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C H A P T E R 

1
“Time is the soul 
of this world”
–  P Y T H A G O R A S

17
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Time in 
Parkinson's disease

-“Time to travel to Greece with my family”

-“Time to practice mathematics”

- “Time to listen to my son playing the trumpet”

-“Time to be a judge”

-“Time to grow a Japanese garden”

- “Time to cross Scandinavia”

- “Time to review law articles written by my son”

- “Time to cook tasty food”

- “Time to play games with my children”

- “Time to read books infinitely”

- “Time to create awareness about Parkinson’s disease”

- “Time to smile”

- “Time to compose a master musical piece”
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- “Time to dance with my husband”

- “Time to visit my son in Brazil”

- “Time to enjoy a nice dinner with good company”

- “Time to ride my motorbike”

- “Time to take a walk by the sea”

- “Time to conduct the choir of my village”

- “Time to live with my daughter”

- “Time to listen to classical music”

- “Time to remember my biography”

- “Time to have a nice time”1    

Time matters in Parkinson’s disease.

1These statements are based on talks with patients with Parkinson’s disease and 
with their clinicians, therapists, relatives and caregivers.

Time matters in all its domains, from the extra milliseconds that a patient with 
Parkinson’s disease requires to start walking, to all the personal moments in which 
the disease, until the end of his/her life, will be present. 

The transcendence of time has engaged inquiring minds since before recorded 
history, involving ancient mythology, philosophy, art and science. For instance, 
Pythagoras considered “time the soul of this world”, fascinated by the concept 
of “eternity”. Moreover, this renowned Greek lover of wisdom (i.e. philosopher) 
linked the fundaments of knowledge to the human ability of understanding 
mathematical patterns of change in entities of the cosmos. Well, in a scientific 
rather than philosophical approach and seemingly driven by the love of wisdom, 
this doctor of philosophy’s (PhD) thesis intends to expand the legacy of knowledge 
on the quantification of patterns of change in Parkinson’s disease. Thus, “time” will 
remain “the soul of this thesis”. 



Chapter 1 |  General introduction | Parkinson's disease

Parkinson’s disease (PD) is a non-transmissible, chronic and progressive 
neurological disorder which probably has been referred to as “kampavata” 
for the first time in the ancient Ayurvedic literature of India from 4500 to 
1000 B.C.183

PD is, after Alzheimer’s disease, the second most predominant 
neurodegenerative disorder, with differences in prevalence based on 
geography, ethnicity292 and gender (approximate male-to-female ratio of 
3:2).5 The estimated prevalence of PD in Occidentalized countries is 0.3% 
in the total population, 1.0% in the population aged older than 60 years and 
3.0% in the population of 80 years and older.156, 218 According to a World 
Health Organization report from 2004,10 5.2 million persons worldwide (2 
million in Europe) suffered from this disease, with 4 to 20 new yearly cases 
reported per 100,000 persons58 and expecting to reach between 8.7 and 9.3 
millions of affected persons by 2030.68

General 
introduction

Parkinson’s disease

20



The early prominent loss and/or impairment of midbrain dopaminergic neurons 
in the pars compacta region of the substantia nigra (SNc) constitute the hallmark 
pathophysiology of PD.24, 137 In non-pathological brain, these midbrain dopaminergic 
neurons provide a substantial innervation of the striatum and target two subtypes 
of the principal projection neurons, the dopamine SPNs (spiny projection neurons). 
The two subtypes of dopamine SPNs are characterized by the expression of dopamine 
receptors D1 and the inhibition of dopamine receptors D2. The D1 SPNs receptors 
expression causes dopaminergic transmission to facilitate the occurrence of voluntary 
movements, the “direct pathway”; while the inhibition of D2 SPNs receptors prevents 
unwanted movements, the “indirect pathway”.2, 152 

In PD, the loss of dopaminergic neurons in the SNc significantly reduces the 
release of dopamine SPNs in the striatum (basal ganglia), leading to the attenuation 
of the direct pathway (D1 SPNs), which may prevent occurrence of voluntary 
movements (gait and posture deficits); whereas the dopamine SPNs deficiency 
over-activates the indirect pathways (D2 SPNs), potentially causing akinesia, rigidity 
and tremor. These pathological mechanisms lead to an overall dysfunction of the 
motor control.152 In addition, the pathology may involve other regions of the nervous 
system (cortical motor system, subthalamic nucleus and globus palidus), regions 
outside the nervous system (with hostile surrounding environment, such as the 
olfactory bulb or the enteric nervous system),34 various neurotransmitters other than 
dopamine and protein aggregates such as Lewy bodies, causing a wide spectrum of 
motor and non-motor symptoms.137, 152

The traditional motor symptoms of PD were described by Dr. James Parkinson 
in his famous essay dated 1817 “An Essay of the Shaking Palsy”.187 In this document, 
PD was named “Shaking Palsy” (paralysis agitans) and described as “involuntary 
tremulous motion, with lessened muscular power, in parts not in action and even 
when supported; with a propensity to bend the trunk forwards, and to pass from a 
walking to a running pace: the senses and intellects being uninjured.”225 In line with 
this early description, PD has traditionally been characterized by a combination of 
the following cardinal motor symptoms:131, 137, 145, 229, 256

•  Bradykinesia: slowness of voluntary movement, impaired spontaneous movement 
(hypokinesia), difficulty with the initiation (akinesia) and with the arrest of movement, 
and a progressive reduction in speed and amplitude of repetitive actions.131, 145, 256

Neural pathophysiology

Motor symptoms

21
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•  Resting tremor: rhythmic oscillatory involuntary movement occurring in 
approximately 75% of patients with PD.333 It appears when the affected body part 
is relaxed and the action of gravitational forces is not counteracted, particularly 
in distal parts of the extremities.131 Resting tremor is presented with a frequency 
between 3 and 6 Hz and a variable amplitude, from less than 1 cm to > 10 cm.187 
At the onset of the disease, patients typically present asymmetrical tremors, which 
are more prominent in the upper extremities, equally affecting both sides of the 
body as the disease progresses.145 The presence of postural tremor is also a potential 
symptomatic manifestation of PD.131, 145

•  Rigidity: increased muscle tone and stiffness against passive movement, involving 
both flexor and extensor muscle groups.187 It is characterized by an increased initial 
resistance to muscle stretch, which may be followed by relaxation, proximally (e.g. 
neck, shoulders, hips), distally (e.g. wrists, ankles) or both. Rigidity is often associated 
with pain (e.g. pain in the shoulders) and with postural deformities in advanced 
stages of the disease, such as flexed neck, trunk, elbows and knees.131, 145

•  Postural instability: typically involving the adoption of a stooped posture and 
potentially provoking the loss of static balance control187 as a result of loss of postural 
reflexes.131, 145 

The diagnosis of PD during the lifetime is based on clinical identification of 
bradykinesia in addition to one of the other three named cardinal features.137 The 
pathophysiological changes in the SNc can only be confirmed post-mortem.

Gait impairment is likely present in patients with PD,187 even at early stages 
of the disease.80 Gait bradykinesia can lead to short, irregular and shuffling steps. 
Furthermore, during gait, patients often display reduced arm swing, akinetic 
movement and trunk rigidity.293, 300 Freezing of gait is characterized by a sudden 
transient inability to move forwards.212 This symptom is common (30%–60%) in 
patients with advanced stages of PD and is one of the most disabling symptoms, 
frequently causing loss of balance and falls.203, 212 Additionally, patients with postural 
instability and flexed trunk posture may present festination of gait (involuntary 
occurrence of small steps with a high frequency).

Due to the high heterogeneity of symptoms among patients with PD, several 
clinical phenotypic sub-groups of PD have been proposed based on the severity 
of dopaminergic-resistant motor features.118, 155, 274, 294, 295 These sub-groups likely 
reflect complex interactions between disease mechanisms, aging effect and gender, 
which becomes relevant when studying etiology, progression and therapy response 
in PD.155, 294, 295 The prototypic division of tremor dominant (with a relative absence 
of other motor symptoms) versus akinetic-rigid syndrome and postural instability 

Chapter 1 |  General introduction | Parkinson's disease
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The recognition of non-motor symptoms in the prodromal phase of the disease 
is useful for diagnostic purposes, as some of these are also frequently present in 
PD before the onset of the cardinal motor symptoms (Figure 1-1).187 Moreover, 
non-motor symptoms, affecting up to 90% of patients with PD,13 are a major cause 
of the deterioration of patients’ quality of life and are essential to be recognized for 
the effective design of specific PD management strategies.59 Non-motor symptoms 
can be classified in the following domains: 131, 187, 261

•  Autonomic disturbances include orthostatic hypotension, dysfunction of bladder 
motility, sexual dysfunction (e.g. hypersexuality, reduced libido and erectile 
dysfunction), sympathetic skin response (excessive sweating), snout and glabellar 
reflexes, seborrhoea (overactive sebaceous glands), hypersalivation, dysphagia 
(difficulty in swallowing) constipation, bowel problems and other gastrointestinal 
tract dysfunctions.131, 145, 187, 229

•  Sensory impairments include visuospatial and colour discrimination deterioration, 
decreased visual motion perception, hyposmia (reduced or even loss; anosmia, 
loss of smell ability), ageusia (loss of taste functions of the tongue)283, paraesthesia 
(sensation of burning, numbness, tingling, itching or prickling) and pain.131, 145, 187, 229

•  Neuropsychiatric features include dementia, depression, visual hallucinations, 
anxiety, and behavioural changes such as obsessive compulsive disorder and 
anhedonia (inability to experience pleasure from activities usually found 
enjoyable).131, 145, 187, 229

•  Other non-motor symptoms include fatigue, akathisia (physical restlessness), 
hypomimia (reduced facial expression), dysarthria (difficulty with the control of 
articulator muscles), micrographia (abnormally small, cramped handwriting), 
weight changes and sleeping disturbances (e.g. excessive daytime somnolence, 
insomnia and rapid-eye-movement behaviour disorder). 131, 145, 187, 229

gait disorder, is based on empirical clinical evaluation and has been extensively used 
and widely accepted in clinical studies.274 However, quantitative assessment of motor 
symptoms suggests a sub-classification of these groups might be needed.117, 118 Figure 
1-1 (page 27) presents the clinical symptoms and time course of PD progression.

Non-motor symptoms
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A combination of motor and non-motor PD symptoms, their severity, variability 
and location induces a significant functional disability and comorbidity, leading 
to a loss of independence in patients with PD.122 This tends to increase as PD 
progresses122 and it imposes a considerable burden on the patients, their families 
and society, particularly in terms of increased health resource use, reduced quality 
of life, caregiver burden, disrupted family relationships, decreased social and 
leisure activities, deterioration of emotional wellbeing and direct and indirect 
illness costs.131, 250, 258, 268

Over 50% of the cases of hospitalization in patients with PD are due to 
acute decompensation of PD symptoms (such as mental status changes or 
emergency in psychiatric symptoms), medication management and infections 
(e.g. bronchopneumonia).144, 222 Moreover, patients with PD have a substantially 
higher risk for living in nursing homes and higher rates of mortality (two to five 
times higher) than other individuals of the same age.152 This has relevant economic 
implications, since high direct medical costs, ranging between 2.600€ and 19.000€ 
annually per patient, are estimated in European countries and Russia for patients 
who suffer from PD (particularly at advanced stages of the disease)306, 307 and these 
costs are mainly associated to inpatient hospital care as well as nursing home costs. In 
addition, neurological care is scarce around the world (particularly in economically 
developing countries),10 and when present, it is often unsafe, delayed, inconvenient 
and inefficient, even in high-income countries.69 Thus, efforts are urgently needed 
to prevent, influence or delay nursing home admissions and to provide optimal 
neurological care for PD.69, 222, 307 The prevalence of PD steeply increases with age,71, 237 
which, combined with a rising life expectancy worldwide suggests that by 2030, 50% 
more individuals will be affected by PD.68 This has a large public health implication, 
by imposing a growing social and economic burden on healthcare systems,69 while 
due to the progressive nature of PD, costs increase with disease severity.306 In this 
context, research should be focused on the top priorities for the management of 
PD. These include the optimal management of motor (balance, falls and fine motor 
control), non-motor symptoms (sleep and urinary dysfunction; mental health issues 
such as stress, anxiety, dementia and mild cognitive impairments) and side effects of 
medications (dyskinesia), in addition to the development of specific interventions 
to the phenotypes of PD and the improvement of disease monitoring.59

Socioeconomic factors
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While only 5-10% of patients present a heritable form of PD, the etiology of 
PD remains unknown. The most common form of PD is sporadic and it seems to 
result from a complicated interplay of genetic and environmental factors affecting 
numerous fundamental cellular processes.229 An increased risk of PD (with low 
predictive values) has been associated with exposure to pesticides, consumption of 
dairy products, history of melanoma and traumatic brain injury. Reduced risk of PD, 
on the other hand, has been associated with tobacco smoking, alcohol consumption, 
caffeine consumption, higher serum urate concentrations, hypertension, physical 
activity and use of ibuprofen and other common anti-inflammatory medications.9, 252 
It should be noted that some of the aforementioned factors (tobacco smoking,108,253 
alcohol consumption28, 243 and hypertension101, 269), which are known to negatively 
impact health in general (considered high risk factors for cardiovascular diseases 
and cancer) present a reversed risk relation with PD.

Currently, as for other chronic diseases, the performance of physical activity is 
potentially beneficial for the primary prevention of PD.9 Other lifestyle changes, such 
as a greater participation in intellectually stimulating activities, social engagement, 
balanced diet with a high proportion of unsaturated fatty acids, sleep hygiene, etc., 
might also influence the development of the disease.17

PD is incurable at present and its current management is mainly symptomatic. In 
clinical context, it is acknowledged that treatment should be initiated when symptoms 
cause disability or discomfort, with the goal of improving function and quality of 
life.59 Choice, intensity and duration of therapy are tailored to the patient according 
to symptoms, age, employment status, comorbidity, cognitive impairment and level 
of functional impairment.250 Thus, an adequate treatment requires valid assessment 
of the mentioned dimensions.

Nowadays, the mainstay of symptomatic treatment is the increase of dopamine 
concentrations by using drugs such as levodopa, dopamine agonists, monoamine, 
oxidase type B inhibitors and less commonly, amantadine.137, 187 Levodopa, already 
used in Ayurvedic preparations to treat the disease,183 is mainly used to reduce 
motor symptoms. These can be better managed with levodopa at initial stages of PD. 
However, complications commonly arise after several years of levodopa therapy, such 
as levodopa-induced dyskinesia, ''on''-''off '' medication fluctuations and psychosis.137 
Other pharmacotherapeutic options (e.g. anticholinergic drugs, amantadine, C-O-
methyltransferase-inhibitors, etc.) are currently used to alleviate symptoms of 
PD.137, 187 Moreover, functional neurosurgery is performed to treat refractory resting 
tremor and motor complications. This consists of the direct stimulation of dopamine 
receptors, which implies both lesioning and stimulating the thalamus or the globus 
pallidus internus and the stimulation of the subthalamic nucleus.82, 204

Risk factors and treatment
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The first clinical recognition of motor signs corresponds to an approximate 
loss of 30% of total neurons from the substantia nigra, 50-60% of their terminal 
axons48 and 60-80% of striatal dopamine loss.30 This indicates a substantial preclinical 
nigrostriatal pathology in PD,30 which might be in line with the presence of daily 
functioning impairment and progressive manifestation of motor and non-motor 
symptoms in years preceding clinical diagnosis (Figure 1-1).56

Moreover, it has been shown that the development of lesions at non-nigral 
(dopamine agonist non-responsive) regions such as the olfactory bulb and the enteric 
nervous system, potentially appear even at earlier phases than the neurodegeneration 
at the nigrostriatal regions.34

Neuroprotective or even neuromodulator therapies to prevent the pathogenesis, 
to retard, or even to counteract the underlying pathological neurodegeneration 
of PD are still lacking, albeit there is increasing evidence on potential therapeutic 
strategies that may alter disease progression.255 In this context, reliable and accurate 
identification of preclinical (i.e. prodromal) phases of PD provides a possible temporal 
window during which potentially salvageable dopaminergic neurons could benefit 
from restorative and neuroprotective therapies.147 This might lead to a clinically 
meaningful improvement of the patient’s quality of life, while possibly having impact 

Assessment of 
Parkinson’s disease

Relevance of preclinical 
and progression assessment
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on the socioeconomic context of patients and healthcare systems. Moreover, early 
and precise detection of the disease might add value in the characterization of high-
risk populations, which is essential for a better understanding of PD etiology46 and 
thus, to conceivably alter modifiable risk factors.17

Understanding and assessing symptomatic development of PD, as well as 
identifying markers of PD progression over short and long-intervals along the whole 
course of the disease will help understand the relation between symptoms and neural 
degeneration303 and to study the effects of potential interventions, e.g. outcomes in 
clinical trials.123 This is essential to design effective symptomatic treatments as well 
as putative disease modifying agents.276 However, trait, state and progression markers 
of PD are not yet well defined.79

27

Figure 1-1. Clinical symptoms and time course of Parkinson's disease progression

Diagnosis of Parkinson’s disease occurs with the onset of motor symptoms (time 0 years) and can be preceded 
by a premotor or prodromal phase of 20 years or more. This prodromal phase is characterised by specific non-
motor symptoms. Additional non-motor features develop following diagnosis and with disease progression, 
causing clinically significant disability. Axial motor symptoms, such as postural instability with frequent falls and 
freezing of gait, tend to occur in advanced disease. Long-term complications of dopaminergic therapy, including 
fluctuations, dyskinesia, and psychosis, also contribute to disability. Abbreviations: EDS, excessive daytime 
sleepiness; MCI, mild cognitive impairment; RBD, REM sleep behaviour disorder.1

1This article was published in the Journal The Lancet, vol. number 386, authors: Kalia, Lorraine V. and Lang, 
Anthony E., title: Parkinson's disease, page 896-912, Copyright Elsevier (2015)
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Nowadays, autopsy remains the gold standard of the diagnosis of PD. Due to 
the lack of valid markers, clinical diagnosis of PD during the patient’s lifetime relies 
on historical information, home diaries and in-clinic neurological examination of 
patients to identify cardinal motor symptoms of the disease (see above).80 Moreover, 
assessments of the health status of patients with PD and their progressive evolution, 
additional to the evaluation of therapeutic intervention effects, also rely on medical 
records, self-reported information and clinical examination of patients.80 These 
assessments are highly subjective and low in accuracy,5 which might lead to 
miscommunication among clinicians,302 wrong identification of clinical needs for 
the patient, inadequate assessment of treatment and lack of,151 late or even incorrect 
diagnosis of PD.128, 132

Self-reported information relies on the patients’ memory and perception of their 
own symptoms,216 which might be biased by cognitive impairments92, low attention, 
lack of knowledge of medical terminology, dysarthria or other communication 
difficulties,49, 216 unawareness of the presence and severity of symptoms and mental 
health. Moreover, expert neurological examination is supported by semi-quantitative 
and qualitative clinical rating scales, which, despite their low-sensitivity and lack of 
intra and inter-rater reliability, are currently considered the gold standard in patient 
assessment.80 For instance, the Unified Parkinson Disease Rating Scale (UPDRS), 
introduced in 1987,81 is the most widely used rating scale for PD assessment.93 Based 
on a 5-points scoring system (0 for absence of parkinsonian symptoms and 4 for 
the highest severity), the motor section of the UPDRS includes several dimensions 
(speech, facial expression, tremor and repetitive movements of lower and upper 
extremities, gait and postural stability). The rating of each dimension is biased by 
prior experience and expectations of the rater.79 Moreover, this semi-objective rating 
system is neither designed to unmask compensatory strategies, nor to evaluate 
subtle motor impairments, and it is not very sensitive to symptomatic changes at 
advanced stages of PD.99, 124

This leads to an urgent need for development of objective, reasonably priced, 
reliable, valid and easy-to-use methods to obtain trait, state and progression markers.

Several quantitative techniques have been developed in the research context 
to improve the sensitivity, accuracy, reproducibility and feasibility of objective PD 
assessment. 

Objective assessment

Clinical assessment
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Imaging tools
Imaging tools, such as the dopamine transporter functional imaging (DAT) with 

positron emission tomography (PET), have been proposed to quantitatively detect 
initial136, 214 and progressive211 presynaptic dopaminergic dysfunction. However, 
the output from DAT-PET has not yet been validated in early preclinical stages 
of PD and is not disease specific, i.e. there is a substantial clinical overlap with 
mono-symptomatic tremor pathology.135 A combination of DAT with single-photon 
emission computer tomography (DAT-SPECT) has been proven to accurately 
support early diagnosis of PD. However, high costs, limited availability and exposure 
to radiation make it difficult for it to be used as a screening instrument for early 
diagnosis.136, 214 Transcranial sonography is another promising non-invasive imaging 
tool to identify individuals at high-risk for PD , albeit with a limited predictive 
value of PD.161 Advanced magnetic resonance imaging (MRI) techniques may also 
provide new diagnostic and progression markers of PD, although full validated and 
standardized quantitative ametrics for PD are still lacking.238

Assessment of cardinal motor symptoms
Alternatively, a multitude of technology-based objective assessments of cardinal 

motor symptoms of PD have been proposed; primarily targeting motor symptoms 
of the disease due to the historical consideration of PD as a motor disorder.173

For instance, timing measurements of performance-based tasks (Timed Motor 
Test battery, which includes gait, writing, pegboard performance, finger tapping 
and rapid alternating forearm movements) aiming at recognition of bradykinesia, 
present higher accuracy to monitor progression in PD than clinical rating tests.303 
Moreover, timing of task performances provides objective measurements that have 
been proven sensitive to subtle motor dysfunction of upper and lower extremities100 
in early, and even prodromal stages of PD.234

Resting tremor has also been quantitatively assessed with electromyography 
(to assess muscle electrical activity), accelerometry,251 spiral analysis (examining 
writing of drawn spirals)119 and by using the three-dimensional gauging system 
CMS 10.40 This permits evaluation of response to therapy40, 119 and distinguishing 
of the different pathological tremors.119

Postural instability is another cardinal motor symptom of PD, whose objective 
assessment was more sensitive to PD progression than clinical rating.178 Postural 
sway assessment based on accelerometry reflected progression in PD prior to onset 
of treatment178 and impaired trunk stability based on low-back accelerometry has 
been observed in individuals at high risk for PD.174

The last cardinal motor symptom of PD, rigidity, has also been quantitatively 
assessed.77, 293, 300 For instance, particular Parkinsonian rigidity properties were 
revealed from the measurement of the elastic coefficient of muscle around the 



elbow.77 Furthermore, rigidity of axial body rotations in PD was identified with 
posture-kinetic coordination measurements.293, 300 Nevertheless, it must be noted 
that, as for tremor and postural instability, rigidity is not identified in all clinical 
profiles of PD.333

Assessment of gait performance
Gait impairment is among the most frequent symptoms in neurology,275 is a 

relevant determinant of functional disability263 and has a negative impact on the 
safety,304 independence95 physical activity270 and quality of life of patients with PD.209, 258 
Moreover, gait deficits could lead to multisystem deconditioning270 and recurrent 
falls,315 and these may lead, in turn, to injury and reduced survival.270, 315 Thus, 
prompt interventions to improve gait functioning and to reduce falls are among 
top priorities for patients with PD.59 Additionally, gait predicts cognitive decline, 
reflects the response of several interventions and its assessment is often used as the 
primary clinical outcome in gait rehabilitation trials.165, 216 This underlines the need 
for objective and timely assessment of gait performance.216

Gait combines the semi-automatic control of locomotion (displacement of the 
body with paced coordination of all four limbs)65 with the control of dynamic 
equilibrium of the body centre of mass. Both mechanisms are potentially altered 
by PD.319 Particularly, PD can compromise the speed, coordination,265 regularity, 
initiation251 and fluidity of movements. Together, these changes reflect symptoms 
such as hypokinesia, akinesia and bradykinesia.172 Such effects on gait performance 
can be quantitatively measured,43 providing objective information regarding the 
health status of the patient. Assessment of gait has potential to detect deficits in the 
automaticity of movements,293 to identify altered motor patterns172, 298 and even to 
estimate risk of falling.289 Moreover, gait assessment permits to monitor the effects 
of potentially corrective interventions in PD, such as pharmacological treatment,227 

deep-brain-stimulation (DBS),87 and rehabilitation.170 Furthermore, since (gait and 
postural) axial body rotation impairments are often present at initial stages of the 
disease,12, 275 might precede the onset of overt motor signs216 and evolve more rapidly 
than other motor features of PD,80 their assessment might support the identification 
of trait, state and progression markers of PD, which would contribute to an overall 
improvement of clinical management of the disease.306

The quantitative assessment of gait has been addressed with a wide diversity of 
gait laboratory equipment, including force plates (to assess ground reaction forces),47 
pressure-sensitive foot switches,3 optical motion tracking systems,335 instrumented 
treadmills,192 electromyography,149 ultrasound systems,6 goniometer systems.184 These 
systems do, however, present several disadvantages, such as the high cost of the 
equipment, long settings requirements, the limited number of assessed steps (over 
ground walking)6 or an induced gait speed (treadmill walking),230 in addition to 
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the limited ecological validity (i.e., the natural environment where the physical 
activity of the subject normally takes place is not replicated, potentially affecting 
the outcomes). 310, 311

Assessment of gait performance with body-fixed-sensors
As an alternative to laboratory equipment, body-fixed-sensors (BFS) are small, 

lightweight, low-cost, easily wearable and highly transportable. In addition, limited 
interference with activity is expected; they do not require stationary units nor 
professional high-skilled technicians for the set-up.6 The low power consumption and 
easily wearable nature permits an ambulatory use of these sensors for long duration 
measurements (up to two consecutive weeks239) at relative low costs, especially when 
using a single sensor. Therefore, they are easily applicable and enable the assessment 
of movement patterns in a clinical setting as well as in daily life, potentially enhancing 
objectivity, sensitivity and reliability of neurological evaluation.172

The miniaturization, sophistication, proliferation and accessibility of BFS are 
now enabling the acquisition of signals, whose processing permits to obtain features 
that reflect individual gait patterns, potentially reflecting pathological gait quality. 
Monitoring these gait features minimizes observer bias and increases sensitivity to 
possibly relevant physio-pathological patterns of change.79

It has been shown that altered motor patterns in patients with PD can be detected 
by analysing signals recorded with accelerometers and gyroscopes integrated in a 
single device located on the lower back.170 These signals represent the overall motion 
pattern, given the proximity of the sensor to the centre of mass,323 and their processing 
enables the assessment of fall risk,90, 246 trunk stability109, 125 and balance control,73, 189 in 
addition to the identification of gait events289 and the extraction of spatio-temporal62 
and frequency-based314 gait parameters which are sensitive to PD.

However, so far, despite all the practical advantages of BFS to quantitatively assess 
different neurological profiles, BFS have not yet reached total acceptance, neither 
in the scientific nor in the clinical context. This might partially be explained by the 
lack of clinical validation studies concerning reliability, reproducibility, feasibility, 
accuracy and sensitivity of BFS outputs. Moreover, translation of the information 
recorded by BFS into clinically meaningful information is has hardly been explored. 
Thus, more efforts should be focused on the development of algorithms to obtain 
and analyse trait, state, prodromal and progression markers of the disease from BFS, 
satisfying diagnostic and therapeutic needs and hence, complementing decision-
making.79
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Chapter 1 |  General introduction | Aim and outline of this thesis

This project aimed the development of quantitative, reasonably priced 
and clinically applicable methods to provide preclinical and progression 
parameters of PD. To report the work, this thesis is divided in two sections. 
The first section (chapters 2 and 3) describes the new methods based on 
trunk accelerometry and angular velocity that were proposed to identify state 
markers of PD from assessment of short straight gait bouts. In the second 
section (chapters 4, 5 and 6), the potential of gait features as progression and 
preclinical/trait markers of PD are analysed and presented. The latter was 
based on short circular gait assessments.

Aim and outline
of this thesis



Chapter 2 reports the technical design and validity of a novel algorithm for 
the segmentation in step and stride time intervals of acceleration signals recorded 
during the performance of short gait trials (5 meters) by healthy elderly participants. 
The proposed algorithm was separately applied to acceleration signals recorded 
at different locations: lower back and heels. Outputs from both accelerometry-
based methods were compared mutually and with step intervals detected with an 
electronic 3-dimensional motion tracking system. In chapter 3, we provide detailed 
analysis of short straight gait trials (5 meters) that were assessed with a single BFS 
on the lower back in patients with PD and healthy control subjects. The main aim 
was to understand subtle gait deficits in PD and to identify step-by-step kinematic 
parameters that discriminate between patients at early-to-moderate stages of PD and 
healthy control subjects. Triaxial acceleration and triaxial angular velocity signals 
were segmented in several time intervals (gait initiation, gait ending and step cycles) 
prior to feature extraction. In addition, kinematic parameters for each of the gait 
phases were calculated relative to the mean value across steps.

First section
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Chapter 4 presents quantitative markers of progressive motor deficits in 
idiopathic PD from the assessment of circular gait with a single BFS placed on 
the lower back. In a five-year follow-up longitudinal study, the time course of 
gait features extracted from accelerometry was compared between heathy control 
subjects and patients with PD at early and at mid-advanced stages of the disease. 
Thus, the effect of time in PD was assessed by “quantitative mathematical analysis 
of patterns of change”. Similarly to chapter 4, in chapter 5 we report the potential of 
gait features from circular walking assessments as progression markers of PD, but 
in this case we aimed to extract progression parameters under more challenging 
conditions, dual-tasking conditions (e.g. performing walking and a second task at 
the same time). Finally, in chapter 6 we explore the potential of gait features from 
circular walking as prodromal markers of the disease, i.e. as quantitative parameters 
of motor symptoms in incident PD at preclinical stages of the disease. Thus, we 
aimed the identification of PD motor symptoms associated in time with the risk of 
developing the disease.

Finally, chapter 7 presents a general discussion and epilogue.

An overview of the methodology is provided in Table 1-1.

Second section
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Table 1-1. Overview of methodology
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“Time is the 
measure of 
movement 
between two 
instants”
–  A R I S T O T L E



Chapter 2 |  Abstract

Background and aim: The assessment of short episodes of gait is clinically relevant 
and easily implemented, especially given limited space and time requirements. BFS 
(body-fixed-sensors) are small, lightweight, and easy to wear sensors, which allow 
the assessment of gait at relatively low cost and with low interference. Thus, the 
assessment of short episodes of gait with BFS might add value in clinical gait analysis. 
The aim of this study was to evaluate the accuracy of a novel algorithm based on 
acceleration signals recorded at different human locations (lower back and heels) for 
the detection of step durations over short episodes of gait in healthy elderly subjects.

A novel accelerometry-
based algorithm for the 
detection of step durations 
over short episodes of gait 
in healthy elderly

38

Abstract



Methods: Twenty healthy elderly subjects (73.7 ± 7.9 years old) walked twice a 
distance of 5 meters, wearing a BFS on the lower back, and on the outside of each 
heel. Moreover, an optoelectronic three-dimensional (3D) motion tracking system 
was used to detect step durations. A novel algorithm is presented for the detection of 
step durations from low-back and heel acceleration signals separately. The accuracy 
of the algorithm was assessed by comparing absolute differences in step duration 
between the three methods: step detection from the optoelectronic 3D motion 
tracking system, step detection from the application of the novel algorithm to low-
back accelerations, and step detection from the application of the novel algorithm 
to heel accelerations.

Results: The proposed algorithm successfully detected all the steps, without false 
positives and without false negatives. Absolute average differences in step duration 
within trials and across subjects were calculated for each comparison, between low-
back accelerations and the optoelectronic system were on average 22.4 ± 7.6 ms 
(4.0 ± 1.3% of average step duration), between heel accelerations and the optoelectronic 
system were on average 20.7 ± 11.8 ms (3.7 ± 1.9%), and between low-back accelerations 
and heel accelerations were on average 27.8 ± 15.1 ms (4.9 ± 2.5% of average step 
duration).

Conclusions: This study showed that the presented novel algorithm detects 
step durations over short episodes of gait in healthy elderly subjects with acceptable 
accuracy from low-back and heel accelerations, which provides opportunities to 
extract a range of gait parameters from short episodes of gait.
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Based on the scientific article: M.E. Micó-Amigo, I. Kingma, E. Ainsworth, S. Walgaard, M. Niessen, R.C. van 
Lummel, J.H. van Dieën. A novel accelerometry-based algorithm for the detection of step durations over 
short episodes of gait in healthy elderly. Journal of NeuroEngineering and Rehabilitation 2016; 13:1–12.
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Gait laboratory equipment usually consists of a combination of force plates, 
pressure-sensitive foot switches and an optical motion capture system. The assessment 
of human gait with such systems provides objective and quantitative measurements. 
Nonetheless, these systems also present several important constraints, such as the high 
cost of the equipment, the limited number of steps to assess6 (over ground walking) 
or an induced gait speed (treadmill),230 and the limited ecological validity; i.e., the 
natural environment where the physical activity of the subject normally takes place 
is not replicated, which may affect the outcomes.310, 311

As an alternative to laboratory equipment, body-fixed-sensors (BFS) are small, 
lightweight, easily wearable and highly transportable. In addition, limited interference 
with activity is expected and low power is required,6 which permits an ambulatory use 
of these sensors for long-duration measurements (up to two consecutive weeks239) at 
relatively low cost, especially when using a single sensor.

BFS might also be useful in simple supervised assessment protocols, for example, to 
analyse short episodes of gait (short trials of straight gait), which can easily be included 
in clinical assessment; especially given its limited space and time requirements, and 
given that physical limitations in some patients might be an impediment to perform 
longer episodes.259, 318 Moreover, older adults select gait strategies with different spatio-
temporal parameters for different distances, therefore, the assessment of short episodes 
of gait has potential to provide clinical information that differs from information based 
on the assessment of long episodes of gait.210 The relevance of clinical assessment of 
short episodes of gait with BFS has been supported in several studies.57, 117, 210 For 
instance, a study based on quantitative assessment of the 8 meters gait test with two 
gyroscopes placed at the level of L1-L3 supported the ability to differentiate between 
fall-prone and healthy elderly subjects.57 Furthermore, it has been proven that data 
from a single BFS worn during the assessment of the Timed Up and Go test (rising 
from a chair, walking 3 meters, turning, walking back and sitting down on the chair) 
might distinguish between different clinical subtypes of Parkinson's disease.117 In 
addition, the assessment of short episodes of gait with BFS is well suited to study the 
initiation of gait,186 which has been shown to be clinically relevant in diseases such 
as Parkinson's disease.180, 247

A relevant challenge in the assessment of spatio-temporal and stability gait 
parameters using BFS is the accurate and reliable detection of steps74, 246 which is 
related to the placement of the sensor.271, 323 Particularly, the heels seem to be an 
adequate location for the placement of accelerometers to detect heel-strikes due to 
the magnitude of the acquired acceleration signals33 and the proximity to the location 
where the ground reaction force impacts.287 From this perspective, the placement on 
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the lower back might not be the most suitable location for step detection. However, 
low-back accelerometry does permit the detection of gait events91, 94, 148, 191, 262, 287, 328, 

332, 336, 337 and the extraction of spatio-temporal gait parameters.91, 148, 202, 271, 332, 337 In 
addition, due to its proximity to the centre of mass, the acquired low-back acceleration 
represents the overall human motion pattern.323 Additionally, trunk accelerometry 
permits the assessment of fall risk,90, 246 trunk stability109, 125 and balance control,73, 189 
which combined with step detection might be clinically relevant. Although a step-
based analysis is only valid if step cycles are detected with sufficient accuracy.337

Previous studies have identified gait events, using a single BFS at the lumbar level,91, 

94, 191, 287, 332, 336, 337 or two BFS on the heels.33, 273 However, incorrect identifications of events 
and/or miss-detection of events were found when applying peak-based methods.6, 7, 33, 

94, 191, 273, 287, 336, 337 These methods depend on specific properties of acceleration signals at 
specific instants of time.287 Therefore, they might be sensitive to fluctuations between 
steps (especially in short episodes of gait) and between patients (due to different 
walking patterns or different sensor alignment), which leads to erroneous detection 
of events. On the other hand, wavelet signals processing techniques, as previously 
proposed,91, 148, 191, 287 require a relatively large number of complete periods,134 which 
are not available from short episodes of gait. Moreover, the use of these techniques 
does not always guarantee the detection of all gait events.91, 148, 287

In this study we present a novel algorithm for detection of step durations over short 
episodes of gait in healthy elderly subjects. The proposed algorithm was separately 
applied to acceleration signals recorded at different locations: lower back and heels. The 
method aims to identify all periodic intervals from acceleration signals which resemble 
in shape and magnitude to a predefined template. This template is individualized and 
defined as a combination of all cycles within each episode of gait. Thus, the success 
of this method in step duration detection does not depend on special features of 
acceleration signals at specific events, but on the shape and magnitude of acceleration 
signals along periods. Furthermore, based on an individualized and averaged template-
match principle, low sensitivity to subject's fluctuations is expected, allowing proper 
detection of all cycles from different periodic acceleration signals of short duration.

In addition to the accelerometers, an optoelectronic 3D motion tracking system 
was used to detect step durations. Optoelectronic motion capture systems, while not 
the gold standard, are often used given their highly accurate 3D measurements of 
position and may provide an additional basis for accurate step detection.33, 220, 334 The 
accuracy of the algorithm was evaluated by comparing absolute differences in step 
duration between the estimates obtained from the three methods: step detection from 
the optoelectronic 3D motion tracking system, step detection from the application of 
the algorithm to low-back accelerations, and step detection from the application of 
the algorithm to heel accelerations.
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Methods

This cross-sectional study was performed with a group of 20 healthy older adults 
(9 female and 11 male, average age 73.7 ± 7.9 years, average height 173.3 ± 8.2 cm, 
average leg length 105.3 ± 5.2 cm, average weight 77.7 ± 13.1 kg). The subjects, who 
were recruited from an ongoing cohort study concerning fall risk assessment in older 
adults (FARAO), were community-dwelling elderly adults. They were recruited in 
Amsterdam (the Netherlands) and its surroundings.

Once the protocol was approved by the local Ethics committee (METc VUmc: 
2010/290), the subjects were selected from the FARAO cohort according to the 
following inclusion criteria: (a) age between 65 and 99 years; (b) mini mental state 
examination score of at least 19 points out of 30; (c) able to walk 20 m without any 
walking aid and without any cardiovascular or respiratory symptoms. Prior to the 
measurements in the laboratory at the Department of Human Movement Sciences 
(Vrije Universiteit Amsterdam), the selected subjects provided informed written 
consent for the participation in the study and for the publication of individual, 
anonymised data.

The subjects, wearing their own shoes, walked a 5 m long track demarcated by two 
lines on the floor. Two paper templates of two adult-sized footprints were attached to 
the floor indicating the end position of the track. Two trials were performed at preferred 
speed. At the beginning of each trial, the subjects stood behind the start line with 
the toes placed on the line. After a verbal countdown the subjects started to walk the 
distance marked by the lines on the floor. The trial ended when the subjects reached 
the end line, with their shoes placed on the footprint templates. Afterwards, the subject 
stood still for 3 seconds before returning to the starting position and repeating the trial.

A BFS (DynaPort Hybrid, McRoberts; 87 mm x 45 mm x 14 mm, 65 g) was 
inserted in an elastic belt, placed around the waist in such a way that the sensor 
was positioned at the level of the lowest lumbar vertebra (L5). This location is well 

Subjects

Instrumentation and data acquisition
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accepted by older adults213 and it is close to the centre of mass of the whole human 
body.8, 323 The system includes a triaxial accelerometer and a triaxial gyroscope, and 
stores data at a rate of 100 samples per second. The accelerometer has a resolution 
of 0.00981 m/s2 (1 mg) and it is a DC type sensor, therefore it is also sensitive to the 
gravity effect. During the standing phase, the sensor inside the belt was approximately 
parallel to the coronal plane.

The second system was composed of two BFS (DynaPort MiniMod McRoberts; 
82 mm x 50 mm x 9 mm, 43 g), attached to the lateral sides of both heels. These BFS 
included a DC type triaxial accelerometer with a sample rate of 100 samples/s and a 
resolution of 1 mg. Each sensor was attached with tape to the lateral side of the shoe 
(close to the heel).

The third system was an optoelectronic three-dimensional (3D) motion tracking 
system, 3020 Optotrak, Northern Digital Inc., Waterloo, Canada, consisting of three 
camera arrays for the recording of the 3D position (error < 0.05 mm) of LED markers 
at a sample rate of 200 samples/s. The LED markers were positioned as follows: three 
single markers on the back side of both shoes (Figure 2-1.a) and two clusters of three 
markers on the lower back (L5), placed on a lightweight plate which was attached to 
the surface of the DynaPort Hybrid (Figure 2-1.b). Data acquisition was synchronized 
for all the collected signals using an impulse, which was transferred to each of the 
systems. In addition, a video camera was used to record the measurements.

Figure 2-1. Set-up of Optotrak markers

a) Location of the LED markers of the Optotrak system on one of the heels

b) Cluster of markers placed on a lightweight plate and attached to the surface of the DynaPort Hybrid, McRoberts

a) b)
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A novel algorithm was developed for the automatic detection of step durations 
from acceleration signals. The algorithm is based on the acceleration in the anterior-
posterior (AP) direction. Firstly, it defines a template, which represents a typical 
pattern of a step cycle acceleration, and subsequently, it searches for the periods of 
maximal match between the signal and the template. The raw acceleration signal 
obtained from the accelerometers was manually segmented from some samples 
before the first heel-strike of the gait episode to some samples before the foremost 
foot reached the end line. The result is denoted as “Segmented signal”. Based on 
low-back accelerometry and following the flowchart (Figure 2-2), the algorithm 
executes the subsequent operations:

1. Template length definition
In this block the length of the template signal was 
defined using the “Segmented signal” as an input 
and following these steps:

1.1. Obtain the unbiased auto-covariance signal of 
the input with the function <xcov, unbiased> 
from MATLAB Signal Processing Toolbox 
7.11.0.202

1.2. Extract the dominant frequency from the 
unbiased auto-covariance signal (positive lags).

1.3. Calculate the inverse of the dominant frequency 
and multiply it by the sampling frequency. 
The Template Length (TL) is defined as the 
resulting number of samples.

2. Template signal definition
In this block, the “Template signal” is defined, using 
TL and the “Segmented signal” as inputs.

2.1. Define a low limit on the “Segmented signal” after 115% TL samples from the 
 start, and a high limit 115% TL samples before the end.
2.2. Find peaks in the “Segmented signal” between the low and high limits, which are 

at least 40% TL samples from each other.
2.3. Define sections of the input signal around each peak, starting 15% TL samples 

before the instant at which the peak is found (with the aim to include the slope 

Step detection from 
low-back (L5) accelerometry

Figure 2-2. Flowchart that represents the operations 
executed by the algorithm



Typical example of an AP acceleration signal collected at the lower back and segmented from shortly before the first heel-strike 
of the gait episode until shortly before the foremost foot reached the end of the trial ("Segmented signal", dark orange). New 
segmentation of the raw AP acceleration signal, which contains three sections with a number of samples equivalent to the 
template length, one section prior to the start marker of the initial segmentation, and two sections after the end marker of the 
initial segmentation ("Resegmented signal", yellow). "Template signal" (black) is the average of all the sections defined in step 2.3.
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preceding the peak), and ending 100% TL samples after the instant at which the peak is found.
2.4. Obtain new signals from the application of the dynamic-time-warping technique (DTW)272 on 

each of the sections and their consecutive ones. This technique optimally aligns the sections, 
combining them in an average signal.

2.5. Repeat step 2.4 until a single new signal, named “Template signal”, is obtained. The length 
of this signal is TL samples. This signal is the average of all the sections defined in step 2.3 
(Figure 2-3).

3. Resegmentation of signal
In this block a new segmentation of the raw acceleration signal is performed using TL, the raw 
acceleration signal and the start and end sample number of the “Segmented signal” as inputs.

3.1. Extend the segmentation of the “Segmented signal” to the left with TL samples, and to the 
right with twice TL samples from the original raw acceleration signal. The resulting signal is 
denoted as “Resegmented signal” (Figure 2-3), the output of this block.

Figure 2-3. “Resegmented signal”, “Segmented signal” and “Template signal” with a sampling rate of 100 samples/s
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4. Search for the matches between “Template signal” and “Resegmented signal”
In this block the match between the “Template signal” and the “Resegmented signal” 
is found. The aim is to extract the periods from the “Resegmented signal” in which 
the acceleration resembles the template in magnitude and shape. This permits to 
evaluate the periodicity of steps. The inputs of this block are template length (TL), 
the “Template signal”, the ¨Segmented signal” and the “Resegmented
signal”.

4.1. Calculate a signal based on the standard deviation of the difference in amplitude 
between the “Template signal” and a sliding window (with TL samples) through 
the “Resegmented signal”.

4.2. Normalize the resulting signal. This signal, denoted as “SD Difference signal”, 
has local minima at the start of the intervals along which the “Resegmented 
signal” and the “Template signal” have the best match, and therefore are more 
similar in shape and amplitude (Figure 2-4.a).

4.3. Calculate a signal based on the calculation of correlation coefficients (using the 
function <corrcoef> from MATLAB Signal Processing Toolbox 7.11.0) between 
the “Template signal” and a sliding window through the “Resegmented signal”.

4.4. Multiply the resulting signal by the ratio of ranges of the “Resegmented signal” 
and the “Template signal” and normalize the result. This signal, denoted as 
“Correlation signal”, has local maxima at the start of the intervals along which 
the “Resegmented signal” and the “Template signal” have the best match, and 
therefore are more similar in shape and amplitude (Figure 2-4.a). Note that both 
the “SD Difference signal” and the “Correlation signal” are TL samples shorter 
than the “Resegmented signal”.

4.5. Calculate the ratio between the “Correlation signal” and the “SD Difference 
signal” to obtain a new signal, denoted as “Coefficient signal” (Figure 2-4.b).

4.6. Select peaks in the “Coefficient signal” which are found within the dimension 
of the “Segmented signal” and are located at least a 60% TL samples distant 
from each other.

4.7. Shift forwards by 15% TL samples the instants at which the peaks were selected, 
in order to define the instants that approximate heel-strike events in time. 
The intervals defined between the shifted peaks, named “Events”, allow the 
calculation of step durations (Figure 2-5.a).
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Typical example of a “SD Difference signal” 
(yellow) and a “Correlation signal” (red) 
with a sampling rate of 100 samples/s. The 
“SD Difference signal” was obtained from 
the standard deviation of the difference in 
amplitude between the “Template signal” 
and a sliding window (with a number of 
samples equivalent to the template length) 
through the “Resegmented signal”. This 
signal has lower values at the start of the 
intervals along which the “Resegmented 
signal” and the “Template signal” are 
more similar in shape and amplitude. 
“Correlation signal” was obtained from 
the calculation of correlation coefficients 
between the “Template signal” and a 
sliding window through the “Resegmented 
signal”, being multiplied by the ratio of 
ranges of the “Resegmented signal” 
and the “Template signal”. The resulting 
signal has higher values at the start of the 
intervals along which the “Resegmented 
signal” and the “Template signal” are more 
similar in shape and amplitude. 

"Coefficient signal" (yellow) and "Selected 
peaks" (red squares) with a sampling rate 
of 100 samples/s. The normalized ratio 
signal between the "Correlation signal" 
and the "SD Difference signal" permitted 
to obtain the "Coefficient signal". 
"Selected peaks" are the peaks from the 
"Coefficient signal" which are found within 
the dimension of the "Segmented signal" 
and are located at a distance of at least a 
60% TL (template length) samples from 
each other.

Figure 2-4. Signals from the block 4 of the algorithm

a)

b)
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Step detection from heel accelerometry

Acceleration signals of both heels were synchronized with low-back acceleration 
signals and segmented at the same point. The algorithm applied to the heel 
accelerations was similar to that of low-back accelerations. However, since heel 
accelerations have a periodicity in strides33 instead of steps, the template represents a 
typical pattern of a stride cycle acceleration and it is differently defined. The following 
steps of the algorithm are different for heel accelerometry. 

1.3. The template length (TL) is defined as the resulting number of samples between 
the first two peaks of the low-pass filtered (cut-off frequency equivalent to the 
double dominant frequency) normalized unbiased auto-covariance signal which 
overcome a threshold of 0.5. 

2.3. Define sections of the input signal around each peak, starting 5% TL samples 
before the instant at which the peak is found (instead of 15%, as the slope of the 
peaks is more steep and TL is about twice long for heel accelerations compared 
to low-back accelerations) and ending 100% TL samples after the instant at 
which the peak is found. 

In the case of heel accelerometry, the intervals defined between the shifted peaks 
(5 % TL samples), named “Events”, permit the calculation of stride durations. Thus, 
left and right stride durations are detected from their respective acceleration signals, 
and these are combined to obtain step durations (Figure 2-5.b).

Low-Back acceleration signal (with a sampling 
rate of 100 samples/s) and detected events. 
Typical example of a segmented AP acceleration 
signal collected at the lower back (yellow), and 
the “Events” (grey) detected by the algorithm 
applied to low-back accelerometry. These 
“Events” were obtained from the shift by a 15% 
TL samples of the instants at which the peaks 
were found. The intervals between “Events” 
permitted to calculate step durations.

a)
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Step detection from Optotrak data

Comparison between different systems

Heel and low-back acceleration signals were sampled at 100 samples/s, whereas 
Optotrak signals were sampled at 200 samples/s. In order to obtain the same sample 
rate between the three systems, Optotrak signals were resampled to 100 samples/s. 
In addition, Optotrak signals were synchronized with acceleration signals and 
segmented at the same point. The detection of heel-strike events from the Optotrak 
system was influenced by the visibility of the LED markers. These markers were 
not continuously visible, therefore, the visibility of Optotrak signals was evaluated 
within intervals of 40 samples around the instants of the “Events” detected from heel 
accelerations. The visibility of Optotrak signals within each interval was evaluated 
for all LED markers. From the markers placed on the same area (right heel, left heel 
and lower back), the one which had the largest number of complete visible intervals 
in the whole gait episode was selected. Heel-strike events were estimated as the 
instants when the distance in anterior-posterior direction was maximal between 
the selected heel and low-back markers.334

Step durations were calculated as the intervals between the “Events” obtained with 
each method. The comparison was based on the calculation of absolute differences 
(in milliseconds) in step duration between methods for every step. However, in 
the case of Optotrak, 8.9% of the heel-strike events were missed due to the lack of 

Heel acceleration signals (with a sampling rate 
of 100 samples/s) and detected events. Typical 
example of segmented AP acceleration signals 
collected at the heels, left heel (orange) and 
right heel (yellow), and the respective “Events” 
detected by the algorithm. These “Events” were 
obtained from the shift by a 5% TL samples of 
the instants at which the peaks were found. The 
intervals between “Events” calculated for each 
of the heel acceleration signal correspond to 
stride durations, and the combination of the 
events detected from both heel accelerometry 
permitted to obtain step durations.

Figure 2-5. Segementation of low-back and heel acceleration signals

b)



continuous visibility of the selected LED marker along the defined intervals. As a 
consequence, the respective heel-strike events were not included in the calculation 
of step durations, and instead, a stride duration was calculated and compared.

Absolute differences in step duration and/or stride duration (in the cases of 
missed heel-strike events) between each pair of methods were calculated and 
averaged across all the steps of both trials, for all the subjects. Shapiro-Wilk tests 
were applied to check the normal distribution of these differences. In case of a 
normal distribution, differences were compared with a paired t-test. In case of a non-
normal distribution, a Wilcoxon Signed Rank test was used. Furthermore, interclass 
correlation (ICC) was used to assess correspondence between methods. Significance 
level was set at α = 0.05.

Results
A Shapiro-Wilk’s test showed that absolute differences between methods did 

not deviate from normal distribution for absolute differences in step duration 
between low-back accelerometry and Optotrak (p = 0.97) and between low-back 
accelerometry and heel accelerometry (p = 0.50). However, when comparing 
estimates from heel accelerometry versus Optotrak, absolute differences were not 
normally distributed (p = 0.01), with the presence of two outliers (Figure 2-6).

The number of steps performed by the subjects was counted from video recordings, 
which confirmed that the algorithm applied to both low-back and heel accelerations 
detected an equal number of steps, without false positives and without false negatives.

Step duration estimates calculated from low-back accelerations were compared 
with estimates from Optotrak data. Absolute differences within episodes and across 
subjects ranged between 7.5 and 39.2 ms. The ICC of step durations over the two 
methods was 0.91. The average absolute difference was 22.4 ± 7.6 ms, which is 
4.0 ± 1.3% of the average step duration calculated with both systems (Figure 2-6). 
Estimates calculated from heel accelerations were compared with estimates from 
Optotrak data. Absolute differences within episodes and across subjects ranged 
between 6.7 and 51.5 ms. The ICC of step durations over the two methods was 
0.91. The average absolute difference was 20.7 ± 11.8 ms, which is 3.7 ± 1.9% of the 
average step duration measured with both systems (Figure 2-6). Estimates calculated 
from low-back accelerations were compared with estimates from heel accelerations. 
Absolute differences within episodes and across subjects ranged between 4.0 and 
61.4 ms. The ICC of step durations over the two methods was 0.88. The average 
absolute difference was 27.8 ± 15.1 ms, which is 4.9 ± 2.5% of the average step 
duration measured with both systems (Figure 2-6).
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The ICC of step durations across the three methods was 0.90. Differences 
between estimates from heel accelerations and Optotrak, which yielded the lowest 
average value, were not statistically significantly different from differences between 
estimates from low-back accelerations and Optotrak (p = 0.46), although they were 
statistically significantly different from differences between estimates from heel and 
low-back accelerations (p = 0.02). Differences between estimates from low-back and 
heel accelerations yielded the highest average absolute value, and these were not 
statistically significantly different from differences between estimates from low-back 
accelerations and Optotrak (p = 0.16).
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Average absolute differences in step duration 
within trials and for each subject are presented 
for each pair of compared methods with a 
boxplot.

Abbreviations: LB = low-back accelerometry, 
HE = heel accelerometry, OP = Optotrak. 
The boxplot includes minimum, first quartile 
(q1, 25%), median, third quartile (q3, 75%), 
maximum and outlier values.

Percentage of average absolute differences in 
step duration over the average step duration 
calculated with both systems within trials and 
for each subject are presented for each pair of 
compared methods with a boxplot. 

Figure 2-6. Differences between methods

a)

b)



Discussion
In this study, we analysed the accuracy of a new algorithm for the detection of 

step durations in healthy elderly subjects during short episodes of gait. The proposed 
algorithm was applied separately on low-back and heel accelerations, and its accuracy 
was evaluated by comparing estimates from three methods: step detection from 
an optoelectronic 3D motion tracking system (Optotrak), step detection from the 
application of the algorithm on low-back accelerations, and step detection from the 
application of the algorithm on heel accelerations.

The lowest differences were obtained when comparing estimates from heel 
accelerations and Optotrak (3.7 ± 1.9%). These differences were significantly lower 
than differences between estimates from heel accelerations and low-back accelerations 
(4.9 ± 2.5%). However, these differences were non-significantly lower than differences 
between estimates from low-back accelerations and Optotrak (4.0 ± 1.3%). Part of 
the differences between methods may be due to the measurement at different parts 
of the body, the misalignment between left/right sensors and markers and the use of 
different type of signals (position versus acceleration). As a result, the three methods 
may detect different gait events. Nonetheless, as long as the periodicity of the detected 
events is the same, the duration of steps should be comparable between methods.

Gait cycles are within inertial data reproduced as repeating patterns.271 Based on 
this principle, the proposed algorithm searches for the periods of maximal match 
between signals and an individualized and averaged template, which represents a 
typical acceleration pattern of a step cycle (in case of low-back acceleration) or a 
stride cycle (in case of heel acceleration). Likewise, there are potential applications of 
the proposed algorithm to other periodic signals, considering the proper definition 
of a template that will represent the typical pattern of a period of interest.

The magnitude and shape of input signals are related to the location of the 
sensor.271, 323 In this regard, the heels seem to be the most adequate location of the 
accelerometers to detect heel-strikes, since the peaks are steeper. However, the 
placement of accelerometers on the heels has some disadvantages in clinical practice 
as two sensors are required for the calculation of step durations, with both sensors 
being attached to the shoes. Self-attachment of the sensors on the shoes might be 
difficult for some subjects. Furthermore, the rigidity of fixation and signal features 
might be affected by the material and shape of the shoes. In contrast, at the waist, a 
single sensor can easily be attached with minimal discomfort. In our experience, a 
loose attachment of the sensors to the shoes can cause vibration and displacement 
of the sensors. Consequently, multiple peaks can occur in the acceleration signal 
around heel-strike, which may be the reason for some of the differences between 
the estimates from heel accelerations and Optotrak data, as well as between heel 
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and low-back acceleration signals. In the case of low-back acceleration, the sensor is 
attached symmetrically on the body in the frontal plane, thus a single sensor can be 
used to detect steps of both legs. Conversely, for heel accelerometers, stride durations 
are obtained separately for each leg, and step durations are calculated between 
heel strikes, alternating between legs and thus between sensors. Consequently, a 
slight misalignment of the sensor from the right to the left heel, or a change in 
position of the sensor during the gait episode may influence the detection of step 
durations. Moreover, a different stride cycle template is defined for each of the heel 
acceleration signals, potentially affecting symmetry when calculating steps. Hence, 
the evaluation of stride durations instead of step durations might be more consistent 
when comparing estimates from low-back and heel accelerations. We evaluated 
this in a post-hoc comparison and found that average absolute differences in stride 
duration between estimates from low-back accelerations and heel accelerations 
were on average 19.0 ±10.6 ms (3.4 ± 1.6% of average step duration, ICC = 0.98), 
which is indeed substantially lower (p = 0.04) than the comparison in step duration 
between these methods.

A technical constraint of this study was the failure to continuously track the 
Optotrak markers, which caused disruption of visibility and precluded the continuous 
analysis of the signals. As a consequence, 8.9% of the heel-strike events were not 
included for the calculation of step durations, and instead, a stride duration was 
calculated and compared for these cases. Nonetheless, differences in step duration 
between estimates from low-back accelerations and heel accelerations were not 
statistically significantly different from differences between low-back accelerations 
and Optotrak. This indicates that despite the reduced number of measured steps, 
and the comparison of strides instead of steps, the loss of heel-strike events did not 
have a large impact on accuracy.

In clinical practice, the use of a 3D motion recording system is limited due to 
technical requirements.6 Accelerometers, on the other hand are small, lightweight, 
inexpensive, easy to wear, highly transportable, do not require any stationary units, 
are easy to set up and use, do not require professional operators and their use is not 
physically constrained.6, 323 Moreover, in the case of low-back accelerometers, right 
and left steps can be detected from data collected with a single sensor. However, a 
main limitation of the present study may be the low sample rate (100 sample/s) of 
the accelerometers, which may have negatively affected our results. The temporal 
resolution of the accelerometers was approximately half of the three mean average 
absolute differences. Consequently, results may improve with higher sample rates. 
The acceleration pattern (from heel and low-back accelerations) of the intervals 
around the first heel-strike is different in shape and amplitude from the intervals 
around the rest of the heel-strikes, especially in the case of heel accelerations. As a 
result, in the majority of cases, the accuracy was lower for the detection of the first 
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heel-strike based on the proposed template-match method. This lower accuracy in 
detecting the first event has implications for the study of gait initiation, which is 
relevant in the assessment of short episodes of gait. When excluding the first detected 
event, differences between systems were lower than the original results including the 
first event: 17.9 ms (3.2%, p = 0.09) comparing estimates from low-back accelerations 
and Optotrak, 15.7 ms (2.8%, p = 0.01) between heel accelerations and Optotrak, 
and 25.9 ms (4.6%, p = 0.71) between low-back and heel accelerations. However, 
these differences were only significantly different in the comparison between heel 
accelerometry and Optotrak.

Another limitation of this study was the exclusion of the last two heel-strikes (last 
step) of the episode of gait. This final step is clinically interesting since it challenges 
the maintenance of balance. However, in this study, the last step corresponded to 
the positioning phase of the shoes over the footprints, and since some subjects 
completely stopped before placing their feet over the footprints, the last step could 
not be considered as part of the continuous gait episode.

Other studies have reported promising results for step detection based 
on gyroscope signals recorded on the feet,15, 181 with smartphones133, 278 and in 
combination with accelerometry signals on the lower back.146 Moreover, angular 
velocity signals obtained from gyroscopes at the lower back have been used to 
differentiate between left and right events,91, 191 to estimate sensor orientation in 
combination to accelerometry and to obtain step length.148 In this study, we did not 
analyse angular velocity signals obtained with gyroscopes, although this can be the 
focus of future work.

To our knowledge, there is limited published work related to gait event detection 
from acceleration signals recorded at the lower back or at the heels over straight gait 
episodes of short duration. Therefore, it is hard to compare our results to previous 
literature under the same conditions. An extensive comparison between performances 
of algorithms in short gait within, as opposed to between sensors, could be a target 
of future work. Different studies have detected gait events from heel accelerometry 
based on the detection of peaks in specific regions of filtered signals.33, 273 However, 
the validity of the outcomes was not tested in one of the studies.273 The high accuracy 
reported in a second study was obtained by performing the validation over gait 
episodes of longer duration (12 times along a 10 m long path), and thus with more 
steady gait patterns. In addition, a younger cohort group was assessed (27 ± 2.6 
years), which might have resulted in a less variable and less asymmetric gait than 
in healthy elderly subjects.33 Other algorithms applied to low-back acceleration 
signals for step detection have been previously reported.41, 91, 94, 220, 328, 332 However, 
the accuracy was not tested in some of them,328, 332 or only average step durations 
were compared between systems rather than absolute differences between systems.94 
Another study91 compared the detection of initial contact events from acceleration 
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data recorded on the lower back (L3) with force platforms. Non-absolute differences 
with high standard deviations (13.4 ± 35 ms) were found for the detection of events. 
In both previously mentioned studies,91, 94 longer (25 meters) episodes of gait were 
assessed in younger cohorts. The magnitude of the differences obtained in our study 
is comparable to results found in a previous study287, which analysed step durations 
calculated with different methods based on low-back accelerations,94, 148, 191, 336, 337 
and reported an acceptable accuracy of all of them for clinical use. However, the 
conditions of the comparative study were different, since the subjects walked a longer 
distance, while barefoot. Subjects likely walked with different acceleration patterns 
than with shoes162 (as in our study), and with a more steady gait pattern. Moreover, 
in contrast to other methods,94, 148, 287, 336, 337 our algorithm performed step detection 
without false positive and false negatives. Taken together, our results suggest that the 
proposed algorithm is adequate for assessing short gait episodes in healthy elderly 
subjects with clinically sufficient accuracy.

Simple and short assessments have potential for inclusion in clinical studies,117, 

247, 318 particularly because physical limitations in some patients might be an 
impediment to perform longer protocols.259, 318 Moreover, older adults select gait 
strategies with different spatio-temporal parameters for different distances,210 and 
since they predominantly perform short bouts of gait in daily-life physical activity,297 

the assessment of short episodes of gait may provide clinical information that is 
different210 and more relevant than information based on the assessment of long 
episodes of gait. Additionally, the ability of the elderly to cover indoors distances, 
which are limited by housing dimensions, is relevant for their safety,304 independence 
at home95 and for their daily-life physical activity.54 Thus, the assessment with BFS 
of short episodes of gait, extracted from daily-life physical activity or measured in 
a standardised and supervised setting, may add value to the study of gait quality 
of the elderly.

The detection of steps is a prerequisite for obtaining spatio-temporal parameters 
such as cadence, step symmetry, gait variability, anticipatory postural adjustments 
prior step initiation, duration of gait initiation, etc., which might have clinical value 
for the differentiation of stages of neurodegenerative diseases.11, 55, 64, 247, 266, 267, 280, 320, 322 
Moreover, step-by-step variability of low-back angular velocity and acceleration 
might also provide preclinical and progression parameters of such diseases. Thus, if 
differences in step duration between clinical groups are larger than 4% on average, 
as it has been shown in several studies, e.g., in Parkinson's disease,267 the algorithm 
proposed in this study would be useful for the analysis of parameters based on step 
detection from heel and low-back accelerations.
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Conclusions
The presented study was designed to evaluate the accuracy of a novel algorithm 

based on acceleration signals recorded at different human locations (lower back 
and heels) for the detection of step durations over short episodes of gait in healthy 
elderly subjects. The accuracy was assessed by comparing absolute differences in 
step duration between three methods: step detection from an optoelectronic 3D 
motion tracking system, step detection from the application of the algorithm on 
low-back accelerations, and step detection from the application of the algorithm 
on heel accelerations.

The proposed algorithm successfully detected all the steps, without false positives 
and without false negatives. Average absolute differences in step duration within 
trials and across subjects were calculated for each pair of methods. Differences 
between methods were on average about 4%.

From the findings, we can conclude that using the proposed algorithm step 
durations can be estimated with acceptable accuracy by using one of the two 
methods; placing a single accelerometer device at the lower back of healthy elderly 
subjects during short episodes of gait or placing two accelerometers at the heels. This 
provides opportunities for the extraction of parameters from short episodes of gait, 
in both clinical settings and possibly in non-supervised environments.
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Time in Parkinson’s disease
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“Five minutes 
are enough to 
dream a whole 
life, that is 
how relative 
time is…”
–  M A R I O  B E N E D E T T I
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Background and aim: Quantitative assessment of gait in patients with Parkinson’s 
disease (PD) is an important step in addressing motor symptoms and improving 
clinical management. Based on the assessment of short distances of gait, this study 
presents a method for the discrimination of step-by-step kinematic parameters in 
early-to-moderate stages of PD.

Is the assessment of 5 
meters of gait with a 
single body-fixed-sensor 
enough to recognize 
idiopathic Parkinson’s 
disease-associated gait?

Abstract



Methods: Five meters of gait were assessed in 14 healthy controls (61.4 ± 10.6 
years old) and in 28 patients at early-to-moderate stages of idiopathic PD (60.0 
± 9.5 years old) with a single body-fixed-sensor (BFS) placed on the lower back. 
Differences between groups in step-by-step kinematic parameters were evaluated 
to understand gait impairments in the PD group. Moreover, a discriminant model 
between groups was built from a subset of significant and independent parameters 
and based on a 10-fold cross-validated model.

Results: The discriminant model correctly classified a total of 89.5% participants 
with four kinematic parameters. The sensitivity of the model was 95.8% and the 
specificity was 78.6%. This indicates that the proposed method permitted to 
reasonably recognize idiopathic PD-associated gait from 5-m walking assessments. 

Conclusions: The results motivate further investigation on the clinical utility of 
short episodes of gait assessment with BFS.
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Based on the scientific article: M.E. Micó-Amigo, I. Kingma, G.S. Faber, A. Kunikoshi, J.M.T. van Uem, R.C. 
van Lummel, J.H. van Dieën. Is the assessment of 5 meters of gait with a single body-fixed-sensor enough to 
recognize idiopathic Parkinson’s disease-associated gait? Annals of Biomedical Engineering 2016; 13:1–12.
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Parkinson´s disease (PD) is among the most common neurodegenerative 
diseases in Europe, with an estimated prevalence of 1.6% in populations above 65 
years old.58 The incidence of PD rises with age237 and imposes an annual burden on 
European healthcare systems that approximately ranges between 2.600 and 19.000 € 
per patient.306, 307 Thus, as the population’s longevity increases, it is expected that PD 
will impose a growing social and economic burden on societies.222 Consequently, an 
increased use of healthcare resources for PD over the following years is expected, 
which will likely have a significant impact on social security and healthcare systems.306

The degeneration of the basal ganglia and the loss of dopaminergic innervations in 
PD can cause body rigidity, resting tremor and postural instability.172 Moreover, they 
may compromise the speed, automaticity and fluidity or smoothness of movements;43 
reflected in symptoms such as bradykinesia and hypokinesia.172 These deficits are 
frequently present during gait in patients with PD and can be quantitatively and 
objectively assessed,43 providing information regarding the clinical status of the 
patient. The assessment of gait is part of a widely used clinical rating scale for PD 
(Unified Parkinson's Disease Rating Scale, UPDRS)93 and is used to monitor and 
regulate the effects of interventions such as medication, deep-brain-stimulation 
(DBS) and rehabilitation.170 Furthermore, since motor impairments such as trunk 
rigidity and gait dysfunction are often present at initial stages of the disease, their 
assessment might lead to earlier and improved diagnosis.172 Altogether, the valid 
assessment of movement in patients with PD is an important step in addressing 
motor symptoms and improving clinical management.306

Altered movement patterns in patients with PD can be detected by analysing 
signals recorded with accelerometers and gyroscopes, both integrated into a single 
device that is located on the lower back.170 These signals represent the overall motion 
pattern given the proximity of the sensor to the centre of mass.8 Their processing 
enables the assessment of trunk stability, balance control and fall risk.246 In addition, 
the analysis of the recorded signals permits the identification of gait events197 and 
the extraction of spatio-temporal gait parameters that are sensitive to patients with 
motor symptoms of PD.61

Accelerometers and gyroscopes, in this context also known as body-fixed-sensors 
(BFS), are small, light-weight, low-cost sensors with good portability and low-power 
consumption.63 Therefore, they are easily applicable and enable the assessment of 
movement patterns in a clinical setting; potentially enhancing objectivity, sensitivity 
and reliability of clinical tests.172

BFS can be used for the assessment of short episodes of gait, which provide 
information (gait speed, gait cycle time and stride velocity) that differs from 
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information based on the analysis of long episodes of gait and might be relevant 
for clinical assessment.210 Moreover, these sensors may be easily applicable in view 
of limited space and time requirements, and given that physical limitations in some 
patients might be an impediment for performing longer episodes.197 Finally, in short 
gait tests, patients can be challenged to increase their gait speed without causing 
fatigue. This could have relevant clinical implications since the performance of gait 
at high-speed might be different than at convenient speed.172, 298

The relevance for PD of instrumented clinical assessment of short episodes of gait 
has been supported in several studies.154, 180, 282 For instance, the gait task evaluation 
of the Short Physical Performance Battery (SPPB) protocol has been reported to 
be related to disability and PD severity.282 In addition, spatio-temporal parameters 
derived from low-back accelerometry of 10-m walking assessment resulted sensitive 
to dopamine agonist treatment.154 The assessment of short episodes of gait with BFS 
is also well suited to study gait initiation, which can be affected in patients with PD.180 
It is therefore conceivable that acceleration, steady-state and deceleration phases of 
gait episodes are all informative in the assessment of PD-related motor impairments.

To our knowledge, there are no published studies reporting a phase-by-phase 
analysis of short episodes of gait in patients with PD. Therefore, in this study, episodes 
of 5-m gait were assessed with a single BFS placed on the lower back that integrated 
a triaxial accelerometer and a triaxial gyroscope. This permitted to calculate step-
by-step kinematic parameters in patients at early-to-moderate stages of PD and 
healthy control (HC) subjects. Significantly different parameters between groups 
were evaluated to understand gait impairments in the PD group (PDg). Moreover, 
from a selection of these parameters, a discriminant model between groups was 
built. With this, we aim to recognize idiopathic PD-associated gait from low-back 
accelerometry data of 5-m walking assessments.



Chapter 3 |  Methods

64

Methods

This cross-sectional study was performed with 38 participants, 24 patients 
diagnosed with idiopathic PD and 14 healthy controls, well matched for age and 
gender (see Table 3-1). All participants were recruited from the clinical ward and 
the outpatient clinic of the Neurodegenerative Department from University Hospital 
of Tübingen, Germany.

The Declaration of Helsinki was respected, local ethical committee approval was 
obtained (Tübingen 140622) and all subjects provided informed written consent 
for participation in the study and for publication of individual, anonymised data.

The participants were selected according to the following inclusion criteria: 
(a) age between 40 and 85 years; (b) ability to walk 10 meters independently and 
stand safely without walking aid; (c) absence of any psychiatric problem; (d) absence 
of dyskinesia. All participants underwent a clinical assessment which included 
medical history, medication intake and neurological examination.

The participants of the PDg were diagnosed with idiopathic PD according to the 
United Kingdom Brain Bank Society criteria,128 in stage 1 to 2.5 (medication ON) of 
the Hoehn & Yahr scale and with a minimum score of 25 points on the Mini Mental 
State Examination score.83 They did not present any other neurological disease. 
Six subjects with PD (25%) had undergone a DBS operation. All the patients were 
recruited in their regular ON medication state. The condition “ON medication” was 
defined as a time period of 30 minutes to 3 hours after the intake of the usual dose 
of dopaminergic medication (prescribed by the neurologist for an optimal medical 
treatment) and considering each participant’s perception of having a “Good On 
Phase”. The participants of the control group had no neurological disease and no 
relevant intellectual deficits.

An overview of demographics and clinical data is presented in Table 3-1.

Subjects
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All subjects, wearing their own shoes, walked a 5 meters long track after an 
acoustic start signal. The track was demarcated by four templates of adult-sized 
footprints, two attached to the floor at the start position and two at the end position 
of the track. At the beginning of each trial, the subjects stood over the start footprints 
for at least 3 seconds. After an acoustic signal, the subjects started to walk the 5-m 
track. The trial ended when the subjects reached the end, placing their shoes on the 
footprint templates. Afterwards, the subjects stood still for 3 seconds before repeating 
the trial. Two trials were performed at self-selected gait speed (SS) and one trial as 
fast as possible (FS).

The system consisted of a BFS (DynaPort® Hybrid, McRoberts), a remote 
control and a portable computer on which the DynaPort McRoberts software was 
installed. The three were synchronized via Bluetooth. The sensor consists of a triaxial 
accelerometer and a triaxial gyroscope, and stores data at a rate of 100 samples per 

Protocol

Instrumentation

Table 3-1. Demographics and clinical data

Demographics and clinical data, presented as mean ± standard deviation for the parametric data and mean 
[range] for the non-parametric data, marked with *. In the case of gender, the data is presented as a number 
of females and (the percentage of females, over the total number of participants for each group). Mini Mental 
State Exam score (MMSE).
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second. The accelerometer is a DC type sensor and therefore it is also sensitive to the 
gravity effect. It has a range of ± 2 g (2 x 9.81 m/s2) and a resolution of 1 mg (0.00981 
m/s2). The gyroscope has a range of ± 100 deg/s and a resolution of 0.0069 deg/s. The 
sensor was inserted in an elastic belt, placed around the waist so that the sensor was 
positioned at the level of the lowest lumbar vertebra (L5). The software was manually 
activated to initiate data collection. At the beginning and end of each trial an acoustic 
signal was manually triggered with the remote control and stored. In addition, two 
BFS (DynaPort MiniMod McRoberts) were attached to the lateral sides of both heels 
in 22 patients with PD. These BFS include a DC type triaxial accelerometer with a 
sample rate of 100 samples/s and a resolution of 1 mg (0.0981 m/s2).

Data acquisition was synchronized for all the collected signals using an impulse 
that was transferred to each of the systems.

Velocity and displacement (Figure 3-1 and Figure 3-2) in the anterior-posterior 
direction (AP) were calculated from the raw acceleration and angular velocity signals 
recorded on the low-back, including the pre and post standing phases.308 Further 
details of these calculations are found in Appendix 3-A.

Phases: The “start of movement” was defined as the first instant at which the AP 
velocity exceeded 30% of the maximal AP velocity; whereas the “end of movement” 
was defined as the last instant at which the AP velocity exceeded 20% of the maximal 
AP velocity (for the SS condition) and 15% of the maximal AP velocity (for the FS 
condition). The low-back acceleration in the vertical direction (VT) was low-pass 
filtered with a bi-directional fourth order filter and a cut-off frequency of 3.5 Hz. 
Subsequently, the first heel-strike was defined as the instant of the first peak after the 
“start of movement”. With the aim to automatically segment the signal delimited by 
the “start” and “end of movement” in step cycles, a template-match method197 was 
applied to the low-back raw AP acceleration signal. Further details of this method 
are found in Appendix 3-B.

The performance of the algorithm was tested over data from 22 subjects of the 
PDg. Likewise calculated in previous work,197 this was tested by comparing absolute 
average differences within trials and across subjects in stride duration between 
estimates obtained from the application of the algorithm to low-back accelerometry 
and estimates derived from heel accelerometry (see Appendix 3-B).

Calculation of kinematic parameters
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The following gait phases were determined:

1) Gait phase delimited between the “start” and the “end of movement”.
2) From the acoustic signal to the “start of movement”.
3) From the acoustic signal to the first heel-strike.
4) Second step.
5) Third step.
6) Middle step.
7) Pre-last step.
8) Last step.

Figure 3-1. Signals from a healthy control participant

Typical example of forward velocity signal (in AP direction), forward displacement signal, acceleration 
signals in the three axes and angular velocity signals in the three planes from a healthy control subject.

Signal features: Between the “start” and “end of movement”, the average gait speed 
of the trial was calculated as the ratio of displacement and duration. In addition, 
the number of steps was counted. The corrected displacement, angular velocity and 
acceleration signals were used to calculate kinematic parameters (Figure 3-1 and 
Figure 3-2).
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For all the gait phases, the following features were calculated:

a) Duration.
b) Forward displacement (AP).
c) Range of forward velocity (AP).
d) Root-mean-squared (RMS) value (variability around the mean, which reflects 
     gait intensity194) of Acceleration VT.
e) RMS of Acceleration ML (medio-lateral direction).
f) RMS of Acceleration AP.
g) RMS of Angular velocity around VT axis.
h) RMS of Angular velocity around ML axis.
i) RMS of Angular velocity around AP axis.

Furthermore, the mean values across steps were calculated for all the parameters. 
Subsequently, kinematic parameters for each of the gait phases were calculated relative 
to the mean value across steps (denoted as “relative”). As a result, for both conditions 
(SS and FS), 160 kinematic parameters were obtained (Table 3-2 and Table 3-3).

All calculations were performed with a custom MATLAB program (version 
7.10.0. Natwick, Massachusetts: The MathWorks Inc., R2010b).

The Shapiro-Wilk test (for platykurtic samples) and Shapiro-Francia test (for 
leptokurtic samples) were implemented in MATLAB to test normality of data 
distribution. Accordingly, unpaired t-tests and Wilcoxon Rank tests were used to 
assess differences between groups for each of the calculated kinematic parameter. 
For the SS condition, parameters obtained from both gait trials were averaged per 
subject. Significance level was set at α = 0.05 for all analyses. We did not correct 
the p-values for multiple comparisons, as this is an explorative study and we were 
concerned about possible Type II errors. However, instead of selecting some of the 
results with specific p-values, we avoided any p hacking and reported all significant as 
well as non-significant results to allow interpretation based on the pattern of results.

The percentage of difference in average parameters between both groups 
(PDg – HCg) was calculated relative to the average in the HC group (HCg). For 
the significantly different parameters, sensitivity and specificity were calculated 
by choosing the best classification threshold. In addition, the harmonic mean of 
sensitivity and specificity (F1) was calculated.

A stepwise discriminant analysis was separately performed for the outcomes of the 
SS condition and the outcomes of the FS condition, using Statistical Package for the 

Statistical analysis
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Social Sciences (SPSS), version 22. First, significantly different parameters between 
groups were preselected. Then, the correlations between these were calculated (see 
Appendix 3-C, Tables 3-C-1 and 3-C-2). Next, from the preselected parameters, 
the non-normally distributed were excluded. Moreover, in the case of absolute 
correlations above 0.7 between parameters, the one with the highest p-value in the 
test for difference between groups was also excluded. Subsequently, the remaining 
parameters (see Appendix 3-C) were inserted in a forward stepwise discriminant 
analysis. The sensitivity and specificity of the model were additionally calculated by 
a 10-fold cross-validated discriminant analysis.

Figure 3-2. Signals from a participant with Parkinson’s disease

Typical example of forward velocity signal (in AP direction), forward displacement signal, acceleration signals 
in the three axes and angular velocity signals in the three planes from a subject with Parkinson’s disease.



Chapter 3 |  Results

70

Results
Based on visual inspection, the proposed algorithm detected all the steps/strides 

without false positives and without false negatives when applied respectively on 
both low-back accelerometry and heel accelerometry. Absolute average differences 
in stride duration within trials and across subjects between methods were on 
average 31.1 ± 5.4 ms (5.4 ± 2.4% of average step duration and with an interclass 
correlation of 0.87).

For the phase delimited between the “start” and “end of movement”, there were no 
significant differences between groups in number of steps (p = 0.95 for SS condition, 
p = 0.17 for FS condition), nor in average gait speed (p = 0.42 for both, SS and FS 
condition). Table 3-2 (SS condition) and Table 3-3 (FS condition) present, for all 
kinematic parameters, the percentage difference between averaged values of both 
groups and the p-values of tests for differences between groups. Further details 
regarding the correlations between all significantly different parameters between 
groups, and the mean and standard deviation of all parameters can be found in 
Appendices 3-C and 3-D, respectively.

Table 3-2. Results of kinematic parameters for the self-selected gait speed condition (SS) 

Results of kinematic parameters for the self-selected gait speed condition (SS). The top number in each 
cell is the mean percentage of differences, calculated as the mean value for outcomes from PDg minus 
mean value for outcomes from the HCg, relative to the mean value for outcomes from the HCg. The bottom 
number is the corresponding p-value for the difference (all parameters with p < 0.05 are marked with a grey 
background). Note that the results corresponding to kinematic parameters relative to the mean value across 
steps are marked with *R.
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In both conditions, most of the significantly different kinematic parameters 
between groups were found at initial gait phases (17 out of 31 and 5 out of 16 
significant differences for the SS and FS condition, respectively). Furthermore, 
in the SS condition, most of the significant differences were found for kinematic 
parameters expressed relative to the mean across steps (19 out of 31 significant 
differences). For both conditions, the largest number of kinematic parameters that 
were significantly different between groups was found for duration (6 gait phases in 
the SS condition and 4 gait phases in the FS condition) and RMS of angular velocity 
around the AP axis (7 gait phases in the SS and 4 gait phases in the FS condition). 
In the case of FS condition, also 4 gait phases were significantly different between 
groups for the RMS of angular velocity around the ML axis. Notice that some of the 
mentioned parameters were not independent of each other (see Appendix 3-C).

Percentages difference between groups under the SS condition shows that the 
PDg required a longer time than the HCg to initiate the movement. However, 
the middle step, pre-last step and mean duration across steps were shorter in the 
PDg. In the FS condition, a comparable reduced duration at intermediate and final 
steps was found for the PDg, whereas no differences with the HCg were found at 
gait initiation.

Table 3-3. Results of kinematic parameters for the fast gait speed condition (FS)

The top number in each cell is the mean percentage of differences, calculated as the mean value for 
outcomes from PDg minus mean value for outcomes from the HCg, relative to the mean value for outcomes 
from the HCg. The bottom number is the corresponding p-value for the difference (all parameters with p 
< 0.05 are marked with a grey background). Note that the results corresponding to kinematic parameters 
relative to the mean value across steps are marked with *R.
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In both conditions (SS and FS), the PDg had an increased sway around the AP 
axis (relative to the HCg) at the phase delimited between the “start” and “end of 
movement” and at the middle step. This was evidenced by a higher RMS of angular 
velocity around the AP axis (Figure 3-3; Tables 3-D-1 and 3-D-2 from Appendix 
3-D). Conversely, relative values of this feature at initial gait phases were lower in 
the PDg than in the HCg (Figure 3-4).

F1 scores ranged between 0.63 and 0.69 for parameters of SS condition, and 
between 0.64 and 0.66 for parameters of FS condition. The highest F1 score (0.69) 
in the SS condition was found for the relative RMS of angular velocity around the 
AP axis at the start of movement (between the acoustic signal and the “start of 
movement”, and expressed relative to the mean across steps). The highest F1 score 
(0.66) in the FS condition was found for the duration of the middle step.

From the stepwise discriminant analysis applied with variables calculated from 
the SS condition, we obtained 4 predictors: relative RMS of VT acceleration at the 
second step, relative displacement at the start of movement, range of AP velocity 
at the pre-last step and relative RMS of VT acceleration at the pre-last step. The 

Figure 3-3. Root-mean-square of angular velocity around AP axis - Absolute

Absolute values of RMS of Angular Velocity around AP axis for each gait phase. The error bars correspond to 
the standard deviation of the outcomes from each group.
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discriminant function significantly differentiated the groups (Λ = 0.39, Ӽ2 (2) = 
32.09, p < 0.001). A total of 92.1% of participants were correctly classified; the 
sensitivity of the predictive model was 100% and the specificity 78.6%. With the 
10-fold cross-validated discriminant analysis, 89.5% participants were correctly 
classified; the sensitivity decreased to 95.8% and the specificity remained at 78.6%.

From the stepwise discriminant analysis applied with variables calculated from 
the FS condition, we obtained 2 predictors: duration of the middle step and RMS 
of angular velocity around ML axis of the last step. The discriminant function 
significantly differentiated the groups (Λ = 0.61, Ӽ2 (2) = 16.78, p < 0.001). A total 
of 81.6% of original grouped cases were correctly classified; the sensitivity of the 
predictive model was 87.5% and the specificity 71.4%. The same results were found 
from the 10-fold cross-validated discriminant analysis.

Figure 3-4. Root-mean-square of angular velocity around AP axis - Relative

Values of RMS of Angular Velocity around AP axis for each gait phase, relative to the mean value across 
steps. The error bars correspond to the standard deviation of the outcomes from each group.
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Discussion
Based on the assessment of only 5 meters of gait with a single BFS placed on 

the lower back, this study presents a method for the identification of step-by-step 
kinematic parameters in HCs and in patients at early-to-moderate stages of idiopathic 
PD. Significant differences between groups were found for certain parameters, 
enhancing the understanding of gait impairments in PD. Moreover, a selected 
number of these parameters permitted to classify idiopathic PD-associated gait 
with reasonable precision.

The proposed algorithm segmented gait episodes in step cycles with lower 
accuracy (p < 0.01) for the PDg than for previously reported results from an HC 
cohort (with differences of 3.4% in average step duration).197 This is possibly due 
to an asymmetrical and variable gait and maybe due to pathological step initiation, 
common in patients with idiopathic PD.42, 180 We have performed a post-hoc analysis, 
comparing all the estimates when excluding the first event and we obtained a lower 
(p = 0.01) absolute average difference: 21.1 ± 12.6 ms (3.7 ± 2.2% of average step 
duration and ICC = 0.93). This indicates a lower accuracy on the detection of the 
first event, possibly due to the different nature of the acceleration signals along the 
first step with respect to the other steps.

The obtained results were comparable to reported289 differences in step cycles 
between estimates from accelerometry and gold standard methods in a PDg. This 
implies that this method is also appropriate for the analysis of gait in patients with 
idiopathic PD at early-to-moderate stages.

Several studies42, 180 have shown that patients with PD often present impairments 
in anticipatory postural adjustments and consequent difficulties in step initiation, 
suggesting that the calculation of parameters over initial gait phases is of special 
clinical interest in the study of gait in PD. Indeed, most of the significantly different 
parameters between groups of this study were derived from initial gait phases. 
Particularly, under SS condition, the PDg initiated stepping with longer duration 
than the HCg. This, in agreement with other studies, showed that movement latency 
was longer198 and step preparation was slower32, 265 in the PDg. Prolonged durations 

Gait segmentation

Gait initiation
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at initial gait phases in the PDg imply delays in reaction time and/or delays in gait 
initiation. These delays might also contribute to lower RMS of acceleration and 
angular velocity signals, since longer static periods prior to gait initiation lead to 
lower RMS values over these intervals. These findings are also consistent with larger 
displacement at the time that 30% of maximal AP velocity is reached, which might 
reflect in a more pronounced bending from the trunk in the PDg. Combined, these 
results suggest that decreased values of signal fluctuations at initial gait phases are 
not only related to delays in movement initiation, but also to changes in kinematics.

Lower values for the PDg in RMS of acceleration and angular velocity signals at 
gait initiation, relative to the mean across steps, might also reflect impairments in step 
preparation32, 265 and impaired anticipatory postural adjustments,198 particularly in the 
SS condition. These problems might be due to a primary balance deficit: the inability 
to properly shift weight to one leg, normally required for contralateral limb swing.42 
Note however, that relative rather than absolute RMS values of acceleration and 
angular velocities were affected, which might indicate that an increased sway post-
initiation of gait, rather than reduced sway during initiation itself, may contribute 
to these differences. We speculate that these findings indicate a more stiff movement 
in the PDg than in the HCg, possibly due to reduced intersegmental articulation,249 
increased axial rigidity293 and impaired control over pelvis rotation.300 Earlier work293 
observed in-phase movements between pelvis and thorax in patients with PD at self-
selected speed, whereas out-of-phase movements were observed in control subjects; 
suggesting that the assessed PDg had different trunk coordination from the HCg.

Shortened step duration is often seen in patients with PD,265 possibly as a 
consequence of trunk rigidity293 or reduced lower-extremity extension-flexion 
movements.249 Accordingly, intermediate, pre-last steps and mean values across steps 
were of shorter duration in the PDg under both conditions (SS and FS). However, step 
length was not as clearly affected as step duration. This could be related to errors in the 
calculation of step displacement inherent to the integration drift. Nevertheless, under 
the SS condition, the displacement of the second step relative to the mean across steps 
was significantly reduced for the PDg. This indicates that while the displacement 
right after gait initiation seems not to be affected, increases in displacement from 
the second step to the rest of steps were more pronounced for individuals with PD 
than for HCs.

The regulation of stride length, not the regulation of step timing, is considered 
the central motor disruption in gait hypokinesia and requires an increase in cadence 
as a compensatory mechanism.205 This was not present in our results, as the number 

Post-initiation of gait
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of steps within the phase delimited by the “start” and “end of movement” was not 
significantly different between groups. Lack of significant differences between groups 
in number of steps, displacement, duration and average gait speed calculated for 
the phase between the “start” and “end of movement” might be due to the lack of 
consistency in the duration of this phase across subjects of the same group. Another 
potential reason for this could have been the exclusion of the complete acceleration 
and deceleration gait phases for the calculation of the mentioned features. Especially 
the acceleration phase took longer and, more importantly, the distance covered before 
the “start of movement” was 50% larger in patients with PD. Differences may also 
have gone unnoticed due to the short length of the walking track. It has been shown210 
that older adults change their walking strategy as a function of walking distance. This 
suggests that not only the PDg, but also the HCg could have performed gait over 5 
meters with different strategies than in most of the studies based on longer,205 and 
thus more steady164 gait protocols.

The RMS of angular velocity around the AP axis is related to lateral sway and was 
sensitive to differences between groups, not only as a mean value across steps, but also 
at intermediate gait phases. Larger values of this feature in the PDg at intermediate 
gait phases suggest that once the propulsion in locomotion is achieved, the frontal 
plane rotational velocity in subjects with PD fluctuates more than in HCs, which 
might reflect difficulties in the PDg to laterally control the movement.265

The assessment of the final gait phases is clinically interesting since the ability 
to stop forward progression of the body’s centre of mass221 and the maintenance of 
balance219 are challenged at gait termination. Moreover, patients with PD perform 
decelerating gait phases with altered strategies.221 This is reflected in our study at the 
pre-last and last steps prior to the drop in AP velocity. In the SS condition, individuals 
with PD performed the pre-last step with decreased range of AP velocity; suggesting 
that this group may have prepared the end of locomotion by reducing movement 
intensity differently from the HCg. Furthermore, larger fluctuations in the PDg for the 
angular velocity around AP axis (SS condition) and around ML axis (FS condition) 
along the last two steps indicate difficulties in patients with PD to maintain balance 
while stopping. Additionally, larger values of the displacement at the last step relative 
to the mean across steps were obtained for the PDg. This indicates that the PDg 
covered longer distances per step (than the HCg) towards the end of the gait trial.

Deceleration phase in gait
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Most of the significantly different parameters between groups and the lowest 
p-values were obtained for relative values with respect to the mean across steps, being 
most of them independent from each other. This suggests that the segmentation in 
step cycles of short episodes of gait and the extraction of features within these phases, 
additionally to the extraction of mean features across steps, permits the identification 
of PD sensitive parameters.

All the kinematic parameters that differed between HC and PD subjects had a 
similar classification power, indicated by similar F1 scores. However, from the results 
of the discriminant analysis we observe that the combination of several parameters 
considerably (about 20%) increases the classification power of the model. This is 
comparable to the classification power of methods based on the assessment of 10-m 
gait with feet accelerometry.14

In the final statistical models, half of the predictors were based on RMS values, 
which suggests that fluctuations of acceleration and angular velocity signals are 
appropriate features to assess from short episodes of gait for the recognition of 
idiopathic PD-associated gait. The remaining predictors for the SS model (relative 
displacement at the start of movement and range of AP velocity at the pre-last 
step) and for the FS model (duration of the last step) indicate that spatio-temporal 
information form initiation and ending of gait is also relevant and complementary 
to discriminate PD patterns from HCs.

Previous studies have shown that gait and balance functions are relatively well 
conserved in self-selected (or convenient) assessment conditions,224 whereas subtle 
deficits are revealed in subjects with PD under more challenging conditions.172, 298 

Conversely, our findings indicate that the analysis with the proposed method of 
short episodes of gait in SS condition permits a better recognition of idiopathic PD-
associated gait (from patients at early-to-moderate stages) than in FS condition. This 
is clinically relevant since the assessment of gait in SS condition is more feasible than 
in the FS condition when physical limitations in some patients impede performance 
of fast gait and/or this becomes a burden for the participants.216 Note that in the 
present study, only one trial was performed for the FS condition (to limit the burden 
for the participants) against two trials for the SS condition, which may have affected 
the discriminant power of the FS condition.

Impairment in ambulation and lower-limb motor planning are the main 
determinants of falls in patients with PD.32 Particularly, deficits in anticipatory 

Sensitivity of kinematic parameters

Applicability and usefulness of this method



Chapter 3 |  Discussion

80

postural adjustments cause gait akinesia and could lead to difficulties initiating 
a compensatory step, which is crucial in balance correcting strategies to prevent 
patients from falling.32 In this regard, the analysis of initial gait phases, as proposed 
in this study, may be relevant in the evaluation of risk of falling and the effect 
of dopaminergic therapies.42 On the other hand, the analysis of spatio-temporal 
outcomes extracted from short episodes of gait such as gait speed, step timing and 
step length might be useful as early markers of the disease; reflecting the decline of 
motor automaticity and bilateral motor control of gait.321

The use of BFS in the assessment of such short episodes of gait adds a significant 
value compared to the use of stopwatch measurements such as total duration or gait 
speed.165 It permits to include step-by-step analysis of several features which are 
sensitive to PD and whose calculation does not rely on manual marking.

Altogether, the quantitative assessment of short (5-m) walking distances with 
this novel method may contribute to the understanding of gait impairments in a 
clinical setting. However, future work should compare the proposed outcomes to 
more common clinical assessments, such as the UPDRS and the SPPB, in order to 
test the clinical value of the proposed technique.

Several limitations of this study must be mentioned. First, our findings cannot 
be generalized to the overall PD population, since patients with PD and relevant 
cognitive impairment were excluded. However, the focus of this study was on the 
assessment of parameters related to gait motor symptoms of patients at early-to-
moderate stages of idiopathic PD. Second, while the main objective of this study 
was to explore differences in features of short gait episodes between groups in order 
to recognize PD-associated gait, the reliability and robustness of the parameters 
still need to be tested. Third, short episodes of gait lack of steady-state phase and 
present a limited number of cycles. Therefore, kinematic parameters of important 
clinical value such as gait variability,39 gait symmetry331 and local dynamic stability45 
are neither valid, nor reliable when estimated from such data. Fourth, step cycles 
were delimited by events that were defined as the instants of maximal matching 
between the template and the signal.197 Thus, the segmentation in step cycles based 
on a template-matching algorithm depends on the selection of a specific template 
(obtained as an average of gait cycles from an individual gait trial) and the selected 
gait event can slightly vary between subjects. But using the same method for each 
of the subjects, these events approximately correspond to heel-strike events and the 
periodicity of step cycles is obtained with acceptable accuracy.197 On the other hand, 
while a gold standard was not available, the accuracy of step detection was tested 

Limitations
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by comparing estimates from heel accelerometry. This was considered adequate for 
the purpose because of the magnitude of the heel-strike peaks in heel acceleration 
signals and the proximity of the sensor to the location where the ground reaction 
force impacts.197 Additionally, based on this method, low accuracy in the detection 
of the first and the last steps was expected. Consequently, the first heel-strike was 
separately calculated to define the phase between the acoustic signal and the first 
heel-strike. Moreover, the last heel-strike was not included in the analysis, since 
the “end of movement” was defined as the last drop of velocity, prior to the last and 
positioning step. Finally, the sample size of this cross-sectional study (with relative 
lower size for the HCg than for the PDg) might have resulted in limited statistical 
power. Thus, this study should be considered as an explorative study, albeit that 
previous publications related to gait assessment in PD used comparable group size 
populations.14, 61
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Appendix 3-A
Velocity and displacement in the AP direction were calculated from the raw 

acceleration and angular velocity signals recorded on the low-back, including the 
pre and post standing phases, using the following calculation steps:

1. 

2. 

3.

4.

5.

6.

7.

During the stationary initial and final standing phases, the sensor orientation 
about the global horizontal axes (sensor inclination/tilt angle) was calculated 
based on the accelerometer’s reading of gravity (when an accelerometer is held 
still, it only measures the gravitational acceleration).241 The heading angle of 
the sensor (angle about the global vertical) was assumed to be zero during the 
stationary phases.

Due to integration drift, the sensor orientation at the end of the trial slightly 
differed from the end position that was calculated based on the acceleration 
signals (step 1). This accumulated integration error was used to correct the 
sensor orientation time series that were calculated in step.272 To get a smooth 
curve, the error correction was distributed over the whole movement period 
(rotating about the helical axis of the error matrix with respect to the identity 
matrix), assuming a linear error increase over time.308

Using this corrected sensor orientation, the locally measured sensor accelerations 
and angular velocities were rotated to the global coordinate system.

Because the subjects were standing still at the start and end of the trial, the 
average global acceleration should be zero in all directions. Therefore, the mean 
value was subtracted from each acceleration signal (thereby also removing the 
offset in the vertical direction due to the effect of gravity).

The corrected accelerations were then integrated and double-integrated to obtain 
the velocity and position, respectively.

Because the sensor was not perfectly aligned with the trunk segment and the 
subjects were never facing the target, the AP axis of the sensor was not pointing 
forward during the initial/final standing phases. This resulted in a calculated 

From this start orientation, the angular velocities were integrated to obtain the 
sensor orientation over time.
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significant sideward displacement between the start and end position. To correct 
this, positions, velocities and accelerations were rotated around the vertical 
axis, such that the sideways displacement between the start and end standing 
phases was zero.

Due to the integration drift, the calculated walking distance at the end of the trial 
differed slightly from the 5 m walking distance. To correct this, both position 
and velocity were scaled by the ratio between the actual 5-m walking distance 
and the estimated walking distance at step 6.

8.
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Appendix 3-B

The algorithm is based on the acceleration in the AP direction. Firstly, it 
defines a template, which represents a typical pattern of step cycle acceleration 
and subsequently it searches for the periods of maximal match between the signal 
and the template. The raw acceleration signal obtained from the accelerometer was 
delimited by the start and the end of movement and denoted as “Segmented signal”. 
Based on low-back accelerometry and following the flowchart (Figure 3-B-1), the 
algorithm executes the subsequent operations:

1. Template length definition
In this block the length of the template signal 
was defined using the “Segmented signal” as an 
input and following these steps:

1.1. Obtain the unbiased auto-covariance 
signal of the input with the function <xcov, 
unbiased> from MATLAB Signal Processing 
Toolbox 7.11.0.202

1.2. Extract the dominant frequency from the 
unbiased auto-covariance signal (positive 
lags).

1.3. Calculate the inverse of the dominant 
frequency and multiply it by the sampling 
frequency. The Template Length (TL) is 
defined as the resulting number of samples.

2. Template signal definition
In this block the “Template signal” is defined, 
using TL and the “Segmented signal” as inputs.

2.1. Define a low limit on the “Segmented signal” after 115% TL samples from the 
start, and a high limit 115% TL samples before the end.

Algorithm for gait segmentation in step cycles 
from low-back accelerometry

Figure 3-B-1. Flowchart of the algorithm
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2.2. Find peaks in the “Segmented signal” between the low and high limits, which 
are at least 40% TL samples from each other.

2.3. Define sections of the input signal around each peak, starting 15% TL samples 
before the instant at which the peak is found (with the aim to include the slope 
preceding the peak), and ending 100% TL samples after the instant at which 
the peak is found.

2.4. Obtain new signals from the application of the dynamic-time-warping technique 
(DTW)272 on each of the sections and their consecutive ones. This technique 
optimally aligns the sections, combining them in an average signal.

2.5. Repeat step 2.4 until a single new signal, named “Template signal”, is obtained. 
The length of this signal is TL samples. This signal is the average of all the sections 
defined in step 2.3 (Figure 3-B-2.a).

Figure 3-B-2. Typical examples of signals obtained from the algorithm

a) Typical example of a “Segmented signal” (red), a “Resegmented signal” (yellow) and a “Template signal” 
(gray), obtained as average of all the sections defined in step 2.3.

b) Typical example of a “SD Difference signal” (yellow) and a “Correlation signal” (red). The “SD Difference 
signal” was obtained from the standard deviation of the difference in amplitude between the “Template signal” 
and a sliding window through the “Resegmented signal”. “Correlation signal” was obtained from the calculation 
of correlation coefficients between the “Template signal” and a sliding window through the “Resegmented 
signal”, being multiplied by the ratio of ranges of the “Resegmented signal” and the “Template signal”.

c) “Coefficient signal” (yellow) and “Selected peaks” (red squares). The normalized ratio signal between the 
“Correlation signal” and the “SD Difference signal” permitted to obtain the “Coefficient signal”. “Selected 
peaks” are the peaks from the “Coefficient signal” which are found within the dimension of the “Segmented 
signal” and are located at a distance of at least a 60% TL (template length) samples from each other.

a)

b)

c)
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3. Resegmentation of signal
In this block a new segmentation of the raw acceleration signal is performed using TL, the 
raw acceleration signal, and the start and end sample number of the “Segmented signal” 
as inputs.

3.1. Extend the segmentation of the “Segmented signal” to the left with TL samples, and to 
the right with twice TL samples from the original raw acceleration signal. The resulting 
signal is denoted as “Resegmented signal”, the output of this block.

4. Search for match between “Template signal” and “Resegmented signal”
In this block the match between the “Template signal” and the “Resegmented signal” 
is found. The aim is to extract the periods from the “Resegmented signal” in which the 
acceleration resembles the template in magnitude and shape. This permits to evaluate 
the periodicity of steps. The inputs of this block are template length (TL), the “Template 
signal”, the ¨Segmented signal” and the “Resegmented signal”.

4.1. Calculate a signal based on the standard deviation of the difference in amplitude 
between the “Template signal” and a sliding window (with TL samples) through the 
“Resegmented signal”.

4.2. Normalize the resulting signal. This signal, denoted as “SD Difference signal”, has local 
minima at the start of the intervals along which the “Resegmented signal” and the 
“Template signal” have the best match, and therefore are more similar in shape and 
amplitude (Figure.3-B-2.b).

4.3. Calculate a signal based on the calculation of correlation coefficients (using the function 
<corrcoef> from MATLAB Signal Processing Toolbox 7.11.0) between the “Template 
signal” and a sliding window through the “Resegmented signal”.

4.4. Multiply the resulting signal by the ratio of ranges of the “Resegmented signal” and 
the “Template signal” and normalize the result. This signal, denoted as “Correlation 
signal”, has local maxima at the start of the intervals along which the “Resegmented 
signal” and the “Template signal” have the best match, and therefore are more similar 
in shape and amplitude (Figure.3-B-2.b). Note that both the “SD Difference signal” 
and the “Correlation signal” are TL samples shorter than the “Resegmented signal”.

4.5. Calculate the ratio between the “Correlation signal” and the “SD Difference signal” to 
obtain a new signal, denoted as “Coefficient signal” (Figure.3-B-2.c).

4.6. Select peaks in the “Coefficient signal” which are found within the dimension of the 
“Segmented signal” and are located at least a 60% TL samples distant to each other.

4.7. Shift forwards by 15% TL samples the instants at which the peaks were selected, in order 
to define the instants that approximate heel-strike event in time. The intervals defined 
between the shifted peaks, named “Events”, allow step durations to be calculated 
(Figure.3-B-3.a).
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The algorithm applied to the heel accelerations was similar to that of low-back 
accelerations. However, since heel accelerations have a periodicity in strides33 instead 
of steps, the template represents a typical pattern of stride cycle acceleration and 
it is differently defined. The following steps of the algorithm are different for heel 
accelerometry.

1.3. The template length (TL) is defined as the resulting number of samples between 
the first two peaks of the low-pass filtered (cut-off frequency equivalent to the 
double dominant frequency) normalized unbiased auto-covariance signal which 
overcome a threshold of 0.5.

2.3. Define sections of the input signal around each peak, starting 5% TL samples 
before the instant at which the peak is found (instead of 15%, as the slope of the 
peaks is more steep and TL is about twice long for heel accelerations compared 
to low-back accelerations) and ending 100% TL samples after the instant at 
which the peak is found.

In the case of heel accelerometry, the intervals defined between the shifted peaks 
(5 % TL samples), named “Events”, permit stride durations to be calculated. Thus, left 
and right stride durations are detected from their respective acceleration signals, and 
these are combined to obtain step durations (Figure.3-B-3.b).

Figure 3-B-3. Typical examples of segmented signals

a) Typical example of a segmented AP acceleration signal collected on the lower back of a patient with PD 
(red), and the “Events” (yellow) detected by the algorithm applied to low-back accelerometry.

b) Typical example of segmented AP acceleration signals collected on the heels of a patient with PD, left heel 
(yellow) and right heel (red), and the respective “Events” detected by the algorithm.

a)

b)

Algorithm for gait segmentation in stride cycles 
from heel accelerometry
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Appendix 3-C
Table 3-C-1. Correlation coefficients among significantly different parameters between groups at 
self-selected speed (SS)

All the parameters that were not normally distributed and therefore excluded from the discriminant analysis 
are marked with *, whereas all the selected parameters for the discriminant analysis are marked with a S. 
The selected parameters are the ones which are normally distributed and independent (non-correlated to 
any of the selected parameters, i.e. with absolute correlation values lower than 0.7). Absolute correlations 
above 0.7 are marked in red. Kinematic parameters calculated relative to the mean value across steps were 
denoted as “R”. Abbreviations: SS, self-selected speed; RMS, root-mean-square.
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Table 3-C-2. Correlation coefficients among significantly different parameters between groups at 
fast speed (FS)

All the parameters that were not normally distributed and therefore excluded from the discriminant 
analysis are marked with *, whereas all the selected parameters for the discriminant analysis are marked 
with a S. The selected parameters are the ones which are normally distributed and independent (non-
correlated to any of the selected parameters, i.e. with absolute correlation values lower than 0.7). 
Absolute correlations above 0.7 are marked in red. Kinematic parameters calculated relative to the mean 
value across steps were denoted as “R”. Abbreviations: FS, fast speed; RMS, root-mean-square.
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Appendix 3-D
Table 3-D-1. Mean ± standard deviation values of all calculated kinematic parameters from the self-
selected gait speed condition (SS)

The top numbers in each cell are the mean and standard deviation values for outcomes from the PDg. The 
bottom numbers are the mean and standard deviation values for outcomes from the HCg. All parameters 
that were significantly different between groups are marked with a grey background. Abbreviations: SS, self-
selected speed; RMS, root-mean-square.
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Table 3-D-2. Mean ± standard deviation values of all calculated kinematic parameters from the 
fast gait speed condition (FS)

The top numbers in each cell are the mean and standard deviation values for outcomes from the 
PDg. The bottom numbers are the mean and standard deviation values for outcomes from the HCg. 
All parameters that were significantly different between groups are marked with a grey background. 
Abbreviations: FS, fast speed; RMS, root-mean-square.
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“Time moves 
slowly, but 
passes quickly”
–  A L I C E  W A L K E R , 
   T H E  C O L O R  P U R P L E
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Background and aim: Development of objective, reliable and easy-to-use 
methods to obtain progression markers of Parkinson’s disease (PD) is required to 
evaluate interventions and to advance research in PD. This study aimed to provide 
quantitative markers of progression in idiopathic Parkinson’s disease (PD) from 
the assessment of circular gait (walking in circles) with a single body-fixed inertial 
sensor placed on the lower back.

Markers of progression 
in idiopathic Parkinson’s
disease derived from 
assessment of circular 
gait with a single body-
fixed-sensor: A 5-year 
longitudinal study

Abstract



Methods: The assessments were performed every 6 months over a (up to) 5 years 
period for 22 patients in early-stage PD, 27 patients in middle-stage PD and 25 healthy 
controls (HC). Longitudinal changes of 24 gait features extracted from accelerometry 
were compared between PD groups and HCs with generalized estimating equations 
analysis, accounting for gait speed, age and levodopa medication state confounders 
when required.

Results: Five gait features indicated progressive worsening in early stages of PD: 
number of steps, total duration and harmonic ratios calculated from vertical (VT), 
medio-lateral (ML) and anterior-posterior (AP) accelerations. For middle stages of 
PD, three gait features were identified as potential progression markers: stride time 
variability, and stride regularity from VT and AP acceleration.

Conclusions: Faster progressive worsening of gait features in both PD groups 
relative to HC over 5 years confirmed the potential of accelerometry-based assessments 
as quantitative progression markers in early and middle stages of the disease.
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Based on the scientific article (under revision): M. Encarna Micó-Amigo, Idsart Kingma, Sebastian Heinzel, 
Sietse M. Rispens, Tanja Heger, Susanne Nussbaum, Rob C. van Lummel, Daniela Berg, Walter Maetzler, Jaap 
H. van Dieën. Markers of progression in idiopathic Parkinson’s disease derived from assessment of circular 
gait with a single body-fixed-sensor: A 5-year longitudinal study. Frontiers Neurology.
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Parkinson’s disease (PD) is a neurological disorder characterized by progressive 
impairments of balance, gait and mobility. These symptoms often cause disability and 
lead to the loss of independence, which reduce the patient’s physical activity270 and 
quality of life.131 Moreover, gait deficits could lead to multisystem deconditioning270 
and recurrent falls,315 and these may lead, in turn, to injury and reduced survival.270, 

315 The etiology of idiopathic PD is unidentified and there is no known cure. 
Neuroprotective or even neuromodulator therapies to stop neurodegeneration 
are still lacking, although there is increasing evidence for therapeutic strategies 
that may delay disease progression.255

At present, expert opinion supported by subjective and low-sensitive tools, 
such as semi-quantitative and qualitative clinical assessments, is considered 
the gold standard in patient assessment.80 Clearly, the evaluation of therapeutic 
interventions, as well as the understanding of the relation between symptoms 
and neurodegeneration would benefit from the presence of objective markers 
sensitive to changes in the long123 and short term. Moreover, such markers are 
needed for a more precise and earlier detection of the disease and might add value 
in the characterization of high-risk populations, which is essential for a better 
understanding of PD etiology.46 Thus, the development of objective, reasonably 
priced, reliable and easy-to-use methods to obtain markers of the disease is required.

With this aim, urinary dysfunction has been investigated and was found to be 
an early marker of PD progression, but its usability is limited by the fact that only 
30%–65% of patients with PD present this particular dysfunction.228 Furthermore, 
digitomotography171 and pegboard100 performance assessments have been shown 
to be reliable methods to identify motor dysfunction of the upper-extremities in 
early stages of PD. Recently, longitudinal (over a four years span) differences in 
deterioration of pegboard performance between patients in early stages of PD and 
healthy controls have been shown.111 Nevertheless, their potential as a progression 
marker requires further validation.

Methods based on quantitative assessments of gait have been proven to 
successfully identify subtle motor impairments in early to middle stages of PD.14, 

196 In this context, body-fixed-sensors (BFS; commonly including accelerometers, 
gyroscopes and magnetometers) may have an important role, particularly due to 
their portability, low cost and good usability. Their use may enhance objective, 
sensitive and reliable clinical testing.79, 172 However, progression markers obtained 
from motor assessments with BFS still require further development.

Turning impairments seem to be independent from disturbances of linear 
walking.98 Particularly, the turning while walking section of the timed up and go test 

Introduction
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(a sequence of sit-to-stand, walking, turning while walking, and stand-to-sit tasks) 
has been identified as the most sensitive to PD gait impairments.223 Moreover, neural 
processes related to turning might be more susceptible to functional impairments 
associated with PD when compared to linear walking tasks.52 Interestingly, the PD-
associated neurodegeneration of the basal ganglia likely degrades the performance 
of turning while walking.316 Difficulties with turning while walking are common 
in patients with PD, possibly due to impairment of inter-limb synchronization,52 
deficits in balance control193 or loss of axial flexibility.305 Moreover, limitations in 
turning are among the early motor deficiencies of PD305 and contribute to restricted 
mobility, falls and a reduced quality of life.75

From a clinical point of view, axial and gait symptoms develop faster than other 
motor symptoms of PD.80 Thus, objective and quantitative assessment of turning 
in gait seems promising for the study of PD progression. Therefore, the aim of this 
prospective study was to identify objective markers of progressive motor deficits 
in idiopathic PD from the assessment of continuous turning while walking with a 
single BFS placed on the lower back.
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Methods

As part of the prospective observational MODEP study (Modelling epidemiological 
data to study PD progression), bi-annual assessments were performed every six 
months over a 5-years period (up to 10 visits) in 74 participants, 49 patients diagnosed 
with idiopathic PD and 25 healthy controls (HC). All participants were recruited from 
the outpatient clinic of the Department of Neurodegeneration, Center of Neurology, 
University Hospital of Tübingen, Germany.

The Declaration of Helsinki was respected; local ethic committee approval was 
obtained (Medical Faculty, University Hospital of Tübingen, No. 46/2010 BO1) and 
all subjects provided informed written consent for participation in the study and for 
publication of individual, anonymised data. The participants were selected according to 
the following inclusion criteria: (a) age between 40 and 85 years; (b) stable medication 
for two weeks prior to inclusion; (c) absence of cognitive impairment based on a 
minimum score of 25 points in the Mini Mental State Examination (MMSE).83 All 
participants underwent a clinical assessment that included medical history, medication 
intake and neurological examination. The participants of the PD group were diagnosed 
with idiopathic PD according to the United Kingdom Brain Bank Society criteria128 
and did not present any other neurological disorder, nor dysexecutive syndrome. The 
participants of the control group had no neurological disease.

Considering that the rate of change of motor symptoms is different between early 
and mid-advanced stages of PD,97, 142, 173 a priori classification of the PD group was 
performed. Thus, each group was compared to the reference group (HC) in order 
to study motor symptom progression at different stages of the disease. Analogous to 
previous work,111 patients were stratified into early-stage PD (Early-PD; < 4 years, 
N = 22) and middle-stage PD (Mid-PD; ≥ 4 years, N = 27) based on the duration 
after clinical PD diagnosis. An overview of demographics and clinical data is 
presented in Table 4-1.

Visits differed in medication state within and between-subjects (16.4% of the 
assessments were in ON medication state76). The condition ON medication was 
defined as a time period of 30 minutes to 3 hours after the intake of the usual dose 
of dopaminergic medication (prescribed by the neurologist for an optimal medical 
treatment) and considering each participant’s perception of having a “Good On 
Phase”. Dyskinesia induced by treatment was uncommon in the PD group (six subjects 
presented dyskinesia at a single visit, one subject at two visits and three subjects at three 
visits). These patients presented dyskinetic movements after 7.9 years (on average) 

Participants



103

from the clinical diagnosis. At baseline, twelve patients presented motor fluctuations 
induced by medication, eleven of them in middle-stage and one in early-stage PD. Six 
patients in middle-stage PD presented freezing of gait symptom. Four participants 
were rated with a score of 1 out of 4 in the freezing of gait section of the Unified 
Parkinson's Disease Rating Scale (UPDRS),274 while two participants were rated 
with a score of 3 out of 4.

Table 4-1. Demographics and clinical data of participants at baseline (first visit)

Data is presented as mean ± standard deviation for the parametric data and mean [range] for the non-
parametric data. In case of gender, data is presented as a number of females and (the percentage of females 
over the total number of participants for each group). Significant differences (p < 0.05) with respect HC 
are marked with a subscript “H”, whereas significant differences with respect Early-PD are marked with a 
subscript “E”, and with respect Mid-PD with a subscript “M”. Abbreviations: Early-PD, patients at early stages 
of Parkinson's disease; Mid-PD, patients at middle stages of Parkinson's disease; HC, healthy controls; BMI, 
body-massindex; MMSE, Mini-Mental-State-Examination score; MDS – UPDRS III, motor section of Unified 
Parkinson's Disease Rating Scale as defined by the Movement Disorders Society; PIGD, patients with 
predominant postural instability and gait disorder clinical phenotype.; TD, patients with tremor dominant 
clinical.274 Note that the levodopa equivalent dose was calculated as recommend by Tomilson et al., 2010.285
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All subjects wore their own shoes and a BFS on the lower back (see below), 
while they continuously walked three rounds around a circle of 1.2 meter diameter 
at their preferred speed. This protocol was performed twice at each visit, once in 
clock-wise and once in counter-clock-wise direction. After a verbal countdown 
the subjects started to walk around the circle. The trial ended after the subjects 
completed the third round and reached their original position. The examiner stood 
always on the cloth (circle) and turned with the participants while extending the 
arms, so that the examiner's front of the body was in the direction of the participant 
and potentially able to help him/her in case of postural instabilities. Thus, the 
dimension of the diameter (1.2 m) was chosen to permit the examiner to stand at 
an appropriate distance to safeguard the participant. Moreover, turning around an 
inner diameter of 1.2 meters approximates turning behaviours that may occur in 
several daily-relevant situations, characterized by reduced indoors (in the kitchen, 
living room, supermarket, etc.) and outdoors (in the bus, on the sidewalk of the 
street, etc.) spaces. A detailed description of the procedure was presented in a 
previous publication.254

The measurement system consisted of a BFS (DynaPort® Hybrid, McRoberts), a 
remote control and a portable computer on which the DynaPort McRoberts software 
was installed. The sensor consists of a triaxial accelerometer and a triaxial gyroscope, 
and stores data at a rate of 100 samples per second. The accelerometer is a DC type 
sensor and therefore it is also sensitive to gravity. It has a range of ± 19.62 m/s2 
and a resolution of 0.00981 m/s2. The sensor was inserted in an elastic belt, placed 
around the waist so that the sensor was positioned at the level of the lowest lumbar 
vertebra (L5). Assessments were performed under clinical supervision to carefully 
control sensor placement and orientation. Dedicated software was activated with a 
remote control to initiate and stop data collection.

Acceleration signals were first aligned to correct for potential static sensor 
misalignments 201, 290. Subsequently, the mean value over the first 20 samples (during 

Protocol

Instrumentation

Pre-processing of data: 
segmentation in step cycles and realignment
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the standing initial phase) was subtracted from each signal (thereby also removing 
the offset in the VT acceleration signal caused by the effect of gravity).

With the aim to automatically segment the signals into step cycles, a template-
matching method was applied to the low-back AP acceleration signal.196, 197 The 
performance of this algorithm has been validated previously for 5 meters straight 
walking.196, 197 In the current study, the performance of the algorithm was tested 
for circular gait in a data set referred to as “Validation cohort”, separated from 
the longitudinal study. This data set, for which straight walking data have been 
published previously,197 comprised 14 subjects with idiopathic PD (23.1% women, 
H&Y: 2 - 3, average age: 61.5 ± 8.9 years and with a minimum score of 25 points in 
the MMSE) and 13 healthy control subjects (28.6% women, average age: 62.4 ± 10.0 
years). The participants were assessed at the University Hospital of Tübingen and at 
the Vrije Universiteit Amsterdam after local ethic committee approval (Tübingen 
140622 and METC VUmc: 2010/290 respectively). All subjects provided informed 
written consent for participation in the study and for publication of individual, 
anonymised data.

Similar to our previous work, based on short straight gait episodes,196, 197 the 
performance of the algorithm was tested by evaluating the absolute average difference 
in stride durations between estimates obtained from the application of the algorithm 
to low-back accelerometry and to heel accelerometry. Heel accelerometry was only 
used in the “Validation cohort” and not in the longitudinal study.

A comprehensive set of twenty-seven gait characteristics was estimated from 
triaxial acceleration signals. Raw unfiltered data were analysed to assure that no 
information was lost or altered due to filtering.22 Most of the calculated characteristics 
have been shown to distinguish between gait patterns of persons with PD and 
controls, and between fallers and non-fallers.245, 314

The following features were obtained:

�  Number of steps, calculated as the total number of cycles detected with the step 
segmentation algorithm.

�  Total duration, calculated as the time interval between the start and end of the 
trial, which was manually marked based on visual inspection of signals.

Calculation of gait-parameters
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�  Step time asymmetry, calculated as the absolute difference between the mean 
duration of the steps performed with the right leg and with the left leg. Larger 
values of this feature reflect higher gait asymmetry.

� Median stride time, calculated as the median duration of two accumulated steps 
(obtained from the segmentation algorithm), i.e. complete gait cycles.

� Stride time variability, calculated as the standard deviation of stride durations, 
excluding the highest and lowest 5%.

�  Signal standard deviation (SD), estimated for each signal as its variability around 
the mean (for each of the three directions of accelerometry). This feature was 
referred to as “movement intensity” in previous studies.110, 194

�  Step regularity, estimated for vertical (VT) and antero-posterior (AP) accelerations 
as the normalized unbiased auto-covariance for a lag of one step time.202 Values 
of this feature close to 1.0 (maximum possible value) reflect repeatable patterns 
between subsequent steps.

�  Stride regularity, estimated for VT and AP accelerations as the normalized 
unbiased auto-covariance for a lag of one stride time.202 Likewise in step regularity, 
values of this feature close to 1.0 reflect repeatable patterns between strides.

The following features are based on the spectral content of signals. We calculated 
the power spectral density with the function <pwelch> from the MATLAB signal 
processing toolbox. For that, we used a Hanning window of 900 samples (of slightly 
shorter duration than the shortest performed gait trial), with 50% window overlap 
and 9000 Nfft (number of fast Fourier transform coefficients for multi-taper 
spectrum).

� Harmonic ratios, estimated for each direction as described by Menz et al., 2003.194 
Harmonic ratios of acceleration signals in VT and AP directions were calculated 
as the sum of even harmonics divided by the sum of odd harmonics, since these 
signals have two phases per stride. Harmonic ratios from ML acceleration were 
calculated as the sum of odd harmonics divided by the sum of even harmonics, 
since acceleration signals in mediolateral (ML) direction are monophasic per 
stride. This measurement reflects the rhythmicity of periodic patterns and relates 
to gait symmetry.19, 226 Thus, higher values of this feature are related to more 
rhythmic, paced and symmetric gait patterns.
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�  Index of harmonicity, estimated for each direction as the power spectral density 
(PSD) of the fundamental frequency (first harmonic) divided by the cumulative 
sum of the power spectral density of the first six harmonics.150, 244 This measure, 
proposed by Lamoth et al.,150 reflects gait smoothness. Thus, values approaching 
the maximum value of 1.0 indicate a smoother gait pattern, which may reflect 
a less vigorous/more cautious movement pattern, whereas smaller values might 
indicate more erratic movements.

� Normalized peak power, estimated from each detrended acceleration signal (VT, 
ML, AP) as the magnitude of the PSD at the dominant peak, normalized by the 
total integrated PSD. This feature represents the relative strength of the signal at 
the most dominant frequency and reflects the periodicity of the signal.314 Larger 
values of this feature indicate a more periodic gait pattern.

�  Width of peak power, estimated from each detrended acceleration signal (VT, 
ML, AP) as the width of the dominant peak of the PSD. This feature is a measure 
of frequency dispersion and is related to the variability of the dominant cycles of 
the signal (step cycles in VT and AP, stride cycles in ML). Larger values of this 
feature indicate a less consistent gait pattern.314

To check for lateralization effects, we did separately analyse clockwise and 
counter-clockwise trials. In addition, we analysed a selection of trials such that for 
the PD patients the side most impaired by PD was in the inner side of the circle or 
in the outside of the circle. As this showed no relevant effects of lateralization (see 
Discussion and Appendices 4-B-4 and 4-B-5), the average of gait features extracted 
from both trials (clock-wise and counter-clock-wise direction) was obtained and 
used for further analysis.

To identify progression markers in different stages of PD we consider several 
criteria. For markers of early-stage PD, these features should show:

�  E1) a Group (Early-PD vs HC) x Time interaction in the expected direction, 
reflecting faster decline of gait quality in the Early-PD compared to HCs.

�  E2) a significant percentage of annual change in the Early-PD group, in the 
expected direction.

Potential markers of progression in Parkinson‘s disease



Chapter 4 |  Methods

108

�  E3) an association with the summed score of the items concerning gait assessment 
from the motor section of the Unified Parkinson's Disease Rating Scale,274 referred 
to as gait-UPDRS III.

�  E4) a significant effect of Group (Mid-PD vs HC) in the expected direction, 
reflecting impaired gait performance of the Mid-PD with respect to HCs.

Criterion E3 was taken into account because clinical measures are currently still 
considered gold standards for the assessment of progression in PD.80 The fourth 
criterion (E4) implies that the gait symptoms that worsen (i.e. their severity increases 
with time) in early stages PD are expected to still be present at more advanced 
stages of the disease, such as middle-stages PD. Thus, these gait symptoms remain 
at baseline in middle stages of the disease.

For markers of middle-stage PD the criteria are:

� M1) a significant Group (Mid-PD vs HC) x Time interaction in the expected 
direction, reflecting faster decline of gait quality in the Mid-PD compared to the 
HC.

� M2) a significant percentage of annual change in the Mid-PD group in the expected 
direction.

� M3) an association to the gait-UPDRS III score in the expected direction.

Since no data on advanced stages of PD were available, no criterion analogous 
to criterion E4 could be defined for the Mid-PD group.

All calculations were performed with a custom MATLAB program (Natwick, 
Massachusetts: The MathWorks Inc., R2016a). The Shapiro-Wilk test and Shapiro-
Francia test (for platykurtic and leptokurtic distributions, respectively) were used to 
test normality of data distribution of demographics and clinical data. Accordingly, 
unpaired t-tests and Wilcoxon Rank tests were used to assess differences between 
groups for the demographics and clinical data. The level of significance was set to 
α = 0.05 (two-sided).

To reduce variance caused by day-to-day differences as well as measurement 
errors, gait features and clinical scores assessed from biannual visits were averaged 

Statistical analysis
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to obtain annual data, i.e. year 1 (baseline) represents the average of visit 1 and 
visit 2 data, year 2 (visits 3 - 4), year 3 (visits 5 - 6), year 4 (visits 7 - 8) and year 5 
(visits 9 - 10). In case of single missed visits, the remaining value of that year was 
taken as the average.

All features were statistically analysed with generalized estimating equations 
(GEE),264, using identity-link functions with normal distributions. Logarithmic 
transformation was applied to improve distribution of skewed data.138 In case of 
negative data, an offset value was added to guarantee positive data prior to logarithmic 
transformation. In addition, all gait features were scaled to obtain zero means and 
unit variances (z-score transformation),199 to allow easy comparison of model 
coefficients between the proposed variables. We used the between-subject variance 
over the combined groups for this normalization. Inspection of correlations between 
measurement points confirmed the assumption of an equicorrelated structure of the 
data. The models comprised the factors Group (coded with 0 = HC and 1 = Early-
PD or Mid-PD), Time (number of years, with baseline set to 0) and the Group x 
Time interaction. In addition, the effect of potential confounders was analysed by 
including the following factors: Total circular walking duration (to assess the effect of 
gait speed), age and ON/OFF medication status (0 = OFF, 1 = ON, 16% of all visits). 
The HC did not take any anti-parkinsonian medication, therefore, for this group 
the score was always 0. After including all potential confounders (for each analysis), 
we identified the confounder with the highest p-value and this was removed if 
not significant (with α < 0.05). Subsequently, the analysis was repeated with the 
remaining factors until only significant confounders were kept in the analysis. In 
the case of GEE analysis of clinical ratings and the feature total duration of trial, 
only age and ON/OFF medication status were evaluated as potential confounders. 
For reference, the same analyses were performed for the gait-UPDRS III scores.

Criteria E1 and M1 were assessed based on the model coefficients of the Group 
x Time interactions. Criterion E4 was assessed based on the model coefficient 
for Group in the analysis of the Mid-PD vs HC. To assess criteria E2 and M2, we 
calculated the percentage of annual change with respect to the baseline. This was 
calculated separately for each group by applying GEE analysis on non-transformed 
data, including the factor Time and the significant confounders identified in the 
preceding analysis. The resulting model coefficients and standard errors of the 
Time factor were divided by the mean value of the data obtained in the first year 
of all subjects within the group. The assessment of criteria E3 and M3 was based 
on a GEE analysis, performed to determine the regression of each gait feature on 
the gait-UPDRS III. Data were transformed and normalized (log transformation, 
z-score transformation). The following potential confounders were considered: 
total duration, age and medication status, while only significant confounders were 
kept in the analysis.
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In view of the use of multiple criteria, we accepted single criteria to be met with 
α = 0.10. Assuming independence of criteria, this implies α-levels of 0.0001 for the 
definition or progression markers in the Early-PD and 0.001 for the Mid-PD. These 
α-levels are conservative compared to Bonferroni correction, which for the 24 gait 
features would yield an α-level of 0.002. We additionally report differences between 
Early-PD and Mid-PD versus HC, for which we used a conventional α-level of 0.05.

Chapter 4 |  Methods
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Results

Descriptive statistics of clinical parameters for all the groups are presented in 
Table 4-1. Demographics and clinical data of participants at baseline (first visit). 
Demographic variables did not significantly differ between the HC and the Early-PD 
groups, nor between the HC and the Mid-PD groups. The patient visits per year of 
follow-up were: 100% for year 1 (74 participants), 82.3% for year 2 (61 participants), 
77.0% (57 participants) for year 3, 63.5% (47 participants) for year 4 and 51.4% 
(38 participants) for year 5. An overview of data availability in the MODEP cohort 
is presented in Appendix 4-A, Table 4-A-1.

Based on visual inspection, the step detection algorithm applied to low-back 
accelerometry detected all the steps/strides without false positives and without false 
negatives when compared to heel accelerometry in our separate validation sample. 
In HC, absolute average differences between low-back and heel accelerometry in 
stride duration were: 20.7 ± 10.0 ms (3.5 ± 1.5% of average stride duration), with an 
ICC = 0.97. For the PD group, these differences were: 22.1 ± 8.9 ms (3.6 ± 1.4% of 
average stride duration), with an ICC = 0.92. No significant differences were found 
in estimation errors between the HC and the PD groups (p = 0.48). The magnitude of 
the differences obtained was comparable to findings in our previous study,197 which 
segmented short episodes of straight gait in step cycles with acceptable accuracy.

Figure 4-1 (see next page) illustrates the assessment of gait features against the 
four criteria for progression markers of early-stage PD. The complete statistical 
results underlying this assessment can be found in Appendix 4-A (Tables 4-A-3, 
4-A-4 and 4-A-5). Five gait features met all four criteria: number of steps, total 
duration and harmonic ratio of accelerations in the three axes (VT, ML and AP). 
Notice that gait-UPDRS III presented larger model coefficients and annual change 
than any of the gait features.

Descriptive statistics

Signal segmentation into step cycles

Progression markers of early-stage Parkinson’s disease
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With respect to criteria E1 and E2, Time x Group interactions were found for 
seven gait features, all in the expected direction. For these features, absolute model 
coefficients ranged from 0.05 to 0.15. The number of steps increased slightly faster 
in the Early-PD than in the reference group; the annual changes of non-transformed 
data relative to the first year was 1.03 ± 0.33% for the Early-PD. Total duration 
reflected a faster decline of gait speed for the Early-PD (1.91 ± 0.17% annual change) 
than the HC. Median stride time declined faster in the Early-PD relative to the 
HC, with an annual change in non-transformed data for the Early-PD of -0.85 
± 0.18%. Harmonic ratios (VT, ML and AP) presented a faster decrease in the 
Early-PD with respect to the HC, with annual changes for the Early-PD group of 
-2.79 ± 1.21% (VT), -5.93 ± 1.38% (ML), and -4.27 ± 1.58% (AP). For gait-UPDRS 
III scores the interaction model coefficient was 0.14, with a significant percentage 
of annual change of 46.09± 9.24%. With respect to criterion E3, gait-UPDRS III 
scores were significantly associated with all the parameters that satisfied the previous 
criteria, except for median stride time. Finally, with respect to criterion E4, all five 
parameters that satisfied the first two criteria were different between the Mid-
PD vs HC groups and the direction of these differences was consistent with gait 
impairment in the PD group.
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Figure 4-2 illustrates the assessment of the gait features against the three 
criteria for progression markers of middle-stage PD. The complete statistical results 
underlying this assessment can be found in Appendix 4-A (Tables 4-A-4 and 4-A-5). 
For the Mid-PD group, three gait features met all three criteria: stride time variability, 
and stride regularities from VT and AP acceleration. In contrast to the Early-PD, 
gait-UPDRS III did not show a significant change over time in the Mid-PD, nor a 
difference in time course between Mid-PD and HC groups.

With respect to criteria M1 and M2, differences in progression between Mid-
PD and HC groups were observed for stride time variability and stride regularity 
VT and AP. Specifically, Mid-PD patients increased stride time variability more 
rapidly than the HC; annual changes of stride time variability of non-transformed 
data were non-significant for the HC, and significant at 6.09 ± 1.90% for the Mid-
PD. In line with this, also stride regularity showed a progressive decrease in the 
Mid-PD, with negative annual changes of stride regularity VT and AP only in the 
Mid-PD: –2.21 ± 0.71% and -4.34 ± 0.82%, respectively. With respect to criterion 
M3, gait-UPDRS III scores were significantly associated with all the parameters that 
satisfied the other two criteria.

Progression markers of middle-stage Parkinson’s disease
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Table 4-A-2 (Appendix 4-A) presents mean and standard deviation values within 
groups of each gait feature (non-transformed and non z-score normalized) at baseline 
(year 1). Nine gait features were significantly different between HC and Early-PD 
groups (Figure 4-1 and Appendix 4-A, Table 4-A-3). Absolute model coefficients 
ranged from 0.39 to 0.92; with three of them above 0.7. As expected, the Early-PD 
performed the protocol slower (longer duration) than the HC. Moreover, the Early-
PD showed a lower step and stride regularity in AP, lower harmonic ratio AP, higher 
index of harmonicity VT, lower normalized peak power AP and a higher width of 
peak power in the three directions (VT, ML and AP). Gait-UPDRS III scores showed 
a larger difference between Early-PD and HC groups than any of the gait features.

When comparing the Mid-PD vs the HC, a total of fifteen gait features was different 
between groups, with model coefficients ranging from 0.30 to 0.89 and four above 
0.7 (Appendix 4-A, Table 4-A-4). The Mid-PD group needed more steps and a longer 
duration to perform the trials. They also showed a lower SD of VT and AP signals, 
lower harmonic ratios (VT, ML and AP) and lower normalized peak power ML. In 
addition, the Mid-PD group showed higher asymmetry in step time, higher index 
of harmonicity (VT and AP) and higher width of peak power (in VT and ML). The 
direction of these differences is consistent with gait impairment, except for stride 
regularity VT and normalized peak power VT. As a post-hoc analysis, we removed 
corrections for confounders in the analysis of these variables, which led to lower and 
non-significant group differences. This suggests an over-compensation in the original 
results, mainly caused by gait speed. As for the Early-PD, the Mid-PD presented higher 
scores of gait-UPDRS III than the HC and the group effect was also larger than for 
any of the gait features.

Significant effects of gait speed were observed for most of the gait features in 
both comparative analyses, Early-PD vs HC and Mid-PD vs HC (Appendix 4-A, 
Tables 4-A-3 , 4-A-4 and 4-A-5). Age affected eight comparisons between Early-PD 
and HC groups, and 11 comparisons between Mid-PD and HC groups. Medication 
status affected three comparisons between Early-PD and HC groups, and five between 
Mid-PD and HC groups. For gait-UPDRS III, only medication status significantly 
affected the Early-PD vs HC comparison, whereas only age affected the Mid-PD vs HC 
comparison. Age was the main confounder in the associations between gait features 
and gait-UPDRS III (Appendix 4-A, Table 4-A-5).

Baseline differences between healthy controls and 
patients in early and middle stages of Parkinson’s disease

Confounders
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Discussion

The faster decline of gait features in Early-PD and Mid-PD groups relative to the 
HC confirms their potential as progression markers in these stages of the disease. For 
instance, a faster increase in number of steps, related to a decrease in stride duration, 
in Early-PD compared to HC, reflects impairments in step and stride regulation. This 
regulation is considered the central motor disruption of gait hypokinesia and requires 
an increase in cadence as a compensatory mechanism.205-207 Aging lowers gait speed 
with consequent slower stepping,195 however, the gait hypokinetic mechanism in PD 
involves a faster reduction in step length, reflected in our results (at least indirectly) 
as a faster decrease in stride times for the early-stage PD group compared to the HC. 
Moreover, in this study, the Early-PD group presented a faster reduction of harmonic 
ratios than the HC. These gait features are associated with impaired regulation of 
gait rhythmicity,194 a motor impairment present in all stages of PD.173, 174 The Mid-PD 
group showed a faster worsening of gait features related to variability and regularity 
(stride time variability, stride regularity) relative to the HC, reflecting progressive 
loss of gait consistency.

Our results, obtained from a linear walking task in the same cohort, suggested 
that turning and straight walking disentangle different features of gait that deteriorate 
in PD over time (manuscript in preparation). Another study investigating linear 
walking in PD found reductions in step length and swing time over a 18 months 
follow-up.88 However, out of sixteen proposed gait features, only these two gait 
features presented significant temporal changes. These observations suggest that 
straight gait may show different progression markers and may be less sensitive to 
progression in PD than circular gait.

The proposed progression markers were obtained with low-cost instrumentation 
and a limited measurement time. While short test durations limit the precision37 
and reliability165 of the gait features studied and precluded including gait features 
that require longer times series,37 these results are in our view still important for 
implementation in clinical practice. The gait-UPDRS III scores reflected progression 
in the Early-PD with a larger change in this clinical rating than in any of the gait 
features. However, this was not the case for the Mid-PD. Based on the objective 
progression markers identified, worsening of gait in early PD appears to be mainly 
apparent in slowing of gait coinciding with a reduced step time and increased gait 
asymmetry as reflected in the harmonic ratios. These changes might be relatively well 

Potential progression markers of circular gait in early and 
middle stages of Parkinson’s disease
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observable by the clinician. Thus, combining them with other observable changes not 
considered in our sensor-based assessment, such as a decreased arm swing, might 
have reflected in larger changes in the UPRDS III score. In Mid-PD, worsening of 
gait appears mainly reflected in decreased stride regularity. Such changes would be 
less detectable by visual observation, possibly explaining why objective gait features 
were more sensitive to change than the UPDRS III score. Still, the associations of the 
most promising progression markers of the gait turning paradigm with the respective 
gait-UPDRS scores indicate substantial construct validity of the former.

PD is a heterogeneous disease84 with a variable expression and clinical heterogeneity 
in symptom severity, progression rate and disease profile.235 The smaller number of 
progression markers in middle stages compared to early stages PD, may partly be 
explained by the decreasing rate of changes of motor symptoms with advancing 
disease,233, 242 compared to the steeper or even exponential progression of these 
symptoms in early stages.211 Interestingly, another study based on the MODEP data 
set investigated the potential of pegboard performance measures to assess progressive 
fine-motor dysfunction, and did only find relevant changes in the Early-PD group.112 

Another reason for the relatively low number of continuously progressing gait 
parameters found in this study may be the study design per se. Clinical ratings indicate 
that relatively stable periods and even periods of improvement in symptoms may 
occur in PD.242

The number of significantly different features compared to the HC and their model 
coefficients were larger for the Mid-PD than for the Early-PD group. This observation 
is expected and consistent with the presence of more pronounced motor symptoms 
in middle stages than in early stages of PD.173 The presence of irregular gait patterns 
during turning in both groups of patients is in agreement with previous observations. 
For instance, a reduction in harmonic ratios, which is associated with degradation 
of walking stability, rhythmicity and control of the trunk during walking, has been 
observed in patients with PD who did not present step duration differences.223 This 
might be explained by the presence of bradykinesia, akinesia or axial and lower limb 
rigidity,305 which compromise trunk movement adaptations even at early stages of 
PD.167 However, in this previous study, participants performed a turn of smaller angle 
and shorter duration than the turns assessed in our current study167, which might lead 
to different turning strategies.

Compromised control of dynamic stability during turning, as observed in both PD 
groups, increases the risk of falling193 and is likely reflected by longer test durations, a 

Baseline differences between healthy controls and 
patients in early and middle stages of Parkinson’s disease
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Confounders

Limitations

larger number of steps325 (only observed in the Mid-PD) and reduced stride and step 
regularities.245 In similar vein, lower normalized peak powers of AP accelerations 
in the Early-PD and of ML accelerations in the Mid-PD potentially reflect lack 
of periodicity in their walking patterns.314 This finding is consistent with larger 
width of peak power observed in the comparison of each PD group with the HC.314 
Moreover, diminished SD of trunk accelerations, as observed in the Mid-PD, has 
been shown to be associated with fall risk, probably reflecting a more conservative 
and less vigorous/intense walking pattern.245 In line with previous work in PD,150 we 
observed relatively large differences in indices of harmonicity between the HC and 
both PD groups, which may also indicate a less vigorous gait pattern in PD. Gait-
UPDRS III scores presented a clear differentiation between both PD groups and 
the HC, although these scores might be biased by the subjectivity (e.g. expectations, 
prior experience) of the clinical rater and their accuracy is critical.79

The identification, reporting and adjustment for confounders in the analyses 
reported here are critical to ensuring that any of the observed changes in gait features 
can be confidently attributed to the progression of PD.127 In this regard, accounting 
for gait speed is relevant, as in this study, consistent with other studies, most 
features were speed dependent, including harmonic ratios167, 194, spectral content 
of accelerometry,244 gait variability,38 index of harmonicity (gait smoothness)150 and 
magnitude-related measures (e.g., SD of signals or gait intensity194). Age115, 130 and 
medication status effects25 have also been reported in the literature as potential 
modifiers of gait patterns. However, in this study, a limited number of features 
required accounting for age and medication state, possibly due to adequate age-
matching between groups, and a small percentage of data obtained ON medication, 
respectively. In the study of associations between gait features and clinical scores, 
age was identified as the most common confounder, probably associated with the 
inclusion of both Early-PD and Mid-PD groups together in a single PD group.

The statistical method employed in this analysis (GEE) does not account for 
exponential rates of progression, although the progression of neurodegeneration 
might be very rapid and non-linear, in particular at an early stage of PD.114 However, 
visual inspection of our data did not show exponential changes of the proposed 
gait features over the follow-up period. Given the length of the follow-up and the 
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stratification into early-stage and middle-stage PD, we consider that linear models 
reasonably reflect the time course of progression.

A major strength of this study is its longitudinal design, which allowed identifying 
markers of progression. However, as more severely affected participants have higher 
attrition rates than their peers with better health status, simply due to logistic reasons 
(approaching the hospital, etc.), the study may have underestimated the overall 
rate of progression. We therefore performed a post-hoc analysis with data that 
did not contain missing longitudinal data in annual intervals over five years. The 
results (Appendix 4-B, Table 4-B-1) were similar to the main findings. The inclusion 
of subjects who were only present at measurements in the first years may have 
limited the overall significance of the Time x Group interaction effect, although 
GEE analysis is expected to statistically overcome this limitation291 and including 
these data increased statistical power. In addition, variance caused by day-to-day 
differences or visit specific measurement errors was reduced by averaging biannual 
assessments. Results based on a post-hoc analysis of data without averaging biannual 
measurements showed similar patterns (Appendix 4-B, Table 4-B-2). Overall, given 
the frequent assessments over a relatively long observation period and consideration 
of potential confounders, we believe that progression, limited to the span of this 
study, was investigated with sufficient detail.

We averaged data from both trials (in clock-wise and counter-clock-wise 
direction) without including the analysis of differences in gait features between 
these trials. The comparison between clock-wise gait features and counter-clock-wise 
features might lead to the detection of impairments related to the lateralization of 
PD, and therefore, it might reveal increasing gait asymmetry. Therefore, we evaluated 
gait feature differences between clock-wise and counter-clock-wise gait in a post-hoc 
analysis (Appendix 4-B, Table 4-B-3). Except for asymmetry of step time, which 
increased faster in the Early-PD compared to the HC, and presented a trend (p = 0.06) 
towards higher values in the Mid-PD than in the HC at baseline, we did not find 
additional progression markers, probably due to variability in the lateralization of 
PD. We additionally performed two analyses (Appendix 4-B, Tables 4-B-4 and 4-B-5) 
in which we evaluated gait features selected from specific protocols. In Table 4-B-4, 
the protocols were selected such that the most impaired side of patients with PD was 
in the inner side of the circle; while in Table 4-B-5, the most impaired side was in 
the outside of the circle. Although in the same direction, these new results presented 
less gait features with significant Group x Time interactions, which indicates that 
the selection of gait features based on pathological lateral impairment does not add 
value to the identification of progression markers in PD.

In this study, we did not distinguish patients with the postural instability gait 
difficulty (PIGD) clinical phenotype, which have been suggested to show a more 
variable and rapid decline than patients with the tremor dominant (TD) clinical 
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phenotype of PD.131 However, based on our clinical data, we classified all patients 
with PD of this study in the two clinical profiles.274 PIGD and TD, and compared 
each group with the HC and among them. None of the analyses led to any consistent 
progression difference. This indicates that the progression markers we identified are 
potentially useful across both patient groups.

The aim of the present longitudinal study, based on a 5 years follow-up was to 
identify markers of disease progression in PD from the assessment of circular gait 
patterns with a single BFS mounted on the low-back. For early-stage and middle-
stage PD, we identified respectively five and three markers of progression from a 
total of 24 gait features assessed. At baseline, nine and fifteen features were found 
to be different between healthy controls and patients at early-stage and middle-
stage PD. While the clinical assessment of gait-UPDRS III was more sensitive than 
objective gait features in early-stage PD, this was not the case in middle-stage PD.

To our knowledge, this is the first study reporting objective progression markers 
from circular gait assessments in PD. Quantitative assessments permit monitoring 
of individual variability in motor symptoms, minimize subjectivity, and increase 
sensitivity to progression in PD. The progression markers identified may facilitate 
determining the potential effect of interventions on PD progression. Still, validation 
of the clinical relevance of the proposed markers is needed. Finally, the combination 
of the proposed protocol with a dual-task activity might further challenge the motor 
control of the participants, possibly revealing even stronger/more overt markers of 
disease progression.
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Appendix 4-A
Table 4-A-1. Flowchart visits

Biannual visits performed by each of the participants. Complete datasets of 5 consecutive year visits were 
not always available in the MODEP cohort (HC: 52.0%; Early-PD: 59.1%; Mid-PD: 40.7%). This was partially 
due to the fact that some participants were recruited later in the MODEP study and therefore have not (yet) 
completed 10 visits, thus these participants may not be considered as drop-outs.
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Table 4-A-2. Mean and standard deviation values of all gait features

Mean and standard deviation (SD) of all features being non log transformed, nor z-score normalized. The data 
is presented for the three groups (HC, Early-PD and Mid-PD). Abbreviations: VT, vertical acceleration; ML, 
medio-lateral acceleration; AP, anterior-posterior acceleration.
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Table 4-A-3. Results of GEE analysis for the comparison Early-PD vs HC

This includes the factors Time, Group and the interaction Time*Group. For each factor, the β-value, SE 
(standard error) and a p-value were reported. All β-values were based on transformed and normalized data 
(log transformation and z-score normalization). In addition, the percentage of annual change relative to the 
first year was separately included for each group; particularly for the features that showed significance in 
the interaction Time*Group. The percentage of annual change was based on non-transformed and non-
normalized data. Significant confounders that were accounted for the analysis are indicated as follows: 
“a” for gait speed effect, “b” for age effect and “c” for ON/OFF medication state effect. Note that the gait feature 
“Total duration” was not corrected for gait speed, this is indicated with *. Abbreviations: SD, standard deviation; 
gait-UPDRS III, motor section of Unified Parkinson's Disease Rating Scale concerning gait assessment; VT, 
vertical acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration.
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Table 4-A-4. Results of GEE analysis for the comparison Mid-PD vs HC

This includes the factors Time, Group and the interaction Time*Group. For each factor, the β-value, SE 
(standard error) and a p-value were reported. All β-values were based on transformed and normalized data 
(log transformation and z-score normalization). In addition, the percentage of annual change relative to the 
first year was separately included for each group; particularly for the features that showed significance in 
the interaction Time*Group. The percentage of annual change was based on non-transformed and non-
normalized data. Significant confounders that were accounted for the analysis are indicated as follows: 
“a” for gait speed effect, “b” for age effect and “c” for ON/OFF medication state effect. Note that the gait feature 
“Total duration” was not corrected for gait speed, this is indicated with *. Abbreviations: SD, standard deviation; 
gait-UPDRS III, motor section of Unified Parkinson's Disease Rating Scale concerning gait assessment; VT, 
vertical acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration.
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Table 4-A-5. Results of GEE analysis for the association of gait features with clinical data (only for 
participants with PD; combining both groups, Early-PD and Mid-PD)

This includes the single factor “Effect”, which was the clinical data of interest: Hoehn and Yahr score and the 
gait score of the UPDRS III test. For each factor, the β-value, SE (standard error) and a p-value were reported. 
All β-values were based on transformed and normalized data (log transformation, z-score interaction). 
Significant confounders which were accounted for the analysis are indicated as follows: “a” for gait speed 
effect, “b” for age effect and “c” for ON/OFF medication state effect. Note that the gait feature “Total 
duration” was not corrected for gait speed, this is indicated with *. Abbreviations: SD, standard deviation; 
gait-UPDRS III, motor section of Unified Parkinson's Disease Rating Scale concerning gait assessment; VT, 
vertical acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration.
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Appendix 4-B
Table 4-B-1. Results of GEE analysis for the comparison Early-PD vs HC and Mid-PD vs HC of features 
calculated from data that did not contain missing longitudinal data in year-intervals over 5 years

This includes the factors Time, Group and the interaction Time*Group. For each factor, the β-value, SE 
(standard error) and a p-value were reported. All β-values were based on transformed and normalized data 
(log transformation and z-score normalization). In addition, the percentage of annual change relative to the 
first year was separately included for each group; particularly for the features that showed significance in 
the interaction Time*Group. The percentage of annual change was based on non-transformed and non-
normalized data. Significant confounders that were accounted for the analysis are indicated as follows: 
“a” for gait speed effect, “b” for age effect and “c” for ON/OFF medication state effect. Note that the gait 
feature “Total duration” was not corrected for gait speed, this is indicated with *. Abbreviations: SD, standard 
deviation; gait-UPDRS III, motor section of Unified Parkinson's Disease Rating Scale concerning gait 
assessment; VT, vertical acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration.
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Table 4-B-2. Results of GEE analysis for the comparison Early-PD vs HC and Mid-PD vs HC of gait of 
features calculated from biannual visits data (i.e. extracted from each visit of the participants)

This includes the factors Time, Group and the interaction Time*Group. For each factor, the β-value, SE 
(standard error) and a p-value were reported. All β-values were based on transformed and normalized data 
(log transformation and z-score normalization). In addition, the percentage of annual change relative to the 
first year was separately included for each group; particularly for the features that showed significance in 
the interaction Time*Group. The percentage of annual change was based on non-transformed and non-
normalized data. Significant confounders that were accounted for the analysis are indicated as follows: 
“a” for gait speed effect, “b” for age effect and “c” for ON/OFF medication state effect. Note that the gait 
feature “Total duration” was not corrected for gait speed, this is indicated with *. Abbreviations: SD, standard 
deviation; gait-UPDRS III, motor section of Unified Parkinson's Disease Rating Scale concerning gait 
assessment; VT, vertical acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration.
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Table 4-B-3. Results of GEE analysis for the comparison Early-PD vs HC and Mid-PD vs HC of gait 
features absolute differences (between clock-wise and counter-clock-wise)

This includes the factors Time, Group and the interaction Time*Group. For each factor, the β-value, SE 
(standard error) and a p-value were reported. All β-values were based on transformed and normalized data 
(log transformation and z-score normalization). In addition, the percentage of annual change relative to the 
first year was separately included for each group; particularly for the features that showed significance in 
the interaction Time*Group. The percentage of annual change was based on non-transformed and non-
normalized data. Significant confounders that were accounted for the analysis are indicated as follows: 
“a” for gait speed effect, “b” for age effect and “c” for ON/OFF medication state effect. Note that the gait 
feature “Total duration” was not corrected for gait speed, this is indicated with *. Abbreviations: SD, standard 
deviation; gait-UPDRS III, motor section of Unified Parkinson's Disease Rating Scale concerning gait 
assessment; VT, vertical acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration.
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Table 4-B-4. Results of GEE analysis for the comparison Early-PD vs HC and Mid-PD vs HC of gait of 
features calculated from one of the protocols, CW or CCW. In the PD group, the selection is based 
on the main lateral impairment. Thus, main lateral impairment will be in the inner side of the circle. 
If right, the selected protocol was CW and opposite. In case of HC, the average of features from CW 
and CCW were included in the analysis

This includes the factors Time, Group and the interaction Time*Group. For each factor, the β-value, SE 
(standard error) and a p-value were reported. All β-values were based on transformed and normalized data 
(log transformation and z-score normalization). In addition, the percentage of annual change relative to the 
first year was separately included for each group; particularly for the features that showed significance in 
the interaction Time*Group. The percentage of annual change was based on non-transformed and non-
normalized data. Significant confounders that were accounted for the analysis are indicated as follows: 
“a” for gait speed effect, “b” for age effect and “c” for ON/OFF medication state effect. Note that the gait 
feature “Total duration” was not corrected for gait speed, this is indicated with *. Abbreviations: SD, standard 
deviation; gait-UPDRS III, motor section of Unified Parkinson's Disease Rating Scale concerning gait 
assessment; VT, vertical acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration.
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Table 4-B-5. Results of GEE analysis for the comparison Early-PD vs HC and Mid-PD vs HC of gait of 
features calculated from one of the protocols, CW or CCW. In the PD group, the selection is based 
on the main lateral impairment. Thus, main lateral impairment will be in the outside part of the circle. 
If right, the selected protocol was CCW and opposite. In case of HC, the average of features from 
CW and CCW were included in the analysis

This includes the factors Time, Group and the interaction Time*Group. For each factor, the β-value, SE 
(standard error) and a p-value were reported. All β-values were based on transformed and normalized data 
(log transformation and z-score normalization). In addition, the percentage of annual change relative to the 
first year was separately included for each group; particularly for the features that showed significance in 
the interaction Time*Group. The percentage of annual change was based on non-transformed and non-
normalized data. Significant confounders that were accounted for the analysis are indicated as follows: 
“a” for gait speed effect, “b” for age effect and “c” for ON/OFF medication state effect. Note that the gait 
feature “Total duration” was not corrected for gait speed, this is indicated with *. Abbreviations: SD, standard 
deviation; gait-UPDRS III, motor section of Unified Parkinson's Disease Rating Scale concerning gait 
assessment; VT, vertical acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration.
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"Time," he said, 
"is what keeps 
everything from 
happening at 
once."
–  R A Y  C U M M I N G S , 
   T H E  G I R L  I N  T H E  G O L D E N  A T O M
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Background and aim: Reliable, valid, and sensitive measures of dual-task-
associated impairments in patients with Parkinson’s disease (PD) may reveal 
progressive deficits unnoticed under single-task walking. The aim of this study 
was to quantitatively identify markers of progressive gait deficits in idiopathic PD 
while walking over a circular trajectory condition in single-task walking and in 
different dual-task conditions: (1) circular walking while checking boxes on a paper 
sheet as fast as possible and (2) circular walking while performing subtraction 
of 7 as fast as possible. In addition, we aimed to study the added value of dual-
tasking assessment over single (circular) walking task assessment in the study of 
PD progression.

Dual versus single 
tasking during circular 
walking: what reflects 
better progression in 
Parkinson’s disease?

Abstract



Methods: The assessments were performed every 6 months over a (up to) 5 years 
period for 22 patients in early-stage PD, 27 patients in middle- stage PD and 25 
healthy controls (HC). Longitudinal changes of twenty-seven gait features extracted 
from accelerometry were compared between PD groups and HCs using generalized 
estimating equations analysis, accounting for gait speed, age and levodopa medication 
state confounders when required. In addition, dual-task-interference with gait and 
cognitive performance was assessed, as well as their combination.

Results: The results support the validity and robustness of some of the gait features 
already identified in our previous work as progression markers of the disease in 
single-task circular walking. However, fewer gait features from dual-task than from 
single-task assessments were identified as markers of progression in PD. Moreover, 
we did not clearly identify progressive worsening of dual-task-interference in patients 
with PD, although some group differences between early and middle stages of PD 
versus the control group were observed for dual-task interference with the gait task 
and with the concurrent tasks.

Conclusions: Overall, the results showed that dual-tasking did not have added 
value in the study of PD progression from circular gait assessments. Our analyses 
suggest that while single-task walking might be sensitive enough, dual-tasking 
may introduce additional (error) variance to the data and may represent complex 
composite measures of cognitive and motor performance.
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Circular gait is a challenging locomotor task which involves complex cognitive-
motor control.89 Turning requires commands from the central nervous system to 
integrate inter-segmental coordination, to control axial rotation and to orient gaze 
towards the intended trajectory, while maintaining dynamic balance stability.52, 177, 193 
In this complex process, cognitive resources such as attention,16 visuospatial 
function and executive function are involved.89, 177 The simultaneous execution 
of gait with an additional (motor and/or cognitive) task involves sharing these 
cognitive resources (capacity-sharing model) and/or switching (bottleneck model) 
the attention between tasks121, 277. This leads to a delayed or worse performance of 
one or both tasks, relative to single-tasking.232, 301 When considering the additional 
demands of circular gait, such effects of dual tasking might be more pronounced 
in circular compared to straight-line gait.

Cardinal motor symptoms of Parkinson’s disease (PD): rigidity, tremor, postural 
instability and bradykinesia, can contribute to both gait and dual-task deficits141 and 
increase with disease progression.173 The loss of automaticity in patients with PD215 
challenges the control of gait and might increase reliance on cognitive resources to 
optimize the motor control.140, 277 This limits the availability of cognitive resources in 
PD to perform a second task while walking.89, 140, 232, 277 Also, cognitive impairments 
in PD, which are related to basal ganglia dysfunction,317 are often progressive and 
could involve increasing limitations on working memory and learning processes,236 
response inhibition, deficits or inflexibility in dividing/alternating attention,36 
problems in planning and impaired executive and visuospatial functions,139, 281, 330 
which may all be relevant to dual-task walking.89 Consequently, individuals with 
PD may be particularly and progressively susceptible to dual-task interference,232 
especially when walking over a trajectory which involves turning.177

As a consequence of limited available attention, patients with PD might, in 
dual-task conditions, prioritize one task over the other (i.e. focus more of their 
attention on the performance of one of the two tasks329), depending on fatigability 
and psychological factors, such as motivation, anxiety, balance confidence, perceived 
importance of task, on motor and cognitive abilities, and on environmental/
situational factors.232 However, under dual-tasking conditions that include walking, 
patients with PD generally divide their attention among both tasks at the expense 
of gait performance (posture second strategy).26 This could lead to reduced gait 
speed and stride length, increased gait variability, gait asymmetry and impaired 
bilateral coordination, even in optimally treated patients with PD;231 potentially 
compromising their safety and increasing their risk for falling26, 89, 141, 190 under usual 
dual-tasking conditions in daily-life.26, 141 Moreover, the greater presence of mobility 
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deficits in PD seems associated to a higher sensitivity to dual-tasking interferences 
on gait performance,231 which suggests that the assessment of gait under dual-
tasking might reveal more gait deficits in patients with PD than under single walking 
task conditions. Prioritization strategies during the performance of dual-tasking 
protocols may be influenced by walking situations (straight or curved walking 
path), with a worst gait performance under a curved trajectory, which is often 
present in daily-life routine.254 This highlights the importance of identifying dual-
tasks impairments under circular walking in the assessment of PD.113 Specifically, 
well designed dual-task assessments and interventions may create awareness about 
dual-task-related limitations and associated risks.140, 277

In our previous study,169 we identified progression markers of PD (i.e. quantitative 
gait performance indicators of the decline with time in PD relative to control 
subjects) by the assessment of single-task walking. However, progressive deficits 
(reflected by worsening of gait features) might have been unnoticed under single-task 
walking. However, progressive deficits might have been unnoticed under single-task 
circular walking. Evaluation of dual-tasking protocols may reveal the development of 
compensation strategies which preserve gait functioning when the basal ganglia are 
dysfunctional.18 Moreover, since reliable, valid, and sensitive measures of worsening 
of impairments associated with dual-tasking in PD are still lacking,141 longitudinal 
studies characterizing the evolution of the cognitive and locomotor profile of PD 
not only under single, but also under dual-tasking conditions are required.

Accordingly, the aim of this study was to quantitatively identify markers of 
progressive gait deficits in idiopathic PD while walking a circular trajectory under 
a single-task condition and two dual-task conditions: (1) circular walking while 
marking crosses on a paper sheet and (2) circular walking while subtracting series 
of 7.121 We investigated the added value of dual-task over single-task assessment by 
analysing the effects on gait performance, as well as the interference of gait with 
each of the concurrent tasks. We hypothesized that more gait features would be 
identified as progression markers of PD in dual-task than in single-task walking 
and we expected to identify progression of dual-task-interference throughout the 
course of the disease in patients with PD.



Chapter 5 |  Methods

146

Methods

As part of the prospective observational MODEP study (Modelling epidemiological 
data to study PD progression), assessments were performed, every six months 
over a 5-years period in 74 participants, 49 patients diagnosed with idiopathic PD 
and 25 healthy controls (HC). All participants were recruited from the outpatient 
clinic of the Department of Neurodegeneration, Center of Neurology, University 
Hospital of Tübingen, Germany. The Declaration of Helsinki was respected; local 
ethics committee approval was obtained (Medical Faculty, University Hospital of 
Tübingen, No. 46/2010 BO1) and all subjects provided informed written consent 
for participation in the study and for publication of individual, anonymised data.

The participants were selected according to the following inclusion criteria: 
(a) age between 40 and 85 years; (b) stable medication for two weeks prior to inclusion; 
(c) absence of cognitive impairment based on a minimum score of 25 points in the 
Mini Mental State Examination (MMSE)83 All participants underwent a clinical 
assessment which included: medical history, medication intake and neurological 
examination. The participants of the PD group were diagnosed with idiopathic PD 
according to the United Kingdom Brain Bank Society criteria128 and did not present 
any other neurological disorder, nor dysexecutive syndrome. The participants of the 
control group had no neurological disease.

A priori classification of the PD group was performed, and each group was 
compared to the reference group (HC) in order to study motor symptom progression 
at different stages of the disease. Analogous to previous work,111 a classification, 
based on the time since clinical PD diagnosis, stratified patients into early-stage PD 
(Early-PD; < 4 years, N = 22) and middle- stage PD (Mid-PD; ≥ 4 years, N = 27). 
An overview of demographics and clinical data is presented in Table 5-1.

Visits differed with respect to medication state within and between-subjects. 
Sixteen percent of the assessments were in ON state. The medication ON condition 
was defined as a time period of 30 minutes to 3 hours after the intake of the usual dose 
of dopaminergic medication (prescribed by the neurologist for an optimal medical 
treatment) and considering each participant’s perception of having a “Good On 
Phase”. Treatment induced dyskinesia was uncommon in the PD group (six subjects 
presented dyskinesia at a single visit, one subject at two visits and three subjects 
at three visits). These patients presented dyskinetic movements after 7.9 years (in 
average) of diagnosis. At baseline, twelve patients presented motor fluctuations 
induced by medication, eleven of them with mid-stage PD and one with early 

Participants
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stage PD. Six patients in middle-stage PD presented freezing of gait symptom. Four 
participants were rated with a score of 1 out of 4 in the freezing of gait section of 
the Unified Parkinson's Disease Rating Scale (UPDRS),274 while two participants 
were rated with a score of 3 out of 4.

Table 5-1. Demographics and clinical data of participants at baseline (first visit)

Data is presented as mean ± standard deviation for the parametric data and mean [range] for the non-parametric data. In case 
of gender, data is presented as a number of females and (the percentage of females over the total number of participants for 
each group). Significant differences (p < 0.05) with respect HC are marked with a subscript “H”, whereas significant differences 
with respect Early-PD are marked with a subscript “E”, and with respect Mid-PD with a subscript “M”. Abbreviations: Early-PD, 
patients at early stages of Parkinson's disease; Mid-PD, patients at middle stages of Parkinson's disease; HC, healthy controls; 
BMI, body-massindex; MMSE, Mini-Mental-State-Examination score; MDS – UPDRS III, motor section of Unified Parkinson's 
Disease Rating Scale as defined by the Movement Disorders Society; PIGD, patients with predominant postural instability and 
gait disorder clinical phenotype.; TD, patients with tremor dominant clinical.274 Note that the levodopa equivalent dose was 
calculated as recommend by Tomilson et al., 2010.285
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Three different single tests were performed as previously proposed:113

1) Walking in circles (“Walk”), in which the subjects, wearing their own shoes and 
a sensor on the lower back (see below), were asked to walk 3 rounds around 
a circle of 1.2 meter diameter at their preferred speed. The trial started after a 
verbal countdown and ended when the subjects completed the third round and 
reached their original position. This test was performed clock-wise and counter-
clock-wise directions (Figure 5-1)

2)  Crosses-marking (“Mark”), in which the participants held a clipboard in their 
non-dominant hand and a pen in the other hand. They were requested to mark 
with a cross, as fast as possible, each of the 32 boxes drawn on a sheet of paper. 
The instruction was as follows: “Please mark each of the boxes on the sheet of 
paper with a cross, as fast as you can.” There was no instruction about where to 
start and end crossing boxes, neither about the order of crossing.

3)  Subtracting (“Subtract”), in which the participants had to subtract, as fast 
as possible, serial 7 digits from a randomly chosen three-digit number until 
completing 10 subtractions. The participants had to verbally indicate the resulting 
numbers. The instruction was as follows: “Please subtract serial 7 digits as fast 
as you can from the number I will shortly tell you, until I will interrupt you”.

Protocol

Figure 5-1. Schema of the task “walking in circles”
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The number of checked boxes, number of subtractions and number of subtraction 
errors were reported for each trial. Performances of Mark and Subtract tasks were 
assessed, respectively, as the total number of checked boxes / total duration to 
perform the task [boxes/s], and the total number of correct subtracting series / total 
duration to perform the task [subtractions/s].

Subsequently, two dual-tasks were performed, for which no hint in task 
prioritization was given (to omit an external influence on the prioritization process329):

1 + 2) Walking in circles while crosses-marking (“W-Mark”). In this case, the 
subjects were asked to mark as many boxes as possible (without limit in the 
amount of boxes to check), while walking three rounds around the circle. 
The “Mark” task involves motor tasks (using the upper limbs for holding the 
paper and marking the boxes), which performed simultaneously with the 
walking condition requires the division of attention.113, 121 Moreover, this task 
requires the interruption of the gaze over the circular trajectory and over 
the feet to visually focus on the paper, which challenges the performance of 
circular walking.120

1 + 3) Walking in circles while subtracting series (“W-Subtract”). In this case, the 
subjects were asked to verbally report as many subtractions as possible, while 
walking three rounds around the circle. The “Subtract” task is an executive task 
which involves highly challenging cognitive flexibility (arithmetic skills), and 
in combination with circular gait requires division of attention.113, 121 Circular 
gait combined with these tasks could further worsen the gait performance of 
patients with PD by more asymmetric pattern than under single walking.231

The participants were asked to perform both tasks simultaneously. No particular 
instructions were given to the participants regarding which task to prioritize, nor 
regarding which task to start first. Both dual-tasking protocols were performed 
clock-wise and counter-clock-wise direction and were alternated to avoid the effects 
of direction.

The measurement system consisted of a BFS (DynaPort® Hybrid, McRoberts), 
a remote control and a portable computer on which the DynaPort software was 
installed. The sensor consists of a triaxial accelerometer and a triaxial gyroscope, 
and stores data at a rate of 100 samples per second. The accelerometer is a DC 
type sensor and therefore it is also sensitive to the gravity effect. It has a range 
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of ± 19.62 m/s2 and a resolution of 0.00981 m/s2. The sensor was inserted in an 
elastic belt, placed around the waist so that the sensor was positioned at the level 
of the lowest lumbar vertebra (L5). All protocol tests were implemented on a 
computer. Dedicated software was activated with a remote control to initiate and 
stop data collection.

A comprehensive set of twenty-four gait characteristics was estimated from 
triaxial acceleration signals to assess gait during single and dual-tasking tests. This 
set included the following gait features: number of steps; total duration; asymmetry 
of step time; median and variability of stride time; standard-deviation (SD) of 
accelerometry in each direction: vertical (VT), medio-lateral (ML) and anterior-
posterior (AP);110, 194 step and stride regularity, estimated for vertical VT and AP 
accelerations;202 gait rhythmicity (related to gait symmetry19, 226), expressed as a 
harmonic ratio and calculated for each direction;194 gait smoothness, expressed as the 
index of harmonicity and calculated for each direction;150, 244 normalized peak power 
(related to gait periodicity) and calculated for each direction as the magnitude of the 
power spectral density (PSD) at the dominant peak, normalized by the total integrated 
PSD;314 and the width of peak power (related to gait consistency or variability of 
dominant cycles in the signal, steps in VT and AP, strides in ML) which was estimated 
for each direction as the width of PSD at its dominant frequency.314

The average of gait features extracted from both trials (clock-wise and counter-
clock-wise direction) for each protocol was obtained and used for further analysis. 
Details on the calculation of the gait parameters were reported in our previous 
publication,169 concerning circular gait assessments of low-back accelerometry 
under non dual-task condition. In our previous work169 we found associations (in 
the expected direction) of most of the proposed gait features (assessed under single 
walking conditions) with the summed score of the items concerning gait assessment 
from the motor section of the Unified Parkinson's Disease Rating Scale.274 This 
suggests substantial construct validity of the proposed gait features.

Dual-task interference “DTI” assesses trade-offs between concurrent task 
performances141 and was calculated as: DTI (%) = ((dual-task feature – single 
task feature)/single task feature)*100.232 This formula gives information about the 
percentage change relative to the single-task value. These were individually calculated 

Gait assessment

Dual-task interference
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for both Mark and Subtract performances and for each gait feature that presented a 
significant effect (p < 0.05) or a trend toward significance (p < 0.1) for the interaction 
group x time in at least one of the gait tests (Walk, W-Mark or W-Subtract). This 
interaction was chosen as a criterion because progressive changes over time on 
dual-task interferences are expected to be different between groups. Thus, only gait 
features that presented progressive worsening in PD are considered, either extracted 
from single task or from dual task conditions.

The assessments of DTI on the gait performance as well as on the other tasks 
(“Mark” and “Subtract”) are important to consider since dual-tasking could 
lead to: a) a reciprocal dual-task decline in both tasks (mutual interference), 
b) no change on the Mark or Subtract tasks relative to single tasking (i.e. only 
gait interference), or c) improvement on Mark or Subtract tasks relative to single 
tasking (i.e. gait interference with benefit on the Mark/Subtract tasks) due to 
additional attention (prioritization). Thus, the calculation of DTI on each task 
is required to understand potential task prioritization.232 As participants might 
show task prioritization,232 we also calculated, within each dual task, the sum of 
the DTI of the two tasks, i.e. “S-DTI” = DTI % (gait feature interference under 
dual-tasking) + DTI % (Mark/Subtract interference under dual-tasking)” to obtain 
a measure of dual-task interference independent of task prioritization,113, 121 i.e. 
considering potential mutual interferences simultaneously, rather than solely 
possible interferences on a particular task. For features in which a higher value 
indicates a worse gait performance (e.g. duration of trial), a positive DTI% indicates 
a reduced performance under dual-tasking relative to single walking task. Thus, for 
these features, the calculation of S-DTI required multiplying the DTI% by -1, before 
summing it to the DTI% on the subtracting or crosses-marking performance. In 
this way, negative values on S-DTI% would indicate a “reduced performance” or 
an overall cost under dual-tasking compared to single task, and the opposite for 
positive values.

Gait features and Mark/Subtract performances assessed from biannual visits 
were averaged to obtain annual data, i.e. year 1 (baseline) represents the average 
of visit 1 and visit 2 data, year 2 (visits 3 - 4), year 3 (visits 5 - 6), year 4 (visits 7 - 
8) and year 5 (visits 9 - 10). In case of single missed visits, the remaining value of 
that year was taken as the average. Averaging within years was done based on the 
assumption that it will reduce some of the variance caused by day-to-day differences 
as well as measurement errors, thereby increasing the power to detect true effects.

The longitudinal data (gait features, Mark/Subtract performances and DTIs) 
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of this prospective study were statistically analysed with generalized estimating 
equations (GEE),264 using identity-link functions with normal distributions. 
Logarithmic transformation was applied to improve distribution of skewed data.138 
In case of negative data, an offset value (absolute 110% of the minimum) was added 
to guarantee positive data prior to logarithmic transformation. In addition, all 
features and DTIs were scaled to obtain zero means and unit variances (z-scores 
transformation)199 to allow easy comparison of regression coefficients (β-values) 
between the proposed variables. We used the between-subject variance over the 
combined groups for this normalization.

Inspection of correlations between measurement points confirmed the 
assumption of an equicorrelated data structure. Gait features, Mark/Subtract 
performances or DTIs of interest were the dependent variables. The models 
comprised the factors Group (coded with 0 = HC and 1 = Early-PD or Mid-PD), 
Time (number of year, with baseline set to 0) and the interaction group x time. 
In addition, the effect of potential confounders was analysed by including the 
following factors: Total duration of trial (to assess the effect of gait speed), Age 
and ON/OFF medication stage (0 = OFF, 1 = ON; 0.5 if one of two visits of 1 year 
was in ON). ON medication was present in 16.4% of the visits of patients with PD. 
The HC did not take any anti-parkinsonian medication, therefore, for this group 
the score was always 0.

For each of the gait features obtained from the “Walk” protocol, we included 
all potential confounders. We identified the confounder with the highest p-value, 
and this was removed if not significant. Then, the analysis was repeated with the 
remaining factors until only significant confounders were kept in the analysis. For 
the gait features obtained from “W-Mark” and “W-Subtract”, if Age and/or ON-OFF 
medication stage were significant in the analysis of the corresponding gait feature 
from the “Walk” protocol, these were kept in the analysis. Subsequently, we evaluated 
the additional effect of Total duration of trial as confounder, and if significant, this 
was also kept in the analysis. For the analysis of Mark/Subtract performances, DTIs 
on these performances and for the feature Total duration of trial, only Age and ON/
OFF medication were considered as confounders and included if significant. For 
the analysis of DTIs and S-DTI of gait features, the corresponding DTI in Duration 
of the trial was considered in addition to Age and ON/OFF medication stage as 
potential confounder. Only significant confounders were included.

We report p-values, β-values and standard errors (SE) obtained from the GEE 
for time (reported in the supplementary material), group and their interaction. The 
groups were the predefined PD groups (Early-PD or Mid-PD) versus the reference 
group (HC) for each gait feature, for Mark/Subtract performances and for DTI. 
In addition, we reported the confounders which were significant and therefore 
accounted for the analysis (the confounders for gait features and for Mark/Subtract 
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performances are reported in the supplementary material). The level of significance 
of the GEE models was set to α = 0.05 (two-sided). We did not correct the p-values 
for multiple comparisons, as this is an explorative study and we were concerned 
about possible Type II errors.

We also reported the percentage of annual change with respect to the first year 
for the features or DTIs that showed a trend toward significance (p < 0.1) in the 
interaction group x time. This was calculated separately for each group by applying 
the GEE analysis on non-transformed data, including the factor Time (reported 
in the supplementary material) and the significant confounders. The resulting 
β-value and standard error of the time factor were divided by the mean value of 
data concerning the first year of all subjects within the group. All results in the 
expected direction were marked with green colour and with red for the unexpected 
directions. All calculations were performed with a custom MATLAB program 
(Natwick, Massachusetts: The MathWorks Inc., R2016a).

As proposed in our previous study,169 we considered several criteria to identify 
progression markers in different stages of PD from gait features, now also extracted 
from dual-tasking protocols.

For markers of early-stage PD, these features should show:

� E1) a Group (Early-PD vs HC) x Time interaction in the expected direction, 
reflecting faster decline of gait quality in the Early-PD compared to HC.

� E2) a significant percentage of annual change in the Early-PD group, in the 
expected direction.

� E3) a significant effect of Group (Mid-PD vs HC) in the expected direction, 
reflecting impaired gait performance of the Mid-PD with respect to HCs.

The third criterion (E3) implies that the gait symptoms that worsen (i.e. their 
severity increases with time) in early stages PD are expected to still be present at 
more advanced stages of the disease, such as middle-stages PD. Thus, these gait 
symptoms remain at baseline in middle stages of the disease.

Potential markers of progression 
in Parkinson‘s disease
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For markers of middle-stages PD the criteria are:

� M1) a significant Group (Mid-PD vs HC) x Time interaction in the expected 
direction, reflecting faster worsening of gait quality in the Mid-PD compared to 
HCs.

� M2) a significant percentage of annual change in the Mid-PD group, in the 
expected direction.

Since no data on advanced PD were available, no criterion analogous to criterion 
3 for Early-PD could be defined for the Mid-PD group.

In view of the use of multiple criteria, we accepted single criteria to be met with 
α = 0.10. Assuming independence of criteria, this implies α-levels of 0.0001 for the 
definition or progression markers in the Early-PD and 0.001 for the Mid-PD. These 
α-levels are conservative compared to Bonferroni correction, which for the 24 gait 
features would yield an α-level of 0.002. We additionally report differences between 
Early-PD and Mid-PD versus HC, for which we used a conventional α-level of 0.05.

The potential added value of dual-tasking assessment in the study of progression 
of PD should be reflected in consistent progressive changes of dual-tasking-
interferences (DTI and S-DTI) on the proposed gait features. To explore that, the 
previous criteria were considered on DTI and S-DTI on the proposed gait features.
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Results

Demographic variables did not significantly differ between the HC and the Early-
PD groups, nor between the HC and Mid-PD groups (Table 5-1). Moreover, no 
progression in MMSE scores was observed for any of the PD groups, indicating 
that these did not develop cognitive decline along the span of the study. Descriptive 
statistics of clinical parameters for all the groups are presented in Table 5-1. The 
patient visits per year of follow-up were: 100% for year 1 (74 participants), 82.3% for 
year 2 (61 participants), 77.0% (57 participants) for year 3, 63.5% (47 participants) 
for year 4 and 51.4% (38 participants) for year 5. An overview of data availability in 
the MODEP cohort is presented in Appendix 5-A, Table 5-A-1.

Table 5-2 presents the results of the comparison between Early-PD and HCs 
corresponding to gait features and Mark/Subtract performances assessed in all 
conditions: single task (Walk, Mark and Subtract) and dual-task (W-Mark and 
W-Subtract). Results regarding the included confounders (Table 5-C-1) and the 
effects on the time factor (Table 5- C-2) are presented in Appendix 5-C. In addition, 
Table 5-B-1 (Appendix 5-B) presents mean and standard deviation values within 
groups of each gait feature and for each protocol at baseline (year 1).

At baseline (Table 5-B-1, Appendix 5-B), the Early-PD walked slower (longer 
duration) than the HC, not only in the single task Walk, but also in both dual-
tasking protocols, W-Mark and W-Subtract. W-Subtract presented the highest 
β-value (1.06 ± 0.24) among the three protocols. Only under single task condition 
Walk, the Early-PD showed a trend (p = 0.08) towards a significant (group x time) 
increase in duration (1.91% annual increase, β-value: 0.09 ± 0.05) relative to the HC, 
for whom no significant annual change was observed. The number of steps and the 
median stride time changed faster in the Early-PD than in the HC, with similar ratios 
of progression among the three protocols (i.e. β-values for the interaction group x 
time ranging from 0.05 to 0.07 in number of steps and from -0.11 to -0.10 in median 
stride time). Moreover, annual percentages of change in the Early-PD group were 
comparable among the three protocols, with the highest annual change in number of 
steps for the single task Walk (1.03%), and in stride time for the W-Subtract (-0.90%). 

Descriptive statistics

Differences between early stages of Parkinson's disease 
and healthy control subjects
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Although some of the other gait features obtained in dual-tasking protocols 
showed differences or trends towards difference between Early-PD and HC at 
baseline (Table 5-B-1, Appendix 5-B; stride regularity AP, harmonic ratios, index 
of harmonicity ML, normalized peak power AP, width of peak power), none of these 
showed a significant difference in progression between Early-PD and HC.

Performances of Mark and Subtract tasks only reached significance in single 
tasking. For instance, the Early-PD (Table 5-2) presented worse crosses-marking 
performance at baseline and worsened more rapidly than HC in the single task 
Subtract (-1.92% annual change, β-value: -0.10 ± 0.04). Moreover, the Mid-PD (Table 
5-4) performed, at baseline, both Mark and Subtract tasks worse than the HC.

Table 5-3 presents group differences in DTI between Early-PD and HC under 
both dual-tasking conditions. Results regarding the effects on the time factor 
(Table 5-C-3) are presented in Appendix 5-C. For trial duration, a negative β-value, 
indicating a smaller increase in trial duration due to the dual task at baseline in 
the Early-PD than HC was observed for W-Mark (-0.35 ± 0.16), but a positive 
β-value was found for W-Subtract (0.60 ± 0.21). Harmonic ratio VT and index of 
harmonicity VT presented lower DTI under both dual-task conditions in the Early-
PD relative to HC at baseline; the same was observed for harmonic ratios ML and 
AP in the W-Subtract condition. Moreover, when calculating DTI independently 
from task prioritization (S-DTI), lower or a trend towards lower S-DTIs (i.e. higher 
costs) for the Early-PD than for the HC in index of harmonicity VT and harmonic 
ratios (VT, ML and AP) were found at baseline in the W-Mark condition. Notice 
that the sign of DTI% on total duration (Early-PD) was inverted to calculate S-DTI.
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Table 5-2. Results of GEE analysis obtained for the three conditions: Single task, W-Mark, W-Subtract and 
for the comparison Early-PD vs HC

This includes the factors Time, Group and the interaction Time*Group. For each factor a p-value was indicated, 
followed by β-value ± standard error value. All β-values were based on transformed and normalized data 
(log transformation and z-score normalization). In addition, the percentage of annual change relative to the 
first year was separately included for each group; particularly for the features that showed significance in 
the interaction Time*Group. The percentage of annual change was based on non-transformed and non-
normalized data. Colour coding refers to significance levels of results (grey), while green and red were used 
to test the criteria set for potential markers of progression. Abbreviations: SD, standard deviation; VT, vertical 
acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration; Walk, single task walking in 
circles; W-Mark, walking in circles while marking-crosses in the paper sheet; W-Subtract, walking in circles 
while subtracting serial 7 digits.
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Table 5-3. Results of GEE analysis obtained for dual-task-interference (DTI) and summed dual-task-
interference (S-DTI) data for the comparison Early-PD vs HC

This includes the factors Time, Group and the interaction Time*Group. For each factor a p-value was indicated, 
followed by β-value ± standard error value. All β-values were based on transformed and normalized data 
(log transformation and z-score normalization). In addition, the percentage of annual change relative to the 
first year was separately included for each group; particularly for the features that showed significance in 
the interaction Time*Group. The percentage of annual change was based on non-transformed and non-
normalized data. Significant confounders which were accounted for the analysis are indicated as follows: 
“a” for DTI or S-DTI on gait speed, “b” for age effect and “c” for ON/OFF medication state effect. Colour 
coding green and red were used to test the criteria set for potential markers of progression. Abbreviations: 
SD, standard deviation; VT, vertical acceleration; ML, medio-lateral acceleration; AP, anterior-posterior 
acceleration; W-Mark, walking in circles while marking-crosses in the paper sheet; W-Subtract, walking in 
circles while subtracting serial 7 digits.
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Surprisingly, only few group x time interactions on DTI and S-DTI were found; 
and, in fact, each of them were opposite to the expected direction, and opposite 
to annual changes of non-transformed data. Specifically, harmonic ratio in ML 
presented positive β-values for the interaction of group and time of 0.23 ± 0.10 
(W-Mark) and 0.21 ± 0.08 (W-Subtract). These had an opposite direction to annual 
changes obtained for the Early-PD from non-transformed data: -34.16% (W-Mark) 
and -30.46% (W-Subtract), while no significant annual changes were observed for 
the HC group. Similar β-values were obtained for the interaction of group and 
time in S-DTI of the same feature in W-Mark (0.21 ± 0.10), again, opposite to the 
percentages of annual change obtained from non-transformed data (-18.18% in 
Early-PD and no significant annual change in HC).

As for the single task, most of the gait features obtained from dual-tasking protocols 
did present group differences at baseline between the Mid-PD and the HC (Table 
5-4; Appendix 5-B, Table 5-B-1). Specifically, the Mid-PD, compared to the reference 
group, used a larger number of steps, while trial duration was longer, and presented 
higher asymmetry in step time, lower SD in AP, lower step regularity in AP, lower 
harmonic ratios, higher index of harmonicity and higher width of peak power (this 
feature only in Walk and W-Subtract protocols). Trial duration, asymmetry in step 
time and AP harmonic ratio yielded the highest beta values, especially for W-Mark.

However, only three gait features, common among both dual-tasking protocols, 
reflected consistent differences in progression between groups (stride time variability, 
stride regularity in AP and SD in ML). β-values for the interaction group x time 
on stride time variability were similar (ranging between 0.17 and 0.20) among the 
three protocols. Annual percentages of change were only significant in the Mid-PD, 
with similar values among both dual-tasking protocols: 4.69% (W-Mark) and 4.33% 
(W-Subtract), and slightly higher values for the single task: 6.09%. Also AP stride 
regularity decreased faster in the Mid-PD than in the HC under all three conditions 
(with β-values of -0.14 in both dual-tasking protocols and -0.16 in single task); and 
with significant annual changes only in the Mid-PD group: -4.34% (Walk), -2.90 
(W-Mark) and -4.02 (W-Subtract). Differences between groups in progression of VT 
stride regularity only approached significance in the single-task condition. Likewise, 
the group x time interaction for the VT harmonic ratio only approached significance 
in the single task condition, with a faster decrease in the Mid-PD group compared 
to HC. However, no significant annual changes were observed in non-transformed 
data for any of the groups.

Differences between middle stages of Parkinson's disease
and healthy control subjects
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On the other hand, SD of ML acceleration showed a faster decrease in the Mid-PD 
compared to HC only in dual-task conditions, with similar β-values (-0.11 ± 0.03 in 
W-Mark and -0.08 ± 0.04 in W-Subtract), similar percentages of annual change in the 
Mid-PD group (-2.22% and -2.07%, respectively) and no significant annual changes 
in the reference group. This feature did not present progression differences between 
groups when measured in the single-task condition, although group differences were 
found at baseline for the SD of VT and AP acceleration.

For the VT normalized peak power, a trend toward progression differences 
between groups was observed in both dual-tasking protocols, with β-values 
of -0.10 (W-Mark) and -0.07 (W-Subtract) and similar percentages of annual 
change in the Mid-PD group: -2.27% (W-Mark) and -2.70% (W-Subtract), and 
in HC: -1.50 (W-Mark) and -1.88 (W-Subtract). It must be noted that this feature 
showed, opposite to expectations, higher values at baseline in the Mid-PD group 
than in the HC in Walk and W-Mark conditions. Likewise, the analysis indicated 
an unexpectedly higher VT stride regularity at baseline in the Mid-PD than in the 
HC for all three conditions. However, when removing corrections for confounders, 
lower β-values were observed for the Mid-PD in stride regularity VT (W-Mark, 
p = 0.07 and W-Subtract, p = 0.01) and normalized peak power VT (W-Subtract, 
p = 0.01), which suggests an over-compensation in the original results, mainly 
caused by gait speed.

At baseline (Table 5-B-1, Appendix 5-B), the Mid-PD group performed both 
Mark and Subtract single tasks worse than HC. However, when dual-tasking, the 
Mid-PD tended to perform crosses-marking (p = 0.09) better than the control 
group (Table 5-4). In the Mid-PD, crosses-marking performance under dual-tasking 
decreased faster than in HC (β-value: -0.08 ± 0.05, with an 84.63% of annual change 
in the HC and non-significant annual change in Early-PD).

At baseline, lower DTIs (higher dual-tasking costs) were found in the Mid-PD 
than in the HC (Table 5-5) for VT normalized peak power and VT harmonic ratio 
(in both dual-task protocols), crosses-marking performance, SD of ML (W-Mark) 
and stride VT regularity (W-Subtract). Although positive β-values for group effects 
(0.52 ± 0.21), indicating higher costs for the Mid-PD at baseline, were obtained 
for the DTI of SD (ML) , negative values (-0.11 ± 0.05) were found in the group x 
time interaction under W-Mark condition, indicating a decreasing difference over 
time, with significant annual changes only in the Mid-PD of 7.12%. For S-DTI no 
baseline or group x time interactions were found for the W-Subtract condition. For 
the W-Mark condition, lower values (higher costs) at baseline in the Mid-PD were 
observed for SD of ML, stride regularity in VT and AP, harmonic ratio VT and 
normalized peak power VT. Notice that the sign of DTI% on SD of ML (Mid-PD) 
was inverted to calculate S-DTI.
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Based on the criteria defined in the methods section, the number of steps was 
identified as a potential progression marker of early PD in all three protocols. In 
single task walking, as already reported [26], also the total duration and the harmonic 
ratios in the three directions (VT, ML and AP) fulfil the criteria. For W-Mark, the 
median stride time can also be considered as a progression marker in early PD. 
Figure 5-2.a presents non-transformed averaged biannual values of the 5 years of 
follow-up for features identified as progression markers of early stages PD. This is 
presented for the three protocols and for the HC and the Early-PD groups.

For the Mid-PD group, potential progression markers common among the three 
protocols were: stride time variability and stride regularity AP. In single task walking, 
also VT stride regularity and VT harmonic ratio fulfil the criteria, whereas SD of 
ML and normalized peak power VT could be considered as progression markers 
of middle-stage PD when assessed under W-Mark or W-Subtract dual-tasking 
conditions. Figure 5-2.b presents non-transformed averaged biannual values of the 
5 years of follow-up for features identified as progression markers of middle stages 
PD. This is presented for the three protocols and for the HC and the Mid-PD groups.

None of the DTI, nor S-DTI on gait features fulfilled the criteria for progression 
marker of any stage of PD.

Potential markers of progression 
in Parkinson‘s disease
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Table 5-4. Results of GEE analysis obtained for the three conditions: Single task, W-Mark, W-Subtract and 
for the comparison Mid-PD vs HC

This includes the factors Time, Group and the interaction Time*Group. For each factor a p-value was indicated, 
followed by β-value ± standard error value. All β-values were based on transformed and normalized data 
(log transformation and z-score normalization). In addition, the percentage of annual change relative to the 
first year was separately included for each group; particularly for the features that showed significance in 
the interaction Time*Group. The percentage of annual change was based on non-transformed and non-
normalized data. Colour coding refers to significance levels of results (grey), while green and red were used 
to test the criteria set for potential markers of progression. Abbreviations: SD, standard deviation; VT, vertical 
acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration; Walk, single task walking in 
circles; W-Mark, walking in circles while marking-crosses in the paper sheet; W-Subtract, walking in circles 
while subtracting serial 7 digits.
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Table 5-5. Results of GEE analysis obtained for dual-task-interference (DTI) and summed dual-task-
interference (S-DTI) data for the comparison Mid-PD vs HC

This includes the factors Time, Group and the interaction Time*Group. For each factor a p-value was indicated, 
followed by β-value ± standard error value. All β-values were based on transformed and normalized data 
(log transformation and z-score normalization). In addition, the percentage of annual change relative to the 
first year was separately included for each group; particularly for the features that showed significance in 
the interaction Time*Group. The percentage of annual change was based on non-transformed and non-
normalized data. Significant confounders which were accounted for the analysis are indicated as follows: 
“a” for DTI or S-DTI on gait speed, “b” for age effect and “c” for ON/OFF medication state effect. Colour 
coding green and red were used to test the criteria set for potential markers of progression. Abbreviations: 
SD, standard deviation; VT, vertical acceleration; ML, medio-lateral acceleration; AP, anteriorposterior 
acceleration; W-Mark, walking in circles while marking-crosses in the paper sheet; W-Subtract, walking in 
circles while subtracting serial 7 digits.
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Figure 5-2. Changes on gait features selected as progression markers over follow-up

Averaged biannual values and standard errors over the 5 years of follow-up for the features identified as progression 
markers of early stages PD (a) and middle stages PD (b) are presented for the three protocols (Walk, W-Subtract, 
W-Mark), for the HC and the Early-PD groups (a) and for the HC and the Mid-PD groups (b). This figure is based on non-
transformed and non-normalized (z-score) data. Abbreviations: SD, standard deviation; VT, vertical acceleration; ML, 
medio-lateral acceleration; AP, anterior-posterior acceleration; Walk, single task walking in circles; W-Mark, walking 
in circles while marking-crosses in the paper sheet; W-Subtract, walking in circles while subtracting serial 7 digits.

b)
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Discussion
This study investigated the added value of quantitative assessment of circular gait 

in dual-task walking, as compared to single-task walking, in assessment of progression 
of early and middle stages of PD. We hypothesized that more gait features would be 
identified as progression markers of the disease under dual-task conditions. However, 
the results did not confirm our hypothesis; fewer gait features from dual-task 
assessments were identified as markers of progression in PD. Moreover, against our 
expectations, while some baseline group differences in dual-task interference between 
PD groups and HC were found, we did not find clear evidence of worsening of dual-
task interference in patients with PD. On the other hand, the results support the 
validity and robustness of some of the gait features already identified as progression 
markers of the disease in a single-task circular walking condition.169

Fewer gait features extracted from dual-tasking protocols than from single-
task walking fulfilled the criteria for progression markers of PD. Particularly, in 
early stages of PD only one feature, number of steps, was commonly identified as a 
progression marker in all three protocols. Lower consistency of gait features from 
dual-tasking as progression markers of early PD could be due to many individual 
factors and available resources that can influence the magnitude and pattern of dual-
task interference on gait performance and can introduce inter- and intra-subject 
variability in the data231 These factors could include the patient’s attention to the 
execution of the concurrent tasks,140 understanding of instructions, motivation, 
confidence in physical capabilities and arousal.141, 232 On the other hand, these 
findings underline the robustness of step/stride cycles as a progression marker 
compared to other gait features. Generally, step length is decreased and cadence is 
increased in PD, which is considered the central motor impairment in hypokinetic 
gait, possibly related to bradykinesia.205-207

Although more gait features obtained from W-Subtract presented group differences 
between PD and HC than features from W-Mark, the median stride time was only 
significantly different between the Mid-PD and the HC under W-Mark condition, 
which contributed to fulfilling the criteria of progression marker in the Early-PD 
for this feature. Moreover, under W-Mark, stride time approached significance for 
the comparison between Early-PD and HC. The visoumotor task (marking crosses) 
implies deprivation of visual information on the walking path and on the individuals’ 

Differences between gait features from 
single and dual-task conditions
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own feet26 when performed simultaneously with a walking task. Thus, W-Mark might 
have led to shorter strides as a consequence of dealing with limited cognitive resources 
for the walking task (attention, visuospatial and executive functions).89, 231

For middle stages of PD, a more comparable number of features were identified 
as progression markers among single and dual-tasking protocols. This reinforces the 
validity and robustness of two of the gait features already identified as progression 
markers of the disease in single-task circular walking: stride time variability and 
stride regularity AP; features reflecting progressive decrement of regularity and 
consistency of the gait pattern.169 These are common impairments in PD, present 
in walking while turning179, 193 and reflecting a progressive loss of automaticity with 
disease progression.173

The identification of more progression markers for middle stages than for early 
stages of PD when assessing dual-tasking conditions could be caused by the fact that 
gait impairments are less pronounced in early stages of the disease.137 In addition, 
compensation strategies may have been differently addressed between visits among 
individuals at early-stage PD, thereby causing high intra-subject variability in the 
Early-PD and a lack of consistent differences between Early-PD and HC. Moreover, 
compensation strategies might be more often present in early than in middle phases 
of basal ganglia degeneration.18 Although we expected to reveal progressive deficits 
unnoticed under single-task walking by assessing dual-task protocols, compensatory 
mechanisms might still have been present under dual-tasking protocols, masking 
pathological gait impairments.18

Under dual-tasking, features related to ML movement (SD of ML, index of 
harmonicity in ML and normalized peak power VT) showed significance, while 
for single walking they did not. Thus, the sensitivity of dual-task performance to 
impairments related to PD was mainly reflected in features extracted from ML 
accelerations. For instance, the results indicated that already in early stages of PD 
patients walk with smoother lateral movement (higher index of harmonicity in ML) 
and a more acyclic and asymmetrical stride-to-stride pattern than the HC under 
dual-task conditions, followed by a progressive reduction of lateral gait intensity (SD 
of ML acceleration) at middle stages. A smoother and less intense gait pattern may 
reflect a more cautious gait performance.150

Although at baseline and under W-Mark condition (Table 5-4) the Mid-PD group 
marked more boxes than the HC (only approaching significance, and potentially due 
to task prioritization), the percentages of annual changes showed an improvement on 
this task only for the HC group. Moreover, the interaction term reflected a progressive 
and relative improvement on this task for the controls with respect the Mid-PD. These 
could have potentially resulted as a consequence of learning effects in the HC, which 
were not observed in the Mid-PD.
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Both PD groups presented at baseline higher dual task costs on gait performance 
of W-Mark and W-Subtract than HC (DTIs of total duration, harmonic ratios and 
index of harmonicity for the comparison Early-PD vs HC, and SD of ML, harmonic 
ratio and normalized peak power for the comparison Mid-PD vs HC). However, 
only under W-Mark and independently of prioritization aspects, both PD groups 
still presented higher costs than HC (as reflected by negative β-values of S-DTI). 
This is in agreement with a higher cost on crosses-marking performance found in 
the Mid-PD with respect the HC. Mutual interferences suggest that the cognitive, 
motor and executive functions required to mark crosses while walking might 
demand more attentional resources than the total capacity available in the Mid-
PD, especially in comparison to single performance of either task.232 Consequently, 
both tasks deteriorated, although not to the same degree. This can be explained by 
the “capacity sharing” model of dual-task interference,284 which states that tasks 
can be performed in parallel despite limited available resources to perform each 
task. However, it must be noted that the Early-PD presented higher positive DTI 
on duration of trial under W-Mark than the HC. This suggests that the Early-PD 
might have already required a longer time to perform the trial under single-task 
walking than the HC, and thereby, the difference with respect dual-tasking was 
not as pronounced in Early-PD as for the HC.

For the comparison of both PD groups with respect HC under W-Subtract, only 
interferences in gait performance (DTI on total duration, harmonic ratios and index 
of harmonicity in the comparison Early-PD vs HC and DTI on SD of ML, stride 
regularity, harmonic ratio and normalized peak power in VT for Mid-PD vs HC), 
and not in performance of the Subtract task, were observed, possibly suggesting 
limited cognitive resources in PD, but with a latent prioritization of the cognitive 
task to the detriment of the walking task (posture second strategy).26, 232, 254 This 
could be explained by the fact that under most challenging dual-task conditions, 
individuals with limited cognitive resources (deprived flexibility and memory) 
focus their attention on the most challenging task.254 Particularly, considering that 
counting backwards essentially depends on the working memory and is related 
to executive functions16, individuals with cognitive impairments often present 
higher dual-task interferences on the walking task and try to perform better at 
the subtraction task than individuals without cognitive decline.120, 121, 224, 254, 277 This 
could have been the case in both PD groups, who clearly showed limited cognitive 
and executive functions at baseline, as indicated by a poorer performance of the 
single Mark and Subtract tasks than HC.

Dual-task interference



173

We observed in DTI (harmonic ratio ML and AP under W-Subtract and 
harmonic ratio ML under W-Mark) and S-DTI (harmonic ratio ML under W-Mark) 
an inconsistent opposite direction between the β-values obtained for the interaction 
group x time and the percentage of annual changes obtained separately for each of 
the groups when comparing Early-PD vs HC. The same inconsistent results were 
observed for DTI (SD of ML under W-Mark) when comparing Mid-PD vs HC. 
Focusing uniquely on the percentages of annual change, it seems that PD patients 
presented a significant increase of DTI reflected in harmonic ratio ML for Early-PD 
and in SD of ML for the Mid-PD. This leads to the conclusion that based on these 
data we cannot consistently demonstrate a progressive dual-task-interference change 
in patients with PD. Lack of consistent differences in progression between groups 
on DTI and on S-DTI could be due to the fact that walking in circles is already a 
difficult/challenging task for patients with PD.52 Moreover, there might be different 
prioritization strategies among patients influenced by the walking path, i.e. by the 
circular trajectory.254 Thus, against our expectations, dual-tasking assessment leads to 
non-uniform effects among gait features231 and might not add significant information 
regarding the progression of the disease under the conditions of this study. In 
addition, variance in nature, severity and progression rate of motor and cognitive 
impairments139, 141 as well as transient variations in effective capacity due to factors 
like motivation, emotional disequilibrium (e.g. depression), fatigue, sleepiness, 
arousal 50, 141, 232 may have contributed to variability in dual-task costs.

The DTI on index of harmonicity VT was lower in early-stage PD than in HCs 
under both dual-tasking conditions, which indicates that a dual-task condition 
might have induced a more erratic movement compared to the single task. Although 
patients at early-stage PD presented a higher index of harmonicity VT at baseline 
than HC (see Table 5-4, a positive β-value for group effect, reflecting a smoother 
pattern), these patients performed the gait task with higher frequency components 
under a dual-tasking condition.

Similarly, DTI on SD of ML was higher for the Mid-PD than for HC, reflecting 
a more intense gait pattern under dual-task than in single-task. However, Mid-PD 
patients progressively reduced the SD of ML (relative to HC) of their gait performance 
under a dual-tasking condition (see Table 5-5, a negative β-value for the interaction 
group x time). All of these findings suggest that although patients with PD perform an 
overall smoother and less intense gait pattern than HC, when comparing dual-task with 
single-task, the effect of dual-task is more pronounced in the PD group and induces 
a more erratic and intense gait pattern. This would potentially indicate the adoption 
of a “posture second strategy” in dual-task performance.26 However, when comparing 
the performance of dual-tasking relative to single tasking (DTI on SD of ML) for the 
comparison Mid-PD vs HC, we observed a higher frequency and more intense gait 
pattern in PD, which can be due to the “constraint” or “limited degrees of freedom 
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available in the system” that challenge the control of the dynamic balance and impose 
the adoption of a different gait strategy.150 On the other hand, high or low values of the 
same features can reflect “good” or “bad” quality of gait depending on the conditions 
of the assessment. Thus, findings based on the proposed gait features must be carefully 
interpreted, considering all confounding effects and other factors and conditions.

This study may have underestimated the overall rate of progression in patients 
with PD due to higher attrition rates in both pathological groups. However, although 
the inclusion of participants who were partially present may have limited the overall 
significance of the Time x Group interaction effect, the GEE method is expected to 
statistically overcome this limitation,291 and including these data increased statistical 
power without confounding our results (as proved in our previous study169). In the 
same study, patterns of single task data based on non-averaged biannual assessments 
were proven similar to averaged data. This indicates that averaging data would not 
have confounded our current results.

Several limitations of this study must be mentioned with particular focus on 
dual-task assessment, since other limitations were already discussed in our previous 
publication.169 Regarding dual-task assessments we acknowledge that the different 
tasks were not randomized leading to potential learning effects. However, this effect is 
likely comparable among groups.120 We did not control for factors that can modulate 
the capacity to cope with a concurrent cognitive load while walking, such as stress, 
processing speed and cognitive reserve.18 For instance, the cognitive task Subtract 
depends on arithmetic skills, which are very heterogeneous between individuals.17 
DTI was included in the analysis to focus on the relative impact of dual-tasking over 
single tasking, partially avoiding such individuals effects.

Overall, the results showed that dual-tasking did not have added value in the study 
of PD progression from circular gait assessments over a span of 5 years, although 
the results reinforce the validity of some of the gait features as progression markers 
of PD. This indicates that while single-task walking might be sensitive enough to 
the progression of PD, dual-tasking may introduce additional (error) variance to 
the data and may represent complex composite measures of cognitive and motor 
performance. There are several clinical implications related to this. Based on these 
results, we would argue that single-task walking might be sensitive enough to assess 
progression in PD, avoiding additional assessments of dual-tasking and thus reducing 
the burden imposed on patients and clinicians. However, in view of the sensitivity 
of gait-related dual tasks costs in the early stage of PD, their assessment might have 
added value in the identification of preclinical stages of PD. 

Limitations and clinical implications
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Table 5-A-1. Flowchart visits

Biannual visits performed by each of the participants. Complete datasets of 5 consecutive year visits were 
not always available in the MODEP cohort (HC: 52.0%; Early-PD: 59.1%; Mid-PD: 40.7%). This was partially 
due to the fact that some participants were recruited later in the MODEP study and therefore have not (yet) 
completed 10 visits, thus these participants may not be considered as drop-outs.
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Appendix 5-B
Table 5-B-1. Mean and standard deviation values of all features

Mean ± standard deviation of all features being not log transformed, nor z-score normalized. The data is 
presented for the three groups (Early-PD, Mid-PD and HC) and for the three protocols (Walk, W-Subtract, 
W-Mark). Abbreviations: SD, standard deviation; VT, vertical acceleration; ML, medio-lateral acceleration; AP, 
anterior-posterior acceleration; Walk, single task walking in circles; W-Mark, walking in circles while marking-
crosses in the paper sheet; W-Subtract, walking in circles while subtracting serial 7 digits.
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Appendix 5-C
Table 5-C-1. Confounders included in the GEE analysis for the comparison Early-PD vs HC and Mid-PD 
vs HC for the three conditions: Single task, W-Subtract and W-Mark

Significant confounders that were accounted for the analysis are indicated as follows: “a” for gait speed 
effect, “b” for age effect and “c” for ON/OFF medication state effect. Note that the gait feature “Total 
duration” was not corrected for gait speed. Abbreviations: SD, standard deviation; VT, vertical acceleration; 
ML, medio-lateral acceleration; AP, anterior-posterior acceleration; W-Mark, walking in circles while 
marking-crosses in the paper sheet; W-Subtract, walking in circles while subtracting serial 7 digits.
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Table 5-C-2. Time factor corresponding to the GEE analysis for the comparison Early-PD vs HC and Mid-PD 
vs HC and obtained for gait features under the three conditions: Single task, W-Subtract and W-Mark

Significance of results was marked with dark grey (p < 0.05) and light grey (p < 0.10). Abbreviations: SD, standard 
deviation; VT, vertical acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration; W-Mark, 
walking in circles while marking-crosses in the paper sheet; W-Subtract, walking in circles while subtracting 
serial 7 digits.
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Table 5-C-3. Time factor corresponding to the GEE analysis for the comparison Early-PD vs HC and Mid-PD 
vs HC and obtained for DTI and S-DTI data under both dual-tasking conditions: W-Subtract and W-Mark

Significance of results was marked with dark grey (p < 0.05) and light grey (p < 0.10). Abbreviations: SD, standard 
deviation; VT, vertical acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration; W-Mark, 
walking in circles while marking-crosses in the paper sheet; W-Subtract, walking in circles while subtracting 
serial 7 digits; DTI, dual-task-interference; S-DTI, summed dual-task-interference.
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"When the time 
comes in 
which one could, 
the time has 
passed in which 
one can."
–  M A R I E  V O N  E B N E R - E S C H E N B A C H , 
   A P H O R I S M U S
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Background and aim: There is an urgent need for development of objective, 
inexpensive, reliable, valid and easily deployable methods to characterize prodromal 
impairments of PD and thus, to facilitate an early diagnosis of PD. Thus, this study 
aimed to provide quantitative markers of prodromal motor symptoms of idiopathic 
Parkinson’s disease (PD) from the assessment of circular gait (walking in circles) 
with a single body-fixed inertial sensor (containing a triaxial accelerometer and a 
triaxial gyroscope) placed on the lower back.

The predictive potential 
of circular walking 
in prodromal Parkinson’s 
disease

Abstract



Methods: Ninety-six subjects from a nine-year prospective cohort study of 715 
participants were included in the current analysis, 16 of them were diagnose with 
PD along the follow-up (incident PD, iPD) and 6 healthy controls (HC), matched in 
gender, age and education were selected for each subject of the incident PD cohort. 
Forty-one gait features were extracted from accelerometry under three conditions 
of assessment: a) single circular walking task (Walk), b) circular walking while 
checking boxes on a paper sheet as fast as possible (W-Mark) and c) circular walking 
while performing subtraction of 7 as fast as possible (W-Subtract). Non-correlated 
gait features were compared between iPD and HC with a Cox proportional hazards 
regression analysis to test the temporal association of each of remaining gait features, 
as well as their interaction with trial duration, to the risk of getting diagnosed with 
PD. All analyses accounted for the confounder effect of trial duration.

Results: We identified associations between time from baseline measurement to 
PD diagnosis for eleven gait features (2 for Walk protocol, 5 for W-Mark protocol 
and 4 for W-Subtract protocol). The majority of significant associations indicated 
that low harmonic ratios were associated with larger hazard of being diagnosed with 
PD. However, area under the curve ranged between 0.63 and 0.69.

Conclusions: To our knowledge, this is the first study to quantitatively assess gait 
deficits of incident PD. Despite low sensitivity and specificity of the proposed features 
to allow identification of prodromal motor impairments on an individual basis, the 
findings might potentially reflect prodromal motor impairments of PD, underscoring 
their potential as trait markers of the disease and charactering preclinical motor 
symptoms of PD for future clinical applications.
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Based on the scientific article (under revision): M. Encarna Micó-Amigo, Idsart Kingma, Sebastian 
Heinzel, Markus A. Hobert, Morad Elshehabi, Kathrin Brockmann, Florian G. Metzger, Susanne Nussbaum, 
Rob C. van Lummel, Daniela Berg, Walter Maetzler, Jaap H. van Dieën. The predictive potential of circular 
walking in prodromal Parkinson’s disease. 
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Parkinson‘s disease (PD) presents with a long pre-diagnostic phase (up to 
many years,85 or even decades106). This phase is characterized by a progressive 
development of motor and non-motor symptoms, which negatively impact the 
daily-functioning of affected individuals.56, 257 Previous studies based on clinical 
questionnaires reported the appearance of prodromal (i.e. too subtle to allow the 
diagnosis of the disease176) gait impairments with an average of 4.4 years before 
diagnosis, often appearing simultaneously with rigidity (4.4 years) and limb 
bradykinesia (4.2 years).17

Reliable and accurate identification of prodromal impairments associated 
with PD is crucial to understand the pathophysiology56, 100, 161 and etiology107 of 
PD and could help to identify and possibly even modify risk factors associated 
with the disease.17 Given the high loss and dysfunction of neurons and dopamine 
neurotransmitters at the time of PD diagnosis,30, 48 an accurate detection of 
prodromal impairments may provide a window of opportunity to repair or avoid 
pathophysiologic changes of the dopaminergic system,147 using neuromodulatory 
or even neuroprotective therapies.173, 252

The diagnosis of PD, especially at early stages, is very challenging due to the 
variability of presenting signs, symptoms and their frequency of manifestation.240 

It relies on historical records and semi-quantitative and qualitative clinical 
assessment of cardinal symptoms (bradykinesia, resting tremor, rigidity and 
postural instability137) of PD,80 i.e. on information characterized by low-sensitivity5 
and poor intra and inter-rater reliability.128, 132 Altogether, the lack of well-defined/
valid prodromal markers of PD79 leads to missed,151 late or even incorrect PD 
diagnoses,128, 132 with estimates of incorrect diagnoses as high as 40%.240

In this context, there is an urgent need for development of objective, reasonably 
priced, reliable, valid and easy-to-use methods to characterize prodromal 
impairments of PD80 that also facilitate the diagnosis of early motor symptoms 
associated with PD. Several imaging tools have been used to quantitatively 
detect initial136, 214, 238 and progressive211 presynaptic dopaminergic dysfunction, 
supporting early diagnosis of PD.135 However, these techniques are costly136, 214 and 
not specific for PD,135 often presenting low availability and involving high exposure 
to radiation,136, 214 which precludes their use as a global screening instrument for 
prompt diagnosis of the disease.20

Body-fixed-sensors (BFS), which are easily usable in a clinical context,79, 175 

have been proposed as a tool to identify subtle gait impairments in early stages 
of PD.14, 31 Gait speed and gait variability, derived from low-back accelerometry, 
allowed identification of PD-associated genetic mutation (leucine-rich repeat 
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kinase 2) carriers,200 which suggests that gait assessment with BFS might reflect 
prodromal gait impairments.234 Particularly, the performance of turning while 
walking could have the potential to delineate early PD pathology,305 as circular gait 
requires the redirection of lower limbs by asymmetric stepping, continuous body 
coordination, dynamic stability control and anticipatory orientation of gaze towards 
a new direction, which is more complex than straight walking.52

In this nine-year prospective cohort study, we tested whether gait impairments, 
assessed at baseline with a single BFS during circular gait, are predictive of the 
diagnosis of PD during follow-up.

Methods

All participants were assessed as part of the TREND study (Tübinger 
evaluation of Risk factors for Early detection of Neurodegenerative Disorders).20 
This is a prospective (starting 2009) follow-up study in 715 individuals aged 
older than 50 years, aiming to define markers for an early diagnosis of PD and 
Alzheimer’s disease (www.trendstudie.de).20 For a more detailed outline regarding 
the TREND study, inclusion and exclusion criteria, see Gaenslen et al.86 The 
Declaration of Helsinki was respected; local ethics committee approval was 
obtained (Medical Faculty, University Hospital of Tübingen, No. 90/2009BO2) 
and all subjects provided informed written consent for participation in the study 
and for publication of individual, anonymised data.

Sixteen participants in the cohort were diagnosed with idiopathic PD according 
to the United Kingdom Brain Bank Society criteria128 within the follow-up of nine 
years. These participants were included in our current study, and are referred to 
as “incident PD” (iPD). For each iPD, we selected six healthy control participants 
from the cohort. These six healthy controls were matched with the iPD for sex, age 
and years of education and none of the non-motor prodromal markers defined in 
the TREND study for the “at-risk for PD” participants were present in this healthy 
control group. The participants of the control group (HC) had no neurological 
disease and were not considered to be at risk for PD, nor for Alzheimer’s disease.86 

All participants (16 from the iPD group and 96 from the HC group) underwent a 
clinical assessment at baseline which included: medical history, medication intake 
and neurological examination.
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We chose a 1:6 matching ratio (one iPD for each six HCs) to achieve good statistical 
power within an adequate confidence interval.96 An overview of demographics and 
clinical data of both groups is presented in Table 6-1.Demographics data. The time 
between baseline assessment and diagnosis of PD in the iPD group ranged between 
1.42 and 8 years, a complete overview is included in Appendix 1.

Three different single tests were performed at baseline as previously described:113

1)  Walking in circles (“Walk”), in which participants, wearing their own shoes and 
a sensor on the lower back (see below), were asked to walk 3 rounds around a 
circle of 1.2 m diameter at their preferred speed. The trial started after a verbal 
countdown and ended when the subjects completed the third round and reached 
their original position.

Subsequently, two dual-tasks were performed, for which no hint on task 
prioritization was given, to omit an external influence on the prioritization process:329

2) Walking in circles while marking crosses (“W-Mark”), in which participants 
held a clipboard in their non-dominant hand and a pen in the other hand. They 

Table 6-1. Demographics data

Data is presented as mean ± standard deviation for the parametric data and mean [range] for the non-parametric 
data. In case of gender, data is presented as a number of females and (the percentage of females over the total 
number of participants for each group). Abbreviations: iPD, patients with incidence of Parkinson’s disease during 
follow-up; HC, healthy controls; BMI, body-mass-index.

Protocol



189

Instrumentation

Gait assessment

were requested to mark with a cross the boxes drawn on a sheet of paper as fast 
as possible, while they walked three rounds around the circle. The instruction 
was as follows: “Please mark each of the boxes on the sheet of paper with a cross, 
as fast as you can, while you walk the three rounds around the circle”. There was 
no instruction about where to start and end crossing boxes, neither about the 
order of crossing boxes.

3)  Walking in circles while subtracting (“W-Subtract”), in which the participants 
had to subtract, as fast as possible, serial 7 digits from a randomly chosen three-
digit number. The participants had to verbally indicate the resulting numbers. 
The instruction was as follows: “Please subtract serial 7 digits as fast as you can 
from the number I will shortly tell you while you walk the three rounds around 
the circle”.

The single “Walk” task and both dual-tasking protocols were performed in clock-
wise and in counter-clock-wise directions and directions were alternated.

The measurement system consisted of a BFS (DynaPort® Hybrid, McRoberts), 
a remote control and a portable computer on which the DynaPort software was 
installed. The BFS consists of a triaxial accelerometer and a triaxial gyroscope, storing 
data at a rate of 100 samples/s. The accelerometer is a DC type sensor and therefore 
it is also sensitive to the gravity effect. It has a range of ± 19.62 m/s2 and a resolution 
of 0.00981 m/s2. The gyroscope has a range of ± 100 deg/s and a resolution of 0.0069 
deg/s. The BFS was inserted in an elastic belt, placed around the waist so that the 
sensor was positioned at the level of the lowest lumbar vertebra (L5). These signals 
represent the overall motion pattern given the proximity of the sensor to the centre 
of mass.323 Dedicated software was activated with a remote control to initiate and 
stop data collection.

A comprehensive set of forty-one gait characteristics was estimated from triaxial 
acceleration signals and triaxial angular velocity signals to assess gait during single 
and dual-tasking tests. This set included the following gait features: number of 
steps; total duration; asymmetry of step time; median and variability of step and 
stride time; standard-deviation (SD) of accelerations in all directions: vertical (VT), 



Chapter 6 |  Methods

190

Statistical analysis

medio-lateral (ML) and anterior-posterior (AP),110, 194 and angular velocities around 
all axes; step and stride regularity, estimated from VT and AP accelerations;202 gait 
rhythmicity, expressed as a harmonic ratio and calculated for each signal,194 (related 
to gait symmetry19, 226); gait smoothness, expressed as the index of harmonicity and 
calculated for each signal;150, 244 normalized peak power (related to gait periodicity) 
and calculated for each signal as the magnitude of the power spectral density (PSD 
or power) at the dominant peak, normalized by the total integrated PSD;314 and the 
width of the peak power at the dominant frequency (reflecting gait consistency or 
variability of dominant cycles in the signal, step cycles in VT and AP and stride 
cycles in ML).314

The average of gait features extracted from both trials (in clock-wise and in 
counter-clock-wise directions) for each protocol was obtained and used for further 
analysis. Details on the calculation of the gait parameters were reported previously.169

The Shapiro-Wilk test and Shapiro-Francia test (for platykurtic and leptokurtic 
distributions, respectively) were implemented with the statistics toolbox of MATLAB 
(The MathWorks Inc., R2016a, Natwick, Massachusetts, USA) to test normality of 
data distribution of demographics and clinical data. Accordingly, unpaired t-tests 
and Wilcoxon Rank tests were used to assess differences between groups for the 
demographics and clinical data. The level of significance was set to α = 0.05 (two-sided).

Logarithmic transformations were applied, when needed, to improve left-skewed 
distributions of gait features extracted from each protocol separately (Walk, W-Cross, 
W-Subtract), while cubic transformations were applied to improve right-skewed 
distributions of data.138 In addition, all gait features were scaled to obtain zero means 
and unit variances (z-scores transformation).199 Several gait features were excluded 
from the analysis due to high correlations (p > 0.80) with any of the remaining features. 
Duration of median stride, duration of median step and total duration of trial were 
excluded from all three protocols; whereas SD of AP acceleration, step and stride 
regularity from VT acceleration and normalized peak power from VT acceleration 
were excluded in the Walk protocol. SD of VT acceleration was excluded in both 
dual-tasking protocols, W-Mark and W-Subtract. Normalized peak power from AP 
acceleration, the number of steps and index of harmonicity from AP acceleration, 
were excluded from the W-Mark protocol.

Multivariate Cox proportional-hazards regression analyses were performed with 
the following predictors: selected gait feature, confounder (duration of total trial or 
gait speed) and the interaction of gait feature with confounder.143, 299 Notice that since 
lower gait speeds may negatively affect gait quality in older adults,34, 38, 150, 167, 194 either 
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“gait speed” or its inverse, duration of the complete trial, was included in the model 
to correct for their confounding effects. We selected gait speed as a confounder for 
all the features in which higher values of these features are expected for lower gait 
speed; whereas duration was used as a confounder for all features in which lower 
values of these features are expected for slower gait. As time-to-event variable we 
used years between baseline and date of diagnosis, as reported in Appendix 6-A. 
Data were time-to-event censored (right-censored),299 at the end of follow-up for 
the HC subjects.

We report the results for gait features that reached significance, set to α = 0.05, 
either for the gait feature, or for the interaction of this feature with the confounder. 
For these predictors, the corresponding receiver operating curve (area under the 
curve, AUC; i.e. c-statistics) and the sensitivity and the specificity calculated for 
the cut-off that optimizes both were calculated. These analyses were separately 
performed for all features from each protocol (Walk, W-Box, W-Subtract). We 
did not correct the p-values for multiple comparisons, as we excluded correlated 
data and this is an explorative study and we were concerned about possible type 
II errors. All Cox regression models were analysed with the function <coxphfit> 
in MATLAB 2018.a.
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A participant from the iPD group (participant number 11) and the 6 matched 
healthy control subjects were removed from the analysis, in view of the extremely 
long duration of the trial (approximately double of the average of the iPD group) 
in this iPD individual. Demographic variables did not significantly differ between 
the remaining HC and iPD groups. Descriptive statistics of clinical parameters for 
all these groups are presented in Table 6-1.

Table 6-2 summarizes statistics for each Cox regression model which reached 
significance with regards to the gait feature or its interaction with the confounder. 
The AUC for single gait features ranged from 0.63 to 0.69, and the optimized 
sensitivity and specificity ranged from 0.53 to 1.00 and from 0.36 to 0.88, 
respectively. Figure 6-1 presents the receiver operating curves (ROC), separately 
for each protocol.

In the single task, the Walk protocol, the iPD group performed the trial with 
an average duration of 12.6 ± 1.3 s, whereas for the HC the average duration was 
12.4 ± 1.4 s. No significant main effects of features or confounders were found. 
However, for two features, significant interactions with the confounder duration 
were found: SD of angular velocity around the VT axis and harmonic ratio of 
angular velocity around the AP axis. A stronger increase on SD of angular velocity 
with duration was associated with a higher hazard to get diagnosed with PD, 
whereas a decrease on the harmonic ratio of angular velocity with duration was 
associated to a higher hazard.

In the W-Cross protocol, the iPD group performed the trial with an average 
duration of 15.4 ± 1.2 s, whereas for the HC the average duration was 15.4 ± 1.8 s.
In this protocol, a significant main effect was found for the feature harmonic ratio 
of VT acceleration: lower harmonic ratios were associated with a higher hazard to 
get diagnosed with PD. In addition, significant interactions with the confounder 
duration were found for step variability, stride variability and SD of angular velocity 
around the VT axis. Stronger increases on these features with duration were 
associated to a higher risk for the diagnosis of PD.

In the W-Subtract protocol, the iPD group performed the trial with an average 
duration of 14.7 ± 1.9 s, whereas for the HC the average duration was 14.7 ± 1.8 s. 
In this protocol, four significant main effects were found for the features: harmonic 
ratio of VT acceleration, harmonic ratio of angular velocity around the VT axis, 
harmonic ratio of ML acceleration and index of harmonicity from angular velocity 
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around the ML axis. Lower harmonic ratios and higher index of harmonicity 
were individually associated to higher risk for the diagnosis of PD. Moreover, a 
significant interaction with the confounder duration was found for harmonic ratio 
of angular velocity around the AP axis, for which also a stronger decrease on these 
was associated to a higher risk for PD.
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Table 6-2. Results of Cox proportional hazards regression models for incident Parkinson’s disease diagnosis

These include the results for the gait features that reached significance (α = 0.05), either for the predictor gait 
feature or for its interaction with the confounder. The results include the mean ± standard deviation for the incident 
Parkinson’s disease (iPD) and for the healthy control (HC) groups; the p-values corresponding to the three predictors: 
the confounder, gait feature and interaction gait feature * confounder; the β-values and standard errors (SE) for the 
three predictors; the AUC, the optimized sensitivity and specificity of the regression model; the selected confounder 
(d: duration or s: gait speed) and the transformations applied on data (log for logarithmic transformations or cubic for 
cubic transformations). Colour coding: an increase (green) or a decrease (red) on features or on their interactions with 
confounders were associated to a higher hazard to get diagnosed with PD. Abbreviations: SD, standard deviation; VT, 
vertical acceleration; ML, medio-lateral acceleration; AP, anterior-posterior acceleration; Walk, single task walking 
in circles; W-Mark, walking in circles while marking-crosses in the paper sheet; W-Subtract, walking in circles while 
subtracting serial 7 digits.
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Figure 6-1. Receiver operating curves (ROC) for all Cox regression models

Models are presented for all gait features that reached significance (α = 0.05) in the Cox regression 
models, either for the predictor gait feature or for its interaction with the confounder. In the y-axis: True 
positive rate, in the x-axis: False positive rate.

c)

a) ROC for gait features obtained under Walk protocol 

b) ROC for gait feature obtained under W-Mark protocol 

c) ROC for gait features obtained under W-Subtract protocol
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We have identified associations between the time from baseline measurement 
to PD diagnosis, for eleven gait features in single and double task circular gait from 
data obtained with a single BFS located on the lower back. These associations might 
potentially reflect prodromal motor impairments of PD. The majority of significant 
associations were related to harmonic ratios. In all protocols, low harmonic ratios 
were associated with larger hazard of being diagnosed with PD. This is consistent 
with a faster decline of harmonic ratios over 5 years in early stages of PD in circular 
gait assessments, and significantly lower values in patients at middle stages of PD, 
compared to matched healthy controls.169 Also, these harmonic ratios obtained from 
circular gait have been shown to be associated with UPDRS scores.169 Together with 
previous observations,173, 174 this might indicate that pace-associated impairments 
in walking while turning could be manifested even in prodromal PD, and can be 
detected from harmonic ratios.

Other features associated to the time-to-diagnosis were step and stride variability 
from the W-Mark protocol. High gait variability in combination with high gait 
speed assessed from this challenging “cognitive-motor-motor” task was associated 
with a larger hazard to get diagnosed with PD. The interaction with speed is likely 
explained by the fact that gait variability tends to decrease with speed in healthy 
gait,4, 23, 66 consequently high variability is an indication of impaired gait when 
observed at high gait speed. This finding is consistent with previous studies in 
which stride-time variability has been reported as a highly sensitive marker of 
inconsistent and unstable gait, especially under challenging conditions.105, 116 Walking 
in circles combines complex cognitive-motor control to coordinate the body, orient 
gaze to the trajectory and maintain dynamic stability.52, 177, 193 The combination 
of this with a simultaneous visual-motor task, which compromises the focus of 
visual information26 and requires the execution of a second motor task (marking 
crosses), might have sacrificed the control of step and stride fluctuations.89 Our 
results, although based on a different dual-tasking condition, support the findings 
of a previous study,200 in which a population at risk for developing PD (carriers of 
a genetic mutation on leucine-rich repeat kinase 2) also presented higher stride 
variability than matched HCs. This earlier study also showed predictive value of the 
peak power of VT acceleration, which reflects increased gait variability in incident 
PD. This variable was not found to be a significant predictor in the present study, 
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however it approached significance in the W-Subtract protocol (p = 0.068). Thus, 
the subtle gait deficits already observed in this population may have reflected an 
early prodromal motor symptom.

In subjects with longer duration of trial, the hazard for the diagnosis of PD 
increased with SD of angular velocities (in Walk and W-Mark protocols). Higher 
SD of signals reflect a higher movement intensity194 and thus would be expected to 
occur at higher speed. Consequently, high SDs in turning combined with low speed 
(long duration) may be indicative of impaired control.

The results indicate that while trial duration, inversely reflecting gait speed, 
was not associated with the risk of being diagnosed with PD, subtle deficits in 
turning while walking might reveal early preclinical motor alterations. These changes 
could reflect subtle alterations to the motor control neural networks.200 Particularly, 
subtle neural changes in prodromal PD seem to affect symmetry, variability and 
rhythmicity39, 103, 314 rather than gait speed (associated with aging216) under dual-
tasking conditions.104 This argues for a potential central involvement of the basal 
ganglia in mechanisms of the “fluidity” and sequencing of movements.105 The results 
motivate the use of instrumented (e.g., with BFS) protocols. These can provide a 
battery of gait features sensitive to, and potentially relatively specific for particular 
signs of PD (different from aging-related and other neurological symptoms157).

Overall, as for our previous study on progression of PD,168 the findings from dual-
tasking protocols were largely in line with the findings from the single Walk test over 
a circular trajectory. In our previous study, the assessment of dual-tasking did not 
provide consistent additional information (relative to single Walk task) regarding 
progression of PD. In contrast, in the current study, the assessment of dual-tasking 
protocols provided a larger number of associations with time-to-diagnosis of PD. 
While variability-associated features were only found significant for W-Mark; under 
W-Subtract, most of the significant associations were found for harmonic ratios.

Despite significant associations with incident PD, the sensitivity and specificity 
of the proposed features were too low to allow identification of prodromal motor 
impairments on an individual basis. This is reflected by low AUC values for all features 
and protocols. Among the selected features, the harmonic ratio of medio-lateral 
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acceleration (from W-Subtract) presented the best trade-off between sensitivity 
(0.733) and specificity (0.711) and the highest AUC (0.694). The low number of 
incident cases did not allow testing whether multivariate models combining multiple 
gait features could improve sensitivity and specificity.

Most of the iPD cases (10 out of 15) were diagnosed with PD more than 4 years after 
the baseline assessment. Thus, the time of assessments corresponds to a preclinical 
phase during which motor symptoms during turning / walking in circles may have 
been too subtle217 or not yet developed.17 Therefore, in some cases, the baseline of 
assessments might correspond to a “too early” preclinical phase, earlier than the onset 
of prodromal motor symptoms.

Low sensitivity may also result from effective compensatory mechanisms 
in iPDs that could have preserved physiological motor functioning in early 
neurodegeneration stages,234 masking prodromal motor deficits of PD.165 In addition, 
the prodromal motor impairments of PD could be similar to motor patterns of 
neurologically intact elderly,252 challenging their recognition and reducing specificity 
of the parameters. For instance, rigidity or balance impairments could also occur in 
other diseases different from PD.257 Still, the properties of the parameters discussed 
here motivate, in our view, to further investigate the potential of this task and 
analytical approach to research on prodromal PD.172 Moreover, the functional 
relevance of the circular gait features identified as prodromal markers is underscored 
by the fact that such features are associated with fall risk in healthy elderly.67, 296

Conclusions

To our knowledge, this is the first study to quantitatively assess turning / circular 
walking deficits in relation to incident PD,114 complementing studies on non-motor 
preclinical symptoms of PD as part of the TREND study.70, 158-160, 327 Further research 
in larger cohorts and using repeated and multifactorial assessments, including non-
motor symptoms,20, 114, 172 may help to identify prodromal changes and predict PD. 
Combined, such studies could lead to the definition of standards for scanning of 
individuals, and might help identifying the intervals to apply therapeutic strategies 
targeting potentially salvageable neurons.252 Our results indicate that quantitative 
assessment of walking while turning impairments should be part of such an approach.
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Table 6-A. Time in years for each individual subject of the iPD cohort (incident PD) from the start 
of the follow-up until their diagnose

Participant number 11 was removed from the final analysis, in view of the extremely long duration of 
the trial (approximately double of the average of the iPD group) in this iPD individual.
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"Time is the
best author. 
It always writes 
the perfect 
ending"
–  C H A R L I E  C H A P L I N ,  L I M E L I G H T
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The aim of this thesis was to develop quantitative, reasonably priced and clinically 
applicable methods to provide markers of PD: clinical markers (to differentiate 
pathological from healthy patterns and to reflect disease progression) and preclinical 
markers (to identify prodromal impairments). To achieve this aim, the thesis was 
divided in two sections. In the first section (chapters 2 and 3), new methods based 
on trunk accelerometry and angular velocity were proposed to obtain markers of 
PD from the assessment of short straight gait tests. In the second section (chapters 
4, 5 and 6), we analysed and showed the potential of gait features as progression 
and preclinical markers of PD, based on short circular gait assessments.

In this epilogue, the results and conclusions from all the presented studies are 
summarized. In addition, we explain why “time” is considered the “soul of this thesis”. 
Moreover, general limitations of the work presented in this thesis are discussed, 
and the potential of the most relevant gait features as clinical and preclinical 
markers of PD is described based on the findings of chapters 3-6. Subsequently, 
we mention some technical considerations and challenges in the adoption of BFS 
to the clinical management of PD, as well as their potential for real-life assessment. 
Future directions are mentioned, and the final conclusions complete this section.

Epilogue
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Summary of findings 

First section:                                                                                    
methodological aspects of the assessment  
of markers of Parkinson's disease 

Quantitative assessment of gait in patients with PD is an important step in 
addressing motor symptoms and improving clinical management. In this clinical 
context, the assessment of short episodes of gait with BFS is easily implemented.63 

Moreover, spatio-temporal and stability gait features extracted from BFS may add 
value in the study of pathological gait quality103, 127 and may reflect markers of PD.91, 167

A relevant challenge in the assessment of spatio-temporal and stability gait 
parameters using BFS is the accurate and reliable detection of steps. Although 
previous studies have addressed this technical issue, most of the proposed 
algorithms were not adequately applicable to short episodes of gait and/or 
incorrectly identified events.185 Thus, in chapter 2, a novel accelerometry-based 
algorithm for the detection of step durations over short episodes of gait in healthy 
elderly was developed and validated. The algorithm was separately applied to low-
back and heel accelerometry.

The accuracy of the algorithm in step/stride duration detection, respectively, 
was tested by comparison of the outputs of these two methods and the outputs 
from step/stride duration detection using an optoelectronic tracking system. The 
proposed algorithm successfully detected in each case all the steps/strides, without 
false positives and without false negatives. Absolute average errors were lower than 
5% of step duration, which was considered clinically acceptable and within the range 
of lowest errors reported in the literature.21, 288

It must be noted that the proposed algorithm detects the start and end of step 
cycles based on a template-matching method, which requires the selection of a specific 
template (obtained as an average of all step cycles from an individual gait trial). For 
each signal, the start and end of the template is differently defined. Thus, the method 
identifies step cycles that slightly vary between subjects regarding the starting and 
ending point within the cycle. Nevertheless, across subjects, the starting points of the 
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identified cycles approximately correspond to heel-strike events and the periodicity of 
step/stride cycles can be obtained with sufficient accuracy. An accurate segmentation 
of gait episodes in step cycles is important to secure reliable identification of step-
to-step gait information.

The template-matching nature of the algorithm, permitted to separately apply 
the same method to two different accelerometry measurements, i.e., at the low-back 
and heels. As both were successful, our results suggest a large diversity of potential 
applications of the method.

Overall, we can conclude that the algorithm detected step/stride cycles with 
clinically acceptable accuracy, providing opportunities to extract a range of gait 
parameters from short episodes of gait, as performed in the following chapters.

Using the algorithm developed in chapter 2, the extraction of a range of gait 
features (spatio-temporal features, root-mean-squared values of accelerometry 
and angular velocity signals) from short episodes of gait was explored in chapter 3. 
Considering that healthy older adults change their walking strategy as a function 
of the walking distance and short gait assessments are relevant in a clinical context, 
in this study, straight gait trials of only 5 meters length were assessed with a single 
BFS placed on the lower back in 28 patients at early-to-moderate stage of idiopathic 
PD and in 14 age-matched healthy controls. Differences between groups in step-
by-step kinematic features extracted from the BFS were evaluated to understand 
gait impairments in the PD group. Additionally, a discriminant model correctly 
classified a total of 89.5% participants with four kinematic parameters, presenting a 
sensitivity of 95.8% and a specificity of 78.6%. The results indicate that the applied 
method permitted to reasonably recognize idiopathic PD-associated gait from 5-m 
walking assessments.

Particularly, features related to gait initiation and gait deceleration were 
shown altered in patients with PD, and these were even more pronounced when 
studied relative to the individual average step performance. This indicates that the 
segmentation in step cycles of short episodes of gait and the extraction of features 
within these phases, additionally to the extraction of mean features across steps, 
permitted the identification of markers of PD. In the final statistical model, half 
of the predictors was based on RMS values, which indicates that fluctuations of 
acceleration and angular velocity signals are not only appropriate to assess gait 
initiation and gait deceleration in PD, but also, the assessment of these features 
from short episodes of gait are appropriate for the recognition of idiopathic PD-
associated gait.
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Altogether, the results from chapters 2 and 3 motivated further investigation 
on the clinical utility for PD of short episodes of gait assessment with a single BFS. 
Particularly, addressing the quantitative assessment of 5-m walking distances with 
this novel method may contribute to the detection of PD gait impairments in a 
clinical setting and the characterization of markers of the disease. Motivated by these 
findings, more advanced analyses, based on gait features assessed from slightly longer 
and more challenging protocols for patients with PD (circular gait), were studied in 
the next chapters to study the evolution of PD over time.

Second section:                                                       
progression and preclinical markers                
of Parkinson’s disease

Considering that the pathological strategies involved in turning are independent 
from linear walking mechanisms (assessed in chapter 3) and given the higher 
susceptibility of neural processes of turning to functional impairment in PD,52 we 
performed assessments of circular gait in chapters 4, 5 and 6, with the aim to identify 
potential trait and progression markers of PD.

Given the current need for well-defined markers of progression in PD79, to support 
the design effective symptomatic treatments as well as putative disease modifying 
agents,276 in chapter 4 we assessed gait features as indicators of progression in different 
stages of PD (25 early and 27 middle stages), by comparing development over time of 
these features with 22 age-matched control participants.

In a 5 years follow-up longitudinal study, we observed, in comparison to control 
participants, progressive lowering of gait speed in early stages of PD, reflecting the 
development of hypokinetic patterns. In parallel, we identified a faster increase of 
cadence, which is considered a typical PD compensatory mechanism to pathological 
hypokinetic movements.205-207 Moreover, faster reduction of harmonic ratios indicated 
a progressive decline of the regulation of gait rhythmicity,194 a motor deficit present not 
only at early stages of PD post-diagnosis, but according to previous literature and to 
the results of chapter 6, also possibly present in preclinical stages of PD.173, 174 Middle 
stages of PD presented a progressive worsening of gait consistency, as reflected in a 
faster decline of stride time variability and stride regularity features relative to control 
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participants. These findings may have been enhanced by the performance of circular 
walking, which challenges the whole-body coordination and the dynamic stability 
control.52 However, we did not directly compare to straight line gait.

Addressing the study of progression in PD is inevitably affected by the 
heterogeneous profile of the disease,84 not only in symptom severity, progression 
rate and clinical profile,235 but also in advancement of the disease and the patient’s 
age at the time of the diagnosis and the stage of the disease.173 Nevertheless, despite 
all these challenges, it is remarkable that we obtained such consistent markers of 
progression in PD for both studied stages: early and middle stages of PD. After 
external validation of their clinical relevance, these progression markers might be 
used to determine intervention efficacy.

Given the loss of automaticity in patients with PD215 challenges the control of gait 
by limiting the availability of cognitive resources in PD to perform a dual task while 
walking.89, 140, 232, 277 Motivated by the results of chapter 4, we therefore expected to obtain 
a larger number of progression markers in PD when an additional task would be added 
to the circular gait task. Therefore, we assessed circular gait in this chapter under dual-
tasking conditions: (1) circular walking while checking boxes on a paper sheet as fast as 
possible and (2) circular walking while performing subtraction of 7 as fast as possible. 
In addition, we aimed to study the added value of dual-tasking assessment over single 
(circular) walking task assessment in the study of PD progression. The study population 
was the same as in Chapter 4.

In contrast to our hypothesis, fewer gait features from dual-task assessments were 
identified as markers of progression in PD when compared to the single circular walking 
task. Moreover, despite some baseline group differences in dual-task interference 
between PD groups and healthy controls, we did not find clear evidence of worsening of 
dual-task interference in patients with PD. Thus, we concluded that dual-tasking did not 
provide added value in the study of PD progression from circular gait assessments over 
a span of 5 years. This indicates that while single-task walking may be sensitive enough 
to the progression of PD, dual-tasking may introduce additional (error) variance to 
the data and may represent complex interactions of cognitive and motor abilities. 
Thus, the burden imposed on patients and clinicians by assessing dual-tasking can be 
avoided when targeting the study of PD progression. However, the results reinforced 
the validity of some of the gait features already identified as progression markers of 
the disease in a single-task circular walking condition.169
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The identification of prodromal markers of PD might lead to a better characterization 
of the disease phases at which potentially salvageable dopaminergic neurons could 
benefit from restorative and neuroprotective therapies.252 Thus, considering the 
potential of gait features extracted from circular gait assessments as progression 
markers of PD post-diagnosis (chapters 4 and 5), we analysed, in chapter 6, the 
sensitivity and specificity of these markers to prodromal symptoms of the disease, 
particularly studying their association with the time to getting diagnosed with PD. We 
prospectively compared circular gait features between 16 subjects that were diagnosed 
with PD within 9 years of follow-up, to a group of 80 control participants that were 
not diagnosed with PD within follow-up.

We found associations between the time from baseline measurement to diagnosis 
of PD and eleven gait features obtained from single and dual-tasking protocols, 
mainly from the latter conditions. These associations could reflect prodromal motor 
symptoms of PD, underscoring their potential as early markers of the disease. The 
majority of significant associations concerned harmonic ratios, which had also been 
identified as markers of progression in early stages of PD post-diagnosis (chapters 4 
and 5). Although dual-tasking might have not added value to the study of progression 
in PD (chapter 5), in this chapter, the assessment of dual-tasking permitted to identify 
more potential indicators of prodromal symptoms of PD than the single circular 
walking task.

The sensitivity and specificity of the proposed gait features were too low to reliably 
identify prodromal PD in individual patients, possibly due to limitations of the 
available data set, with limited data on gait patterns close to time of diagnosis, the 
intra-252 and inter-individual variability of subtle symptoms and onset of manifestation 
of PD symptoms and sub-symptoms114, 240 and the latent presence of compensatory 
mechanisms234 which could have masked prodromal motor deficits of PD.165 In 
spite of these challenges and the long duration between baseline measurements and 
diagnosis, we did identify significant associations of gait features to the hazard of 
being diagnosed with PD.

In this second section of the thesis, we obtained quantitative indicators of motor 
symptoms development in PD: pre and post-diagnosis. All in all, the results from 
chapters 4, 5 and 6 support the quantitative assessment of prodromal and progression 
motor symptoms in PD172 through circular gait analysis with a low-back-mounted BFS.
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Time, the soul of this thesis
Time has sewn all chapters of this thesis. In agreement with the statement of the 

ancient Greek philosopher Aristotle,51 “time was the measure of movement between 
two heel-strike instants”. This quantification of time was developed in chapter 2 
and validated in chapters 2 and 4, and constitutes one of the most basic units of 
measurement in each of the presented studies.

Mario Benedetti expressed the magic behind the relativity of time. For this 
famous Uruguayan man of letters “five minutes are enough to dream a whole life”. 
Whereas for us, in chapter 3, five meters are enough to detect gait impairments 
in patients with PD by assessing a few seconds of their whole life, and particularly 
studying “how relative time is”,126 i.e. comparing durations of initial steps with the 
average step time.

Although the American writer Alice Walker was probably not thinking of PD 
when she wrote “time moves slowly, but passes quickly” in her novel "The Color 
Purple",309 her statement could be applied to the progression of PD, as we proved 
in chapter 4. In this chapter, we quantified quick changes in the walking patterns 
of patients with PD as time passes. It is not only that “time moves slowly”, but 
also patients with PD tend to move slower with time. When patients perform 
dual-tasking, as analysed in chapter 5, the progression of the disease is similarly 
reflected in their walking patterns. Thus, the assessment of a single walking task or 
“keeping everything from happening at once, with time” (Ray Cumming, "The Girl 
in the Golden Atom")53 might be sufficient to study “time in Parkinson’s disease”.

Following the advice of Marie Von Ebner-Eschenbach (from her novel 
"Aphorismus")72, in chapter 6 we aimed the identification of preclinical parameters 
of PD, potentially leading to the detection of “the time in which one could” before 
“the time in which one can has passed”.
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General limitations
In this section, we discuss several general limitations of this thesis and we 

identify directions for future research:

1.  It must be acknowledged that the robustness of the findings presented in this 
thesis needs to be evaluated. Considering the importance of replication of 
findings in scientific research,44 future effort might be invested in addressing 
this important issue. All gait features were extracted from accelerometry, and 
in some cases also from angular velocity signals, after performing several pre-
processing transformations such as sensor vertical-alignment correction and 
step cycles segmentation. Particularly, the vertical-alignment correction depends 
on the movements of the sensors in the static phase pre-gait assessment, which 
might be affected by noise and high-frequency movements. In addition, the 
step-segmentation of signals is limited by the sampling frequency of the BFS 
used and is subject to a certain inaccuracy (as evaluated in chapters 2, 3 and 4), 
which affects the calculation of the gait features based on this segmentation (e.g. 
step time asymmetry, median step duration, stride time variability, etc.).

It also must be acknowledged that the lack of optoelectronic motion trackers 
in the clinical context, where data for chapters 3 to 6 were collected, did limit 
the validation of the step-segmentation algorithm in patients with PD. Even 
though the algorithm was validated in chapter 2 with such reference data, the 
sample in chapter 2 (healthy old adults) did not include patients with PD. For 
patients with PD, we used heel accelerometry to compare estimates extracted 
from these signals to estimates from low-back accelerometry, obtaining adequate 
results. Thus, although the equipment was not optimal, we did assess the accuracy 
of the algorithm on patients with PD as good as was possible in a clinical context.

2.  All gait features presented in each of the chapters were extracted from data which 
were corrected for static sensor misalignment (vertical misalignment), i.e., for 
the effect of gravity.201 However, we did not correct potential misalignment in 
the horizontal/transverse plane, since methods proposed in the literature244 
assumed symmetrical gait patterns and this assumption is not valid for circular 
gait (chapters 4, 5 and 6), nor for data obtained from patients with PD, who 
often present a pathological asymmetric gait pattern.131, 132 However, since 
the assessments were performed under clinical supervision (controlling for 
sensor placement), we believe that the current correction was acceptable for 
the purposes of the presented studies.
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3.  The generalization of our findings was limited by the chosen data sample, 
which was for most of the studies quite small. This potentially reduced the 
representativeness of the study population and therefore could be considered the 
main limitation of this thesis. Particularly, the limited data set may have limited 
the statistical power, leading to type II errors. As a consequence, we may have 
missed progression markers in PD (chapters 4 and 5) and prodromal motor 
symptoms in PD (chapter 6). However, although the validity and reliability of 
our findings needs to be tested in a lager data set, the explorative nature of these 
studies justifies the small samples used in this thesis.

4. Considering that cognition plays a dominant role in gait preservation under 
pathological degradation of gait automaticity,165 we avoided the potential 
confounding effect of cognitive function on the study of motor symptoms in 
PD by excluding patients with PD and an overall cognitive impairment. 
Thus, our findings remain limited to patients with relatively preserved cognitive 
function. Understanding the role of cognition during gait could be the focus of 
future work.

5.  As previously mentioned, the protocols followed in each of the studies of this 
thesis were based on short gait tests. Short episodes of gait lack a steady-state 
phase and present a limited number of cycles. As a consequence, the precision 
and reliability of clinically valuable kinematic parameters such as gait variability39, 
gait symmetry331, gait smoothness129 and local dynamic stability45 are limited 
when estimated from such data.37 However, the assessment of short episodes 
of gait has several clinical advantages, mainly based on their easy and fast 
clinical implementation, which often allows limited time and space. Moreover, 
the performance of a simple, easy and short test limits the burden on patients, 
compared to longer tests.22 Thus, although the decision of performing short tests 
might be seen as a technical limitation in terms of the precision and reliability 
of features that can be extracted, their assessment provides clinical value that 
differs from information based on long gait assessments210 and enhances their 
applicability in a clinical context.

6.  Short straight gait assessment and circular gait assessment were not directly 
compared, which could be considered a limitation of this thesis. In PD, 
impairments affecting the performance of straight gait may differ from those 
in turning while walking.52 Thus, comparison of these two tasks might have 
additional value in the understanding of gait in PD, with particular focus on 
progression and in dual-tasking. For instance, the step-to-step gait features that 
were found to be affected by PD in chapter 3 may also reflect progression and 
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could have added value to the proposed gait features obtained in chapters 4, 5 and 
6. This, however, remains speculative and should be addressed in future studies. 
Furthermore, since circular gait is more cognitively demanding and more difficult 
to perform from a biomechanical point of view than straight gait,98 confirming 
the lack of added value of dual-tasking over straight walking protocols would 
complement our findings from chapter 5. Furthermore, gait assessments over 
circles of different diameters and Timed Up and Go tests could be studied in the 
future for a better understanding of turning mechanisms in PD.

7.  Angular velocity data were only analysed in chapters 3 and 6. In the longitudinal 
study, described in chapters 4 and 5, different gyroscopes were used over time. 
Therefore, data extracted from angular velocity signals could not be used to assess 
progression in PD. Additional gait features extracted from triaxial gyroscopes 
could be analysed in future studies on progression in PD. However, it remains to 
be evaluated to what extent features derived from linear accelerations and from 
angular velocities provide independent information.

8. Studies on progression and prodromal symptoms in PD were done in separate 
cohorts, while these could be seen as a continuum. The data used in chapter 6 
on prodromal symptoms was based on the baseline assessments performed in 
the TREND study. The original data set included a follow-up of assessments 12 
months after diagnosis. However, the follow-up measurements of circular gait 
were unfortunately performed under different conditions, in a different clinical 
setting, performed by different researchers and with different instructions. Thus, 
analysis of preclinical progression in PD was not possible27 with the follow-up 
assessments of circular gait within the TREND study.

Clinical and preclinical markers   
of Parkinson's disease

Gait assessment is emerging as source of meaningful information of incipient 
neurodegenerative pathology, disease progression and intervention efficacy.165 

Particular outcomes derived from gait assessment must be carefully selected and 
interpreted according to the research question / clinical aim and the pathology.165 

Thus, in this thesis we identified different (although related) gait features for each 
of the research questions presented in chapters 3 - 6. The most relevant gait features 
are discussed in this section.
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•   Features based on the root-mean-square (RMS) of BFS signals reflect gait intensity. 
These discriminated pathological gait patterns of low intensity in middle stages 
(chapter 4) and early-to-moderate stages of PD (chapter 3) from healthy control 
(HC) patterns. In addition, they showed a progressive reduction in middle stages 
under dual-tasking conditions (chapter 5). Moreover, higher values of RMS were 
associated with the risk of getting diagnosed with PD (chapter 6). However, 
the direction of the associations found may depend on several factors: a) over-
correction of gait speed confounding effects might lead to the observation of a 
low movement intensity in PD (chapters 4 and 5); b) the phase at which these 
features are assessed, e.g. starting phases of a gait episode, may be characterized by 
low intensity movement in PD due to impaired movement initiation (chapter 3), 
whereas values from later phases may show high movement intensity; c) the dual 
nature of motor symptoms in PD: low values could be associated with hypokinetic 
movements (at middle stages of PD), whereas high values could reflect erratic 
movements (at early stages of the disease).

•   Low values of harmonic ratios reflect asymmetric,19, 226 arhythmical173, 174 and 
unstable gait.67 These features, calculated from accelerometry, reflected impaired 
gait patterns in early and middle stages of PD under circular gait single task walking 
(chapter 4) and dual-tasking (chapter 5) conditions. However, only under single 
tasking, triaxial harmonic ratios were identified as progression markers in early 
stages of PD. Moreover, lower values of harmonic ratios from both accelerometry 
and angular velocities in circular gait were associated with higher risk of getting 
diagnosed with PD (chapter 6), both under single walking and dual-tasking 
conditions. From the results of this thesis, we can argue that harmonic ratios 
may be the best preclinical and progression markers of PD, and as concluded in 
chapter 6, could indeed underscore motor deficits in all stages of PD. Harmonic 
ratios have been described in the literature as sensitive and versatile measures 
of gait stability,127 differentiating PD patterns from controls,167, 260 PD freezers 
from non-freezers,312 PD fallers from non-fallers153, 313 and characterizing patients 
with different PD dominant symptoms (postural-impaired-gait vs tremor).118 
Moreover, this feature could be sensitive to intervention effects, for instance to 
different methods of cueing.118, 166 However, the interpretation of this feature is 
not as straightforward as for spatio-temporal features and its abstractness may 
hamper its clinical acceptance. Nevertheless, considering the value of this feature 
as reported in the literature and shown in this thesis, we support the consideration 
of harmonic ratios from circular gait assessments as preclinical and progression 
markers of PD.
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•   Stride time variability was identified as a progression marker in middle stages 
of PD under circular gait single walking (chapter 4) and dual-tasking (chapter 
5) conditions. In both studies, an increase with time on stride time variability 
reflected PD progression. Moreover, under dual-tasking in circular gait, a higher 
value of this feature was associated with higher risk of developing PD (chapter 6). 
The potential value of this feature for identification of prodromal stages of PD had 
already been addressed in an “at-risk” population.200 However, the reliability of this 
feature from short episodes of gait is not well established;165 some studies recommend 
a minimum of 15 strides for a reliable outcome,165 whereas others showed a fair-to-
good reliability of this feature from the double assessment of 4-m walking bouts, 
which include approximately 10 to 12 steps.35 All these studies were based on straight 
walking episodes, thereby, the reliability of circular gait assessments remains to 
be confirmed. Nevertheless, the popularity of this feature for characterizing gait 
patterns in PD127 and the results of this thesis underline the value of stride time 
variability as a potential clinical marker of PD (to differentiate pathological from 
healthy patterns and as a progression markers in middle-stage PD).

•   Stride regularity features obtained from the auto-correlation signals of AP 
accelerometry were also found to be progression markers in middle stages of 
PD and presented differences between patients at early-stage PD and healthy 
controls, both in single (chapter 4) and dual-tasking (chapter 5). In both studies, 
a reduction with time on stride regularity reflected PD progression. In addition, 
although stride regularity obtained from VT accelerometry was excluded in chapter 
6 due to redundancy/correlation with other gait features, this feature approached 
significance (p = 0.052) in the Cox regression model when assessed under single 
walking condition, which highlights the association of reduced values on stride 
regularity with higher risk of getting diagnosed with PD. Nevertheless, the over-
correction effect of gait speed over stride regularity when obtained from VT 
accelerometry and assessed longitudinally in middle stages PD (chapters 4 and 
5), suggests that its sensitivity to gait speed might be carefully considered for 
its analysis and interpretation. Stride regularity features obtained from auto-
correlation signals of accelerometry have also often been used successfully in 
previous studies with diverse research goals: differentiating clinical profiles of 
PD (postural-impaired-gait vs tremor)118, freezers vs non-freezers312, fallers vs 
non-fallers,313 etc. Thus, we encourage the analysis of this feature, mainly when 
obtained from AP accelerometry, to identify clinical markers of PD (to differentiate 
pathological from healthy patterns and to reflect disease progression), although 
with careful interpretation after gait speed correction.
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•   In this thesis we identified several spatiotemporal gait features as clinical 
markers of early (duration of trial), middle (duration of trial, number of steps 
and asymmetry in step duration) and early-to-moderate (range of velocity in the 
pre-last step, relative displacement at start with respect mean across steps, duration 
of the middle step) stages of PD, whereas only longer duration and larger number 
of steps were identified as progression markers in early stages of PD. The use of 
spatio-temporal gait features is wide-spread in the study of PD,6, 7, 61, 91, 324, 326, 331 likely 
due to their straight forward interpretation and proven reliability and validity for 
assessment of neurodegenerative profiles.29, 163, 165 However, spatio-temporal gait 
features are subject to pre-processing calculation errors148, 182, 185 and they may 
not discern the nature of underlying pathology.165 This may explain why none of 
the spatio-temporal features of chapter 6 were shown associated with the risk of 
getting diagnosed with PD. Thus, although we acknowledge the clinical relevance 
of reporting spatio-temporal gait features for the study of motor symptoms in 
PD, the results of this thesis reflect a lack of validity of these features as clinical 
markers of the disease (particularly as progression markers of middle stage PD), 
at least based on the chosen protocols.

•   It must be noted that although gait speed is a useful indicator of global 
performance, sensitive to a range of interventions and widely chosen as the 
primary clinical outcome in gait rehabilitation trials, the assessment of BFS-based 
features as the ones discussed in this section might add value over gait speed in 
the characterization of PD165 and thereby might support the identification of 
clinical and preclinical markers of the disease. On the other hand, considering 
that gait speed influences the biomechanics of gait, it is relevant to account for the 
confounding effect of gait speed/duration in the analysis of gait speed-sensitive 
features,127 but with careful consideration for those features with a lower sensitivity 
to gait changes than gait speed. In this thesis, we explored and interpreted the 
potential of individual features as markers of PD. However, understanding their 
biomechanical meaning, as well as the relationship between changes of these gait 
features and the underlying pathological impairments, or the neural structural 
modifications associated to PD, require further research. Applying a principal 
component analysis to cluster variables according to their covariance208 could 
provide a starting point to understand the relationship among features, which 
could be the focus of future research.
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Clinical implications

Despite the advantages of using BFS as a quantitative, objective, easy-to-use and 
reliable instrument to assess PD-associated gait in a scientific context, the use of 
BFS in health care has not yet been established,279 possibly because research output 
based on BFS does not totally fulfil clinical aims and still requires validation.188, 279 
For instance, research output in PD does not yet contribute to a timely diagnosis, nor 
to effective therapeutic decision-making, neither does it provide adequate individual 
information regarding treatment responses.188 The gait features used in this thesis 
were evaluated at a group level and thereby the usability of each of the proposed gait 
features at an individual level still remains to be investigated. Nevertheless, this thesis 
provides a step further towards the identification of quantitative information about 
gait symptoms in PD, addressing some of the most relevant clinical aims in PD172, 173 
and supports the use of BFS in a PD-health care context.

The clinical acceptation of technology-based measures requires their validation 
with clinical scores.79 We observed an adequate matching between most of the proposed 
gait features in chapter 4 and clinical scores focused on motor symptoms of PD, which 
indicates the validity of these gait features for a clinical context. However, we argue 
that guidelines of clinical assessment should focus on validated, quantitative, reliable, 
reproducible, feasible and objective measures rather than subjective information.79

The adoption of technology-based tools in a PD-health care context is dependent 
on several factors: time and space requirements for assessment, cost, usability, subject 
compliance, the purpose of monitoring, etc.188 Thus, the number of sensors, as well as 
the complexity of protocols needs to be optimized. In this thesis, we assessed short gait 
protocols with a minimum number of sensors (only one), to enhance, based on our 
findings, the use of BFS in a PD-clinical context. Based on the results of chapters 5 and 
6, we do not recommend the inclusion of dual-tasking protocols for the monitoring of 
progression in PD, but we do recommend it for the identification of prodromal motor 
symptoms to challenge potential compensatory mechanisms.172

The heterogeneity of symptoms, their frequency and onset of manifestation 
are challenges in the study and characterization of PD.78, 84 These often vary among 
clinical profiles of PD295 and could depend on the age at diagnosis and the stage of 
the disease.173, 175 Moreover, some of the subtle motor deficits in early stages of PD, 
such as walking impairments, tremor or bradykinesia, are fairly typical also for healthy 
elderly,157, 176 hampering the differential diagnosis of PD at advanced ages.216 In addition, 
idiopathic Parkinson’s disease is often confused with Parkinson-plus syndromes 
(dementia with Lewy bodies, multiple system atrophy, progressive supranuclear palsy 
and corticobasal degeneration), vascular parkinsonism, drug-induced parkinsonism, 
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dopa-responsive dystonia, normal pressure hydrocephalus and essential tremor due to 
the presence of similar clinical sings.157 In such a scenario, the longitudinal assessment 
of a spectrum (as comprehensive as possible) of motor patterns with BFS may add 
value in the objective characterization of PD symptoms, targeting several clinical aims. 
For instance, this information might help to study onset of symptomatic manifestation 
in PD patients at different ages and to discern between particular symptoms of PD 
and specific symptoms of similar diseases, leading to a better and timely differential 
diagnosis of all clinical profiles.165 For that, protocols and longitudinal studies must be 
standardized and harmonized among several centres/research networks27, 165 to establish 
reliability, responsiveness and validity for confident use of BFS-derived features as a 
robust measure.79, 188 Altogether, the use of BFS might play a relevant role in clinical 
practice, creating substantial value for public health.

It has been demonstrated that in-lab or in-clinical setting, patients with PD do not 
present with the whole range of phenotypic features that characterize their pathology.216 
Moreover, the assessment of motor symptoms under a supervised setting might be 
confounded by a heightened attention/awareness of the patient to the instructions 
and by the instruction itself.286 Due to the low-energy consumption, low-cost and easy 
usability of BFS, there is an increasing scientific and clinical interest in their application 
for the monitoring of (wild) daily-life physical activity in patients with PD.60, 248, 313, 314 
Daily-life monitoring of physical activity in PD permits to identify a larger spectrum of 
free-living motor symptoms, including those which vary over the day and are not always 
shown in a supervised context, for instance freezing-of-gait associated with wearing 
off of medication, drug-induced dyskinesia248 or ON/OFF deep-brain-stimulation 
effects.102 In addition, non-motor impairments, e.g. sleeping disorders and autonomic 
dysfunction170 can be assessed with BFS under free-living conditions, together with 
measures related to the patient’s quality of life such as physical activity.1 Altogether, 
this indicates that the additional use of BFS in a free-living condition could add value 
not only in the identification of markers of PD, but also in decision-making on an 
ecologically effective therapy and in individual treatment response monitoring.79 Hence, 
future work should explore these protocols and study their clinical value.

Considering that access to neurological care around the world, especially in 
developing countries,10 is scarce and its supply and distribution are unlikely to match 
current and increasing demand,68 the use of tele-neurology by means of inexpensive, 
easily-deployable and accessible technology (such as smartphones, which often 
integrate BFS) provides new healthcare options, which needs to be developed and 
adopted to provide neurological care to anyone, anywhere.69
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Conclusions
This thesis provides scientific answers at the interface between signal processing, 

biomechanics and neurology, presenting the development of an affordable, easily-
deployable and useful method for the assessment of PD. From the work presented 
in the current thesis, we conclude that the identification of markers of PD by 
assessment of gait patterns with a single BFS is possible. Enhancing sensitivity of 
the appointed markers to allow individual medical use should be prioritized to 
motivate using this technology into the clinics. For instance, this would encourage 
its adoption to optimize the management of PD, to not only support the diagnosis, 
but also to improve patient-doctor interaction, to adequately regulate and follow-up 
the effect and evolution of corrective therapies (medication, deep-brain-stimulation, 
rehabilitation etc.) and ultimately ameliorate patients’ overall health status, i.e. 
improving their “time in Parkinson’s disease”.
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De ziekte van Parkinson (PD) is een niet-overdraagbare, chronische en 
neurodegeneratieve stoornis. Het is ná de ziekte van Alzheimer de meest voorkomende 
neurodegeneratieve stoornis. De geschatte prevalentie van PD in geïndustrialiseerd 
landen is 0.3% van de totale bevolking, 1.0% van de bevolking ouder dan 60 jaar en 
3.0% van de bevolking van 80 jaar of ouder. De prevalentie van PD stijgt dus sterk 
met de leeftijd. Dit, in combinatie met een globale stijging van de levensverwachting, 
suggereert dat rond 2030 twee keer zoveel mensen PD zullen hebben (rond 9 miljoen) 
dan in 2005 (rond 4.3 miljoen). Samen met de sociaal-emotionele achteruitgang van 
de patiënt en de hoge kosten per patiënt (variërend tussen 2.600 en 19.000€ per jaar 
en per patiënt) heeft dit grote implicaties voor de volksgezondheid, hetgeen resulteert 
in een groeiende belasting op het gezondheidszorgsysteem. 

Bij PD treedt een verlies aan dopaminerge neuronen in de substantia nigra van het 
brein op en dit vermindert de afgifte van dopamine in het striatum (basale ganglia). 
Dit kan stijfheid en tremoren veroorzaken, alsmede verstoring van de houding 
en het looppatroon (de belangrijkste motorische symptomen bij PD). Bovendien 
veroorzaakt de pathologie een breed spectrum aan symptomen die niet aan bewegen 
gerelateerd zijn, zoals verstoringen van het autonome zenuwstelsel, aantasting van 
de zintuigen en neuropsychiatrische symptomen. De combinatie van motorische 
en niet-motorische PD symptomen, hun hevigheid en variabiliteit, veroorzaken 
significante functionele beperkingen, die leiden tot een verlies aan zelfstandigheid 
en tot een verminderde kwaliteit van leven en emotioneel welbevinden. Dit neemt 
toe naarmate de ziekte vordert en vormt een aanzienlijke belasting voor de patiënten, 
hun families en de samenleving. 

Op dit moment is PD niet te genezen en is de behandeling vooral gericht 
op symptoombestrijding. Het moment van de eerste klinische vaststelling van 
motorische symptomen komt overeen met een verlies van ongeveer 30% van het 
totaal aantal neuronen in de substantia nigra, 50-60% van hun terminale axonen en 
60-80% verlies aan striatale dopamine. Dit duidt op een substantiële preklinische 
pathologie in PD. Neurobeschermende of neuroregulerende therapieën om de 
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pathogenese te vertragen of te voorkomen, of zelfs de onderliggende pathologische 
neurodegeneratie van PD tegen te gaan, zijn nog niet beschikbaar, hoewel er wel 
steeds meer bewijs is voor potentiële therapeutische strategieën die de voortgang 
van de ziekte kunnen vertragen. In deze context biedt betrouwbare en accurate 
identificatie van de preklinische (prodromale) fases van PD een mogelijk tijdvak 
waarin dopaminerge neuronen die mogelijk te redden zijn, kunnen profiteren van 
herstellende en neurobeschermende therapieën. Dit zou kunnen leiden tot een 
klinisch betekenisvolle verbetering in de kwaliteit van leven van de patiënt met 
potentiële positieve gevolgen voor de socio-economische gevolgen. Bovendien kan 
vroege en precieze herkenning van de ziekte van waarde zijn voor het herkennen 
van populaties met een hoog risico, wat essentieel is om de oorsprong van PD beter 
te begrijpen en dus om, waar mogelijk, de risicofactoren te beïnvloeden. 

Het begrijpen en beoordelen van de symptomatische ontwikkeling van PD, evenals 
als het identificeren van de progressie van PD over korte en lange tijdsintervallen 
gedurende het verloop van de ziekte, is noodzakelijk om effectieve behandelingen 
te ontwikkelen die symptomen van PD of het onderliggende pathologische proces 
bestrijden. Echter, er bestaan nog geen goede markers waarmee de eigenschappen, 
status en progressie-kenmerken van PD kunnen worden vastgelegd. Vooralsnog 
blijft autopsie de gouden standaard voor de diagnose van PD. Vanwege het gebrek 
aan goede markers is de klinische diagnose van PD gedurende het leven gebaseerd 
op de anamnese van de patiënt, op dagboeken en op neurologisch onderzoek in het 
ziekenhuis, om de belangrijkste motorische symptomen van de ziekte (zie boven) te 
herkennen. Deze beoordelingen zijn erg subjectief en weinig accuraat , wat zou kunnen 
leiden tot miscommunicatie onder clinici , tot een verkeerde vaststelling van klinische 
behoeften van de patiënt, tot een inadequate beoordeling van behandeleffecten en tot 
een afwezige, late, of zélfs een incorrecte diagnose van PD. Dit leidt tot een dringende 
behoefte aan de ontwikkeling van objectieve, betaalbare, betrouwbare, correcte en 
makkelijk te gebruiken methoden om de eigenschappen, de status en de progressie-
kenmerken over de ziekte vast te leggen. 

In deze context bieden ‘body-fixed’ sensoren (BFS, sensoren die op het lichaam 
worden aangebracht en die meestal accelerometers en gyroscopen bevatten) de 
mogelijkheid om bewegingspatronen te herkennen, en daarmee de objectiviteit, 
sensitiviteit en betrouwbaarheid van neurologische evaluaties te verbeteren. Deze 
sensoren zijn klein, licht, goedkoop, mobiel, en makkelijk te gebruiken. Het lage 
stroomverbruik en het feit dat ze de eenvoudig te dragen zijn, maakt het mogelijk om 
deze sensoren ambulant te gebruiken om bewegingssymptomen van PD vast te stellen. 

Het doel van dit proefschrift was om, met gebruik van BFS, kwantitatieve, 
betaalbare, klinisch toepasbare methoden te ontwikkelen om markers van PD te 
vinden: klinische markers (om te kunnen differentiëren tussen pathologische en 
gezonde bewegingspatronen en om de progressie van de ziekte weer te kunnen 
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geven), en preklinische markers (om ziekteverschijnselen voorafgaand aan de 
diagnose van PD te kunnen identificeren). 

In het eerste deel (hoofdstukken 2 en 3) worden nieuwe methoden ontwikkeld 
op basis van rompversnellometrie en hoeksnelheid om de klinische markers van PD 
te identificeren, uit de beoordeling van het lopen van korte afstanden.

In hoofdstuk 2 wordt een nieuw, op accelerometrie gebaseerd, algoritme 
ontwikkeld en gevalideerd, voor de detectie van de duur van stappen tijdens 
het lopen van korte afstanden. Dit werd separaat toegepast op accelerometrie 
gemeten op de lage rug en op de hielen. Het algoritme kon alle stappen en schreden 
detecteren, met een klinisch acceptabele nauwkeurigheid (met een fout van minder 
dan 5% van de stap duur). Dit biedt de mogelijkheid om een aantal gangbeeld 
parameters te bepalen tijdens het lopen van korte afstanden. Daarom werd, gebruik 
makend van het in hoofdstuk 2 ontwikkelde algoritme, in hoofdstuk 3 een aantal 
gangbeeld parameters (spatio-temporele parameters en RMS (root-mean square) 
parameters van accelerometer en gyroscoop signalen) bepaald tijdens het lopen 
van korte afstanden. In dit hoofdstuk werden, met een op de lage rug geplaatste 
BFS, looppatronen beoordeeld bij het rechtuitlopen van een afstand van slechts 5 
meter. Dit werd gedaan bij twee groepen: patiënten in een vroeg of matig ontwikkeld 
stadium van PD en gezonde personen van dezelfde leeftijd, geslacht, hoogte en 
gewicht. Verschillen tussen de groepen werden beoordeeld met stap-voor-stap 
bepaalde kinematische parameters, met als doel om veranderde looppatronen bij PD 
te begrijpen. Een discriminant model, gebaseerd op vier kinematische parameters, 
bleek 89.5% van de deelnemers correct te kunnen herkennen, met een sensitiviteit 
van 95.8% en een specificiteit van 78.6%. Deze resultaten lieten zien dat met de 
toegepaste methode looppatronen, die geassocieerd worden met PD, redelijk goed 
herkend kunnen worden. Bij elkaar motiveerden de resultaten van hoofdstuk 2 en 
3 verder onderzoek naar de klinische bruikbaarheid voor PD van het beoordelen 
van korte loopafstanden met een enkele BFS.

Vanwege het feit dat pathologische strategieën die betrokken zijn bij draaien, 
onafhankelijk zijn van strategieën die betrokken zijn bij rechtuit lopen, en vanwege 
de sterkere gevoeligheid voor functionele veranderingen van neurale processen 
die betrokken zijn bij draaien in vergelijking met rechtuit lopen, hebben we in 
het tweede deel van dit proefschrift (hoofdstuk 4, 5 en 6) het lopen van rondjes 
onderzocht, met als doel om markers voor progressie en voor eigenschappen van 
PD te identificeren.

In hoofdstuk 4 hebben we loop parameters als indicatoren van progressie in 
verschillende stadia (vroeg en midden) van PD onderzocht, door de ontwikkeling 
van deze parameters, gemeten gedurende een periode van 5 jaar, te vergelijken 
met een controlegroep. Bij de groep met een vroeg stadium van PD vonden we, in 
vergelijking met de controlegroep, een progressieve afname van de loopsnelheid, 
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wat de ontwikkeling van een hypokinetisch patroon laat zien. Tegelijk vonden 
we een snellere toename van de stapfrequentie, wat gezien wordt als een PD 
gerelateerd mechanisme om pathologische hypokinetische bewegingspatronen 
te compenseren. Bovendien vonden we een snellere afname van harmonische 
ratio’s, wat een indicatie is voor progressieve achteruitgang van de regeling van het 
loopritme. Deze motorische afwijking is niet alleen aanwezig in een vroeg stadium 
van gediagnosticeerde PD, maar volgens eerdere literatuur en de resultaten van 
hoofdstuk 6 mogelijk ook al in een preklinisch stadium van PD. Patiënten met een 
midden stadium van PD lieten een progressieve afname zien van de consistentie van 
het looppatroon, wat zich uitte in een versnelde verslechtering van de variabiliteit 
van schrede tijd en schrede regelmaat.

Gemotiveerd door deze resultaten, en vanwege het feit dat bekend is dat verlies 
van automatisme bij PD de controle van lopen moeilijker maakt doordat minder 
cognitieve capaciteit beschikbaar is voor het uitvoeren van een dubbeltaak tijdens 
het lopen, hebben we in hoofdstuk 5 het lopen van rondjes onderzocht met het 
uitvoeren van twee dubbeltaken. Deze taken waren: (1) het lopen van rondjes en 
ondertussen zo snel mogelijk vakjes aankruisen op een vel papier, en (2) het lopen 
van rondjes en ondertussen telkens zo snel mogelijk 7 aftrekken van een getal. Ons 
doel was om te onderzoeken wat de toegevoegde waarde was van het beoordelen 
van de dubbeltaak ten opzichte van het beoordelen van alleen rondjes lopen. In 
tegenstelling tot onze hypothese vonden we bij de dubbeltaak minder progressie-
markers dan bij de enkele taak. Daarom concludeerden we dat dubbeltaken geen 
toegevoegde waarde hebben ten opzichte van alleen het lopen van rondjes, bij het 
bestuderen van PD progressie over een periode van 5 jaar.

In hoofdstuk 6 onderzochten we de sensitiviteit en specificiteit van (met 
hoofdstuk 4 en 5) vergelijkbare gangbeeld parameters voor prodromale symptomen 
van de ziekte, waarbij we specifiek hun associatie met de tijd tot diagnose van PD 
bestudeerden. We vonden een associatie met het tijdverloop tussen de eerste meting 
en de PD diagnose voor elf gangbeeld parameters bij het lopen van rondjes, al dan 
niet met een dubbeltaak. De meeste van deze parameters betroffen de dubbeltaak, en 
waren gerelateerd aan harmonische ratio’s. Deze associaties kunnen een uiting zijn 
van prodromale motorische symptomen van PD, wat hun potentie als vroeg markers 
van de ziekte onderstreept. Echter, de sensitiviteit en specificiteit van de gevonden 
loopparameters was te laag voor een betrouwbare identificatie van prodromale PD in 
individuele patiënten. Mogelijk kwam dit mede door beperkingen in de beschikbare 
dataset, die prodromale motorische afwijkingen gemaskeerd kunnen hebben.

Al met al ondersteunen de resultaten van de hoofdstukken 4, 5 en 6 kwantitatief 
onderzoek naar prodromale en progressie motorische symptomen in PD door 
analyse van het lopen van rondjes met behulp van een op de rug aangebrachte BFS.

Dit proefschrift geeft wetenschappelijke antwoorden op het grensvlak tussen 
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signaalverwerking, biomechanica en neurologie, door het presenteren van de 
ontwikkeling van een betaalbare, eenvoudig bruikbare methode voor het beoordelen 
van patiënten met PD. Op basis van het werk dat in dit proefschrift gepresenteerd 
wordt, concluderen we dat de identificatie van markers van PD bij de beoordeling 
van looppatronen met een enkele BFS mogelijk is. Verbetering van de sensitiviteit 
van de gevonden markers, om individuele medische toepassing mogelijk te maken, 
zou een prioriteit moeten zijn om toepassing in de kliniek mogelijk te maken. 
Dit zou bijvoorbeeld kunnen helpen om de behandeling van patiënten met PD te 
optimaliseren. Dit betreft niet alleen ondersteuning van de diagnose, maar ook 
verbetering van de interactie tussen patiënt en arts, het ontwikkelen en volgen van 
effecten van therapieën (medicatie, diepe stimulatie van de hersenen, revalidatie, 
enz.), en uiteindelijk het verbeteren van de algehele gezondheid van de patiënten, 
oftewel, het verbeteren van hun “tijd in de ziekte van Parkinson”.
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Parkinson (PD) ist eine nicht übertragbare, chronische und neurodegenerative 
Erkrankung, die nach Alzheimer am zweithäufigsten auftritt. Der geschätzte Anteil 
von an PD erkrankten Personen in den westlichen Ländern beträgt 0,3% der 
Gesamtbevölkerung, und 1,0% der Bevölkerung im Alter von über 60 Jahren und 3,0% 
der Bevölkerung von über 80 Jahren. Die Prävalenz von PD nimmt mit zunehmendem 
Alter zu, was zusammen mit einer weltweit steigenden Lebenserwartung darauf 
hindeutet, dass bis 2030 doppelt so viele Menschen (ca. 9 Mio.) von PD betroffen 
sein werden wie 2005 (ca. 4,3 Mio.). Dies hat zusammen mit der sozio-emotionalen 
Beeinträchtigung des Patienten und den hohen wirtschaftlichen Kosten (zwischen 
2.600 und 19.000 € jährlich pro Patient), die mit Krankheiten verbunden sind, eine 
große Auswirkung auf die öffentliche Gesundheit, da sie die Gesundheitssysteme 
zunehmend sozial und wirtschaftlich belastet. 

Der Verlust von dopaminergen Neuronen in der Substantia Nigra des Gehirns 
reduziert die Dopaminfreisetzung im Striatum (Basalganglien) signifikant, was 
zu Steifigkeit, Zittern, Gang- und Haltungsdefiziten führt (kardinale, motorische 
Symptome von PD). Darüber hinaus verursacht die Krankheut ein breites 
Spektrum an nicht-motorischen Symptomen wie, autonome Störungen, sensorische 
Beeinträchtigungen und neuropsychiatrische Symptome. Eine Kombination aus 
motorischen und nicht-motorischen PD-Symptomen, führt zu einem Verlust 
der Unabhängigkeit bei Patienten mit PD. Daraus resultiert eine verminderte 
Lebensqualität und eine Verschlechterung des emotionalen Wohlbefindens mit 
direkten und indirekten Krankheitskosten. Diese Symptome tendieren im Verlauf 
von PD schlimmer zu werden, was eine erhebliche Belastung für die Patienten, ihre 
Familien und die Gesellschaft darstellt.

PD ist derzeit nicht reversibel und ihr gegenwärtiges Management ist 
hauptsächlich symptomatisch. Die erste klinische Diagnose von PD anhand 
motorischer Zeichen entspricht einem ungefähren Verlust von 30% der gesamten 
Neuronen aus der Substantia Nigra, 50-60% ihrer terminalen Axone und 60-80% 
des striatalen Dopaminverlustes. Dies deutet auf eine substanzielle präklinische 
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nigrostriatale Pathologie in PD hin. Neuroprotektive oder gar neuromodulatorische 
Therapien zur Vorbeugung der Pathogenese, zur Verzögerung oder sogar zur 
Bekämpfung der zugrunde liegenden pathologischen Neurodegeneration von PD 
fehlen noch, obwohl es immer mehr Erkenntnisse über mögliche therapeutische 
Strategien gibt, die das Fortschreiten der Erkrankung verändern können. In diesem 
Zusammenhang bietet die zuverlässige und genaue Identifizierung der präklinischen 
(d.h. prodromalen) Phasen von PD ein mögliches Zeitfenster, in dem potenziell 
verwertbare dopaminerge Neuronen von restaurativen und neuroprotektiven 
Therapien profitieren könnten. Dies könnte zu einer klinisch sinnvollen Verbesserung 
der Lebensqualität des Patienten führen und sich möglicherweise auf den 
sozioökonomischen Kontext von Patienten und Gesundheitssystemen auswirken. 
Darüber hinaus könnte die frühzeitige und präzise Erkennung der Krankheit einen 
Mehrwert bei der Charakterisierung von Hochrisikopopulationen bringen, was für 
ein besseres Verständnis des Ursprungs von PD sorgen könnte und damit für eine 
mögliche Reduzierung veränderlicher Risikofaktoren unerlässlich ist.  

Das Verständnis und die Beurteilung der symptomatischen Entwicklung von 
PD sowie die Identifizierung von Markern für den Fortschritt von PD über kurze 
und lange Zeiträume über den Krankheitsverlauf sind unerlässlich, um effektive 
symptomatische Behandlungen sowie mutmaßlich krankheitsmodifizierende Mittel 
zu entwickeln. Allerdings sind Merkmale, Zustand und Progressionsmarker von PD 
noch nicht genau definiert. Die Autopsie bleibt daher bis heute der Goldstandard 
bei der Diagnose von PD. Aufgrund des Fehlens gültiger Marker stützt sich die 
klinische Diagnose von PD zu Lebzeiten des Patienten auf historische Informationen, 
häusliche Tagebücher und neurologische Untersuchungen von Patienten, um 
kardinale motorische Symptome der Erkrankung zu identifizieren (siehe oben). 
Diese Bewertungen sind sehr subjektiv und ungenau, was zu Fehlkommunikation 
unter den Ärzten, falscher Identifizierung der klinischen Bedürfnisse des Patienten, 
unzureichende Bewertung der Behandlung und zu keiner, einer zu späten, oder 
sogar falschen Diagnose von PD führen könnte. Damit ergibt sich ein dringender 
Entwicklungsbedarf an objektiven, preiswerten, zuverlässigen, validen und einfach 
zu handhabenden Methoden zur Gewinnung von Merkmals-, Zustands- und 
Progressionsmarkern.

In diesem Zusammenhang ermöglichen körperfeste Sensoren (“body-fixed-
sensors”, BFS, häufig Beschleunigungssensoren und Gyroskope) die Beurteilung 
von Bewegungsmustern, was die Objektivität, Sensitivität und Zuverlässigkeit 
der neurologischen Bewertung von PD erhöhen könnte. Diese Sensoren sind 
klein, leicht, kostengünstig, leicht verwendbar und hochgradig transportabel. Der 
geringe Stromverbrauch und die leichte Tragbarkeit ermöglichen einen ambulanten 
Einsatz dieser Sensoren zur Beurteilung von motorischen Symptomen von PD in 
den Kliniken.
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Basierend auf der Verwendung von BFS, war das Ziel dieser Arbeit, quantitative, 
preiswerte und klinisch anwendbare Methoden zu entwickeln, um Marker für PD 
zu finden: klinische Marker (zur Unterscheidung von pathologischen und gesunden 
Mustern und zur Reflexion des Krankheitsverlaufs) und präklinische Marker (zur 
Identifizierung von Beeinträchtigungen vor der Diagnose von PD). 

Im ersten Abschnitt (Kapitel 2 und 3) werden neue Methoden entwickelt, die 
auf Messung der Beschleunigung und der Winkelgeschwindigkeit des Rumpfes 
basieren, um klinische Marker von PD aus der Bewertung von kurzen Schrittfolgen 
zu identifizieren.

In Kapitel 2 wurde ein neuartiger Algorithmus, basierend auf die 
Beschleunigungsdaten, zur Erkennung von Schrittdauern über kurze Episoden 
des Gehens bei gesunden älteren Menschen entwickelt und validiert. Dies wurde 
separat für die Beschleunigungen des unteren Rückens und der Fersen angewendet. 
Der vorgeschlagene Algorithmus erkennt alle Schritt-/Schrittzyklen mit klinisch 
akzeptabler Genauigkeit (Fehler liegt bei unter 5% der Schrittdauer), und bietet 
die Möglichkeit, eine Reihe von Gangparametern aus kurzen Schrittfolgen 
zu extrahieren, was in den folgenden Kapiteln beschrieben wird. So wurde 
mit dem in Kapitel 2 entwickelten Algorithmus die Extraktion einer Reihe von 
Gangartenmerkmalen (räumlich-zeitliche Merkmale, quadratische gemittelte Werte 
der Beschleunigungsmessung und Winkelgeschwindigkeitssignale) aus kurzen 
Schrittfolgen in Kapitel 3 untersucht. In diesem Kapitel wurden Gangstudien 
von nur 5 Metern Länge mit einem einzigen BFS auf dem unteren Rücken in zwei 
Gruppen untersucht: Patienten im frühen bis mittleren Stadium der idiopathischen 
PD und gesunde mit ähnlichem Alter, Größe, Gewicht und Geschlecht. Unterschiede 
zwischen den Gruppen in den aus dem BFS extrahierten kinematischen Merkmalen 
wurden ausgewertet, um Gangstörungen in der PD-Gruppe zu verstehen. Zusätzlich 
hat ein Diskriminanzmodell insgesamt 89,5% der Teilnehmer mit vier kinematischen 
Parametern korrekt klassifiziert, was eine Sensitivität von 95,8% und eine Spezifität 
von 78,6% ergibt. Die Ergebnisse zeigen, dass die angewandte Methode es ermöglichte, 
idiopathischen PD-assoziierten Gang über kurze Schrittfolgen von 5m sinnvoll zu 
erkennen. Insgesamt motivieren die Ergebnisse über den klinischen Nutzen für PD 
beim Bewerten des Gangs auf kurze Entfernungen mit einem einzigen BFS aus den 
Kapiteln 2 und 3 diese weiter zu untersuchen.

In Anbetracht dessen, dass die pathologischen Strategien, die daran beteiligt sind 
die Richtung beim Laufen zu ändern, unabhängig sind von linearen Laufmechanismen 
und angesichts der höheren Anfälligkeit neuronaler Prozesse bei  Drehungen zu 
funktionellen Beeinträchtigungen bei PD im Vergleich zu geradlinigen linearen 
Gang, analysierten wir den kreisförmigen Gang in den Kapiteln 4, 5 und 6 (zweiter 
Abschnitt der Arbeit), mit dem Ziel, potenzielle Progressions- und Merkmalsmarker 
von PD zu identifizieren.
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In Kapitel 4 bewerteten wir Bewegungsfunktionen als Indikatoren für den 
Fortschritt in verschiedenen Stadien von PD (frühe und mittlere Stadien), indem wir 
die Entwicklung dieser Merkmale im Zeitverlauf (in einem 5-Jahres-Follow-up) mit 
einer Kontrollgruppe gleichen Alters verglichen. Wir beobachteten, im Vergleich zu 
der Kontrollgruppe, eine progressive Verringerung der Gehgeschwindigkeit in frühen 
Stadien von PD, was für die Entwicklung hypokinetischer Muster spricht. Parallel 
dazu identifizierten wir einen schnelleren Anstieg der Kadenz, der als typischer PD-
Kompensationsmechanismus für pathologische hypokinetische Bewegungen gilt. 
Darüber hinaus deutete eine schnellere Reduktion der harmonischen Verhältnisse 
auf einen fortschreitenden Rückgang der Regulierung der Gangrhythmik hin.  
Dieses motorische Defizit, liegt nicht nur in frühen Phasen der PD-Postdiagnose, 
sondern laut früherer Literatur und den Ergebnissen von Kapitel 6, möglicherweise 
auch in präklinischen Phasen von PD vor. Die mittleren Phasen von PD zeigten eine 
fortschreitende Verschlechterung der Gangkonsistenz, was sich in einem schnelleren 
Rückgang der Schrittzeitvariabilität und der Schrittregelmäßigkeit im Vergleich 
zu der Kontrollgruppe widerspiegelt. Motiviert durch diese Ergebnisse, zusätzlich 
zu der Betrachtung, dass der Verlust der Automatik in PD Herausforderungen 
der Kontrolle des Gehens durch die Begrenzung der Verfügbarkeit von 
kognitiven Ressourcen nach sich zieht, sollte beim Gehen eine weitere Aufgabe 
durchgeführt werden. In Kapitel 5 haben wir den kreisförmigen Gang unter zwei 
Dual-Tasking- Bedingungen bewertet. Diese waren: (1) kreisförmiges Gehen 
und das schnellstmögliche Markieren von Kästchen auf einem Papierblatt, und 
(2) kreisförmiges Gehen beim schnellstmöglichen Durchführen einer Subtraktion 
von 7. Wir wollten den Mehrwert der Dual-Tasking-Assessment gegenüber einer 
(kreisförmigen) Gehaufgabe in der Studie zum Fortschritt von PD untersuchen. 
Im Gegensatz zu unserer Hypothese wurden weniger Gangartenmerkmale aus 
Dual-Task-Assessments als Progressionsmarker bei PD identifiziert. Darüber 
hinaus konnten wir trotz einiger grundlegenden Gruppenunterschiede in der Dual-
Task-Interferenz zwischen PD-Gruppen und gesunden Kontrollgruppen keine 
eindeutigen Hinweise auf eine Verschlechterung der Dual-Task-Interferenz bei 
Patienten mit PD finden. So kamen wir zum Schluss, dass Dual-Tasking keinen 
Mehrwert in der Studie der PD-Progression aus zirkulären Gangbewertungen über 
einen Zeitraum von 5 Jahren bietet. 

In Kapitel 6 analysierten wir die Sensitivität und Spezifität ähnlicher 
Gangartenmerkmale (wie in den Kapiteln 4 und 5) für prodromale Symptome der 
Erkrankung, insbesondere deren Zusammenhang mit der Zeit bis zur Diagnose von 
PD. Wir fanden Zusammenhänge zwischen der Zeit der ersten Messungen bis zur 
Diagnose von PD und elf Gangartenmerkmale, die aus Single- und Dual-Tasking-
Protokollen gewonnen wurden, hauptsächlich aus den letztgenannten Bedingungen 
und hauptsächlich aus harmonischen Verhältnissen. Diese Assoziationen könnten 
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prodromale motorische Symptome von PD widerspiegeln und ihr Potenzial als 
frühe Marker der Krankheit unterstreichen. Die Sensitivität und Spezifität der 
vorgeschlagenen Gangartenmerkmale war jedoch zu gering, um prodromale PD 
bei einzelnen Patienten zuverlässig zu identifizieren, möglicherweise aufgrund von 
Einschränkungen des verfügbaren Datensatzes, der prodromale motorische Defizite 
von PD verdecken könnte.  

Insgesamt unterstützen die Ergebnisse aus den Kapiteln 4, 5 und 6 die quantitative 
Beurteilung der prodromalen und progressionsmotorischen Symptome bei PD 
durch eine zirkuläre Ganganalyse mit einem niedrig montierten BFS.

Diese Arbeit liefert wissenschaftliche Antworten an der Schnittstelle zwischen 
Signalverarbeitung, Biomechanik und Neurologie und stellt die Entwicklung einer 
erschwinglichen, leicht einsetzbaren und nützlichen Methode zur Beurteilung von 
PD dar. Aus den Untersuchungen, die in der aktuellen Arbeit beschrieben sind, 
schließen wir, dass die Identifizierung von Markern von PD durch die Bewertung 
von Gangmusters mit einem einzigen BFS möglich ist. Die Sensibilisierung 
der benannten Marker für die individuelle medizinische Anwendung sollte im 
Vordergrund stehen, um Kliniken zu motivieren diese Technologie einzusetzen. 
Dies würde beispielsweise seine Akzeptanz erhöhen und zur Optimierung des 
Managements von PD führen, nicht nur um die Diagnose, sondern auch um die 
Interaktion zwischen Patient und Arzt zu verbessern, die Wirkung und Entwicklung 
von Korrekturmaßnahmen (Medikamente, Tiefenstimulation, Rehabilitation 
usw.) angemessen zu regulieren und zu verfolgen und letztlich den allgemeinen 
Gesundheitszustand der Patienten zu verbessern, d.h. ihre "Zeit mit Parkinson-
Krankheit" zu verbessern.
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La enfermedad de Parkinson (EP) es un trastorno no transmisible, crónico 
y neurodegenerativo; el segundo más prevalente después de la enfermedad de 
Alzheimer. La prevalencia estimada de la EP en los países occidentales es de 0.3% 
en la población total, 1.0% en la población mayor de 60 años y 3.0% en la población 
que supera los 80 años. El rápido incremento de la prevalencia de la EP con la edad, 
combinado con un aumento de la esperanza de vida en la población mundial, sugiere 
que para 2030 el doble de personas (alrededor de 9 millones) se verán afectadas por 
la EP, en comparación con datos del 2005 (4.3 millones). Esto, sumado al deterioro 
socio-emocional del paciente y al gran coste médico (entre 2.600 y 19.000 € anuales 
por paciente) que implica la enfermedad, tiene una gran repercusión en la sanidad 
global, e impone una creciente carga socioeconómica en los sistemas sanitarios. 

La pérdida de neuronas dopaminérgicas en la sustancia negra del cerebro reduce 
significativamente la liberación de dopamina en el cuerpo estriado (ganglios basales), 
lo cual puede causar bradicinesia (pérdida del control muscular y lentitud motora), 
rigidez, temblor e inestabilidad postural (considerados los síntomas principales de la 
EP). La patología también puede causar un amplio espectro de síntomas no motores: 
alteraciones autonómicas, deficiencias sensoriales y síntomas neuropsiquiátricos. La 
combinación de síntomas motores y no motores de la EP, su gravedad, variabilidad 
y ubicación inducen una importante discapacidad funcional y comorbilidad, lo cual 
conduce a la pérdida de la independencia en los pacientes, a una reducción de su 
calidad de vida y a un deterioro de su bienestar emocional y del de sus familiares, con 
los costes directos e indirectos que conlleva la enfermedad. Esto tiende a aumentar 
a medida que la EP progresa, imponiendo una sobrecarga considerable en los 
pacientes, sus familiares, sus cuidadores y la sociedad en general. 

En la actualidad la EP es incurable y su tratamiento es principalmente sintomático. 
El reconocimiento clínico de las primeras manifestaciones sintomáticas motoras 
corresponde a una pérdida aproximada del 30% del total de las neuronas en la 
sustancia negra, 50-60% de sus axones terminales y una pérdida del 60-80% de la 
dopamina estriatal. Esto indica la existencia en la EP de una notable fase preclínica 
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en la zona nigro-estriatal. Hoy en día hay una falta de terapias neuroprotectoras o 
neuromoduladoras para prevenir la patogénesis, retrasar o incluso contrarrestar la 
neurodegeneración patológica subyacente de la EP. Sin embargo, existe evidencia 
científica sobre posibles estrategias terapéuticas que podrían cambiar la progresión 
de la enfermedad. La identificación fiable y precisa de fases preclínicas (o pre-
diagnósticas) de la EP proporcionaría un periodo ventana durante el cual las 
neuronas dopaminérgicas, potencialmente rescatables, podrían beneficiarse de 
terapias restauradoras y neuroprotectoras. Esto mejoraría clínicamente la calidad de 
vida del paciente, repercutiendo notoriamente en el contexto socioeconómico del 
mismo, de sus familiares y de los sistemas sanitarios. Además, la detección precoz 
y precisa de la enfermedad mejoraría la caracterización de las poblaciones de alto 
riesgo, lo cual es esencial para un mejor entendimiento del origen de la EP y para 
poder reducir factores de riesgo modificables. 

Entender y evaluar el desarrollo sintomático de la EP e identificar marcadores 
de la progresión de la enfermedad, tanto a corto como a largo plazo en el transcurso 
de la enfermedad es esencial para diseñar tratamientos sintomáticos eficaces, así 
como agentes modificadores de la enfermedad. Sin embargo, todavía no están bien 
definidos los marcadores morfológicos, de estado y progresión de la EP. Por ello, 
hoy en día, la autopsia sigue siendo el estándar del diagnóstico de la EP. Así, dada 
la falta de marcadores válidos de la enfermedad, el diagnóstico clínico durante la 
vida del paciente se basa principalmente en la historia clínica, diarios rutinarios y 
exámenes neurológicos de los pacientes que buscan identificar los síntomas motores 
cardinales de la enfermedad (déficit postural, bradicinesia, rigidez y/o temblor). 
Dichos exámenes neurológicos presentan baja objetividad y precisión, lo cual podría 
llevar a una mala comunicación entre profesionales médicos, además de a una 
identificación incorrecta de las necesidades clínicas del paciente con la EP, una 
inadecuada evaluación del tratamiento e incluso un diagnóstico tardío, incorrecto 
o ausente. 

En este ámbito, los sensores inerciales adherentes al cuerpo (”body-fixed-
sensors”, BFS, acelerómetros y giróscopos entre otros) permiten la evaluación de 
patrones motores, mejorando potencialmente la objetividad, sensibilidad y fiabilidad 
de la examinación neurológica. Estos sensores son pequeños, ligeros, de bajo coste 
y bajo consumo energético, fácilmente utilizables y transportables, lo cual permite 
su uso ambulante para la valoración de síntomas motores de la EP en un entorno 
médico-clínico.

Basado en el uso de sensores inerciales adherentes al cuerpo, el objetivo 
de esta tesis doctoral es desarrollar métodos cuantitativos, de bajo coste y 
clínicamente aplicables para proporcionar marcadores de la EP: marcadores clínicos 
(diferenciadores de patrones patológicos y sanos, e indicadores de la progresión de 
la enfermedad) y marcadores preclínicos (identificadores de síntomas previos al 
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diagnóstico clínico de la EP). 
En la primera sección de la tesis (capítulos 2 y 3) se presentan nuevos métodos 

basados en la acelerometría y velocidad angular del tronco humano, todo ello para 
identificar marcadores clínicos de la EP a partir de la valoración de la marcha humana 
(es decir, basados en el análisis del caminar) en protocolos de corta duración.

En el capítulo 2 se desarrolla y valida un nuevo algoritmo basado en la 
acelerometría del tronco humano. Dicho algoritmo fue diseñado para la detección 
de la duración de los pasos a partir del análisis de la marcha (de corta duración) 
en ancianos sanos. Este fue aplicado por separado en señales de aceleración de 
la zona lumbar y de los talones. El algoritmo detectó todos los ciclos de pasos/
zancadas con una precisión clínicamente aceptable (con un error inferior al 5% 
de la duración del paso), lo cual ofrece la oportunidad de extraer una serie de 
parámetros de la marcha humana en protocolos de corta duración, tal y como se 
realiza en los siguientes capítulos. Así, utilizando el algoritmo desarrollado en el 
capítulo 2, en el capítulo 3 se explora la extracción de una serie de características 
de la marcha humana (características espacio-temporales y la media cuadrática 
de las señales de aceleración y velocidad angular) obtenidas a partir del análisis 
del caminar. Protocolos de tan solo 5 metros fueron analizados con un único 
sensor BFS colocado en la zona lumbar en dos grupos de participantes: pacientes 
en estados iniciales-moderados de la EP idiopática y sujetos sanos, de edad, sexo, 
altura y peso equivalente a los pacientes con la EP. Las diferencias entre los grupos 
con respecto a las características cinemáticas, analizadas paso a paso y obtenidas 
a partir de las señales de los BFS, fueron evaluadas para entender deficiencias 
en la marcha de pacientes con la EP.  Adicionalmente, un modelo estadístico 
discriminante lineal permitió clasificar correctamente un 89.5% de participantes 
con cuatro parámetros cinemáticos, presentando una sensibilidad del 95.8% y una 
especificidad del 78.6%. Los resultados reflejan la validez del método propuesto 
para el reconocimiento de patrones motores asociados a la EP idiopática a partir 
del análisis de tan solo 5 metros de marcha. En general, los resultados de los 
capítulos 2 y 3 motivan la continuación de la investigación basada en el análisis 
de protocolos cortos y simples con un solo BFS para su posible aplicación clínica 
en el estudio de la EP.

Considerando que las estrategias patológicas involucradas en el giro son 
independientes de los mecanismos lineales de la marcha, y dada la mayor 
susceptibilidad de los procesos neurales de giro en el deterioro funcional de la EP, 
los capítulos 4, 5 y 6 (segunda sección de la tesis) presentan los análisis de patrones de 
marcha circulares, con el objetivo de identificar posibles marcadores de progresión 
y marcadores morfológicos de la EP.

En el capítulo 4 se evalúa el potencial de las características de la marcha como 
indicadores de la progresión en diferentes estados de la EP (estados iniciales y 
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medios), comparando el desarrollo a lo largo del tiempo (en un seguimiento 
durante 5 años) de estas características con respecto sujetos de control. Se observó, 
en comparación con los sujetos de control, una disminución progresiva de la 
velocidad de la marcha en estados iniciales de la EP, lo cual refleja el desarrollo 
de patrones hipocinéticos. Paralelamente identificamos un aumento más rápido 
de la frecuencia de los pasos, un mecanismo típico de la EP compensatorio de 
movimientos hipocinéticos patológicos. Además, una más rápida reducción de los 
ratios harmónicos en pacientes con la EP (con respecto el grupo de control) sugiere 
un progresivo declive en la regulación rítmica de la marcha, siendo éste un déficit 
motor presente no solo en estados iniciales de la EP post-diagnósticos, sino también 
(de acuerdo con los resultados del capítulo 6 y con la literatura) posiblemente 
presente en estados preclínicos (previos al diagnóstico) de la EP. Los estados medios 
de la EP presentaron, en comparación con el grupo de control, un progresivo 
empeoramiento en la consistencia de la marcha, reflejado con un aumento de la 
variabilidad temporal y un declive en la regularidad de la zancada. Motivados 
por estos resultados, y considerando que la pérdida de la automaticidad en la EP 
dificulta el control de la marcha al limitar la disponibilidad de recursos cognitivos 
en la ejecución de una segunda tarea simultánea con el caminar, en el capítulo 5 
evaluamos la marcha circular en dos condiciones de doble tarea: (1) caminando en 
círculos mientras se marcan casillas en una hoja de papel lo más rápido posible, y 
(2) caminando en círculos mientras se realiza un cómputo matemático (sustracción 
de series de 7) lo más rápido posible. En este capítulo se analizó el valor añadido 
del análisis de la doble tarea sobre la única tarea del caminar en el estudio de la 
progresión de la EP. En contraste con nuestra hipótesis, se identificaron menos 
marcadores de la progresión de la EP al analizar la doble tarea con respecto el 
análisis de una sola tarea (el caminar).  Además, pese algunas diferencias puntuales 
entre grupos (pacientes con EP y sujetos de control), en cuanto a la interferencia 
de la doble tarea con la ejecución de la marcha, no se encontraron indicios de un 
empeoramiento progresivo de la interferencia de la doble tarea en los pacientes 
con la EP. Por lo tanto, este capítulo concluye que cuando los pacientes realizan dos 
tareas simultáneamente, la progresión de la enfermedad se refleja de forma similar al 
análisis de una sola tarea (el caminar). Y así, la evaluación únicamente de la marcha 
podría ser suficiente para estudiar la progresión de la EP en un periodo de 5 años.

En el capítulo 6 analizamos la sensibilidad y especificidad de características 
de la marcha, similares a las propuestas en los capítulos 4 y 5, en la identificación 
de síntomas prodrómicos (iniciales) de la EP, particularmente estudiando su 
asociación con el momento del diagnóstico. Se encontraron asociaciones entre 
el tiempo transcurrido desde la medición hasta el diagnóstico de la EP en once 
características de la marcha, obtenidas evaluando únicamente el caminar (en 
círculos), así como al evaluar la ejecución simultánea de una segunda tarea (1 y 2, 
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del capítulo 5). Dichas asociaciones fueron observadas principalmente con los ratios 
harmónicos obtenidos a partir del análisis de la marcha, ejecutada simultáneamente 
con una segunda tarea. Estas asociaciones podrían reflejar síntomas motores 
prodrómicos de la EP, destacando su potencial como marcadores tempranos de 
la enfermedad. Sin embargo, la sensibilidad y especificidad de las características 
propuestas fueron demasiado bajas para confirmar la identificación individual de 
síntomas prodrómicos en la EP, posiblemente debido a las limitaciones de los datos 
disponibles en este estudio, lo cual podría haber enmascarado déficits motores 
prodrómicos de la enfermedad. 

En general, los resultados de los capítulos 4, 5 y 6 apoyan la evaluación cuantitativa 
de los síntomas prodrómicos, así como de los síntomas motores progresivos en la 
EP, mediante el análisis de la marcha circular con un solo sensor adherible inercial, 
localizado en la zona lumbar.

Esta tesis proporciona respuestas científicas en la interfaz de diferentes 
disciplinas: procesamiento de señales, biomecánica y neurología; presentando así 
el desarrollo de un método asequible, fácilmente utilizable y apto para la evaluación 
de la EP. En base al trabajo presentado en esta tesis se concluye que es posible 
identificar marcadores de la EP mediante la evaluación de patrones de marcha con 
un solo sensor inercial adherible al cuerpo. La aplicación clínica de dicha tecnología 
requiere, todavía, mejorar la sensibilidad de los marcadores propuestos para un 
uso médico personalizado, lo cual favorecería la aplicación de este método en la 
optimización del diagnóstico y tratamiento de la EP. Además, de esta manera, no 
solo se podría regular y hacer un seguimiento adecuado del efecto y la evolución de 
las terapias correctivas (medicación, estimulación cerebral profunda, rehabilitación, 
etc.) sino que también facilitaría la interacción médico-paciente, todo ello con el 
fin de mejorar el estado de salud general de los pacientes, es decir, mejorando su 
"tiempo en la enfermedad de Parkinson".
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“My favourite pastime 
is to let time pass, 
to have time, take time, 
waste time and live 
out of time”
–  F R A N Ç O I S E  S A G A N



Letting time pass surrounded by all of you; having “time for Parkinson’s disease“ 
research; taking time from all my supervisors, participants, colleagues, friends and 
family; wasting my own time on discovering and learning; and especially, living out 
of time to complete this PhD thesis…

I will always be thankful for the moment in which Idsart and Jaap decided I 
should stay to complete this PhD thesis at the VU, giving me the chance to take your 
time. I was incredibly lucky to have you as my supervisors. You showed me how 
to perform research with the best professional guidance, the most brilliant ideas 
and an indescribable patience (even standing broken Skype conversations from all 
over the world). Idsart, thanks for correcting each comma, each argument, each 
table, each p-value of this thesis with the fastest human speed… Your critical and 
constructive vision, your detailed analysis, your remarkable clinical and technical 
knowledge, your immense honesty, your humble attitude and your huge heart 
were the best combination I could ask from a supervisor. I will never forget your 
presence at the Famelab final and your personal support on difficult times. Jaap, 
I admire your immense knowledge, your positivity, your fabulous ingenuity and 
creativity, your extraordinary scientific vision, your efficient management, your 
great sense of humour, your infinite energy, your sacrifice for work, your empathy 
and your kindness... These values were undoubtedly essential for the success of 
this project. I used to enter your office full of nerves, buy I left full of ideas and 
enthusiasm… thank you for believing in me. And thanks for coming to the Krashna 
concert. I just wish that our scientific relationship would last forever. 

Minita, the day of your PhD defence I could not hold my tears… I was afraid I 
will not meet you in a long time. Luckily, our friendship went further than my fear, 
and months later we fulfilled our promise of meeting each other in your wonderful 
country, with your incredibly kind family. This was only a sign that you are one 
of the loveliest persons I met. I am lucky to have you as one of my dearest friends 
and my “unofficial” paranymph ;) Now, sometime later, we are even closer, in space 
and friendship. I cannot wait to work with you in future projects, counting on your 
intelligence and personal strength. Sepash, junam! Asheghetam!

Sauvik, I have shared with you an amazing and fun time at work, in Dutch 
parties and even travelling around India. As you know, you are my VU-brother, my 
“VU-Dai”. It was a divine causality to find you in all workshops organized inside 
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and outside the VU. Your intelligence, your elegant way of growing professional 
networks and your entrepreneur skills always amazed me. Moreover, you have a 
genuine way of interacting with people, with a positive attitude and a shy smile. 
Your support in signals processing, already for my first study, has accompanied me 
all over the PhD. Dannyabhad for your priceless time and friendship. And please, 
become my colleague once again…

Masood, if I think of someone who will succeed in science is definitively you. 
You think beyond numbers and analyses, you think of people, of research that 
matters… all, with a shiny career, an infinite scientific passion and the most humble 
attitude. All those hours of endless talks about science, about Parkinson’s disease 
and about life made the best of my time at the VU. Thank you for holding Skype 
conversations about everything and nothing, and thanks for counting on me to 
develop all these marvellous projects. Sepas!

Guido, when I remember you I listen “an de Amsterdamste graachten”… Those 
beautiful days in which we played Persian, Dutch, American music with your 
accordion and my violin were simply the best. The “McGurks” brought music and 
magic to our research lives… Since then, I was excited to go to the VU, knock on 
your door and eternally discuss with you and Masood. Thanks for being such a 
happy, nice and funny person! You simply rock, as scientist, as a musician, as a 
colleague and as friend. I will never forget that spontaneous party at your office, 
dancing in front of your huge speaker…  Dank u wel, mijn Vriend!

Haroon, I also thank you for all the wonderful time we spent together, biking 
through the Netherlands, dancing on a Google-maps costume at the Gouda 
carnival, visiting Naeem in Helsinki, enjoying PhD weekends, drinking tea at the 
coffee corners and basically growing a beautiful friendship. I feel huge admiration 
for all what you managed in life; despite having challenging political situations 
and other difficulties, you became a wonderful scientist in The Netherlands: 
Afarin! As you see, I still remember some of the traditional Persian greetings 
you taught me…

Mojtaba, although you were too lazy to come to visit me in The Hague and 
attend all the parties I invited you… I still think you are an amazing colleague, and 
for sure, an amazing friend! I hope you will not miss this time the PhD party in 
The Hague ☺ I thank you for all the music we played together at the McGurks, for 
the nice welcoming of your family in Tehran and for all your friendly words. Keep 
on succeeding in research as you always did and in seri bia be mehmunie man!
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Mojdeh and Parinazh, I really appreciate both of you, azizams! Your hospitality, 
kindness and lovely greetings always made me feel very happy. Thank you for treating 
me like a sister. Asheghetam!

I also thank Ashwini and Janak Pathak, for being “meru Nepali daiju”, and of 
course, also to “meru baiju”, Usha: “ma lai dehrey betera kushy lagyo”. Thanks for 
counting on me to support your lovely country after the earthquake and thanks for 
bringing to the VU a bit of the Nepalese culture which I adore. Dannyabhad, saathi!

Marija, despite not coinciding too long, I felt a special connection with you from 
the beginning. I love your energy and your Balkan vibes. Fue un verdadero placer 
conocerte, amiga. I am sure we will meet again and again all around Europe. Hvala!

My dearest PhD and post-doc colleagues: Stefan, Sabrina, , Koen, Nick, Jeanine, 
Twan, Lotte, Jennifer, Annike, Daphne, Ben, Margit, Nini, Eric, Eva, Daniëlle, 
Alice, Nicolás, Bastian, Yajie, Dominic, Mohammad, Roel and many others who 
stepped in my work and in my social PhD life: I really thank each of you for all the 
talks, laughs, smiles, lunches, dinners, teas, PhD weekends, Christmas events, museum 
visits, Friday post-work/borrel beers, barbecues, music (especially to the McGurks 
band), boat tour parties through the canals of Amsterdam (Koen, you and your boat 
are awesome), board games, etc. And of course, I also thank you for introducing me 
to the Dutch “smooth” sportive culture: climbing in the dark on a “Dutch-sized” wall, 
being carried on the back of your bikes, rehearsing the New Zealand rugby shout, 
biking for several hours in the night after party and under the rain, etc. I enjoyed a 
lot attending all the Sinterklaas events (heel gezellig) as well as others’ PhD defences. 
Thank you for letting time pass together in the most fun way.

I would like to take the chance to thank some of the formal “senior” colleagues 
whose advice, guidance and help were incredibly useful all along this PhD time: Sietse, 
thanks for sharing your super “licence free” algorithm; Michele, thanks for all our 
Mediterranean-time lunches and social meetings; Chris, thanks for nice talks and for 
the great time in Glasgow; Kim, thanks for all your help, as well as for the shared time 
in McRoberts and in the NS train; Maria, I wish I had met you before… Tessy, your 
experiments were quite hard, but still, I missed you since you left… Marion, I love your 
spontaneous behaviour and style; Joost, you are so cool; Cristina, gràcies per tots els 
consells; Nathalie, thanks for your sweet Christmas postcards; Naeem, it was a pleasure 
to visit you in Helsinki, you have a marvellous personality; Jonathan, thanks for all 
the parties, dinners and Sevilla time; Rebeka, I am sorry I never managed to learn to 
play the ukulele with you, thanks for trying; Xavier, cool that we were neighbours; 
Laura Rueda, gracias por la bonita coincidencia; Anouk, Chiara, Trienke, Helga, etc.
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never have managed all these studies without your technical support. You always 
found time to explain me every algorithm, every physical principle, every formula, 
every code… Thank you very much for patiently wasting your time for me.

Although John, I did not yet manage to analyse your shared meaningful data 
(my apologies), I promise I will finish the analyses one day soon. With that excuse, 
it was nice to find you at your office, share some ideas and origami, dank u wel!

Miriam, Nadia, Andrea, Michel, Melvyn, Erwin, Huub: unfortunately, I never 
had the chance to directly work with you. However, I feel huge admiration for all 
your careers… Thanks for being such a scientific inspiration and for your feedback 
at the lunch presentations. Michel, it was exciting to share with you a passion for 
Nepal and its biomechanical context, thank you for all the help after the earthquake. 
Erwin, I hope one day we will finish those analyses about Parkinson’s disease, I 
learnt so much reading and commenting your publications. Miriam and Erwin, 
thank you for assessing this PhD thesis. Nadia, it was nice to share some time with 
you in Sevilla. Huub, we are the best violin duetto in the VU, right?

I also feel thankful to my “flexible” roommates: Katinka, Annemarie, Femke, 
Jochen, Clara and others. It was great to share a working space with you, although 
sometimes we had to fight for our desktops (especially the ones near to the 
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Stacey and Solveig, thanks for your continuous help on all bureaucratic and 
planning matters… You were very kind and helpful, especially with my chaotic 
organization. Dank u wel!

Leon, Peter and Franz Joseph: your availability, your technical skills, your 
optimism to set-up the “wild” biomechanical equipment and your immense patience 
with unexperienced PhD students like me were simply amazing! Thanks for setting 
the Optotrak cameras, for repairing my laptop, for reserving the lab and for playing 
together in “the band”. Rehearsing with a box of beer was a great motivation to get 
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with you. Peter, I am amazed about your vibrant energy and your spontaneous skills. 
Your saxophone just shines when you play it. I hope I will be able to attend your 
vibrant Amsterdamer concerts one day... Franz Joseph, you promised me to make 
a colourful bracelet out of the left-out wires, I think I deserve it now! ☺
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Altogether, I collected countless memories at this wonderful department which 
made me come back to the Netherlands every second week after I left… lovely 
moments that made very difficult my departure and very happy my return. Dank 
u wel allemaal!
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you for allowing me to participate in this wonderful project.

Erik, since you picked me up at Den Haag Centraal you became my most 
reliable mentor. None was patient compared to you… You spent hours, days, weeks 
solving my multiple, annoying and stupid doubts; you taught me to program, you 
taught me the most basics of MATLAB, you solved each of my problems and sat 
for hours with me… I would never have been able to even start this project without 
you. Thank you for being one of the best colleagues I could ever imagine. You are 
not only an incredibly intelligent person, but also an incredibly kind human being. 
Thank you for everything.
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Martijn, your diplomacy and personal skills were the key of the successful 
relationship between me and McRoberts. You did absolutely everything you could 
to help, even risking your own position… I have no words to describe my truly 
thankful feeling. You are simply wonderful and will become, with no doubt, a 
brilliant manager.

Aki, despite our cultural and personal differences, we managed to grow a 
productive work relationship and a marvellous friendship. Playing Spanish classical 
music with your piano and my violin was “bezonders”, especially ending those 
evenings with the super tasty dinners that you prepared for me (you really master 
Spanish cuisine). You were a great “sensei, I have no time and no space to list all 
values and skills you taught me... But at least, I want to remind you that you are a 
wonderful person, a wonderful friend and a wonderful scientist, the most honest 
I ever met, humble, helpful, persistent and incredibly smart. You always put your 
heart and your brain in science with perfect results… Remember and believe that, 
please. Arigatoo gozaimasu and ganbate kudasai!!!

I also want to thank the rest of McRoberts colleagues for sharing your time and 
making the best of mine: Jos (thanks for accompanying me at late timings), Nik 
(thanks for sharing incredibly motivating words, for “fighting” and “defending” me, 
and especially, thank you for believing in me), Menno (it was a pleasure to work side 
by side), Femke (thanks for your innocent and friendly attitude), Stefan (thanks 
for adapting to “my way” and for helping so efficiently on data collection), Sjoerd 
(thanks for being so gentle to the participants), Bas (thanks for your significant 
ideas), Jordi (thanks for your kindness, and your constructive feedback; I am sure 
you will succeed as a boss),  Siete (thanks for your help on video-recording and 
for your friendship), Corinne (thanks for your high-level English translations, for 
hosting all those “gezellige borrels” at McRoberts, for introducing me to the Dutch 
culture and for giving to me the most appreciated map of Den Haag).

To my lamprey and phenorats family: Sere, Giuseppe, Pedro, Shreyas, Tomislav, 
Elizabeth, Janet, Claudia, Yoav, Carola, Elisavet, Malte and all the PIs, thank 
you for bringing sparkling and shiny moments to our scientific lives. We proved in 
every workshop that we are masters of combining fun with research! While “moving 
around” to attend all training weeks in Nijmegen, London, The Hague, Amsterdam, 
Zürich, Stuttgart, Crete, Berlin we grew an amazing network of science, but also, 
we grew a “lamprey family”… Each of us with a different nature was able to cope 
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with the group; we got to learn from each other’s personalities, past and present 
life experiences, expectations, technical skills and personal abilities. I thank each 
of you for all the individual and group moments that made me understand that life 
and persons are of different “colours”. Thanks for making me enjoy each of your 
“colours”! I just hope that all the lampries, although following their own “river” 
path, will meet again and again, moving around and keeping the sparkling and 
shiny moments that characterized our “master of fun & research” group. 

Sere, luck and chance met again to bring us together. Luckily Internet did not 
properly work in Bangladesh… Before meeting each other we knew we wanted to 
share a room, isn’t it a sing of a magic connection? Thanks for all our cool and funny 
moments in which we enjoyed life with the fullest power. I simply love being your 
colleague, but even more, your friend. Are we ready for more adventures to come? 
(I know the reply is yes, andiamo ☺) Grazie bella, gracias guapa! Giuseppe, ma 
come sei di buon amico, thanks for all the weekend trips and exploration activities, 
and thanks for your shared time, both in Tübingen as in the Netherlands; Pedro, 
it was a pleasure to work with you, you have a lovely heart; Shreyas, please, treat 
well all the lampries and never change (you are hilarious); Tomislav, your jokes 
always bring a special touch to our group, hvala; Elizabeth, I loved when you got 
wild at dancing, thanks for inviting us to your wedding; Janet, you rock, you rule, 
thanks for your infinite help, and mainly, thanks for your initially supportive words; 
Claudia, thanks for teaching us so much about efficient management, and thanks 
for counting on us in your cute wedding; Yoav, it was sweet to have you around the 
Netherlands, even for a short time; Carola, thanks for standing on my side and solve 
all annoying bureaucratic and difficult issues; Elisavet, your spontaneous attitude is 
super funny, I loved Greek culture with you; Malte, your easy-going nature is super!

In the heart of Baden-Wurttemberg, this cosy, historical and beautiful city 
hosted me for some months in summer 2014. I want to thank everyone who made 
my experience a very productive, happy and memorable one.

Walter, I think it is not human your capability of integrating all the projects 
that you manage… Please, share your secret! You perform your work with exemplar 
productivity and quality, but at the same time, you are always in a good mood, 
happy, cheerful, enthusiastic, funny, motivating and incredibly welcoming. Your 
ethical principles make your research to shine… always ready to share your data, 
always ready to start new collaborations, always respecting the participants and 
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always ready to help everyone. You treat people with your heart, you dedicate time 
to every person, you consider the opinion of all of us, you give us the chance to 
learn from you and with you, you always appreciate our work and find appropriate 
words to encourage us… My time in Tübingen was very special, since it gave me 
the chance to work, for a first time, in a clinical context… It was the first time that 
the numbers and words that we previously studied translated into clinical meaning: 
humans, their symptoms and their time. I also appreciate your invitation to Kiel 
Medizinklinikum and your continuous, valuable and deep feedback. I am even 
more motivated than ever to keep on working with you on all the exciting projects 
that are about to come. Dankeschön für alles!

I also want to thank each of the persons at Tübingen Universitätklinikum who 
made my stay unforgettable: Tanja and Suzanne, thanks for your funny stories and 
sense of humour; Janet, thanks for guiding and showing me some of the secrets 
of the successful clinical work; Markus, Katrin, Tim, Morad, Felix, Sandra, 
Eva, thanks for helping on the recruiting process and for letting me attend your 
medical inspections; Daniela, thanks for sorting out the chaos I created at the 
hospital; Anna-Katharina, thanks for calling the participants on my name and 
with proper Deutsch; Corina, thanks for being so warm, welcoming and sweet; 
all the physiotherapists, nurses and technical team, thanks for appreciating 
my origami, for helping me on the set-up of the experiments, for being patient 
with my German and for smiling at me every day; Dr. Lutz, thanks for inviting 
me to play violin to your birthday party and for helping me on the logistics of 
the experiments; all participants of the study, thanks for participating in the 
experiments of an unexperienced junior researcher, thanks for understanding 
or trying to understand my German, thanks for listening my problems, thanks 
for teaching me “Schwäbischer Dialekt”, thanks for giving me meaningful advice, 
thanks for inviting me to attend your rehearsal at the choir of Parkinson, thanks 
for making me laugh, thanks for making me feel well and comfortable, thanks for 
your patience and effort, thanks for your motivation and encouragement, thanks 
for inviting me for dinner and cake, thanks for your shared stories, thanks for 
finding interesting and valuable our work, thanks for your time…

Manoj, thanks for being, after several years, again my flatmate… You 
fulfilled your promise of coming to Europe, and now, you became one of the best 
neurosurgeons of Asia. Thanks for your infinite friendship and for convincing me 
to go to Nepal. I love you as a brother and I am thankful for being always there, 
no matter the distance. It was incredible to share that summer with you and with 
Prasanna, “meru bauju”. I hope we will work together one day… next challenge 
on our list of promises! Dehrey dehrey dannyabhad! To the rest of international 
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neurosurgeons interns, Diane, Giuseppe, Prakash, Beejen: thanks for all the 
funny shared moments. I also want to convey a special acknowledgement to my 
cousin in law, Henrik, for making your home my own home. And finally, special 
thanks to the García family, for becoming my beloved “Tübinger” family…

Durim, your superb design skills are reflected in each page, table, title and line 
of this book… I will have to ask permission to the city of Pristhina to make a statue 
dedicated to “Saint Durim, saint graphic designer”, because only a friend like you 
survived with such a patient and good mood all these weeks of hard work, full of 
“suggested new changes”. Thanks for your creativity, professionality, spontaneity, 
time when there was no more time, kindness, inspiration, happiness, patience, our 
time in Kosovo, that trip in Montenegro, and most importantly, thanks for your 
friendship. Falimendere!!! 

Nube, tus obras de arte me dejaron maravillada desde el principio por tu estilo 
único y sublime. Cada vez que abra este libro recordaré aquel pintor peruano que 
tras repetidas versiones, cautivó la esencia de esta tesis. Muchísimas gracias, amigo!

Time passed as fast as the light speed when were together. The Hague or even The 
Netherlands would not have been the same without my “crazy family”: Gabi, Kawa, 
Elena, Léa, Kelvin, Yami, Adi, Kin Ben, Santi, Lina, Charlotte, Jijs, Loui, Simon, 
Laura, Joules and Sandeep. Each of you, citizens of the world, with your authentic 
personality, your particular charisma, your enthusiasm in life, your crazy stories, your 
spontaneity, your original life style, your huge kindness and your fabulous humour… 
You made my life in The Hague special, funny, beloved and adventurous… You were 
my true family in the Netherlands … We grew together for some years of our “late 
youth” while standing each other’s problems, but also by sharing all beautiful, sad, 
challenging and charming stories… You coolness never allowed me to move to one 
of my favourite cities in the Earth: Amsterdam… We shared plenty of memories, 
outside and inside Banki-home: dancing in Paard van Troje and in almost all cool 
discos of The Hague, biking through the “duinen”, attending some special events 
(weddings, births, etc.), cooking, playing, eating, drinking, fighting, crying, watching 
movies, laughing, laughing and more laughing together… I simply love each of you. 
Thanks for always being near to me, thanks for living almost each minute of this 
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PhD thesis, thanks for standing my good and bad mood, thanks for your love… 
Oh” And thanks for moving my furniture to Bankastraat while I was in Berlin. ☺

Gabi and Kawi, you definitively lived each minute of this PhD… good, bad, 
chilled, good again, bad, worse, better, perfect, hysterical, relax and great phases of 
this process. You were and still are more than friends. Moving together to Bankastraat, 
Banki-home, was legendary; you were definitively the best flatmates I ever had… 
My happiest moment in the day was arriving home, sitting down in our cosy living 
room while still wearing my colourful dots bag, preparing to go shopping to “Albert 
Heijn” and sharing every tiny detail of the day with you, as simple as that. Thanks for 
making the simplest the best. Gabi, I never imagined that the “German girl to whom 
I sub-rented my room” would become such a special person to me. I have an eternal 
list of memorable situations I want to thank you for, but I will only start by thanking 
you for writing me that first Facebook message. Dankeschön, mein Eye-cup. Santi, 
aunque me robaras un poquito a Gabi, te quiero como mi súper cuñi que eres (y soy 
testigo). Kawi, although at certain point Poppino was more important to you than 
us, we still think that you are the craziest and coolest dog-lover in the world.  Elena, 
we really loved having you and your “discrete” furniture at Banki-home. Thanks 
for teaching me professional communication skills, for cooking delicious food, for 
being such a cute, funny and lovely flatmate! Tanse, we also enjoyed having you as 
a Banki-flatmate! Y también, Javier Vargas, acompañado por tu infalible y querido 
Daniel, fuiste un compi muy “chévere”, gracias!

Cami, meeting you in the kitchen of our Banki-home with your hamburger hat 
was the beginning of uncountable memories together, thanks for each of them. You 
are a bomb of positive energy, happiness and enthusiasm, which I love… Thanks 
for spending with me every single minute of my last days in the Netherlands, for 
dancing crazily with me in a Google-map costume, for standing me in good and 
bad times, for visiting me in Valencia and Berlin, for making me feel so comfortable 
each time at your house, for making me laugh so crazily, for counting always on me, 
for bringing me to the airport, for cooking and showing me the Chinese culture, for 
being such a cool “sis” and for being my twin soul, my “Pin” of the “Pin y Pon” couple.

Den Haag & surroundings are full of wonderful persons to whom I also want 
to express my thankful feelings: Perizat, thanks for convincing me to discover your 
beautiful Kazakhstan; Sander, you were my really first friend in The Netherlands 
(since we met in Okinawa too many years ago…), and still you are remaining as one of 
the best. Your personal skills are fascinating in every sense... thanks for sharing with 
me so many good talks and advices, and thanks for representing the best of the Dutch 
culture; Rene, thanks for teaching me to play the trumpet in such a bohemian and 
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cool way; Pranji, being your neighbour was a blessing, your politeness, intellectuality 
and your “sharing is caring” attitude are just the start of an infinite list of positive 
qualities, maybe that is the reason why all my Valencian friends loved you so much… 
Dannyabhad! Ozkan, it is incredible that we shared so many “cultural-folk” interests, 
the triggers of such an amazing time… Tesekur for making me enjoy our city with 
such a pleasure and for always joining us at the Spanish centre! 

If there was a place where I felt like at home was at “The Spanish Centre of the 
Hague”, “El centro español de La Haya”. Gracias a cada uno de vosotros por alegrarme 
continuamente con vuestra simpatía, carácter, gracia y salero. Aquí encontré una 
familia unida, dispuesta a echarme un cable en cada momento, compartiendo y 
reviviendo un ápice de nuestros orígenes en la tierra de los tulipanes y sirviéndome 
sonrisas a raudales. Desde un karaoke a lo Miguel Bosé, hasta una noche de poemas, 
una Feria de Abril, un cocido de rechupete, una cata de aceites de oliva, unas clases 
de holandés y otras de sevillanas, un cumpleaños y miles de findes‘ explosivamente 
divertidos. Gracias por todo: Patri, Carlos, Pepiño, Juan Carlos, Isra, Paco, 
Pepe, Lara, Marina (bailar los Chichos contigo no tiene precio y hacer planes, ni 
te cuento…), Lucy, Álvaro, Aurelio y Carmen (los mejores profes de sevillanas), 
Inés y Fernando (mis marcianitos preferidos) y muchos más…  Gracias Álvaro 
por hacerme reír hasta morir y por ser un amigo tan xaxi-guay; molas un montón 
y lo sabes! Patri, desde que te conocí supe que nos haríamos amigas… No solo me 
encanta bailar sevillanas contigo (y petarla en cada una de nuestras fiestas, jejeje), 
también me encanta tu manera de vivir la vida, tu sencillez, tu cariño, tu simpatía, 
tus “holi guapi, qué ganas tengo de verte!” por Facebook, tu presencia en cada fiesta, 
en cada baile, en cada movida, nuestras cenas, nuestros desayunos tardíos, nuestras 
conversaciones, nuestras cerves’ en el Centro Español… Vamos, que me requete 
encantas, xurri!!! Gracias por ser el alma de La Haya!!! 

And to my Krashners: thanks for bringing classical music to my life in such a 
Dutch, stylish, funny and lovely way! The super tournée on the Dutch islands was 
simply a dream… I never imagined I would ever listen a concert in the middle of 
the sea, waterloopen, the sea opened and the land under our feet… Lekker! There 
were many rehearsals, many concerts, many toetjes, many parties, many non-
sense costumes, many hugs, many smiles, many crazy stories, many borrels, many 
hilarious moments to collect and an apotheosic concert at the IJ Amsterdam…  
Gezellig!  Thanks Daan for a fantastic way of getting the best music from us. Thanks 
to Arturo, Jay, Jaime, Daan, Peter, Alexus, Ramko, Tatiana, Ardi, Tomasso, 
Maarten, Susana, Alida, Ilan and many others for this fantastic time! You became 
my true and beloved friends, always ready to receive me with loads of plans, always 
ready to come to visit your “Den Hagger” (alias Encarnatus) even for a late beer in the 
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night, always ready to make me happy at any moment … ready to party with me till 
falling sleep in the disco, ready for a spontaneous dinner, ready for a night of board 
games, ready to visit me in Berlin and share a tiny space between the nine of us… 
and ready to just smile! I love you all for making so special the Netherlands to me! 
Arturito, sí, tú también te mereces un mega tocho por aguantarme lo que no está escrito 
y más… por cocinarme en momentos estresantes, por adoptarme tantas veces como 
me quedé sin casa (unas cuantas…), por reírte a carcajadas conmigo a las tantas de la 
madrugada viendo “Niña repelente”, por hospedarme a mí y a todos mis compañeros 
en todas las situaciones del mundo mundial, por bailar conmigo como si no hubiera 
mañana, por cuidarme en momentos de borracheras incontroladas, por formar parte 
del caos y buscar soluciones sin haberlas, por escucharme sin juzgarme, por compartir 
mis penas y alegrías, por despedirme en el aeropuerto, por dejarme esperando unas 
cuantas horas en unos cuantos lugares del país, por escuchar La Pegatina en contra 
de tu voluntad, por ignorarme, por defenderme, por acompañarme en los momentos 
estrella, por prestarme tu NS card, por comprarme leche para gnomos, por hacerme 
sentir siempre bien, y sobretodo, por quererme. Gracias, Artu, eres el mejor. 

To the rest of my Delfters: Carlijn, Salomon, Vallín, Giordano, Amarjeet, 
Sourish, Stefano, Alberto and other Van Hassetlaaners (thanks for showing me the 
authentic Dutch student life), thanks for your friendship and shared fun! Sourish, 
you are also part of my siblings (mera Dai) in the binary coded country. Thanks for 
not missing any of “my moments”, thanks for the crazy “hi-chicken” times, thanks for 
the sweet bike tours, thanks for risking xxx for my birthday gift (I am still amazed) 
and thanks for our hippy times! 

Leideneres, Nawien, Riley, Murat, Alberto, Viola, Víctor and Joshua: in a 
very short time and in a totally spontaneous way, you also became a close family of 
friends. Every Friday I found myself taking the train towards Leiden to meet with 
you. Excursions, canoeing in the canals of Leiden, parties, cultural events, food 
tracks, rainy breakfasts... any excuse was enough to meet. You very patiently stood 
up my outdated (technologically talking) life style… that is why you never lost the 
hope to meet each other. Thanks! Nawien, Bai, mi hermano español-nepalí a quien 
tanto aprecio: gracias por aparecer en mi vida, por alimentarme reiteradamente con 
momos y por tener esa ilusión altruista que se convertirá pronto en realidad. 

Thanks to Juna, Sailesh and Jotin for becoming my Nepalese “pariwar” in the 
Netherlands and for feeding me with the best curries and momos. 

Finally, I also want to thank all the people who formed part of the Famelab 
2015 experience.
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I also want to thank here to all my Berliner flatmates who temporarily adopted 
me in their houses, becoming my “colleagues” and my friends: Ross, Mo, Christie, 
Josh, Phoebe, Al, Diet, Matze and Erik. Thanks for standing my grumpy and happy 
times! And also, I thank to my Berliner friends, who kept on reminding me that 
“I should finish my PhD” while inviting me to some beers and parties…  Efraín, 
Laura, Óscar, Theo, Diana, Behnam, Leo, Dennis, Cori, Jonas, Shanti, Bartosch, 
Evi and Charlie, danke for welcoming me to Berlin in such a friendly way! 

Dannyabhad to all my beloved Nepalese “saathi-haru”, to my real “pariwar” 
Sen Takuri, to all my Handigaon neighbours (who are also part of my Nepalese 
“pariwar”), to Principal Shrivastava, Uma mum and the rest of the CBEAS 
members, to all my “daiju”, to Dina K.C. for her incredible motivation to become 
a researcher in her country, to Banita for her efforts to improve the Nepalese medical 
context for Parkinson’s disease, etc.

And thanks to all the wonderful people I met through the world during the last 
months of the PhD… All these people who also became my “colleagues” in hostels, 
buses, tuk-tuks, trains, planes, mountains, tents, yurds… People who served me a 
beer, played a guitar, or even shared an interesting story while I was running my 
code; people who reminded me that “marihuana is good for Parkinson’s disease“, 
people who catch their dreams and move forwards; people who understand, try 
to understand and learn from others; and especially, people who live with energy 
and illusion… Thanks Dalia (my fellow marshmallow, so many adventures are 
waiting for us in UK and around the world, I am delighted to have you near to 
me), Ali (for your hospitality and our great connection), Elías (por los sueños), 
Anthony and Alex (for rescuing me in Sonkol and sharing amazing trips), Mathieu, 
Alejandro (me encantan tus palabras), Irene, Rafa (por tu salero), Elena (por tu 
gracia), Jessica, Eilih (for running the hike with me to save one day of work), 
Tim (for the “art”), Elias, Ivana (por intentarlo), Xande y Magdalena (por ser 
mis hermanitas paraguayas), Javi, Joel, Zani, Novella, Julián, Wo (por la samba y 
por ayuarme tanto), Galo, Richy, Maicon (por la poesía), Andy, Laura, Katerina, 
Raul, Wayra (por tus sabios consejos), Noah, Víctor, Issy, Ujwal (for running my 
complex-based code during days while I was hiking) and Roxan and Sangeet (for 
becoming part of my Nepalese family), Rajan (for the Bahgtapurian experience), 
Sole, Hadi (for your encouragement), Ehsan and Shahrad (for the magics of the 
desert, the tastiest Yazdi sweets, the lovely Cambodian time and more... merci khersi) 
and many others who made this trip unforgettable… 
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I want to thank Bea and the people from Uruguaiana (Felipe do Carpes in 
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my research with you, and to learn from you.
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Anna, Henriette, Vanessa, Rik, mis hermanitas y hermanitos del Hatters, Kuldeep, 
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hikkers for such a nice welcoming to my new English life… (which overlapped 
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and continuous scientific support, and for the German corrections (Clint) on the 
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A mis chicas y chicos “Espanish”: Veris, Rub, Luz, Martas (a todas vosotras), 
Raül, Sabina, Juancar, Juanba, Esteri, Pipe, Jose, Teresa, Aini, Javis (a todos 
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muchos más… GRACIAS por todo lo vivido y por vivir, por vuestras traducciones y 
correcciones, por recibirme en La Terreta y en muchos sitios más, por siempre siempre 
siempre estar ahí, por ayudarme a ser mejor persona (o intentarlo), por escucharme, 
por aguantarme, por visitarme, por viajar juntos/as, por compartir millones de 
aventuras, por todas las fiestas, cafés, abrazos, discusiones, locuras, marrones, emails, 
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mi energía (no siempre tan positiva), por querer lo mejor para mí, por alegraros de las 
alegrías y por todo lo no escrito y mucho más… Gracias por ser personas tan especiales 
en mi vida y los mejores amigos del mundo mundial!!!

A mi familia querida, estimada y lejana (per les dos parts, clar, i per suposat 
contant amb Conxeta i la meua iaieta bonica): vuestro apoyo y cariño incondicional 
no son de este mundo… Gracias por ser y estar. Gracias Esteri y Jose por quererme y 
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La leyenda del tiempo

El sueño va sobre el tiempo
flotando como un velero.

Nadie puede abrir semillas
en el corazón del sueño.

¡Ay, cómo canta el alba, cómo canta!
¡Qué témpanos de hielo azul levanta!

El tiempo va sobre el sueño
hundido hasta los cabellos.

Ayer y mañana comen
oscuras flores de duelo.

¡Ay, cómo canta la noche, cómo canta!
¡Qué espesura de anémonas levanta!

Sobre la misma columna,
abrazados sueño y tiempo,
cruza el gemido del niño,
la lengua rota del viejo.

¡Ay, cómo canta el alba, cómo canta!
¡Qué espesura de anémonas levanta!

Y si el sueño finge muros
en la llanura del tiempo,
el tiempo le hace creer

que nace en aquel momento.
¡Ay, cómo canta la noche, cómo canta!
¡Qué témpanos de hielo azul levanta!

Federico García Lorca,  Así que pasen cinco años. 1933
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The legend of time

The dream is about time
floating like a sailboat.

Nobody can open seeds
in the heart of the dream.

Oh, how the dawn sings, how it sings!
What blue ice floes lifts!

The time is about dream
sunk to the hair.

Yesterday and tomorrow eat
dark duel flowers.

Oh, how the night sings, how it sings!
What a thicket of anemones lifts!

On the same column,
embraced dream and time,
crosses the child's moan,

the old man's broken tongue.

Oh, how the dawn sings, how it sings!
What a thicket of anemones lifts!

And if the dream pretends walls
in the plain of time,

time makes dream believe
that it was born at that moment.

Oh, how the night sings, how it sings!
What blue ice floes lifts!

Federico García Lorca,  Así que pasen cinco años. 1933
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