle et al., 

2014), GPS measures of activity space (Hirsch et al., 2014), or the quantification of 

travel patterns and engagement with different environments (Bayat et al., 2020). 

Investigating the influence of these factors on the number of modulations in selected 

walking speeds may provide further insights into whether the ability of people with PD 

to adapt gait affects physical activity and limits out-of-home mobility, which is 

associated with increased sedentary behaviour, fall risk and heightened independence 

on carers to assist in completion of their day to day activities (Milanović et al., 2013; 

Suri et al., 2023).  

6.4.3    Were selected walking speeds different between assessment? 

In the laboratory setting, participants with PD and OAs exhibited primarily one or two 

selected walking speeds, which is fewer compared to real-world conditions. This 

outcome was expected due to the differences in complexity between unsupervised 

real-world assessments (most complex) and supervised laboratory settings (least 

complex) (Warmerdam et al., 2020). Previous studies have consistently shown 

disparities in DMOs (including walking speed) when assessed in laboratory versus 

real-world environments (Chapter 2 and (Atrsaei et al., 2021; Corrà et al., 2021; Del 

Din et al., 2016a; Shah et al., 2020c; Toosizadeh et al., 2015)). Despite this, the 

laboratory protocol in this study was designed to replicate the range of walking speeds 

observed in real-world scenarios by incorporating varying levels of complexity (Mazzà 

et al., 2021; Scott et al., 2022). In the same cohort, Scott et al., 2022 reported a visually 

similar distribution of walking speeds between laboratory and real-world tasks, 

indicating successful replication of real-world complexity. However, their real-world 

assessment period was limited to 2.5 hours, in contrast to the seven-day duration of 

the present study. Additionally, their analysis involved visual inspection of walking 

speeds without quantitative modelling of optimal distributions for each participant 

individually. Consequently, the fact that OAs demonstrated a larger number of selected 

walking speeds suggests they had a greater ability to adapt their gait to safely navigate 

the challenges presented by each task, as compared to individuals with PD. Other 

literature has quantified a fixed number of two selected walking speeds in a laboratory 

setting, suggesting that a similar number of modulations occur within walking speed 

between assessment setting (Atrsaei et al., 2021; Van Ancum et al., 2019). While not 

exploring differences in the number of selected walking speed, Van Ancum et al., 2019 

found low to negligible correlations between the median value from each selected 
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walking speed. Atrsaei et al., 2021 demonstrated higher variability within the lowest or 

slowest selected walking speed in the real-world, in comparison to the lab, which 

supports the argument that real-world environments are more challenging.  

6.4.4    Limitations  

The application of ‘Mclust’ was computationally heavy, where it was not explored 

whether a more efficient method exists. The sample size for both cohorts was small 

and the PD cohort had a mild to moderate disease severity and thus the results may 

not be generalisable to the PD population as a whole. As the study was conducted 

during COVID-19, this could have had a negative influence upon the confidence of 

participants to leave the house, restricting their out of home activities (Falla et al., 2021; 

Knapik et al., 2021; Luis-Martínez et al., 2021). Future studies in a larger sample, with 

more varied motor symptom severity, that is not confounded by COVID-19 is needed. 

Such as the nature of the TVS, a large amount of clinical information was not collected, 

so it was not possible to explore in detail whether the number of selected-walking 

speeds corresponds to clinical characteristics, such as gait freezing and medication. 

This is an essential area of future analysis, which should be completed in cohorts with 

wide ranges in disease severity, medication intakes and symptoms.  

6.4.5    Clinical implications & future directions  

At present there is limited understanding of whether a larger or smaller number of 

selected walking speeds can provide objective measures of real-world walking 

adaptability, or whether they can provide clinical insight into the impact of PD upon an 

individual’s mobility. A reduced number of selected walking speeds within RWS could 

imply reduce ability to avoid obstacles, or reduced ability to rapidly adapt stepping to 

recover balance when a slip or trip occurs and avoid sustaining a fall (Brodie et al., 

2017). People with PD are at more risk of sustaining a fall in comparison to OAs (Del 

Din et al., 2020; Kalilani et al., 2016), where FOG symptoms are one of the most 

prominent falls risk factors after sustaining a previous fall. Conversely, a larger number 

of selected walking speeds could be associated with increased motor fluctuations, or 

FOG which could create a more inconsistent gait pattern, particularly within the 

initiation and acceleration phases of gait (Plotnik et al., 2008). If an association 

between a larger number of selected walking speeds and motor fluctuations were 

found, this may represent an endpoint target in an interventional trial.  
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6.4.6    Conclusion 

Understanding of how RWS is modulated within a single WB could have several 

advantages for the clinical assessment of PD, such as insight the ability of individuals 

to safely adapt walking in different environmental settings to avoid sustaining a fall, 

which could lead to targeted interventions to improve real-world adaptability. The 

number of modulations within RWS, could be quantified through estimation of the 

number of modes, or selected walking speeds, within the distribution. While there is no 

‘gold standard’ method to achieve this, the ‘Mclust’ algorithm (Scrucca et al., 2016) 

offers a more comprehensive and data-driven approach in comparison to previous 

methods (Atrsaei et al., 2021; Brodie et al., 2017; Van Ancum et al., 2019). The findings 

demonstrate the importance of modelling, rather than assuming a given number of 

modes exist within the data. It was difficult to draw may be definitive conclusions of 

what the number of selected walking speeds corresponds to. There is a need to further 

validate this method in a larger cohort with a more diverse range of PD participants. 

The findings of this study lay a framework for future research and in the next chapter 

of this thesis, an explanatory analysis will be undertaken to understand whether a 

higher or lower number of selected walking speeds is associated with real-world 

adaptability or specific aspects of PD.  
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Chapter 7. Unravelling the clinical implications of real-world selected 
walking speeds: A key to understanding real-world behaviour in 
Parkinson’s? 

The primary aim of this chapter was to undertake an explanatory analysis to 

understand whether a smaller or larger number of selected walking speeds 

corresponds to clinically useful information.  

7.1    Introduction  

In Chapter 6, the number of modulations within RWS, were modelled as selected 

walking speeds. The results demonstrated that the number of selected walking speeds 

appeared to differ across environments and WB durations, however it was difficult to 

draw any conclusive patterns of trends to understand exactly how selected walking 

speeds are modulated differently. There is no understanding of whether a larger or 

smaller number of selected walking speeds corresponds to clinically meaningful 

outcomes. For example, a reduced number of selected walking speeds could reflect 

reduced control of stepping and increased loss of postural control (Brodie et al., 2017), 

which could be associated with increased impairment to muscle force production 

(Pelicioni et al., 2021), balance (Raccagni et al., 2020) and fatigue (Friedman and 

Friedman, 1993; Rochester et al., 2006; Tanaka et al., 2014) that occurs in PD. 

Conversely, FOG symptoms or fluctuations in mobility between ON/OFF medication 

states could cause a more inconsistent gait pattern in PD, which could result in a larger 

number of selected walking speeds (Jankovic, 2005; Kalilani et al., 2016). 

Longitudinally, selected walking speeds could also reflect changes in dynamic balance 

control of gait with respect to time, which has been shown to decrease with ageing 

(Boripuntakul et al., 2014; Gehlsen and Whaley, 1990). Alternatively, longitudinal 

changes in RWS modulations could increase alongside increasing severity of FOG 

symptoms (Zhang et al., 2021) and incidence of medication fluctuations and 

dyskinesias (Aradi and Hauser, 2020). Thus, the primary aim of this chapter was to 

understand which personal or clinical characteristics affect an individual’s ability to 

modulate their gait, through selected walking speeds.  
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7.1.1    Aims and hypotheses 

Aims 

• Undertake an explanatory analysis to understand what information is reflected 

by a larger or smaller number of selected walking speeds, across different WB 

durations in in PD and OAs 

• Characterise longitudinal differences in the number of selected walking speeds 

between PD and OAs 
Hypotheses  

• The number of selected walking speeds would reflect different clinical, 

demographic or gait-related factors dependent upon the WB duration  
• Longitudinal changes in modulations of selected walking speeds would occur 

more rapidly in PD, in comparison to OAs.  

7.2     Methods  

7.2.1     Participants 

Participants with PD and OAs were included from the 18-, 36-, 54- and 72-month time 

points of the ICICLE-GAIT study (Del Din et al., 2016a; Rochester et al., 2014; Yarnall 

et al., 2014), with recruitment and diagnosis as described in Chapter 3. Global 

cognition was assessed through the Montreal Cognitive Assessment (MoCA) score 

(Nasreddine et al., 2005) and depression symptoms were evaluated with the Geriatric 

Depression Scale-15 score (GDS-15) (Sheikh and Yesavage, 1986).  

 

For PD participants, motor experiences of daily living and motor symptom severity were 

evaluated using the MDS-UPDRS parts II (0-65) & III (0-108) (Goetz et al., 2008) , 

respectively, and Hoehn and Yahr (H&Y) stage (0-5). Participants were tested ‘ON’ 

medication, defined as within 1 hour after PD medication. Freezing of gait was 

assessed with the New Freezing of Gait Questionnaire (NFOG) (Hulzinga et al., 2020) 

(score min to max 0-25), where Levodopa Equivalent Daily Dosage (LEDD) mg/day 

was calculated in accordance with previously defined methods (Tomlinson et al., 

2010).  

7.2.2    Real-world protocol 

The participants were continuously monitored over seven days in their habitual 

environment, whilst equipped with an Axivity AX3 sensor, that was attached to the fifth 
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lumbar vertebra with a hydrogel adhesive (PALStickies, PAL Technologies, Glasgow, 

UK) and covered with Hypafix  bandage. Data from the 36-month assessment was 

chosen for the cross-sectional analysis as it provided the largest sample size. After 

seven days, participants removed the device and posted it back to the researcher (Del 

Din et al., 2016a).  

RWS was estimated per-step from the wearable data, using validated algorithms (Del 

Din et al., 2016b; Hickey et al., 2016). RWS was aggregated into specific WB 

thresholds (10 to 30 seconds, 30 to 60 seconds, > 60 seconds). All WBs < 10 seconds 

were excluded and only participants with > 3 days were included in any analysis.  

7.2.3    Statistical analysis  

7.2.4     Characterisation of selected walking speeds 

GMMs were employed to estimate the number of modes, or selected walking speeds, 

existing in the distribution underlying RWS. GMMs were fitted utilizing the ‘Mclust’ 

function in the ‘Mclust’ package (Scrucca et al., 2016) in R (R Foundation for statistical 

computing, V4.02, Austria). The method has previously been defined in Chapter 6. In 

short, everyone’s RWS assessed per each step over the 7-days is inputted into the 

algorithm, where Mclust fitted models containing different numbers of selected walking-

speeds, ranging from one to nine. The model that has the largest BIC value, was 

determined as the optimal number of selected walking speeds. The algorithm then 

estimates the probability of each data point of RWS belonging to each mode, or 

selected speed and subsequently re-estimates the mean and variance parameters to 

optimise the fit upon the distribution.  

Following these steps, for everyone’s RWS across WBs; 10 to 30 seconds, 30 to 60 

seconds, > 60 seconds and all WBs the following variables were estimated: (i) the 

optimal number of selected walking-speeds within the distribution of RWS and (ii) the 

mean and covariance of each selected walking-speed.  

7.2.5    What information is reflected by the number of selected walking 
speeds? 

This cross-sectional, explanatory analysis was performed at the 36-month time point 

of ICICLE-GAIT, as it contained the largest number of observations in comparison to 

the other time points. An overview of the explanatory analysis can be viewed in Figure 

7-1 and is more extensively defined in the following sections.  
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Figure 7-1. Process of identifying the strongest independent predictors of the number 

of selected walking speeds within each category of variable. This was repeated at each 

walking bout duration threshold.  

7.2.5.1     Ordinal regression  

Ordinal logistic regression was employed to explore which independent predictors 

have the strongest association with the number of selected walking speeds, at each 

WB duration threshold. In this instance, odds ratios represent the constant effect of a 

predictor x on the likelihood of having a larger or smaller number of selected walking 

speeds. An odds ratio of < 1 can be interpreted as, an increase in the predictor variable 

reduces the likelihood of having a larger number of selected walking speeds. In 

contrast an odds ratio of > 1 is interpreted as an increased likelihood of having a larger 

number of selected walking speeds. Below, the odds ratios have also been converted 

to probabilities, which is more intuitive, and easier to interpret.  

7.2.5.2    Predictor selection (Figure 7-1A) 

Potential predictor variables that might be associated with the number of selected 

walking speeds were identified from different categories of interest, namely, macro and 

micro gait outcomes, variables related to the control of gait, clinical and demographic 

information. Specifically, within the macro-gait outcomes category predictors related to 
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the volume, pattern and variability in macro-gait activity (Lord et al., 2013c). For micro 

gait outcomes 15 potential predictors were included related to the pace, rhythm, 

variability, asymmetry and postural control five domains of gait (Lord et al., 2013a). 

Micro gait and macro-gait predictors were estimated in accordance with methods 

defined in Chapter 3 through application of previously validated algorithms (Del Din et 

al., 2016b; Lord et al., 2013c) and were aggregated within the WB durations defined 

above. The gait control category included (i) balance (as measured by Activities 

Balance Confidence Scale (ABC)) (Powell and Myers, 1995), (ii) lower extremity function, 

as measured by time (seconds) to complete five repetitions of the sit to stand test, and 

(iii) Fatigue as measured by multi-dimensional fatigue index (MFI), a 20-item 

questionnaire that assesses (Smets et al., 1995) total fatigue, physical fatigue and 

general fatigue, where a larger scores indicate higher fatigue. For the clinical category, 

medication dosage (LEDD) (Tomlinson et al., 2010) perception of motor experiences 

of daily living (MDS-UPDRS II), Motor symptom severity (MDS-UPDRS III) (Goetz et 

al., 2008), motor disability (H&Y stage) (Goetz et al., 2008) and Incidence of FOG events 

(NFOG) score (Hulzinga et al., 2020) were included. The demographic category 

included mass, height, and cognition (MoCA). All models were controlled for sex, age 

and depression (GDS). A list of all variables included in the backwards regression for 

each category can be viewed in Table 7-1.  
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Table 7-1. Selected independent predictors from each category that were assessed for any 

association with the number of selected walking speeds. 

Category Predictor 

Clinical  

(PD only) 

• Medication dosage (LEDD) 

• Motor experiences of daily living (MDS-UPDRS II) 

• Motor symptom severity (MDS-UPDRS III) 

• Incidence of freezing of gait events (NFOG) 

• PD motor disability (H&Y stage) 

Demographics 

• Demographics (height, sex, mass, BMI and age) 

• Depression (GDS) 

• Cognition (MoCA) 

Gait control 

• General fatigue, physical fatigue and total fatigue (multi-dimensional 

fatigue index) 

• Balance (ABC scale) 

• Lower extremity function (five times sit to stand time) 

Micro gait 

• Stance Time 

• Stance time SD 

• Stance time asymmetry 

• Step time 

• Step time SD 

• Step time asymmetry 

• Step length 

• Step length SD 

• Step length asymmetry 

• Swing time 

• Swing time SD 

• Swing time asymmetry 

• RWS 

• RWS SD 

Macro gait 

• Alpha  

• Variability  

• Step count 

• Total WBs (per WB duration) 

• Walking Seconds 

• Walking % per day 

LEDD = Levodopa Equivalent Daily Dosage. MDS-UPDRS = Movement Disorder Society – Unified 
Parkinson’s Disease Rating Scale – Part II or III. NFOG = New freezing of gait questionnaire. H&Y stage 
= Hoehn and Yahr stage. BMI = Body mass index. GDS = Global depression scale. MoCA = Montreal 
cognitive assessment. ABC scale = Activities balance confidence scale. SD = Standard deviation. RWS 
= real-world walking speed. WB = Walking bout. 
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7.2.5.3     Collinearity check (Figure 7-1B) 

This was achieved by estimating Pearson’s correlations between all predictors within 

each category separately. If two predictors were highly correlated with eachother, (R 

> 0.75) (Mukaka, 2012), then only the predictor that had the highest correlation with the 

number of selected speeds was bought forward into the backwards ordinal 

regressions.  

7.2.5.4     Strongest independent predictors (Figure 7-1C) 

To identify the strongest independent predictors of the number of selected walking 

speeds within each category or variables, a series of backwards ordinal regression 

models were carried out in R (‘polr’ function in the ‘MASS’ package) (Ripley et al., 2022).  

Within each category, all potential predictors that remained following the collinearity 

check were inputted as predictors into the same ordinal regression model and 

assessed for their association with the number of selected walking speeds. All 

predictors that were not significantly associated with the number of speeds (P = > 

0.05), were removed from the model. This process was repeated until the model 

contained only variables that were significantly associated with the number of selected 

walking speeds, or until there were no significant predictors left in the model.  

7.2.5.5     Strongest overall predictors (Figure 7-1D) 

Similar to the previous step, only the variables that still had a significant association 

with the number of selected walking speeds were selected as the independent 

predictors that best explained what the number of speeds corresponds to across all 

categories and WB durations. Only the predictor variables that remained following this 

process are reported, along with the proportion of variance explained (R2 Nagelkerke) 

by each model across each WB duration.  

All numerical predictor variables were re-scaled by their mean and SD, to ensure 

robustness of comparison. Each model was adjusted for sex and age, where the Odds 

ratios, 95% CIs, P values and R2 Nagelkerke were reported.  

7.2.6     Characterisation of longitudinal change in selected walking speeds 

Ordinal logistic regression was used to investigate whether the probability that the 

number of selected walking speeds within RWS changed over time, in 88 PD 

participants and 111 OAs. The time point, sex, and baseline age were included as fixed 
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effects. For the random effects, a random intercept for participant was modelled. 

Performance was assessed by calculating conditional R2, marginal R2 and confidence 

intervals. This was repeated with the number of selected walking speeds estimated 

from each WB duration.  

7.3    Results  

A summary of all participants demographic and clinical information can be viewed 

below (Table 7-2), a summary table of all real-world information can be observed in 

Appendix 7. Motor severity of the PD participants at baseline was low (MDS-UPDRS 

= 33 points).  At 18 months, 12% of individuals had already experienced FOG events, 

by 72 months 19% of individuals were experiencing FOG. 94% of participants were 

taking dopaminergic medication at 18 months, by 72-months 100% of participants were 

taking dopaminergic medication and LEDD had increased by an average of 314.49 ± 

240.68 across all participants who were assessed across both 18 and 72 months. 

Baseline gait characteristics have been previously defined in detail (Galna et al., 2015; 

Morris et al., 2017b).  
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Table 7-2. Clinical and demographic information of the ICICLE-GAIT cohort at 18-, 36-, 54- and 72-months assessment timepoints. 

Data presented as mean and standard deviation (SD). Bold highlight indicates significant difference at <0.05 significance level between (i) between PD and OAs at specific time 
point or (ii) independent dataset and 36 month of ICICLE-GAIT dataset. ‘-‘describes an empty field, due to data availability. MDS-UPDRS III = Movement Disorder Society – 
Unified Parkinson’s Disease Rating Scale – Part III. LEDD = Levodopa equivalent daily dosage. Independent data set compared to 36 months ICICLE-GAIT data. 

 18 months 36 months 54 months 72 months 
Group PD OA PD OA PD OA PD OA 

n 43 51 62 94 59 49 49 43 
Age (yrs) 69.1 ± 10.7 70.8 ± 7.1 69.3 ± 9.5 72.5 ± 6.5 68.8 ± 9.4 73.0 ± 7.6 71.3 ± 9.5 72.8 ± 6.5 

Sex (Male / Female, n) 31 / 12 27 / 24 40 / 22 44 / 50 39 / 20 28 / 24 35 / 14 26 / 17 
Height (metres) 1.69 ± 0.88 1.69 ± 0.08 1.69 ± 0.08 1.68 ± 0.09 1.68 ± 0.8 1.70 ± 0.09 1.67 ± 0.09 1.70 ± 0.08 
Body Mass (kg) 79 ± 15 81 ± 15 79 ± 17 77 ± 13 76 ± 15 81 ± 13 77 ± 14 84 ± 13 

GDS  2.65 ± 2.78 1.17 ± 1.95 2.80 ± 2.40 1.41 ± 2.43 2.77 ± 2.54 1.36 ± 2.14 3.35 ± 3 1.26 ± 2 
MoCA 25.93 ± 3.6 27.5 ± 2.3 26.2 ± 3.5 27.4 ± 2.3 26.1 ± 3.5 26.1 ± 3.31 24.7 ± 4.6 26.6 ± 3.3 

MDS-UPDRS II (points) 11 ± 6 - 13 ± 4 - 14 ± 5 - 16 ± 5 - 
MDS-UPDRS III 

(points) 33 ± 11 - 38 ± 12.4 - 39.1 ± 12.6 - 40.9 ± 13.8 - 

Disease duration 
(years) 7.90 ± 4.69 - 8.77 ± 4.02 - 10.36 ± 4.31 - 12.01 ± 4.5 - 

Hoehn and Yahr Stage             
I, n (%) 5 (11%) - 1 (1%) - 1 (2%) - 0 (0%) - 
II, n (%) 40 (85%) - 57 (90%) - 51 (86%) - 35 (70%) - 
III, n (%) 2 (4%) - 6 (9%) - 7 (12%) - 12 (24%) - 
IV, n (%) 0 (0%) - 0 (0%) - 0 (0%) - 3 (6%) - 

NFOG (points) 1.16 ± 4.57  2.17 ± 5.33  1.65 ± 4.73  2.21 ± 5.04  
LEDD (mg/day) 395 ± 206 - 515 ± 256 - 663 ± 294 - 720 ± 312 - 
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7.3.1     Characterisation of selected walking walking-speeds within RWS 

The largest proportion of participants from both cohorts were characterised by three or 

four selected walking speeds, across the majority of WB durations (Table 7-3) 

(Appendix 6).  

Table 7-3. The median and range of the number of selected walking speeds estimated 

in people with PD and OAs, across each WB duration at the 36-month time point.  

WB duration PD  OA  
All WBs 4 [3 , 7] 4 [3 , 7] 

10 to 30 seconds 3 [2 , 5] 3 [2 , 5] 
30 to 60 seconds 3 [2 , 5] 3 [2 , 6] 

> 60 seconds 3 [2 , 9] 4 [2 , 7] 
 

7.3.2    What information is reflected by the number of selected walking 
speeds? 

An overview of the strongest independent predictors of the number of selected walking 

speeds within each category can be viewed in Appendix 8. For both cohorts, the 

information reflected by the number of selected walking speeds was dependent upon 

the WB duration.  

7.3.2.1    PD 

For PD participants at all WBs and WBs > 60 seconds, increased step count was the 

only significant independent predictor of the number of selected walking speeds (Figure 

7-2).   Specifically, an increase in weekly step count of 10,000 steps was associated 

with a 32% or 62% increased likelihood of greater number of selected walking speeds 

for all WBs and long WBs respectively. 

 

For WBs between 10 to 30 seconds, increasing LEDD and NFOG scores significantly 

predicted a larger number of selected walking speeds (Figure 7-2). An increase in LEDD 

of 100 mg/day was associated with a 40% increased likelihood of someone having a 

larger number of selected walking speeds. An increase in NFOG score of 10 points 

had a 16% increased the likelihood of having a larger number of selected walking 

speeds. 
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Step count probability reported as increased likelihood of larger number of speeds per 10,000 steps. 
LEDD probability reported as increased likelihood per 100mmhg increase NFOG probability reported as 
increased likelihood for one point increase. ‘+’ refers to probability of an increased number of selected 
speeds.  
 
Figure 7-2. Strongest independent predictors of the number of selected walking speeds 

within each walking bout duration for the Parkinson’s 

7.3.2.2    OAs 

At all WBs, an increased step count and increased walking time in minutes were the 

only significant predictors of a larger number of selected walking speeds. Specifically, 

a larger step count (by 10,000 steps) and larger walking time (by 166 minutes) was 

associated with a 311% increased likelihood of a larger number of selected walking 

speeds. In contrast, a larger walking time by 166 minutes was associated with a 74% 

increased likelihood of having a lower number of selected walking speeds.  

Within both WBs between 10 to 30 seconds, and WBs > 60 seconds, a greater step 

length asymmetry by 0.01m was associated with a reduced 44% (10 to 30 seconds) 

and 88% (> 60 seconds) likelihood of having a smaller number of selected walking 

speeds. Similar to PD, no significant predictors were identified at WBs 30 to 60 

seconds (Figure 7-3). 
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Step count and walking seconds probability reported as increased likelihood of larger number of speeds 
per 10,000 steps, or 10,000 seconds of walking respectively. Step length asymmetry probability reported 
as increased likelihood per 0.01m increase. ‘+’ refers to probability of an increased number of selected 
speeds. ‘-‘refers to probability of a reduced number of selected speeds. 
 
Figure 7-3. Strongest independent predictors of the number of selected walking 

speeds within each walking bout duration for older adults.  

7.3.3     Does the number of selected walking speeds change 
longitudinally? 

The number of selected walking speeds estimated at each time point can be observed 

in Appendix 9. Significant change in the number of selected walking speeds was only 

observed within the PD cohort, at WBs 10 to 30 seconds, where the likelihood of an 

increased number of selected walking speeds increased by 41% more per year (Table 

7-4).  

Furthermore, when comparing the change between PD and OA cohorts, differences 

were only observed in WBs between 10 to 30 seconds, where the likelihood of an 

increase in the number of selected walking speeds was 35% larger for people with PD 

(Table 7-4).
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Table 7-4. Annual change in the number of selected walking speeds recorded in Parkinson’s and older adults and the difference in 

annual change between cohorts across the study duration, from 18 months to 72 months 

PD = Parkinson’s. OA = Older adults. RWS = Real-world walking speed. WB = Walking bout. Estimated from a mixed linear regression model including 194 selected walking 
speed measures from 88 PD participants and 221 selected walking speed measures from 111 OA participants with age, sex and HY stage (in PD only), as covariates. Subject 
also a random effect to account for the correlation of measures of the same subject and a interaction term between follow up time (in years) and group (PD or OA). 
‘+’ refers to probability of an increased number of selected speeds. ‘-‘ refers to probability of a reduced number of selected speeds.

 
 
 
 

WB 
duration 

(seconds) 
 

 
Annual change in selected walking speeds 

 
Difference in change of selected 

walking speeds 
 

OA  
(Probability, odds ratios,  

95% CI, P, R2) 
 

 
PD 

 (Probability, odds ratios,  
95% CI, P, R2) 

 

(Probability, odds ratios,  
95% CI, P, R2) 

 
All > 10 

 
-25%, 0.85, (0.30, 2.42), 0.056, 6% 

 
-21%, 0.89, (0.48, 1.64), 0.245, 4% 

 
 +3%, 1.03, (0.11, 9.04), 0.795, 5% 

 
10 to 30 

 
+3%, 1.03, (0.62, 1.70), 0.719, 

<1% 

 
+41%, 1.41, (0.89, 2.24), 0.001, 6% 

 
+35%, 1.35, (0.13, 14.11), 0.030, 8% 

 
30 to 60 

 
+2%, 1.02, (0.61, 1.70), 0.231, 2% 

 
+13%, 1.13, (0.68, 1.87), 0.250, 1% 

 
+6%, 1.06, (0.07, 15.85), 0.634, 2% 

 
> 60 

 
-9%, 0.91, (0.35, 2.36), 0.275, 10% 

 
-1%, 0.99, (0.34, 2.83), 0.937, 9% 

 
+6%, 1.06, (0.12, 9.58), 0.628, 11% 



 

126 
 

7.4    Discussion  

The primary aim of this chapter was to undertake an explanatory analysis to 

understand whether the number of selected walking speeds can provide meaningful 

insight into real-world behaviour. The findings were largely dependent upon the cohort 

and WB duration. For PD participants in short WBs, a larger number of selected 

walking speeds was driven by larger LEDD and NFOG score, highlighting that 

individual on higher dopaminergic medication doses and FOG symptoms had more 

variation within their ability to modulate their walking in short, primarily home-based 

WBs. In contrast, modulations of selected walking speeds at longer WBs, were driven 

by larger step volume. An individual with a larger step count would interact with a wider 

number of different real-world environments, thus required greater adaptations in their 

RWS to account for the greater variety of contextual challenges they face. 

Longitudinally, the number of selected walking speeds only changed within WBs 10 to 

30 seconds in PD, and the rate of change was larger in PD compared to OAs.  

7.4.1     Cross-sectional characterisation of selected walking speeds 

The number of selected walking speeds was estimated in a larger number of 

participants (n=156), in comparison to Chapter 6 (n=29). In the present chapter, 
individuals were largely characterised by three or four selected speeds, where variation 

was observed across individuals and WB durations. These findings collectively further 

emphasise that the distribution within RWS is not best modelled as a uniform number 

across all participants as previously suggested (Atrsaei et al., 2021; Baroudi et al., 

2022; Brodie et al., 2017; Van Ancum et al., 2019). This has important implications for 

researchers seeking to quantify the number of modulations that occur within RWS, with 

estimation of selected walking speeds, in that it demonstrates that individuals modulate 

their gait differently in the real-world. Thus, it can be recommended that the number of 

selected walking speeds should be modelled for each individual separately.  

7.4.2    What information is reflected by selected walking speeds in PD? 

The strongest predictors of the number of selected walking speeds depended on the 

WB duration and cohort. In PD, greater LEDD and higher NFOG score were the only 

significant predictors of increased selected walking speeds within short WBs (10 to 30 

seconds). Despite excluding WBs < 10 seconds, In Chapter 5, the majority of short 

WBs took place within indoor settings, which is speculated to predominantly be the 

home environment. RWS within short WBs would reflect essential household activities 
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(ie., getting a drink of water, going to the toilet etc.,). Thus, individuals may complete 

essential tasks such as these, irrespective of ON/OFF medication state, which could 

cause more variability in RWS (Corrà et al., 2021; Smulders et al., 2016) and impact 

upon the number of modulations (Atrsaei et al., 2021). A higher LEDD pertains to 

longer disease duration and severity, resulting in greater variability in walking speed 

between ON/OFF states. Medication fluctuations, alongside the type of activity within 

this WB duration (turning, obstacle negotiation etc.), would increase risk of gait freezing 

events (Mancini et al., 2018; Smulders et al., 2016). A greater NFOG score, is likely to 

have led to inconsistencies in acceleration and gait initiation, contributing to greater 

variability in selected walking speeds. These findings imply how medication and FOG 

symptoms are more likely to influence gait modulations within short WBs (Corrà et al., 

2021; Mancini et al., 2018). Despite this, participants at the 36-month time point of 

ICICLE-GAIT were relatively early in their motor symptom severity (MDS-UPDRS III = 

38 points), and some would not have experienced any medication fluctuations, with 

only 17% of individuals experiencing FOG events.  

At a macro level, variability and alpha (proportion of the number of short WBs in 

comparison to long WBs) did not emerge as significant predictors of the number of 

selected walking speeds at any WB duration threshold. This was surprising given that 

previous research in the same cohort had found reduced variability, suggesting an 

‘inflexible walking pattern’, in PD (Lord et al., 2013c). Another study found that 

individual’s that received deep brain stimulation surgery (DBS) had a significantly more 

variable and flexible walking pattern (Rochester et al., 2012), however the cohort of 

the present chapter did not include any individual’s that had DBS. Instead, at longer 

WBs (> 60 seconds) and all WBs, a larger weekly step count was identified as one of 

the strongest predictors of a larger number of selected walking speeds. This is logical 

given an individual with an increased step count, would have been more active across 

a wider range of contexts in comparison to an individual with fewer steps, which 

reflected the need to adapt their gait across a wider range of environments.  

For both cohorts, the number of selected walking speeds showed no significant 

relationship with fatigue. Fatigue levels were assessed using the MFI scale, where a 

score of 20 indicates the highest level of fatigue within a specific category. Among the 

PD participants, their median scores for general and physical fatigue were 12 and 10, 

respectively, whereas the OA participants reported lower scores (general fatigue = 9, 

physical fatigue = 7). Previous studies have also highlighted a connection between 
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reduced acceleration, walking speed, and step length with increased fatigue in PD 

(Tanaka et al., 2014). Consequently, it was anticipated that during the longest WBs, 

greater fatigue would influence their ability to modulate their RWS and may limit their 

capacity to engage in a wider variety of activities outside their homes (Herlofson and 

Larsen, 2003), thereby resulting in a narrower range of selected walking speeds due 

to their adaptation to a more restricted set of circumstances. Surprisingly, there was 

no observable association between fatigue and selected walking speeds, potentially 

due to the participants reporting only moderate fatigue scores. It's important to note 

that motor symptom severity in PD is a significant contributing factor to increased 

fatigue. Therefore, the relatively low MDS-UPDRS III scores may explain why 

participants with more severe fatigue symptoms were not captured (Havlikova et al., 

2008). 

No association was found between perception of the individual’s balance capabilities, 

as measured by ABC with selected walking speeds. Balance impairment in the cohort 

was not substantial, as median ABC scores for PD and OA participants was 77% and 

95%, indicating moderate and high levels of functioning (Powell and Myers, 1995). An 

additional way to explore balance would be to quantify sway velocity, sway jerkiness 

(Mancini et al., 2012, 2011) and sway frequency estimated from accelerometers worn 

during > 30 seconds of a quiet stance task (Horak and Mancini, 2013). Additionally, 

estimation of postural responses such as number of steps and time to equilibrium 

quantified assessed from the push and release test (El-Gohary et al., 2017), can 

measure ineffective stepping response in a supervised setting. It would be interesting 

to explore whether these metrics are related to the number of selected walking speeds. 

Impairment to lower body function was relatively low, as time to complete five sit to 

stand repetitions recorded to be 16.8 seconds for PD participants, which is lower than 

the mean sit to stand time recorded for individual’s with H&Y stage 2 impairment (21.3 

seconds) (Duncan et al., 2011). This could explain a lack of association with the 

number of selected walking speeds, however perhaps modulations are more related 

to rapid force production, which increases the ability to rapidly adapt walking within a 

single WB (Pelicioni et al., 2021), which warrants further exploration.  

7.4.3    What information is reflected by selected walking speeds in OAs? 

Similar to people with PD, for OA participants, an increased step count was associated 

with a higher likelihood of having a larger number of selected walking speeds at All 

WBs. OAs had a significantly higher number of weekly steps at All WBs, which 
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explained why they also had a larger number of selected walking speeds. However, 

step count did not predict the number of speeds in WBs longer than 60 seconds, where 

no significant predictors were found. The reason behind OAs having a larger number 

of selected walking speed modulations within long WBs is unclear. While longer WBs 

mainly occur outdoors, in contrast to short WBs that primarily take place indoors 

(Chapter 5), it is possible that the increased variability in environmental location during 

longer WBs contributes to more modulations in walking speeds. However, based on 

previous findings, this seems unlikely. Future studies could explore metrics related to 

environmental and spatial behaviour, such as life-space assessment (Liddle et al., 

2014; Stalvey et al., 1999), or GPS measures of activity space (Hirsch et al., 2014), to 

determine if they influence the number of modulations in walking speeds during longer 

WBs. It is possible that OAs have larger life or activity spaces and engage with a wider 

range of environments compared to PD, resulting in more modulations in walking 

speeds. 

For OAs at WBs 10 to 30 seconds and > 60 seconds, a larger step length asymmetry 

was associated with an increased likelihood of having fewer selected walking speeds. 

Previous real-world research in the same cohort has demonstrated that step length 

asymmetry was significantly higher in PD compared to OAs indicating a less 

symmetrical walking pattern in PD, indicating potentially an inability to modulate RWS, 

which could propagate an increased falls risk (Del Din et al., 2016a). Additional 

research found that step length variability, not asymmetry was higher in PD fallers in 

comparison to non-fallers (Del Din et al., 2019). While step length asymmetry did not 

emerge as a significant predictor of PD, these findings demonstrate that within short 

and long WBs, OAs with a less symmetrical gait are unable to modulate their RWS to 

adapt their walking for to the type of environment that individual’s encounter within 

short WBs (primarily household) and longer WBs (primarily outdoors), which present 

their own respective challenges.  

7.4.4    Did selected walking speeds change longitudinally? 

Significant increases in the number of selected walking speeds across the study 

duration was only observed for PD participants, with RWS assessed in short WBs, 

where no change in selected walking speeds was observed for OA participants with 

respect to time. Interestingly, the explanatory analysis revealed that both LEDD and 

NFOG were significant predictors of a larger number of modulations in selected walking 

speeds within short bouts. PD participants in the present study had increased 
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incidence of FOG events and increased motor symptom severity at the end of the study 

duration. To manage these worsening symptoms LEDD increased across all 

participants by a mean of 323 ± 390 mg/day across the study duration. However, the 

effectiveness of the medication diminishes over time, which could’ve lead to more 

severe motor fluctuations (Aradi and Hauser, 2020; Jankovic, 2005). Thus, the 

progression in symptom severity, medication usage, and the negative consequences 

of prolonged medication usage on motor fluctuations could drive greater variability 

within RWS between WBs and explain why changes in selected walking speeds were 

only observed within PD participants in short WBs. Increases in selected walking 

speeds, may lead to difficulties with gait initiation, and differences in selected walking 

speed modulations over time (Aradi and Hauser, 2020). 

7.4.5    Clinical implications & future directions 

A larger number of selected walking speeds was associated with higher dosages of 

medication and FOG scores, only within short WBs. Furthermore, short WBs were the 

only duration threshold where selected walking speeds changed across the study 

duration. Short WBs likely take place in a home setting, so in a clinical setting if an 

individual with PD that has experienced increases in their medication dosage and FOG 

score, report that they are having difficulty navigating the home environment, leading 

to reduced ability to independently carry out daily activities, this could be the result of 

increased variability and inconsistency in the ability to safely modulate gait. 

Subsequently, this could lead to adjustment of treatment methods, or specific training 

such as virtual-reality interventions (Mirelman et al., 2016; Pazzaglia et al., 2020). 

While such interventions can improve balance outcomes or walking adaptability as 

measured in a controlled clinical setting, there is limited evidence that they improve 

walking adaptability in a real-world setting. Therefore, reduction in selected walking 

speeds could act as an ecological valid, positive outcome for these interventions, which 

should be explored in the future. Additionally, modulations within RWS may reflect the 

interaction between several motor, perceptual and behavioural processes such as 

anxiety and fear (Toby J. Ellmers et al., 2022; Toby J Ellmers et al., 2022), and 

associations could be explored in future studies. From an environment perspective, 

simple recommendations can be made to ensure the optimisation of safe indoor 

environments to reduce the risk of slipping or tripping, sustaining a fall and 

subsequently a suffering a debilitating injury, due to changes in involuntary and 
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voluntary control of movement resultant from medication fluctuations and FOG 

symptoms.  

7.4.1    Limitations 

Despite exploring associations with LEDD, future research is needed to explore 

relationships between the number of selected walking speeds and the number of 

ON/OFF medication states. Due to a lack of variation in Hoehn and Yahr stage, it was 

not included as a predictor variable of the number of selected walking speeds, future 

research with greater variability in Hoehn and Yahr stage should explore this. 

Additionally, explorations of relationships between falls risk, measures of peak force 

and rate of force development estimated from maximum knee isometric contractions 

(Pelicioni et al., 2021), balance as quantified from wearable sensor data (sway velocity, 

sway jerkiness  and sway frequency (Mancini et al., 2012, 2011)), anxiety and fear with 

the number of selected walking speeds could identify further predictors.  

7.4.2    Conclusions 

The clinical assessment of PD is often based upon one-off assessments of many motor 

items, or perhaps one-time assessments of balance, gait, and other fall risk factors. 

Due to their brief nature, these approaches do not capture the impact of PD motor 

symptoms and gait disturbances upon how walking is modulated across different real-

world contexts. Selected walking speeds may objectively quantify modulations, where 

a larger number of speeds corresponded to different outcomes dependent upon the 

WB duration. A larger number of selected walking speeds corresponds to greater 

levels of physical activity at longer WBs and conversely increased medication dosage 

and FOG scores within short WBs. Furthermore, the number of selected speeds only 

increased within short WBs for PD. This information could improve insight of risk 

factors for reduced independence, quality of life and potentially future risk of falls in 

PD, and potentially be applied as a future endpoint if the goal is to improve individual’s 

real-world adaptability.  
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Chapter 8. Thesis overview and conclusions 

This thesis aimed to explore, validate and characterise RWS as a DMO, to understand 

what complementary information it can provide to enhance the assessment of mobility 

in PD. The current assessment is based upon brief testing which may only provide a 

snapshot insight into an individual’s mobility capacity under optimal conditions 

(Rochester et al., 2020; Viceconti et al., 2022; Warmerdam et al., 2020). Furthermore, 

it does not directly assess aspects of quality of life that are of most importance to 

patients, such as preservation of their ability to walk independently and safely in their 

daily lives (Deane et al., 2014; Delgado-Ortiz et al., 2023; Port et al., 2021). While no 

tools that can continuously assess real-world mobility are adopted for clinical use, one 

potential solution is within the continuous measurement of DMOs, such as RWS, with 

wearable devices. Specifically, RWS can be remotely assessed across consecutive 

days, offering an objective measure of real-world mobility performance, providing data 

driven and detailed insight that can complement existing the diagnosis and 

management of PD and measure change in aspects of quality of life that are of 

importance to patients. 

Despite the promise, there is a need to undertake explorations of clinical validity, to 

understand exactly what insight of mobility DMOs, such as RWS, are able to provide 

in PD. The clinical validity of DMOs assessed in a supervised setting has received a 

relatively large amount of attention (Polhemus et al., 2021). However, the systematic 

review conducted in Chapter 2, found an overall lack of studies that have sought to 

objectively understand what information is provided by real-world DMOs, which 

confirmed the hypothesis. RWS was the most widely explored DMO, where studies 

exploring whether DMOs were able to different between PD and OAs had the largest 

body of evidence. No real-world studies that included longitudinal data were found, 

which is an essential gap, as tools that can track the progressive nature of PD not 

captured by existing assessment would be clinically useful. Additionally, a small 

number of studies demonstrated how aggregating DMOs into different WB duration 

thresholds (Del Din et al., 2016a; Shah et al., 2020a), or novel methods of statistically 

summarising RWS based upon its distribution (Atrsaei et al., 2021; Corrà et al., 2021), 

are able to add further insight into the fluctuating nature of real-world mobility that could 

complement existing clinical assessment.  
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In Chapter 4, a comprehensive study was undertaken to address the gaps identified 

in the review, including longitudinal data and aggregation of RWS into different WB 

durations thresholds. Cross-sectionally, RWS was slower in PD in comparison to OAs, 

across a range of WB durations. Furthermore, RWS declined in both PD and OAs 

across the six-year study duration, however this was more rapid in PD by 0.02 m/s 

more per year. Previous research in the same cohort in a supervised setting found no 

difference in the rate of decline in walking speed (Wilson et al., 2020), suggesting that 

real-world mobility measures are more sensitive to detecting PD-specific deterioration 

in real-world mobility. RWS was not related to motor severity (MDS-UPDRS III) when 

aggregated at all WBs, but a significant relationship did exist with RWS when 

aggregated within medium length WBs. Longitudinally, MDS-UPDRS III scores 

increased overtime, however this was not associated with the annual decline in RWS. 

The score of the MDS-UPDRS III assesses a range of upper and lower body symptoms 

not all of which relate to gait, so a lack of association is not necessarily surprising. 

Despite this, the fact that RWS changed overtime, it does suggest it is able to assess 

some progressive aspect of PD, that is not captured by existing clinical assessment. 

These findings collectively, demonstrate that RWS can provide novel complementary 

information about changes in gait that relate to real-world mobility and are of 

importance to patients (Deane et al., 2014; Delgado-Ortiz et al., 2023; Port et al., 

2021).   

Real-world walking takes place across different indoor and outdoor locations, both of 

which present their own specific challenge to walking adaptability. In Chapter 5, the 

location in which the majority of real-world walking takes place was determined and 

then explored whether OA and PD participants adapted their RWS differently between 

indoor and outdoor locations. The majority of walking activity took place within indoor 

environments for both cohorts. While the amount of outdoor walking was not different 

between cohorts, PD participants had significantly less indoor walking in comparison 

to OAs, suggesting that is indoor rather than outdoor activities that differ between 

cohorts. No difference in the mean value of RWS was found between any environment 

in PD, where RWS was slower in OAs within indoor environments at all WBs and WBs 

30 to 60 seconds. Furthermore, RWS was faster in PD in comparison to OAs within 

short WBs undertaken indoors. These findings suggest that OAs are able to better 

adapt their RWS to safely navigate different real-world settings in contrast to PD 

participants, which may lead to negative consequences, such as increased injury risk  



 

134 
 

(Brodie et al., 2017; Silva-Batista et al., 2018), and reduced quality of life (Merchant et 

al., 2020). An additional way to understand walking adaptations would be to 

understand how RWS is modified within a single WB as the individual responds to their 

changing circumstances. This is not captured by the use of singular mean values.  

RWS maybe modulated several times within a single WB, due to the need to accelerate 

and decelerate to safely navigate different real-world challenges. The presence of PD 

may negatively influence how gait is modulated, through the presence of fluctuating 

symptoms, medication states, fatigue and deficits in balance and postural control. In 

Chapter 6, the number of walking modulations were modelled, as modes, or selected 

walking speeds, within the distribution of RWS. The number of selected walking 

speeds were estimated in PD and OA participants, in RWS across different WB 

durations and assessments (lab vs real-world). In the real-world, most individuals were 

characterised by three selected walking speeds and variation across each WB duration 

was observed. It was difficult to drawer any conclusive patterns to understand whether 

modulations were different between PD and OA participants. Selected walking speeds 

were significantly larger in the real-world in contrast to the laboratory, which suggests 

that more complex real-world environments require a larger number of modulations in 

selected walking speeds, in order to account for the greater depth of various contextual 

and environmental challenges individual’s face. There was also needed to conduct an 

explanatory analysis in larger cohort with more available clinical and demographic 

data.  

In Chapter 7, the findings demonstrated the information reflected by a larger number 

of selected walking speeds was largely dependent upon the cohort and WB duration.  

Larger number of selected walking speeds provides different insight dependent upon 

the WB duration. Within long WBs, which capture real-world capacity, a larger number 

of selected walking speeds was associated with greater levels of physical activity, as 

indicated by a higher step volume. This implies that more physical active individuals 

may complete a wider variety of out of home activities, promoting more adaptations 

within their RWS. In contrast, at short WBs a larger number of selected walking speeds 

were associated with increased medication dosage and FOG score. In an additional, 

longitudinal analysis selected walking speeds significantly increased within short WBs 

only in PD. This information could serve to identify mechanisms responsible for 

reducing in-home independence and potentially future risk of falls and reduced 

independence. 
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Overall, this thesis has provided evidence that digital mobility assessment, through 

quantification of RWS has potential to provide a more data-driven remote monitoring 

complementary aid to the existing clinical assessment of PD. Specifically that RWS 

can distinguish people with PD from OAs cross-sectionally, and RWS is also 

responsive to measuring changes in progressive aspects of PD that could complement 

the aspect of changes measured by the MDS-UPDRS III. This thesis also sought to 

characterise RWS at a more granular level, to understand what specific contexts may 

drive real-world mobility. These findings demonstrate that people with PD potentially 

have an inability to modulate their walking activity to safely navigate different real-word 

locations. This research also piloted novel distribution-based methods of 

characterising the number of selected walking speeds, to model the number of 

modulations within RWS. Potential links between increased medication dosage and 

FOG symptoms upon causing greater inconsistency within RWS in short WBs were 

demonstrated. Where the number of selected walking speeds only increased 

longitudinally within short WBs for the PD cohort. Moving toward acceptance of RWS 

as a clinical mobility measure, this thesis will inform the work of large multi-centric 

clinical validations (Mikolaizak et al., 2022).   

8.1    Clinical implications 

RWS could be deployed to remotely monitor aspects of PD which are not currently 

captured in routine clinical assessments.  Such information would allow clinicians to 

target and manage aspects of mobility disability that are of utmost importance to people 

with PD, such as preservation of their walking ability (Deane et al., 2014; Delgado-

Ortiz et al., 2023; Port et al., 2021). The ability to objectively evaluate patients remotely 

has significant advantages for both clinical research and clinical management. We 

anticipated that the relationship between RWS and the MDS-UPDRS III would be 

moderate at best due to the diverse nature of the clinical scale. The results support 

this, but also demonstrate that RWS is sensitive to change over time and thus may 

offer a supportive tool to monitor motor function remotely in PD. Walking in particular 

is challenging to manage and highlighted as of key importance by people with PD. The 

ability to detect change over time therefore makes this an important complimentary 

feature.  

Context is key to the clinical interpretation of real-world mobility, justifying the need to 

characterise RWS in a range of different real-world contexts, to understand what 
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specific mobility insight is provided. Specifically supporting the use of tradiational 

approaches to aggregating RWS within different WB durations (all WBs, short, medium 

and long) (Del Din et al., 2016a). Longer WBs contain faster periods of walking, which 

may reflect real-world mobility capacity, thus already measuring what is observed in 

the laboratory. In contrast, short and medium length WBs may capture the majority of 

PD symptoms. Differences in mean RWS between indoor and outdoor locations were 

evident for OA participants, however not observed within individuals with PD. Previous 

research has shown that people with PD have significantly reduced foot clearance 

during gait which is related to reduced walking speed and step length (Alcock et al., 

2018, 2016). Thus, this inability for PD to adapt RWS could reduce foot clearance and 

increase the risk of slipping, mis-stepping, and sustaining a fall and serious injury 

(Ashburn et al., 2008; Hyndman et al., 2002; Talbot et al., 2005). Therefore, evaluation 

of RWS adaptability could improve detection of falls and assist in the development of 

fall prevention strategies and effective interventions.  

Alongside mean values, estimation of selected walking speeds within RWS can 

provide further insight into how gait is modulated within a single bout of walking. In this 

thesis, larger medication dosages and FOG scores were associated with a larger 

number of selected walking speeds, which could cause an increased number of mis-

steps and increase falls risk (Ashburn et al., 2008; Hyndman et al., 2002; Talbot et al., 

2005). Such information cannot be easily captured within a clinical setting, so selected 

walking speeds could facilitate personalised treatment planning, as it provides insight 

into individual walking patterns and adaptability, where reduced selected walking 

speeds could become an ecologically valid outcome measure for VR interventions that 

seek to improve real-world adaptability.  

Assessment of RWS, through use of wearable devices offers the opportunity to 

remotely monitor mobility, which would enhance accessibility of assessment to 

individual’s living in more isolated or underserved communities. The future of digital 

mobility assessment, as outlined in (Del Din et al., 2021), could involve every year, 

individual’s over a certain age receiving a device in the post, which they would 

continuously wear across the week. The device could then be posted back, and the 

data would be uploaded to a cloud, before being automatically summarized in visually 

intuitive and clinically meaningful figures. This would provide clinician’s with a detailed 

map of the patients mobility disability and could compare any changes in RWS to their 

previous assessment, providing insight into any changes in their mobility disability 
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before they even enter the clinic Widespread adoption would provide a more complete 

and objective examination of mobility, reduce waiting times for assessment and 

treatment, and revolutionise the personalised nature of clinical care (Del Din et al., 

2021; Rochester et al., 2020; Viceconti et al., 2020). However, for this to be vision to 

be realised, several unique challenges must be overcome.  

8.2    Strengths, limitations, and recommendations for future research 

A key strength of this thesis is the analysis of RWS with both cross-sectional and 

longitudinal data, which has enabled us to address several of the gaps in the literature 

identified in the review of Chapter 2. Despite largely only quantifying RWS within this 

analysis, there are other DMOs alongside RWS that could provide more insightful 

findings. For example, reduced stride/step length has typically been more associated 

with PD, rather than RWS (Wilson et al., 2020; Zanardi et al., 2021). However, it’s been 

demonstrated that stride length remains the most challenging DMO to estimate from a 

technical perspective (Micó-Amigo et al., 2023). Expanding upon exploration of 

additional DMOs, researchers could explore what additional information is added by 

more complex DMOs based upon machine learning, deep learning and signals 

processing paradigms have been quantified upon real-world data (Spectral density, 

signal magnitude, signal regularity, single complexity) (Coates et al., 2020; Rehman et 

al., 2020). Additionally, exploration of change in macro-gait level variables could reveal 

important changes that occur within ambulatory behaviour, which would have strong 

clinical utility as maintaining physical activity is vital for maintaining quality of life and 

slowing disease progression. Despite the promise of wearable technology, it does have 

limitations which have been previously outlined in Table 1-4.  

The pipeline to estimate walking speed from ICICLE-GAIT had excellent performance 

across PD and OA cohorts, finding lower Mean absolute error (MAE) and stronger 

ICCs (OA: MAE = 0.009 m/s, ICC = 0.95; PD: MAE = 0.055 m/s, ICC = 0.92) (Del Din 

et al., 2016b) than the Mobilise-D pipelines (P1 HA: MAE = 0.08 m/s, ICC = 0.86; P2 

PD: MAE = 0.11 m/s, ICC = 0.79) (Kirk et al., 2023b). However, these differences are 

not surprising given that the ICICLE-GAIT pipeline was validated in its performance 

based upon simple-straight walking laboratory assessments, in contrast to the 

Mobilise-D pipelines which were validated across a wide variety of gait-tasks and 

walking speeds. Overall, the Mobilise-D pipeline is advantageous as it includes several 

additional filtering and CWT methods, alongside machine-learning models to train the 
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stride length estimation algorithm. While further validation of the results in this thesis 

would be required to understand the true impact of these differences, both pipelines 

have demonstrated that they can provide measurement of walking speed to acceptable 

accuracy and reliability. Furthermore, the number of selected walking speeds did not 

visibly differ when estimated from the difference methods of walking speed.  While this 

approach was unavoidable in this case, it demonstrates the importance of adopting a 

common methodological approach to collecting and analysing real-world mobility data 

both within and between studies.  

Contextualization of real-world data remains a significant challenge. In this thesis, the 

environment and activity was largely inferred based upon the WB without objectively 

measuring. As outlined in Chapter 5 the method of estimating indoor or outdoor 

location needs to be further validated. Accuracy of GPS is dependent upon many 

factors that need to be taken into consideration (Kerr et al., 2011), such as the optimal 

device, wear location, number of satellites and even more granular factors such as the 

number of leaves on the trees that can block the signal. Future studies considering 

including GPS data, should adapt an approach to technical validation like the TVS, 

before moving onto clinical application. It would be fascinating to expand upon previous 

research that has quantified the specific types of indoor and outdoor environments 

(Bayat et al., 2020) and quantifying more specific environmental characteristics 

(life/activity spaces, walkability score etc..,) (Hirsch et al., 2014; Liddle et al., 2014) 

could also provide further clinically relevant insight into how individuals are able to 

respond to specific real-world situations or environment cues. Furthermore, from a 

research perspective it would be useful to undertake a study to understand the a 

‘ground truth’ of the context that activity occurs within. Perhaps this could be achieved 

through video-based data that has been collected from a wearable go-pro camera and 

worn continuously across the week. This would be challenging; due to the sensitive 

nature of the data this would provide.  

The method of estimating selected walking speeds within RWS, showed potential, 

however this is just one of the many additional methods of statistical summary that can 

be applied upon the continuous real-world data to reveal interesting patterns. This work 

can provide further motivation for future researcher’s looking to develop novel methods 

of exploring data. Selected walking speeds are complex and may also be driven by 

characteristics relating to real-world environments and spatial activity that were not 

captured in the studies explored in this thesis. Perhaps individuals with larger life-
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space or activity space diameters (Hirsch et al., 2014; Liddle et al., 2014) may have a 

greater number of modulations within RWS that would need to be more widely 

explored. Additionally, the Mclust algorithm estimates sigma squared, median and 

variance of each selected walking speed, future research could determine whether 

these values can provide additional clinical insights. In future participants could also 

be grouped in clusters with individuals that have the same number of selected walking 

speeds, this would potentially lead to the identification of novel patient subgroups (ie., 

Individuals grouped by the highest number of selected walking speeds have larger 

medication dosage). Future validation work is required in additional cohorts is required 

before more comprehensive conclusions can be drawn, where they may exist other 

methods than Mclust, which can more efficiently model optimal numbers of selected 

walking speeds. Future studies containing more detailed medication data, would also 

to validate whether it reflect fluctuations that occur within short WBs. Perhaps future 

work could validate these additional methods in larger sample sizes. Here, the number 

of selected walking speeds were included as a measure, due to complexity. However, 

future studies should explore what other variables related to the distribution can be 

estimated.  

One of the most significant research questions arising from this thesis is the 

determination of what constitutes a clinically important change within RWS. In Chapter 
4, RWS showed a significant decline of 0.02 m/s per year in PD. However, the clinical 

importance of this change remains unclear. Previous research in a supervised setting 

suggests that a clinically important change in walking speed is 0.06 m/s (Hass et al., 

2014). However, I anticipate real-world changes to be lower and more discrete. This 

requires attention in larger cohorts. Additionally, further analysis could include 

exploration of other non-linear methods of analysing RWS, such as entropy, 

autocorrelation, and harmonic ratio. Notably, previous work in the ICICLE-GAIT cohort 

(Coates et al., 2020) found that increased entropy (indicating greater variability) is 

significantly associated with larger medication dosage (LEDD). This strengthens the 

connection between increased inconsistencies in walking patterns and heightened 

motor fluctuations. While fluctuations were not objectively measured in the ICICLE-

GAIT dataset, ongoing studies (Debelle et al., 2023) are now capturing such 

information. This presents an intriguing area for future analysis. 
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8.3    Conclusions 

This thesis provides evidence that digital mobility assessment, through quantification 

of RWS can provide novel complementary information about changes in gait that relate 

to real-world mobility and are of importance to patients. Additionally, inclusion of 

contextual data and novel statistical techniques are able to improve understanding of 

the impact of PD upon safe modulation of walking between different real-world 

scenarios and within a single bout of walking.  

Key conclusions of this thesis are: 

1. A systematic review demonstrated an overall lack of studies that have sought to 

characterise real-world DMOs, such as RWS in depth to understand what specific 

clinical insights they are able to provide, particularly in the exploration of 

longitudinal data.  

2. People with PD walking slower in the real-world in comparison to OAs, across a 

range of different WB duration thresholds 

3. RWS declined more rapidly in PD compared to OA over time showing sensitivity 

to change and reflecting PD specific change.  

4. The relationship of RWS to motor severity was only apparent at selected WB 

duration.  The influence and importance of data aggregation upon the information 

reflected by RWS needs further exploration to understand the best methods to 

aggregate real-world data for use as a clinical outcome.  

5. Changes in RWS were not associated with changes in MDS-UPDRS III. 

However, the fact they both changed overtime does suggest that RWS is related 

to some progressive aspect of PD, not captured by the existing assessment.  

6. When characterising RWS in greater contextual depth, RWS was significantly 

different between indoor and outdoor real-world locations, only in OAs which 

demonstrates a potential inability for PD to adapt their walking, however further 

findings in larger sample sizes are needed 

7. Use of GPS data offers exciting potential in healthcare research, however further, 

robust validation efforts are required before this can be achieved with acceptable 

reliability and accuracy 

8. Understanding how gait is modulated within a single WB, may provide valuable 

understanding of individual-level strategies to adapting RWS to account for the 

different contextual demands of the real-world and the real-world behaviour of 
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PD. The utility of one method to quantify modulation was explored, through 

quantification of selected walking speeds. 

9. While selected walking speeds were not modulated differently between WB 

durations, the findings suggested a possible difference in RWS modulations 

between real-world locations in PD and OA participants 

10. Selected walking speeds were also associated with larger medication dosage 

and NFOG score within short WBs, indicating the impact of medication and 

specific PD symptoms on gait modulations, which could reflect an increased risk 

of falls of reduced independence in PD 

11. Longitudinally, selected walking speeds only changed significantly for the PD 

cohort within short WBs, suggesting an association between PD progression and 

greater inconsistency within RWS modulations.  
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Chapter 9. Appendices 

Appendix 1. Movement Disorder Society (MDS) diagnostic criteria for Parkinson’s 

(PD) (Postuma et al., 2015) 

The first essential criterion is parkinsonism, which is defined as bradykinesia,  in combination with at least 1 of rest tremor or rigidity. 
Examination of all car-      dinal manifestations should be carried out as described in the MDS–Unified Parkinson Disease Rating 

Scale.30 Once parkinsonism has been diagnosed: 
Diagnosis of Clinically Established PD requires: 

1. Absence of absolute exclusion criteria 
2. At least two supportive criteria, and 
3. No red flags 

Diagnosis of Clinically Probable PD requires: 
1. Absence of absolute exclusion criteria 
2. Presence of red flags counterbalanced by supportive criteria 

If 1 red flag is present, there must also be at least 1 
supportive criterion      If 2 red flags, at least 2 
supportive criteria are needed 
No more than 2 red flags are allowed for this category 

Supportive criteria 
1. Clear and dramatic beneficial response to dopaminergic therapy. During initial treatment, patient returned to normal or near-normal level of 

function. In      the absence of clear documentation of initial response a dramatic response can be classified as: 
a) Marked improvement with dose increases or marked worsening with dose decreases. Mild changes do not qualify. Document this 

either objectively (>30% in UPDRS III with change in treatment), or subjectively (clearly-documented history of marked changes 
from a reliable patient or caregiver). 

b) Unequivocal and marked on/off fluctuations, which must have at some point included predictable end-of-dose wearing off. 
 2. Presence of levodopa-induced dyskinesia 
 3. Rest tremor of a limb, documented on clinical examination  (in past, or on current 
examination) 4. The presence of either olfactory loss or cardiac sympathetic 
denervation on MIBG scintigraphy Absolute exclusion criteria: The presence of 
any of these features rules out PD: 
1. Unequivocal cerebellar abnormalities, such as cerebellar gait, limb ataxia, or cerebellar oculomotor abnormalities (eg, sustained gaze evoked 
nystag- 

mus, macro square wave jerks, hypermetric saccades) 
2. Downward vertical supranuclear gaze palsy, or selective slowing of downward vertical saccades 
3. Diagnosis of probable behavioral variant frontotemporal dementia or primary progressive aphasia, defined according to consensus 

criteria31 within the    first 5 y of disease 
4. Parkinsonian features restricted to the lower limbs for more than 3 y 
5. Treatment with a dopamine receptor blocker or a dopamine-depleting agent in a dose and time-course consistent with drug-induced 
parkinsonism 
6. Absence of observable response to high-dose levodopa despite at least moderate severity of disease 
7. Unequivocal cortical sensory loss (ie, graphesthesia, stereognosis with intact primary sensory modalities), clear limb ideomotor apraxia, 

or progressive aphasia 
8. Normal functional neuroimaging of the presynaptic dopaminergic system 
9. Documentation of an alternative condition known to produce parkinsonism and plausibly connected to the patient’s symptoms, or, the expert 

evaluating physician, based on the full diagnostic assessment feels that an alternative syndrome is more likely than PD 
Red flags 
1. Rapid progression of gait impairment requiring regular use of wheelchair within 5 y of onset 
2. A complete absence of progression of motor symptoms or signs over 5 or more y unless stability is related to treatment 
3. Early bulbar dysfunction: severe dysphonia or dysarthria (speech unintelligible most of the time) or severe dysphagia (requiring soft food, NG 

tube, or gastrostomy feeding) within first 5 y 
4. Inspiratory respiratory dysfunction: either diurnal or nocturnal inspiratory stridor or frequent inspiratory sighs 
5. Severe autonomic failure in the first 5 y of disease. This can include: 

a) Orthostatic hypotension32—orthostatic decrease of blood pressure within 3 min of standing by at least 30 mm Hg systolic or 15 mm 
Hg diastolic, in         the absence of dehydration, medication, or other diseases that could plausibly explain autonomic 
dysfunction, or 

b) Severe urinary  retention or urinary  incontinence in the first 5 y of disease (excluding long-standing  or small amount stress 
incontinence in women),      that is not simply functional incontinence. In men, urinary retention must not be attributable to prostate 
disease, and must be associated with erectile dysfunction 

6. Recurrent (>1/y) falls because of impaired balance within 3 y of onset 
7. Disproportionate anterocollis (dystonic) or contractures of hand or feet within the first 10 y 
8. Absence of any of the common nonmotor features of disease despite 5 y disease duration.  These include sleep dysfunction (sleep-

maintenance  insom-  nia, excessive daytime somnolence, symptoms of REM sleep behavior disorder), autonomic dysfunction 
(constipation, daytime urinary urgency, sympto- matic orthostasis), hyposmia, or psychiatric dysfunction (depression, anxiety, or 
hallucinations) 

9. Otherwise-unexplained pyramidal tract signs, defined as pyramidal weakness or clear pathologic hyperreflexia (excluding mild reflex 
asymmetry and isolated extensor plantar response) 

10. Bilateral symmetric parkinsonism. The patient or caregiver reports bilateral symptom onset with no side predominance, and no side 
predominance is 
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observed on objective examination 
Criteria Application: 
1. Does the patient have parkinsonism, as defined by the MDS criteria?  

If no, neither probable PD nor clinically established PD can be diagnosed. If yes: 
2. Are any absolute exclusion  criteria present?  

If “yes,” neither probable PD nor clinically established PD can be diagnosed. If no: 
3. Number of red flags  present       
4. Number  of supportive  criteria present       
5. Are there  at least  2  supportive  criteria and no red flags?  

If yes, patient meets criteira for clinically established PD. If no: 
6. Are there more than 2 red flags?  

If “yes,” probable PD cannot be diagnosed. If no: 
7. Is the number of red flags equal to, or less than, the number of supportive criteria?  

If yes, patient meets criteria for probable PD 
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Appendix 2. Search strategy applied in the systematic review.  

String no. Query 
#1. (Gait terms) (((step* OR stride*) NEAR/2 (speed OR velocit* OR time* OR length* OR 

width* OR frequenc* OR rate* OR rhythm* OR variabilit* OR symmetr* OR 

asymmetr* OR count* OR number* OR distance* OR cadence*)):ti,ab) OR 

(((swing* OR stance* OR 'single support' OR 'double support') NEAR/2 (time* 

OR duration* OR variabilit* OR symmetr* OR asymmetr*)):ti,ab) OR 

(((spatiotemporal OR 'spatiotemporal') NEAR/2 (parameter* OR feature* OR 

characteristic*)):ti,ab) OR (((gait OR walk* OR ambulat*) NEAR/2 (speed OR 

velocit* OR time* OR cadence* OR pace* OR rhythm* OR volume* OR bout* 

OR duration* OR distance* OR intensit* OR variabilit* OR asymmetr* OR 

symmetr* OR parameter* OR feature* OR characteristic* OR assess* OR 

examin* OR analys* OR batter* OR measure* OR test*)) home OR domestic 

OR ((free OR daily) NEAR/2 living) OR ‘real -world’ OR ‘real world’ OR 

‘community ambulat*’ OR (((day* OR daily OR ambulat* OR physical OR 

walk* OR monitor*) NEAR/2 activit*)) OR (((day* OR daily OR count* OR time 

OR number*) NEAR/2 (walk* OR step*)) OR ((sensor* OR record* OR 

monitor*) NEAR/2 (continu* OR activit* OR ‘long-term’ OR ‘long term’)) OR 

(Body NEAR/2 sensor*) OR Pedometer* OR *phone* OR (mobile NEAR/2 

device*) :ti,ab)  

#2 (Disease area 

terms) 

'Parkinson disease'/exp OR 'parkinsonism' (parkinson* OR 'paralysis 

agitans')  

#3 (Final) #1 AND #2 AND (1999:py OR 2000:py OR 2001:py OR 2002:py OR 2003:py 

OR 2004:py OR 2005:py OR2006:py OR 2007:py OR 2008:py OR 2009:py 

OR 2010:py OR 2011:py OR 2012:py OR 2013:py OR 2014:py OR 2015:py 

OR 2016:py OR 2017:py OR 2018 :py OR 2019:py OR 2020:py OR 2021:py) 
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Appendix 3. Table of data extraction methods for the full-text review  

 Associated questions  
Publication details  
Authors and affiliations   Who conducted the research? 

Type In what type of literature was the study 

published (Journal, grey literature, 

conference abstract) 

Year When was the study published? 

Country/region In which geographic region(s) did the study 

take place? 

General details  
Study design What was the study’s design? 

Study aims What were the study’s aims? 

Population What population was studied? Were there 

any specific inclusion/exclusion criteria such 

as disease severity, subtype, or age? 

Included DMOS Which DMOs were measured? How and in 

what setting were the DMOs measured? 

Method of assessment Were DMOs assessed during scripted 

testing in a laboratory setting? Were DMOs 

assessed during continuous assessment in 

the real-world?  

Ecological validity 

Study setting Were DMO quantitatively assessed during 

both unsupervised, continuous real-world 

assessment and supervised, scripted 

assessment in a clinic/laboratory 

environment, in the same study? 

 

Differences in DMOs What differences in DMOs occurred (or did 

not occur) between assessment condition? 

Did these differences reach statistical 

significance? 

Known groups differences 

Study design  Were patients and controls matched or are 

the groups comparable with respect to 

appropriate criteria (height, age, sex)? Was 
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gait analysis controlled for gait speed? Did 

the study focus on a specific subgroup or 

population? 

Differences in DMOs What differences in DMOs occurred (or did 

not occur) between people with PD and 

healthy controls? Did these differences 

reach statistical significance? 

Convergent validity/Stratified groups differences  

Analytical methods How did the authors measure the 

relationship between clinically relevant 

measures and DMOs? What association 

measure was used? 

Clinically relevant measures What clinically relevant measures were 

studied? 

Relationship strength What was the strength of the reported 

relationship between the measure and the 

DMO? Was the association statistically 

significant? 

Predictive capacity 

Model description Does the study report a multivariate 

analysis, a prediction model, a model based 

on machine learning? Which covariates 

were included in the model? Which 

analytical methods were used? 

Clinically relevant outcomes What clinically relevant outcomes were 

studied to assess the DMO’s prognostic 

value? 

Prognostic value Did the DMO provide prognostic value with 

respect to the studied outcome? 

Model description Does the study report a multivariate 

analysis, a prediction model, a model based 

on machine learning? Which covariates 

were included in the model? Which 

analytical methods were used? 

Systematic Review   

Risk of bias (quality assessment)  What is risk of bias and quality of the 

included articles?  
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Assessment of heterogeneity  Were the studies heterogenous in number 

of outcomes such as: population, 

intervention, technology used, assessment 

method, length of assessment and others.   

Summary effect size Within each study what is the effect size 

relative to each RQ? 

Publication Bias What proportion of the studies reported 

statistically significant or clinically 

favourable results?  

Subgroup analysis and meta regression What is the effect size of CLINIC or HOME 

assessment upon DMOs with respect to the 

four RQs? 
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Appendix 4. Differences identified in the measurement methods of the supervised 
studies 

Instrument n (%) 
Wearable device (other 

locations) 4 (57%) 
Wearable device (Lower back) 2 (28%) 

Instrumented walkway 1 (14%) 
Measurement task  

Straight walk 5 (83%) 
Straight and curvilinear walking 3 (50%) 

Single or dual task?  
Single 5 (83%) 

Single and dual task 1 (16%) 
Walking speed  

Self-selected 4 (66%) 
Self-selected and fast walking 1 (16%) 

Did not specify 1 (16%) 
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Appendix 5. Demographic and clinical information of the PD participants that were excluded 

and included due to availability of indoor and outdoor data.   

 ‘-‘describes an empty field, due to data availability. BMI = Body Mass Index. MDS-UPDRS III = 
Movement Disorder Society – Unified Parkinson’s Disease Rating Scale – Part III. Bold indicates 
significance difference between included and excluded participants 

Group PD excluded PD included 
 n 7 12 

Age (yrs) 74 ± 6 66 ± 7 
Sex (Male / Female, n) 5/2 10/2 

Height (metres) 1.72 ± 8.1 1.75 ± 055 

Body Mass (kg) 78.68 ± 14.03 79.6 ± 14.52 

BMI  26.57 ± 4.91 25.87 ± 3.96 

Number of Walking bouts 1984 ± 216 5016 ± 948 

Real-world walking speed 
(m/s) 

0.85 ± 0.09 1.08 ± 0.13 

MDS-UPDRS III 27.57 ± 20 24.75 ± 10.32 
Hoehn and Yahr Stage     

I, n (%) 1 (14%) 3 (25%) 

II, n (%) 4 (57%) 7 (58%) 

III, n (%) 2 (28%) 2 (16%) 

IV, n (%) 0 0 
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Appendix 6. The number and proportion of selected walking speeds estimated for Parkinson’s and older adults participants, at each 

walking bout duration threshold. 
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Appendix 7. Real-world information for Parkinson’s and older adults participants from 

the 36-month time point of ICICLE-GAIT 

All WBs 
Variable PD OA 

Number of walking bouts (n) 4426 ± 1504 4396 ± 1336 
Number of walking bouts per day (n) 634 ± 24 635 ± 179 
Step count (n) 83326 ± 36133  91465 ± 31878 
Daily step count (n) 10806 ± 4764 11935 ± 4070 
Number of selected speeds (n)  4 (3:7) 4 (3:7) 
RWS (m/s) 0.78 ± 0.08 0.88 ± 0.09 
Variability 0.18 ± 0.08 0.85 ± 0.11 
Alpha 1.63 ± 0.04 1.58 ± 0.17 

10 to 30 seconds 
Variable PD OA 

Number of walking bouts (n) 1362 ± 485 1467 ± 451 
Number of walking bouts per day (n) 195 ± 69 210 ± 64 
Step count (n) 23340 ± 8393 24516 ± 7607 
Daily step count (n) 3348 ± 1198 3515 ± 1091 
Number of selected speeds (n) 3 (2:5) 3 (2:5) 
RWS (m/s) 0.74 ± 0.06 0.79 ± 0.05 
Variability 0.29 ± 0.10 0.29 ± 0.01 
Alpha 3.54 ± 0.17 3.45 ± 0.13 

30 to 60 seconds 
Variable PD OA 

Number of walking bouts (n) 270 ± 141 316 ± 121 
Number of walking bouts per day (n) 38 ± 20 45 ± 17 
Step count (n) 12451 ± 6808 14312 ± 5632 
Daily step count (n) 1787 ± 979 2053 ± 804 
Number of selected speeds (n) 3 (2:5) 3 (2:6) 
RWS (m/s) 0.79 ± 0.06 0.84 ± 0.06 
Variability 0.18 ± 0.01 0.18 ± 0.01 
Alpha 4.95 ± 0.39  4.86 ± 0.26 

> 60 seconds 
Variable PD OA 

Number of walking bouts (n) 151 ± 96 171 ± 78 
Number of walking bouts per day (n) 21 ± 13 24 ± 11 
Step count (n) 29449 ± 21024 35485 ± 18994 
Daily step count (n) 4227 ± 3006 5088 ± 2721 
Number of selected speeds (n) 3 (2:8) 4 (2:8) 
RWS (m/s) 0.80 ± 0.08 0.94 ± 0.13 
Variability 0.16 ± 0.03 0.57 ± 0.11 
Alpha 2.68 ± 0.69 2.57 ± 0.33 

RWS: Real-world Walking Speed; Number of walking bouts and step count reported as average 
across the week.  
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Appendix 8. Strongest independent predictors of the number of selected walking 

speeds, within each category of predictor across each WB duration for PD and OA 

participants 
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Appendix 9. The number of selected walking speeds estimated at each assessment time point and WB duration for Parkinson’s 
and older adults participants. 

Data presented as median values and ranges. Highlighted in bold indicates statistically significant difference in selected walking speeds between OA and PD 
participants.  

WB duration 
(seconds) 

18 months 36 months 54 months 72 months 
PD OA PD OA PD OA PD OA 

All > 10 4 [2 , 7] 4 [3 , 9] 4 [3 , 7] 4 [3 , 7] 4 [3 , 9] 4 [3 , 6] 4 [3 , 7] 4 [3 , 6] 

10 to 30 3 [2 , 5] 3 [2 , 4] 3 [2 , 5] 3 [2 , 5] 3 [2 , 5] 3 [2 , 4] 3 [2 , 5] 3 [2 , 6] 

30 to 60 3 [2 , 4] 3 [2 , 4] 3 [2 , 5] 3 [2 , 6] 3 [2 , 4] 3 [2 , 4] 4 [2 , 6] 3 [2 ,5] 

> 60 3 [2 , 6] 4 [2 , 9] 3 [2 , 9] 4 [2 , 7] 4 [2 , 9] 4 [3 , 7] 4 [2 , 5] 4 [3 , 9] 
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