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A B S T R A C T  

Neurodegeneration is a progressive loss of neuron function or structure, including death of neurons, 
and occurs at many different levels of neuronal circuitry. In this thesis I discuss Parkinson’s Disease 
(PD), the second most common neurodegenerative disease (NDD). PD is a devastating progressive 
NDD often with delayed diagnosis due to detection methods that depend on the appearance of visible 
motor symptoms. By the time cardinal symptoms manifest, 60 to 80 percent or more of the dopamine-
producing cells in the substantia nigra are irreversibly lost. Although there is currently no cure, earlier 
detection would be highly beneficial to manage treatment and track disease progression. However, 
today’s clinical diagnosis methods are limited to subjective evaluations and observation. Onset, 
symptoms and progression significantly vary from patient to patient across stages and subtypes that 
exceed the scope of a standardized diagnosis.   
 
The goal of this thesis is to provide the basis of a more general approach to study the brain, 
investigating early detection method for NDD with focus on PD. It details the preliminary 
development, testing and validation of tools and methods to objectively quantify and extrapolate motor 
and non-motor features of PD from behavioral and cognitive output during everyday life. Measures of 
interest are categorized within three domains: the motor system, cognitive function, and brain activity. 
This thesis describes the initial development of non-intrusive tools and methods to obtain high-
resolution movement and speech data from everyday life and feasibility analysis of facial feature 
extraction and EEG for future integration. I tested and validated a body sensor system and wavelet 
analysis to measure complex movements and object interaction in everyday living situations. The 
sensor system was also tested for differentiating between healthy and impaired movements. 
Engineering and design criteria of the sensor system were tested for usability during everyday life. 
Cognitive processing was quantified during everyday living tasks with varying loaded conditions to 
test methods for measuring cognitive function. Everyday speech was analyzed for motor and non-
motor correlations related to the severity of the disease. A neural oscillation detection (NOD) 
algorithm was tested in pain patients and facial expression was analyzed to measure both motor and 
non-motor aspects of PD.  
 
Results showed that the wearable sensor system can measure complex movements during everyday 
living tasks and demonstrates sensitivity to detect physiological differences between patients and 
controls. Preliminary engineering design supports clothing integration and development of a 
smartphone sensor platform for everyday use. Early results from loaded conditions suggest that 
attentional processing is most affected by cognitive demands and could be developed as a method to 
detect cognitive decline. Analysis of speech symptoms demonstrates a need to collect higher resolution 
spontaneous speech from everyday living to measure speech motor and non-motor speech features 
such as language content. Facial expression classifiers and the NOD algorithm indicated feasibility for 
future integration with additional validation in PD patients.  
 
Thus this thesis describes the initial development of tools and methods towards a more general 
approach to detecting PD. Measuring speech and movement during everyday life could provide a link 
between motor and cognitive domains to characterize the earliest detectable features of PD. The 
approach represents a departure from the current state of detection methods that use single data entities 
(e.g.one-off imaging procedures), which cannot be easily integrated with other data streams, are time 
consuming and economically costly. The long-term vision is to develop a non-invasive system to 
measure and integrate behavioral and cognitive features enabling early detection and progression 
tracking of degenerative disease. 
 
 
 
 
 
 
 
 
 
 
 



 
 

L O N G  A B S T R A C T   

Chapter One: Introduction. This chapter presents an overview of PD and the current state of diagnosis 
and discusses the need for a new approach. It first describes current diagnosis, known biomarkers, and 
available treatments of PD and then discusses the deficiencies of detection methods and presents 
foundations for a new approach. The chapter concludes with the research statement and specific aims 
of the thesis.  
 
Chapter Two: Approach. This chapter discusses measures of interest within three domains of the 
approach and the approach design.  
 
Chapter Three: Methods. This chapter describes methods for data collection and analyses.  
 
Chapter Four: Measuring Upper Limb Movement. This chapter presents testing and validating a BSN 
to measure arm movements:  
Experiment 1: Testing a Body Sensor System to Measure Upper Limb Movements.  
Experiment 2:Testing BSN to Measure an Everyday Task Using Continuous Wavelet Transforms. 
Experiment 3: Measuring Impaired Upper Limb Movements using Wavelet Analysis. 
 
Chapter Five: BSN Engineering and Design. This chapter discusses hardware and engineering design 
criteria for everyday use and integration with everyday objects:  
Experiment 4: Testing a Sensor Network to Measure Acceleration During Water-Ski Jumping.  
Experiment 5: Comparison of Median Frequency Between Traditional and Functional Sensor 
Placements During Activity Monitoring. 
Experiment 6: Testing an Integrated Clothing Sensing System for Measuring Joint Stability. 
 
Chapter Six: Speech and Movement- Measuring Cognitive Load. This chapter describes a cognitive 
load study where everyday tasks are performed simultaneously to measure attentional demand: 
Experiment 7: Effect of Everyday Living Behavior on Cognitive Processing. 
 
Chapter Seven: Everyday Speech and Motor Symptoms. This chapter looks at correlations between 
“everyday speech” and motor symptoms then discusses features of phonations and spontaneous 
speech: 
 Experiment 8: Examining Everyday Speech and Movement Symptoms.  
 
Chapter Eight: Brain Activity. This chapter describes validation of a Neural Oscillation Detection 
Algorithm in pain patients: 
Experiment 9: Neural Oscillation Detection. 
 
Chapter Nine: Facial Feature Extraction-An Example of Machine Learning. This chapter presents a 2 
part data analysis using machine learning: 
Experiment 10: Sentiment Classification and Facial Feature Extraction.  
 
Chapter Ten: Summary and Conclusions. The approach, aims, and empirical findings of the thesis are 
summarized and discussed. Plans for future work are briefly described.
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1 CHAPTER ONE: INTRODUCTION 
The human brain, which has been referred to as a “three pound enigma,” is considered the grand research 
challenge of the 21st century (Collins and Prabhakar, 2013; Moffett, 2006). We understand the brain as a 
multidimensional, densely wired matter made of tens of billions of neurons, which interact at the 
millisecond timescale, connected by trillions of transmission points that generate complex output such as 
behavior and information processing. Neurons can send and receive signals up to 10⁵ synapses and can 
combine and process synaptic inputs to implement a rich repertoire of operations that process 
information (Baars and Gage, 2010; Laughlin and Sejnowski, 2003). 
 
Throughout developmental stages and in adult life, the brain responds to experience by adapting 
communication via individual synapses (Greenough et al., 1993). In addition, new synapses can be 
generated, and existing synapses can regenerate or degenerate in response to experience, which can 
change the spatial pattern of neuron connections. This “plasticity” of synapses and networks is assumed 
to be the basis of learning and memory (Sheng, 2005). However, neuroplasticity is not only significant 
for learning and memory; changes in neural pathways and synapses can occur in response to external 
stimuli (Pascual-Leone et al., 2011).  For example limb amputation, traumatic brain injury, 
neurodegenerative disease, and stroke can yield synaptic changes in order to adapt (Butz and van Ooyen, 
2013). 
 
 Today neuroscience tools can only record the activity of a few neurons at a time making it difficult to 
comprehensively understand the human brain which consists of 50-200 billion neurons inter-connected 
by 100 trillion to 10 quadrillion synaptic junctions (Drachman, 2005). Over a century ago Santiago 
Ramon y Cajal, known to some as the father of modern neuroscience, said, “the brain is a world 
consisting of a number of unexplored continents and great stretches of unknown territory”(Barres, 2005). 
Despite scientific advances, we continue to question how the brain take patterns of light at the eye, sound 
at the ear, and touch on the skin to determine the properties of the surrounding environment? How does 
the brain yield emotion and sentiment manifested through expressions, patterns, symbols and languages? 
How does the brain support adaptive behavior and produce complex articulated motor function? And 
how do these computations go awry in disease states? 
 
As a point of departure, some research has attempted to reverse-engineer the brain as a computing 
system. For example, IBM and Stanford University researchers have modeled a cat’s cerebral cortex with 
the Blue Gene/IP supercomputer, which currently ranks as the world’s fourth most powerful 
supercomputer (Howard, 2012b; Hsu, 2009). Although this machine uses 144 terabytes of RAM the 
simulated cat brain runs about 100 times slower than a real cat brain. In fact, using just 30 watts of 
electricity (i.e., enough to power a dim light bulb), the human brains outperform the Blue Gene computer 
by a factor of a million(Hsu, 2009). Consequently, it is estimated that an artificial processor as smart as 
the human brain would require at least 10 megawatts to operate (i.e. the amount of energy produced by a 
small hydroelectric plant)(Howard, 2012b; Kety, 1957; Rolfe and Brown, 1997; Sokoloff, 1960).  
 
Despite recent advances, the brain remains somewhat of a mystery and our understanding of its 
phenomena remains rudimentary. Over time, the scope of brain science has expanded to include several 
different approaches to study the functional, structural, molecular, and cellular aspects of the nervous 
system. Similarly the methods implemented by neuroscientists have also expanded to include 
microscopy, animal models, brain-imaging, recording electrical activity, and brain stimulation. Mapping 
the activity of brain function and dysfunction essentially means mapping the neuronal networks, which 
requires multilevel data from behavioural and cognitive output (see figure 1-1)(Leergaard et al., 2012; 
Turner et al., 2013) . 
 
 Better understanding of the human brain would lead to improved detection and treatment of brain 
dysfunction. Brain disorders are pervasive worldwide; it is estimated that neurological disorders, ranging 
from brain injury to autism to dementia affect one billion people globally (WHO, 2007). The US 
National Institute of Mental Health (NIMH) reports that 1 in 4 American adults suffer from a diagnosable 
mental disorder (NIMH, 2013; WHO, 2007). The Alzheimer’s Association estimates that 5.4 million 
people in the US suffer from Alzheimer’s disease (Thies and Bleiler, 2011). It is estimated that 10 
million people suffer from PD worldwide, with one million cases the US alone and at least 60,000 new 
cases diagnosed each year (PDF, 2013). However, the true number of cases of PD is difficult to 
enumerate, because the disease is typically undiagnosed, misdiagnosed or diagnosed when the disease 
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has reached an advanced stage. As a result, the actual number of cases of PD is most likely much higher 
than these numbers suggest. 

 
 

Figure 1-1 Animal and human models of PD using neuro-imaging techniques. (Part of 
image reproduced from Herculano-Houzel (2009) and Sheng (2005). 

 
Medical practitioners have long relied on clinical observation to diagnose diseases. However, this method 
is fundamentally subjective and cannot ensure early detection or effective monitoring of brain 
dysfunction, particularly before symptoms become evident (Belluck, 2013). Diagnosis of 
neurodegenerative disease (NDD) is often delayed because current detection methods depend on the 
appearance of outwardly observable symptoms. In contrast, a computational understanding and approach 
to neurological assessment might provide earlier diagnosis, greater reliability and less obtrusive 
technologies for monitoring the progression of NDD. NDDs are highly complex and usually feature 
many levels of symptoms and signs that are not immediately apparent; it is often a combination of factors 
that contribute to a diagnosis rather than a single indicator (Riess and Kruger, 1999; Sheikh et al., 2013). 
NDDs and cognitive impairments not only affect the systems of origin (the central nervous system), but 
also have direct effects on bodily activities and organ systems (Chaudhuri et al., 2006; Hu et al., 2011). 
For this reason, there exists a multitude of unexploited factors in neurological disorders that might be 
used to identify and classify diagnosis and treatment as well as aiding scientific comprehension. Many 
NDDs show similarity to one another. The similarities and relationships between these diseases offer an 
opportunity to validate diagnostic measurement for early detection and to develop treatment strategies for 
multiple diseases simultaneously. Neurodegeneration is a progressive loss of neuron function or structure 
including death of neurons, which occurs at many different levels of neuronal circuitry. In this thesis, I 
discuss Parkinson’s Disease (PD) as one example of NDD, as it is one of the most devastating and 
currently incurable neurodegenerative diseases. PD diagnosis is often delayed or frequently 
misdiagnosed because current detection methods rely mainly on the appearance of overt motor symptoms 
(Barton et al., 2012; Calne et al., 1992; Jankovic, 2008; Meara et al., 1999; Tolosa et al., 2006). Studies 
have shown that most PD patients lose 60 to 80 percent or more of the dopamine-producing cells in the 
substantia nigra by the time symptoms appear (NINDS 2013). Early diagnosis is crucial to improve a 
patient’s prognosis, as it allows for the ability to monitor and intervene at an earlier stage. At the 
moment, there is unprecedented interest in decoding brain activity to help researchers understand 
complex ailments (ranging from stroke to PD) that affect cognition. The majority of the research focuses 
on invasive techniques applied to explore cause and effects. This research is extremely important and has 
already brought many insights to brain function. However, relevant knowledge can also be gained by 
integration of brain and behavioral models of cognitive function (Park et al., 2001). This understanding 
follows from the fact that humans and their brains function in and are shaped by continuous interaction 
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with their environments (Hari and Kujala, 2009). This requires a focus on human-environment 
interaction.  
 
The approach presented here is an attempt to provide a more personalized approach to detection using 
data fusion from multiple sensors, preferably ones that are unobtrusive and easy to use in an everyday 
environment. The scope of my research has focused on detecting changes in 3 domains (motor system, 
cognitive function and brain activity). Measuring movement, speech and neural oscillations may provide 
a more general approach to early diagnosis of PD. Recent studies have shown that early movement 
impairments can provide insight into underlying neurodegenerative processes (Ghilardi et al., 2000; 
Mittal et al., 2010). The interaction between cognitive and sensorimotor functions is well established 
(Bonnard et al., 2004). Speech analysis has also emerged as a potential alternative to clinical tools to 
assess cognitive function (Rapcan et al., 2009; Rochford et al., 2012). Facial expression analysis has also 
been explored as a method for assessing motor impairment and emotional states (Bowers et al., 2006; 
Ekman, 1993; Jacobs et al., 1995; Katsikitis and Pilowsky, 1988; Keltner et al., 2003). 
 
It is widely acknowledged that the brain itself evolved to control movement; on this premise our 
understanding of the brain should reflect measurements of human movement in everyday environments. 
Analyzing multiple information streams from multiple modalities may help us to better understand how 
afferent and efferent information is changing overall cognitive functioning. This approach can also 
benefit from including physiological measurements of brain activity (Ioannides, 2006; Ioannides, 2007). 
 
The aim of this thesis is, therefore, to explore new methods for measuring changes in movement, speech 
and brain activity. It provides an overview of current work to develop unobtrusive methods for 
measuring movement, speech, and brain activity towards the broader goal of early detection and 
monitoring the progression of PD. With this long-term goal in mind, the next section will provide some 
background on PD. 

1.1 PARKINSON’S DISEASE 
PD is a chronic, progressive NDD usually found in patients over 50 years of age. PD is the most common 
form of Parkinsonism, a group of conditions that share similar symptoms. Symptoms and severity vary 
from patient to patient making diagnosis difficult. The classic triad of symptoms comprise tremor at rest, 
muscle rigidity and bradykinesia (slowing of all movements, particularly walking) (Barton et al., 2012; 
Calne et al., 1992; Fahn, 2003; Jankovic, 2008; Levine et al., 2003a; Meara et al., 1999; Pahwa and 
Lyons, 2010; Tolosa et al., 2006). Postural instability, grossly impaired motor skills and general lethargy 
are also common (Fahn, 2003; Jankovic, 2008). These symptoms are caused by the death of neurons in 
the substantia nigra pars compacta in the midbrain that control movement by releasing dopamine into 
the striatum of the basal ganglia; dopamine is a neurotransmitter that modulates neural pathways to select 
appropriate movements for individual circumstances (Erikson et al., 2009; Jankovic, 2008).  Some 
studies have found that PD patients also exhibit abnormal production of the neurotransmitter 
norepinephrine (Kish et al., 1984; Vazey and Aston-Jones, 2012; Walsh and Bennett, 2001). 
Norepinephrine may be linked to non-motor symptoms of PD including fatigue, irregular blood pressure, 
and anxiety (Vazey and Aston-Jones, 2012; Walsh and Bennett, 2001).  
 
Non-motor symptoms of PD are gaining more awareness, although more research is needed to better 
understand the onset, cause and treatment. Often non-motor symptoms are under recognized and under 
treated in clinical practice (Hu et al., 2011). It is well documented that cognitive impairments and 
neuropsychological problems, such as depression, dementia-like symptoms, anxiety, hallucinations and 
excessive daytime sleepiness are associated with PD (Aarsland et al., 2004; Aarsland et al., 2007; 
Aarsland et al., 1999; Bottini Bonfanti, 2013; Chaudhuri et al., 2006; de la Monte et al., 1989; Hu et al., 
2011; Jankovic, 2008; Riedel et al., 2008; Starkstein et al., 1989; Walsh and Bennett, 2001; Wertman et 
al., 1993). A substantial amount of evidence suggests that non-motor features, such as depression, 
constipation and fatigue, can predate the better-known somato-motor dysfunctions by as many as 20 
years (Braak et al., 2003; Hawkes et al., 2010; Hu et al., 2011; Savica et al., 2010; Tolosa et al., 2006). 
Cognitive and behavioral changes are usually reflected in detectable changes in speech (Ooi et al., 2013a; 
Rahn Iii et al., 2007). Hence, speech impairments have been suggested as possible markers for PD 
detection and progression (Tsanas et al. 2011; Skodda, Gronheit, & Schlegel, 2012). Imprecise vowel 
articulation has been observed even in mild stages of PD (Skodda, Visser, & Schlegel, 2011) and 
commonly contributes to reduced speech intelligibility (Neel, 2008; Skodda, et al., 2011).   
 



 
 

15 

While there currently exists no way to reverse or stop the progression of the disease, it can be managed 
with a number of effective treatments. The most common treatment is pharmaceutical intervention using 
levodopa (L-DOPA), which is converted by surviving neurons into dopamine in order to compensate for 
the death of the other dopamine-producing cells (Barbeau, 1969; Fahn et al., 2004).  Other neurochemical 
treatments include metabolic inhibitors, which  act on cells in the basal ganglia to induce higher 
dopamine production, and dopamine agonists that have similar clinical effects to L-DOPA. As with many 
degenerative disorders, PD treatments tend to be most effective when the diagnosis is made early; 
therefore a high premium is placed on early detection (Shi et al., 2011). 

1.1.1 PARKINSON’S STAGES  
PD presents a spectrum of motor and non-motor symptoms, with differing age of onset, and rate of 
progression (Burn et al., 2006; Calne et al., 1992; Chaudhuri et al., 2006; Fahn, 2003; Ferguson et al., 
2008; Hawkes et al., 2010; Jankovic, 2008; Riess and Kruger, 1999; Savica et al., 2010; Tolosa et al., 
2006). There is no confirmed disease trajectory common to all PD patients. Some begin experiencing 
symptoms before 40, called early-onset Parkinson’s, while in other cases symptoms do not manifest until 
retirement age. In addition, onset and the severity of individual symptoms vary significantly among 
patients. For instance, some PD patients have severe tremor while others do not have tremor at all; often 
these are classified as tremor-dominant and non-tremor dominant (Fahn, 2003; Jankovic, 2008; Lewis et 
al., 2005b).  
 
Braak et al. (2004) describe Parkinson’s as a “multisystem disorder that involves only a few predisposed 
nerve cell types in specific regions of the human nervous system.” Because the autonomic, limbic, and 
somatomotor systems become damaged as the disease progresses, the authors developed a staggered 
diagnosis system that acknowledges symptoms associated with the malfunction of each system. In stages 
1-2, or the presymptomatic phase, the medulla oblongata/pontine tegmentum and olfactory bulb/anterior 
olfactory nucleus are the only brain regions that express pathology. In the third and fourth stages, 
pathological signs of Parkinson's spread to the substantia nigra and other nuclei of the midbrain and 
forebrain. Stages 3 and 4 encompass the period in which motor symptoms begin to develop. The length 
of the time from the presymptomatic phase to stages 3-4, when the common Parkinson’s symptoms 
manifest, depends on many factors related to the disease. For instance, Jankovic (2008) shows that 
younger patients tend to experience significantly longer onset periods, approximately 15 years, whereas 
patients in the 50+ age group tend to experience symptoms more quickly. In stages 5 and 6, the final 
stages of PD, the disease affects the mature neocortex, and manifests itself in all its motor and cognitive 
dimensions, usually including dementia. This is generally considered the end-stage of PD, since it ends 
with death. Although the length of each stage of Parkinson’s is generally dictated by factors unique to the 
individual, the stages tend to be separated by several years, ranging anywhere from 5 to 20 (Braak et al., 
2004; Hawkes et al., 2010; Jankovic, 2008; Savica et al., 2010). 
 
Zhao et al. (2010) use the Hoehn and Yahr  (H&Y) scale to evaluate the timeline of disease progression.  
1,500 PD patients were evaluated 3-6 times per month over a 2-3 year period. Zhao et al. found the 
following median transit times between H&Y stages: 
 

Stage 1-2 transition: 20 months 
Stage 2-2.5 transition: 62 months 
Stage 2.5-3 transition: 25 months 
Stage 3-4 transition: 24 months 
Stage 4-5 transition: 26 months 

 
Factors contributing to faster symptom progression included older diagnosis age, longer disease duration, 
and high Unified PD Rating Scale (UPDRS) scores at the outset. This suggests that older patients are 
more vulnerable to dopamine deficiency while early-onset cases tend to be less severe. Their analysis 
showed that younger patients took much longer to progress from stage 2 to 2.5. Stage 2 was defined as 
patients with moderate difficulty balancing, and stage 2.5 was defined as patients who were slower to 
regain their balance than stage 2 patients. To explain the age-onset disparity they suggest that "in older-
onset patients with PD, there are increased L-DOPA unresponsive axial motor disabilities that give rise 
to balance and gait disorders earlier in the course of the disease."  
 
Lewis et al. (2005b) similarly find that Parkinson’s is a highly heterogeneous disease. That is, the 
fundamental biological and chemical mechanisms associated with PD can cause a wide spectrum of 
symptoms to manifest. The authors evaluated 120 patients in terms of the severity of their symptoms 
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using the Beck depression inventory (BDI) as a basis for measuring altered cognitive status and UPDRS 
to establish H&Y readings. They concentrated on demographic, motor, mood, and cognitive data based 
on UPDRS data collected from patients in early-stage PD, or the first 3 stages of the H&Y scale. Lewis et 
al. found a number of sub-categories of Parkinson's. First, patients with younger onset tended to have 
significantly slower progression, warranting their own class within PD patients. In addition, the study 
found several diagnosed tremor-dominant subgroups of PD patients who exhibited significant tremor but 
not the cognitive characteristics (including depression) associated with PD. A third subgroup consisted of 
PD patients who didn't suffer significant tremor, but still experienced cognitive impairment and 
depression. The final group did not experience cognitive impairment, but had the most rapid disease 
onset of the entire group.  
 
Selikhova et al. (2009) also identified a number of subtypes in PD. Their study involved 242 
pathologically verified PD subjects. They separated cases according to their disease onset, whether they 
were tremor-dominant, and whether the disease progressed with or without dementia: 
 

early onset: 60 (25%) 
non-tremor dominant: 87 (36%) 
rapid onset/no dementia: 20 (8%) 

 
In particular, they found a strong association between cognitive impairment (depression and dementia) 
and non-tremor dominant diagnoses of PD. The group with the earliest (youngest) diagnoses tended to 
live longer over the course of the disease while delaying the onset of obvious PD symptoms, including 
tremor, falls and cognitive impairment. Tremor-dominant patients, on the other hand, did not live longer 
than non-tremor dominant patients, and between them there was little difference in the onset of gait 
disorders and hallucinations. Rapid progression through the H&Y phases I-III was strongly associated 
with "older age, early depression and early midline motor symptoms, and in 70% of the cases, tremulous 
onset." Non-tremor dominant subgroups also showed significant neuropathological differences, such as 
"higher mean pathological grading of cortical Lewy bodies than all other groupings (P=50.05) and more 
cortical amyloid-b plaque load and cerebral amyloid angiopathy than early disease onset and tremor 
dominant groups (P=0.047)."  

1.1.2 DIAGNOSIS 
PD is most often diagnosed based on medical history and a neurological exam (Jankovic, 2008). 
Currently, there is no definitive test to diagnose PD until post mortem examination; instead the disease is 
diagnosed primarily based on clinical criteria, as illustrated in Figure 1-2 (Jankovic, 2008). The cardinal 
symptoms of PD are abbreviated as TRAP; tremor at rest, rigidity, akinesia or bradykinesia, and impaired 
postural stability (Jankovic, 2008). Secondary motor features include freezing, hypomimia, dysarthria, 
dysphagia, and sialorrhoea. Diagnosis possibilities range from genetic tests, sampling cerebrospinal fluid 
to brain imaging (Barton et al., 2012; Sioka et al., 2010; Wu and Hallett, 2005). Brain scans are often 
used to rule out disorders that could present similar symptoms (Tolosa et al., 2006; Yekhlef et al., 2003). 
Physicians may confirm a diagnosis by giving patients L-DOPA and observing relief of motor 
impairments.  
 
Lewy bodies are currently the gold standard for clinical confirmation of PD, which can only be 
established post-mortem (Calne et al., 1992; Gibb and Lees, 2008; Jankovic, 2008; Levine et al., 2003a). 
Lewy bodies are not exclusively associated with Parkinson's disease however, and in fact are related to 
several other forms of dementia (Hughes et al., 1992). Dementia with Lewy bodies (DLB) is, like PD, a 
progressive NDD, which fluctuates in severity, and is indicated by psychoses and extrapyramidal features 
rather than movement impairments. Furthermore, Lewy bodies are not always present in all types of PD. 
For example, post-encephalitic Parkinsonism is not associated with Lewy bodies, but current opinion 
suggests that any PD associated with dementia is likely to have Lewy bodies, because virtually all 
idiopathic PD will progress to dementia given enough time (Hughes et al., 1992).	
   
 



 
 

17 

 
Figure 1-2. Two examples of criteria and procedures for clinical diagnosis of PD. The Left 

box is from the National Parkinson Foundation; the right box is from Jankovic (2008).  
 
1.1.3 CURRENT BIOMARKERS 
Although there is a wide range of PD detection measures, including blood tests, genetic tests, 
cerebrospinal fluid, and imaging, none of these are yet established as a Parkinson’s diseae biomarker 
(Bogdanov et al., 2008; Riess and Kruger, 1999; Shi et al., 2011; Stern et al., 1989). PD Biomarker 
studies are a growing area of research that holds promise for future developments of diagnosis, disease 
tracking, and drug discovery. Molecular, genetic and biochemical biomarkers of PD have been explored 
for targeted measures of specific substrates involved in the disease process such as cell restructuring, 
however the search for a validated biomarker continues.   
 
GENETICS   

A few cases of PD seem to be hereditary and can be linked to genetic mutations, but there is also 
evidence that PD is more environmental than genetic. In the past few decades, a number of genes have 
been definitively linked to hereditary PD (Klein et al., 2009; Riess and Kruger, 1999). A minority of PD 
patients carry a Parkin or Synuclein gene mutation whose study may illuminate the pathophysiology of 
idiopathic PD. Other genes include SNCA, PRKN, LRRK2, PTEN, PINK1, DJ-1, ATP13A2 (Riess and 
Kruger, 1999). 
 
Klein et al. (2009) provide an algorithm for “PARK” genes for clinicians to better differentiate the range 
of diagnoses for inherited conditions that may also show signs of parkinsonism or resemble idiopathic 
PD. Bertoli‐Avella et al. (2005) examined genetic biomarkers in patients with parkin mutations. They 
identified 15 parkin mutations in total. These included 10 exon deletion and 5 point mutations, i.e. 
splicing. Arg402Cys, Cys418Arg, IVS11- 3CG, and exon 8-9-10 deletions were four new mutations 
found to correlate with PD incidence. Mutations with higher correlation spanned both homozygous and 
heterozygous mutation modes. Ultimately, the study found that patients with parkin mutations tend to 
have an earlier onset of PD, as well as longer disease duration. These patients carried point mutations 
(splicing or missense) that contributed to the neurological disorder; however such patients are extremely 
rare. Nalls et al. (2011) performed a meta-analysis of genome-wide association studies. They newly 
identified five risk loci for Parkinson’s (ACMSD, STK39, MCCC1/LAMP3, SYT11, and 
CCDC62/HIP1R). 
 
IMAGING 

Prior to onset of clinical symptoms of PD, there are significant changes to the dopaminergic neurons of 
the mid-brain, yet these changes are not detectable with standard MRI; CT and MRI scans usually appear 
normal in PD patients (Brooks, 2010). Because the changes in the brain that cause Parkinson’s take place 
on a chemical level, they are microscopic and therefore not visible using MRI. Macroscopic changes to 
the structure of the brain in PD are usually not apparent until later stages of disease progression, if at all. 
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Nevertheless, MRI has shown some success for the differential diagnosis of idiopathic Parkinson’s, 
atypical parkinsonism, multiple system atrophy, supranuclear palsy and other conditions (Stern et al., 
1989; Yekhlef et al., 2003). 
 
Fang et al. (2011) used the regional SVM ensemble to construct a predictive model for classifying MRI 
brain images indicative of PD. Highly discriminative regions in the MRI images they examined showed 
similar results as previous neuropathologic studies, which suggests significant potential as PD markers. 
Fang et al. (2011) separated the three-dimensional brain image into smaller regions of 20 cubic voxels, 
isolating local features in each possible orientation (sagittal, coronal and axial). Features distinguishing 
PD patients from healthy controls included elevated ROC scores (area under receiver operating 
characteristics curve) in limbic areas such as the hippocampus, and was largely consistent with the results 
of prior detection methodologies.  
 
Neuropathology and Voxel Based MRI Morphometry have been used to examine PD brains, but with 
contradictory findings. Menke et al. (2013) did not find Voxel-based morphometry and volumetry of 
subcortical grey matter to yield significant results for group differences. Although, they found that shape 
analysis was capable of detecting changes in the right pallidum in early PD patients. However, they 
acknowledge that the changes that take place in the subcortical grey matter outside of the substantia nigra 
are subtle, and therefore this technique would be difficult to use for early diagnosis. Menke et al. (2009) 
combined DESPOT1 imaging and Diffusor Tensor Imaging (DTI) to see characteristics of the Substantia 
nigra of PD patients versus controls. They found that the DESPOT1 method combined with DTI 
provided a clear visualization of the substantia nigra in PD patients and could potentially serve as a 
diagnostic tool for PD.  

1.1.4 AVAILABLE TREATMENTS 
Pharmaceutical intervention, namely Levodopa (L-DOPA) has consistently been the most common 
treatment of PD for decades (Jankovic and Aguilar, 2008; Levine et al., 2003b; LeWitt, 2008). Figure 1.4 
illustrates the frequency of the most common PD treatment options and level of invasiveness.  
 
LEVODOPA (L-DOPA) 

For more than 30 years L-DOPA has been the most widely used treatment for Parkinson’s patients 
(Barbeau, 1969; Fehling, 1966; Foster and Hoffer, 2004). L-DOPA passes the blood brain barrier and is 
converted by surviving dopaminergic neurons and DOPA (decarboxylase) into dopamine needed to 
control motor movement. Neurons in the substantia nigra pars compacta in the midbrain store large 
amounts of decarboxylase to convert L-DOPA (Barbeau, 1969; Fehling, 1966). While it is the most 
effective drug treatment for Parkinson’s to date, L-DOPA can have severe side effects, which become 
more apparent with long-term use, such as dyskinesias and motor fluctuations (Foster and Hoffer, 2004). 
Dyskinesia side effects include tics, writhing movements and dystonias, as well as occasional periods of 
time when the medication does not work at all. In addition, a patient’s response to the medication may 
decrease over time, requiring increased dosages (Rascol et al., 2000). With higher doses side effects can 
worsen.  L-DOPA is generally administered at a starting dose of 50 mg taken 3 times daily (LeWitt, 
2008). Incremental increases in dosage are required up to a maximum of 1000mg per day. However, 
there is significant controversy about how high the dosage should be, and when it should first be 
administered (Fahn et al., 2004; Foster and Hoffer, 2004). Often L-DOPA is combined with dopa 
decarboxylase inhibitors, such as Carbidopa, to prolong the effectiveness of treatment (Jankovic and 
Aguilar, 2008). To manage negative effects of L-DOPA, usually occurring after 5 years of use, a COMT 
inhibitor, MAO-I inhibitor or a Dopamine agonist inhibitor is added to treatment regimen (Jankovic and 
Aguilar, 2008). Because the efficacy of L-DOPA diminishes over time and causes motor fluctuations and 
dyskenias after a period of about 5 years dopamine agonists can be used in early stage as initial treatment 
until symptoms are severe enough to warrant use of L-DOPA (Caraceni and Musicco, 2001; Jankovic 
and Aguilar, 2008; Levine et al., 2003a). Dopamine agonists present side effects and benefits over L-
DOPA, which still remains open to debate and is administered on a case by case basis (Factor, 2001).  
 
Some research suggests that L-DOPA treatment should begin as soon as symptoms are detected claiming 
that the earlier the disease can be detected, and L-DOPA therapy is initiated, the more effective the 
treatment will be (Markham and Diamond, 1986). On the other hand, opponents of early administration 
of L-DOPA argue that the medication may be neurotoxic. Some studies suggest a dose-dependent 
decrease in neuronal activity and significant changes in neural morphology, but the mechanisms that 
cause this toxicity are still unknown (Du et al., 2009; Lipski et al., 2011; Scholz et al., 2008).  
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SURGERY AND DBS TREATMENT 

There are three basic categories for surgical interventions in PD: (1) ablative procedures such as 
pallidotomy and thalamotomy, in which these regions of the brain are destroyed; (2) deep brain 
stimulation (DBS), in which a surgical device is implanted within the brain and emits electrical impulses 
at a set rhythm (See Figure 1-3); (3) direct tissue transplantation (Arle and Alterman, 1999; Hallett and 
Litvan, 1999; Starr et al., 1998; Walter and Vitek, 2004).  

 
Figure 1-3.  Illustrates a surgical device is implanted within the brain that emits electrical 

impulse treatment which is considered a highly invasive treatment, image from MEMS 2010 
 
 
One of the primary objectives of ablative procedures is to reduce tremor and dyskinesia and other 
medicinal side effects in PD patients who have been treated with L-DOPA (Starr et al., 1998).  Patients 
who undergo DBS surgery, particularly of the subthalamic nucleus (STN), often significantly reduce 
their L-DOPA doses. In one study, a pre-DBS mean of over 1000mg of L-DOPA per day decreased to 
less than 450mg to achieve the same effect on Parkinsonian tremor (Ardouin et al., 1999; Arle and 
Alterman, 1999; Hallett and Litvan, 1999; Starr et al., 1998). DBS also provides a means to record local 
field potentials from implanted electrodes, which may offer biomarkers of PD (Abosch et al., 2012). 
 
During the 1980’s, transplantation of neurons from one brain region to another, as well as fetal brain 
tissue transplants, gained popularity as a method for improving motor skills and gait issues caused by 
PD.  Tissue transplant appears to be most effective in patients under the age of 60, but dyskinesia-related 
side effects are prominent (Freed et al., 2001). Transplant is now the least popular of the Parkinson’s 
surgical regimes due to the ethical problems of finding suitable tissue and the limited efficacy so far 
achieved. 
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Figure 1-4.  Illustrates frequency of most common PD treatment and level of invasiveness 

1.2 NEED FOR IMPROVED DETECTION  
Neurodegenerative disorders are highly complex and usually feature multiple levels of symptoms and 
signs that are not immediately apparent. Often a combination of factors contributes to diagnosis rather 
than a single indication. There is a significant amount of evidence arguing that Parkinson’s 
neurodegeneration process begins before motor symptoms manifest (Hawkes et al., 2010; Savica et al., 
2010). The exact preclinical timeline remains unknown with findings ranging from 5 years to 20 years 
(Braak et al., 2004; Savica et al., 2010). From autopsy examination of Lewy bodies, Fearnley and Lees 
(1991) suggest that the pre-symptomatic phase of PD is approximately five years. Other studies suggest 
that non-motor symptoms linked to PD, such as constipation and rapid eye movement sleep behavior 
disorder may occur up to 12 years prior to the onset of motor symptoms (Abbott et al., 2001; Fearnley 
and Lees, 1991; Schenck et al., 1996). Other symptoms such as anxiety and anemia may predate motor 
symptoms by 20 years or more (Bower et al., 2010; Fearnley and Lees, 1991; Shiba et al., 2000). 
Although these findings require further research to be conclusive, they highlight the possibility of 
diagnosis prior to the onset of visible, cardinal motor symptoms. Furthermore, these studies support a 
diagnosis method that accounts for non-motor symptoms. Current diagnosis of PD is clinical (Barton et 
al., 2012; Fahn, 2003; Jankovic, 2008; Meara et al., 1999; Pahwa and Lyons, 2010; Paulsen et al., 2013). 
Detection mainly relies on the appearance of outwardly observable motor symptoms, yet according to 
Braak et al. (2004) observable motor symptoms do not manifest until stages 3 & 4 of disease progression. 
Often the presence of dopaminergic neuron degeneration and discovery of Lewy bodies upon autopsy 
examination serve as confirmation that a patient had PD (Gibb and Lees, 2008; Jankovic, 2008). 
However, Koller’s (1992) study found that Lewy bodies occur in 10% of normal, non-PD subjects over 
age 50, which further complicates PD diagnosis.  In a 2003 AHRQ literature review,  Levine et al. 
evaluated 59 studies, comprising 3,369 patients to review results of neuroimaging and other diagnostic 
tests for determining PD diagnosis. All methods showed inconclusive or insufficient evidence to 
determine PD diagnosis, except for 3: 

• Six autopsy studies provided evidence to support its role in confirming clinical diagnosis of PD. 
• Seven studies of olfactory function provided evidence for the ability to distinguish parkinsonism 

from healthy controls, but not to distinguish PD from atypical parkinsonism. 
• Three studies of PD test battery (including tests of motor function, olfaction, and depression) 

provided preliminary evidence suggesting usefulness in diagnosing PD, but long-term 
confirmatory studies are needed. 
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In addition to diagnosis, tracking the progression of PD is challenging. A recent systematic review of 
over 180 biomarker studies of PD progression concluded that there is “insufficient evidence to 
recommend the use of any biomarker for disease progression in PD clinical trials, which may simply 
reflect the poor quality of research in this area” (McGhee et al., 2013). 
 
Many approaches to diagnosis rely on single-method evaluations such as fMRI and EMG (Rissanen et 
al., 2007). These methods, while somewhat effective on their own, suffer from two primary 
weaknesses(McGhee et al., 2013). First, each requires an independent analytical methodology. Second, 
these data are mutually exclusive, meaning that only limited measurements can be taken at a given time.  

1.2.1 UNDIAGNOSIS AND MISDIAGNOSIS 
Often PD is misdiagnosed or not diagnosed at all; it is claimed that there are possibly 20 undiagnosed 
cases of Parkinson’s for every diagnosed case (Barton et al., 2012; Calne et al., 1992; Jankovic, 2008; 
Meara et al., 1999; Tolosa et al., 2006).  In a population based study Schrag et al. (2002) found that as 
many as 15% of PD patients do not fulfill the clinical criteria for diagnosis, and as many as 20% are 
misdiagnosed or undiagnosed.  Even then, diagnosis is highly subjective, mainly relying on clinical 
judgment of the severity of observable symptoms (Barton et al., 2012; Jankovic, 2008; Meara et al., 
1999; Pahwa and Lyons 2010). An alternative approach is needed to measure the same factors observed 
in clinical based diagnosis, but in a significantly more standardized, accurate manner and earlier in the 
course of disease progression.  

1.2.2 BENEFITS OF EARLY INTERVENTION 
By the time motor symptoms present themselves, it is estimated that at least 60% of the dopamine-
producing neurons within the basal ganglia are irrevocably lost (Pagan, 2012). With effective treatments, 
the potential benefits of early intervention in PD include slowing down progression, delaying and 
reducing both motor and non-motor symptoms, increasing patient quality of life and economic benefits of 
avoiding the long-term costs (Murman, 2012). Delayed treatment can lead to worse symptomatic 
deterioration and diminished quality of life (Fahn et al., 2004; Murman, 2012).  
 
Despite the potential side effects, PD patients who are treated early with L-DOPA or dopamine agonists 
tend to do better long-term than those who have delayed treatment. Markham and Diamond (1986) 
followed effects of early L-DOPA administration in a group of 19 PD patients for 12 years. They 
concluded that symptom severity over time was due to the progression of the disease and not due to the 
medication.  Over the course of the study, 32% of the group that began early L-DOPA treatment within 
1-3 years of onset of symptoms died at a mean age of 76, whereas 50% (mean age 74.7) and 57% (mean 
age 71.5) died in the groups who started delayed treatment 4-6 and 7-9 years, respectively, after onset of 
symptoms.  
 
It is possible that early treatment may have a neuroprotective or disease modifying effect. Early treatment 
has been shown to be effective in decreasing and slowing symptom progression. The clinical trial known 
as ADAGIO conducted a double-blind study to examine disease modifying outcomes of rasagiline 
(MAO-B inhibitor) in 1,176 early stage PD patients (Olanow et al., 2008). Medication was administered 
to an “early-start” group for 72 weeks and a “delayed-start group” for 36 weeks subsequent to 36 weeks 
of placebo. Over the course of the study, the early start group showed a better outcome and experienced 
fewer symptoms than the delayed start group. The early start group also had a lower rate of worsening 
UPDRS score (Olanow et al., 2009). Similarly, in a long –term study, Hauser et al. (2009) assessed the 
effectiveness of early rasagiline treatment in PD patients. Over a period of 6.5 years, the early start group 
showed improved UPDRS scores (mean 2.5 units) and slower progression of symptoms compared to the 
delayed start group.  
 
Early intervention can improve the quality of life for PD patients and their caregivers by reducing 
symptoms and potentially slowing disease progression. Early stage PD patients not receiving treatment 
report significantly lower quality of life scores compared to patients receiving treatment (Grosset et al., 
2007). Although controversial, surgical intervention such as DBS, has been used in early PD stages, as it 
can help prevent cognitive decline and motor symptoms from worsening (Groiss et al., 2009). It is clear 
that the earlier diagnosis can be established, the more treatment options there are available; the earlier 
treatment begins the more effective disease modifying outcomes may be (Fahn et al., 2004; Fehling, 
1966; Hauser et al., 2009; Murman, 2012; Olanow et al., 2009).  
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1.3 FOUNDATIONS OF A NEW APPROACH 
Although there is a wide range of detection possibilities including genetic tests, sampling cerebrospinal 
fluid, fMRI and medical imaging of the brain, clinical diagnosis remains the gold standard (Sioka et al., 
2010; Wu and Hallett, 2005). However, earlier detection of PD requires a methodology that can match 
the heterogeneous pathology and symptomology of the disease (Braak et al., 2004; Lewis et al., 2005a). 
Given the motor and non-motor features of the disease and complex timeline, I propose an approach that 
collects multiple data measurements during everyday living. My approach focuses on three broad 
domains: the motor system, cognitive function, and brain activity. Features from each domain can be 
measured quantitatively to link cognitive and behavioral indicators of disease. Figure 1-5 depicts the 
overall approach and potential measures of interest discussed in this thesis. 

 

 
 
 

Figure 1-5. The approach is to measure emerging properties from parameters of 3 domains: 
the motor system, cognitive function, and brain activity. Measures of interest discussed in 
this thesis are facial expression (M1) upper and lower limb movement (M2) balance (M3) 

speech and neural oscillations. 

1.3.1 MOTOR SYMPTOMS 
The classic defining features of Parkinson’s disease are motor symptoms. Although it is unclear exactly 
when motor symptoms manifest in relation to substantia nigra degeneration and onset of non-motor 
symptoms, it is evident that movement impairments are an important aspect of the disease.  For example, 
although essential tremor is regarded as a different (cerebellar) disease it is a risk factor for PD. 
Likewise, postural tremor, arguably phenomenologically identical to essential tremor, can predate onset 
of other PD features by years sometimes decades (Shahed and Jankovic, 2007). Thus sensitive 
measurements of movement, as opposed to observation of outwardly visible motor symptoms, may 
provide valuable early data for diagnosis, disease progression and symptom management.  
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LOWER LIMB 

The locomotor system is inherently a dynamical system; the body has to cope with both external and 
internal perturbations. The extent to which we can correctly react to these perturbations is influenced by 
our anatomy, physiology and motor control. In the case of Parkinson’s, this ability can be directly 
affected by the disease process resulting in joint and skeletal deformities, which are often under-
recognized (Ashour and Jankovic, 2006; Gnädingera et al., 2011). Joint and skeletal deformities are 
associated with severe stages of PD and after L-DOPA treatment (Ashour and Jankovic, 2006). However, 
joint deformity can be a subtle early sign of PD predating the development of other classical signs 
(Ashour and Jankovic, 2006).  
 
Błaszczyk and Orawiec (2011) found anteroposterior (AP) and mediolateral (ML) sway ratios were 
notably increased in PD patients when compared to age-matched controls. Increased sway ratio is 
attributable to a progressive decline of postural stability control due to pathology of the disease. The 
cumulative effects of the impairments related to PD can be observed in increased stochastic joint 
instability attributable to changes in proprioception (Konczak et al., 2009). 
 
Han et al. (2006) provide a number of useful biomarker variables in their study of gait and its relation to 
PD incidence. Specifically, they provide a rigorous twofold definition of gait, as "a cyclic movement of 
the feet in which one or the other alternate in contact with the ground, [whose essential measurable 
features] are equilibrium and locomotion, which are impaired in abnormal gait" (Han et al. 2006). Their 
study emerges from the spatiotemporal limitations that have arisen in advancing gait measurement 
technologies from the simple (ruler and stopwatch) to the more complex (video imaging systems for gait 
monitoring). But video imaging systems limit observation to small areas, and thus the amount of raw data 
available for analysis is limited. Using tiny motion sensors allows a similar data resolution and offers a 
significant leap in quantity, since the sensors can be worn almost anywhere (Han et al. 2006). A number 
of gait segments were devised to classify quantitative metrics: stopping and moving, stance and swing 
phase, and positive peaks in acceleration. As a result, the authors devised a "general gait detection 
algorithm" using 3 dimensional acceleration measurements in the ankles of PD and non-PD patients. 
From the output of the general gait detection algorithm, "kinetic data" (speed, balance etc.) can later be 
extracted and analyzed (Ebersbach et al., 1999). 
 
Niazmand et al. (2011) use "freezing of gait" (FOG) as a primary biomarker for PD, and constructed a 
detection regime based on wearable accelerometer-based sensors. "MiMed-Pants" were tested on 6 
patients on two standardized walking courses, and FOG indications by the devices were corroborated by 
an attending physician. Using this method, the authors were able to attain an 85% accuracy rating 
compared against the physician's interpretation (Niazmand et al. 2011). Ghilardi et al. (2000) examined 
the role of visual feedback in reaching movements in PD patients who did not suffer from cognitive 
impairment. This study was based less on muscle memory than it was on the critical information supplied 
by the eyes when motor commands are issued. The authors found that while PD patients and controls did 
not differ significantly in terms of the Mini Mental State Examination (MMSE), grading their cognitive 
state, there were large variations in visual feedback (0.5 vs. 0.7 cm linear error) suggesting that visual 
data analysis is another important potential biomarker for PD. The cumulative effects of the impairments 
related to PD can also be observed in increased stochastic joint instability (Konczak et al. 2009). 
Obtaining accurate information about the changes in physical and cognitive function may allow for 
differentiation of PD from other neurodegenerative diseases. 
 
UPPER LIMB 

Previous studies have shown that Parkinson’s patients exhibit irregularities in upper limb movement 
kinematics, such as linear speed and corrective movements (Dounskaia et al., 2009a; Dounskaia et al., 
2009b; Isenberg and Conrad, 1994; Konczak et al., 2009; Sande de Souza et al., 2011; Tresilian et al., 
1997). Further examination of the trajectories of the upper extremity could be useful not only for 
potential diagnostic value, but also because underlying brain processes may be influencing these motor 
function irregularities (Ray et al., 2009). 
 
Twenty years ago Flash et al. (1992) investigated the characteristics of Parkinson’s patients’ upper arm 
trajectories. Their experiment consisted of confining the range of motion of the patients, so that shoulder 
motions took place only in the horizontal plane, and shining a “target LED” light source for the patient to 
follow with his/her arm. Measuring the acceleration time/deceleration time (DT/AT) ratio allowed the 
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authors to develop velocity profiles for different patients performing different upper arm tasks. They 
reported a number of factors unique to PD patients. For instance, the velocity profiles of PD patients 
were “characterized by their lack of smoothness and the presence of multiple corrections” (Flash et al. 
1992). Specifically, the mean reaction time for target movement was 346 ms for age-matched controls, 
but more than twice that (798 ms) for PD patients, who corrected their shoulder motions numerous times 
during the assigned tasks. Significant variation was also found in movement time, suggesting that 
patients with PD have a number of specific and unique motor tendencies. What is unclear, however, is 
the stage at which these aberrations become apparent. 
 
Mittal et al. (2010) used video recording to collect movement data abnormalities from young adults with 
prodromal PD risk syndrome. A number of other measures were taken, including verbal comprehension, 
perceptual organization, auditory memory, and IQ, from each patient over the course of the experiment. 
The authors focused on upper-body movement aberrations, and found that dyskinesia correlated with 
higher levels of cognitive defects, such as early-stage psychotic disorders. While they gathered a broad 
spectrum of data, the IQ tests and auditory tests were not administered simultaneously, therefore the 
assessments were not conducted under consistent conditions. In addition, the study did not examine the 
potential causal links between each of the effects discussed and the levels of analysis at which they were 
addressed. This highlights the need for an unobtrusive data collection tool that simultaneously integrates 
cognitive state evaluation without significantly impeding the experimental progression.  
 
OROFACIAL  

Motor impairments do not only affect the upper and lower limbs. Rigidity (muscle stiffness) can affect 
the face, neck, trunk and shoulders (Ainhi et al., 2013; Riley et al., 1989). Orofacial motor control 
deficits can affect lips, jaw and tongue muscles (Abbs et al., 1987). Loss of control of facial expressions, 
expressionless face (also called stone face or “masked face”), and reduced blink rate are also symptoms 
of PD (Bologna et al., 2013; Gibb, 1988; Jankovic, 2008). Facial bradykinesia can impair spontaneous, 
emotional and voluntary facial movements in PD, which suggests basal ganglia dysfunction (Bologna et 
al., 2013). Rigidity and Bradykinesia can also impair swallowing causing excessive drooling and 
difficulty speaking (Factor and Weiner, 2002; Jankovic, 2008).  
 
Speech and vocal impairments, such as tremor, jitter and difficulty swallowing are common in 
Parkinson’s patients, more than 90 percent of Parkinson’s patients experience speech impairments (Sapir 
et al., 2008). Speech and voice characteristics associated with PD include, reduced loudness, 
monoloudness, monopitch, hoarseness, imprecise vowel articulation, vocal tremor and excess jitter 
(Factor and Weiner, 2002; Sapir et al., 2008; Skodda et al., 2011). 

1.3.2 COGNITIVE FUNCTION 
 
EMOTIONAL AND PSYCHOLOGICAL PROBLEMS 

Current methods of PD diagnosis are limited to the observation of motor symptoms, yet it has been 
acknowledged that nonmotor symptoms commence long before the visibility of motor symptoms (Abbott 
et al., 2001; Bower et al., 2010; Braak et al., 2004; Fearnley and Lees, 1991; Hawkes et al., 2010; Shiba 
et al., 2000; Tolosa et al., 2006). Therefore, nonmotor symptoms may offer an opportunity for earlier 
diagnosis.  Although PD is characterized by changes in physical movement, cognitive impairments and 
neuropsychological problems, such as depression and dementia-like symptoms, are often associated with 
PD (de la Monte et al., 1989; Jankovic, 2008; Starkstein et al., 1989; Wertman et al., 1993).  
 
Most patients experience trouble with emotional control and dementia in early and later stages of the 
disease (de la Monte et al., 1989; Jankovic, 2008). A high incidence of feelings of apathy has been 
observed in early-stages of PD (Savica et al., 2010; Shiba et al., 2000; Walsh and Bennett, 2001). 
Various depressive states, including “depression, characterized by sadness, remorse, and lack of 
confidence,” are also found to have a higher incidence in Parkinson’s patients than in the general 
population. Hong et al. (2013) found that 30% of patients later diagnosed with Parkinson’s exhibited 
depressive mind states and panic attacks well before motor symptoms began to manifest. Hong also 
found that the severity of depression did not appear to change or increase as the disease progressed, 
which suggests that these cognitive states are not a result of the patient’s emotional reaction to having the 
disease, but are rather part of the disease itself.  
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COGNITIVE DECLINE 

In addition to depression, dementia symptoms are also common in PD (Aarsland et al., 2007; Barton et 
al., 2012; Burn et al., 2006). Some studies estimate more than 75% of PD patients have dementia 
(Aarsland et al., 2003). Symptoms of cognitive decline worsen with disease progression, but can occur in 
early stages, often prior to motor symptoms, these generally include impairment to sensory functions 
such as visual and spatial processing, memory, and control of conscious thoughts and emotions (Aarsland 
et al., 2003; Caballol et al., 2007; Sánchez‐Ferro et al., 2012). Aarsland et al. (2004) measured the rate 
and predictors of change on the Mini-Mental State Examination in patients with PD. These changes were 
also compared with results from the examination taken by patients with AD and non-demented subjects. 
Results showed an average annual decline of 1 point for PD patients; in patients with both PD and 
dementia the average was closer to that of patients with AD who declined 2.3 points on average.  
 
Pillon et al. (1991) compared severity and specificity of cognitive impairments in various 
neurodegenerative diseases, including Alzheimer’s and PD. Their findings suggest that there are specific 
cognitive impairments distinguish patient groups when matched to specific cognitive deteriorations such 
as remote memory and linguistic disorders. They conclude that dementia itself is not homogeneous but 
requires further classification and division of cognitive impairment subtypes. Burn et al. (2006) found 
that a postural instability gait difficulty (PIGD) motor subtype of PD is associated with an increased rate 
of cognitive decline compared to tremor dominant (TD) or indeterminate (IND) subtypes of PD. In this 
subtype of PD, incident dementia occurs more commonly than in other subtypes. Emotions affect 
cognitive processes such as decision-making and language processing. This is clearly illustrated by the 
effect of positivity on mood and executive functions (Ashby and Isen, 1999; Mitchell and Phillips, 2007). 
Cognitive and emotional changes are often reflected in speech and discourse, and there has been a 
growing interest in the ability to exploit this for detection of various mood states and disorders. For 
example emotion recognition from acoustic variables and speech discourse (Lee et al., 1999) has been 
explored as well as detection of depression (Cummins et al., 2011; Low et al., 2011; Ooi et al., 2013a), 
bipolar disorder (Vanello et al., 2012) Alzheimer’s disease (Thomas et al., 2005) and Parkinson’s 
(Tsanas et al., 2012) from speech. By analyzing both speech production (eg. frequency, tremor) and 
language content, it may be possible to identify biomarkers associated with different cognitive and 
neuropsychological functioning to develop models for detecting disease onset and tracking progression.  
  
COGNITIVE PROCESSING 

Movement impairments in Parkinson's disease patients (PD) are worsened under dual-task conditions that 
require simultaneous performance of cognitive and motor tasks, such as walking, standing and sitting, 
gait and posture, when compared to healthy controls (Bavelier et al., 2006; Bond and Morris, 2000; 
Brown and Marsden, 1991; O'Shea et al., 2002; Rochester et al., 2004; Woollacott and Shumway-Cook, 
2002). In order to maximize disease-related functional differences, multiple task paradigm activities 
commonly found activities of daily living (standing, moving, speaking) can be used to observe 
attentional demands of speaking, joint stability and arm trajectory to potentially quantify motor and 
cognitive decline. 

1.3.3 BRAIN ACTIVITY 
 
NEURAL OSCILLATIONS  

Studying neural oscillations can provide a wealth of information about function and dysfunction in the 
human brain.  Neural oscillations are periodic changes in neural activity in both repetitive and rhythmic 
waveforms. These oscillations play an important part in perception, cognitive function and motor 
function by allowing neuronal firing to become synchronized either locally or in distributed neural 
circuits (Llinas et al., 1998). Such rhythmic waveforms have demonstrated a link between neural 
synchronization and cognitive function (Fell et al., 2004). Changes in the frequency, amplitude, and 
character of neural activity are associated with performance of normal brain functions, including motor 
activities, audio and visual processing, and cognitive reasoning (Baker, 2007; Niedermeyer, 1997; Peelle 
and Davis, 2012). There is also evidence that the frequency of oscillatory wave activity may modulate 
states of conscious and unconscious brain activity (Madler et al., 1991). Many studies have suggested the 
potential value of recording neural oscillations to understand neurological disorders (Uhlhaas and Singer, 
2010; Ward, 2003). 
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Studies on PD animal models and humans have found changes in firing rates, increased synchrony and 
abnormal oscillations in the basal ganglia, particularly the subthalamic nucleus (STN) and the globus 
pallidus (GPi) (Alonso-Frech et al., 2006; Hammond et al., 2007; Liu et al., 2002; Tachibana et al., 
2011a; Tachibana et al., 2011b).  Brain activity in PD has been characterized by excessive synchrony of 
neural oscillations in the beta frequency band (15-30 Hz)(Hirschmann et al., 2013; Moran et al., 2011; 
Weinberger et al., 2006). Beta oscillatory activity in the subthalamic nucleus (STN) has been found to be 
significantly increased in PD and linked to motor symptoms (Hirschmann et al., 2013). Dopaminergic 
treatment and DBS in the STN have been found to decrease beta band activity and alleviate motor 
symptoms (Weinberger et al., 2006).  
 
The underlying mechanism of abnormal oscillations in PD is not yet fully understood. Silberstein et al. 
(2005) argue that the role of changes in the cortical synchronization that take place in the progression of 
PD is unclear. PD pathophysiology has moved away from explanations based on the firing rate of 
neurons, because it has been shown that more subtle temporal variations in neural activity strongly 
correlate with Parkinson's. To that end, Silberstein et al. (2005) studied the effects of oscillatory 
stimulation and pharmaceutical interventions in attenuating PD tremor by recruiting 16 patients. They 
found a striking similarity between the effects of 10-35Hz stimulation and pharmaceutical interventions 
such as L-DOPA. Based on these results, it appears that dopaminergic therapy and STN stimulation both 
help to restore normal cortico-cortical interactions and to reduce tremor. The potential to reproduce the 
positive effects of pharmaceutical treatments such as L-DOPA with a stimulus that mimics the normal 
EEG is particularly promising because many undesirable side effects of drugs might be avoided 
(Sorensen et al., 2011; Wang et al., 1999). Thus, Silberstein’s study is suggestive of a new clinical 
direction for a PD treatment that relies less on pharmaceuticals. 

1.4 RESEARCH STATEMENT 
My research goal is to explore the development of non-invasive medical diagnostic methods with the 
long-term goal of enabling early detection of PD. Through the application of novel data collection 
methods and aggregation of multiple streams of simultaneous data, it may be possible to uncover new 
relationships and correlations between biomarkers, disease onset, and even treatment effectiveness. Such 
research may ultimately improve the early detection time and rate for PD. 
 
This approach requires the development of tools and methods to collect and integrate multiple data 
streams from everyday living. The idea is to use computational techniques that can fuse complex 
behavioral and cognitive data to provide objective signatures, ones that best reflect emergent properties 
of neuronal systems measured across dimensions and at a high temporal resolution. Future work will 
combine information across multiple levels with data streams beyond the proposed sensors discussed in 
this thesis. A single integrated system would provide a tool that can measure across dimensions 
providing insight into emerging properties of the brain and detect early signs of PD before clinical 
diagnosis is currently capable of.  

1.4.1 AIMS OF THIS THESIS 
My research focuses on foundations for a new, more general approach towards measuring global 
cognitive function non-invasively during everyday life. Methods capable of integrating multiple data 
streams into a single platform to measure brain function are still conceptual models at this stage and will 
require validation in future work. Instead, this thesis presents the initial development of tools and 
methods to non-invasively measure features of the motor system, cognitive function, and brain activity 
during everyday behavior as potential sensitive measurements of global cognitive function. This requires 
both validation of conceptual hardware and computational approaches.  
 
The thesis describes preliminary validation of a class of tools and methods that build upon the idea of 
developing a single system that can link everyday behavior with cognitive function. While the full 
development of an unobtrusive system is a long-term goal, the aim of the current work is to validate 
body-worn sensor modules that measure movement and stability, with the future addition of audio, video 
and EEG units (see Figure 1-6).  
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Figure 1-6. IMU and ICS sensors are currently being developed to measure upper limb data 

and lower limb stability data. Video/Audio to measure speech data and facial expression 
will be added in future work. EEG is of interest to add in future work but requires further 

research and hardware development. 
 
 
THE SPECIFIC AIMS OF THIS THESIS 

1. Test the accuracy of measuring upper limb movement with a body sensor network (BSN) 
against the gold standard optical system 

2. Test if BSN system and wavelet analysis can be used to quantify user interactions with everyday 
objects 

3. Test if wavelet analysis can be used to define spatial and temporal changes in shoulder motion 
between patients and controls 

4. Test if BSN can measure acceleration under extreme conditions 
5. Test if BSN can measure movement with functional placement 
6. Test an Integrated Clothing Sensing System (ICSS) to measure joint stability 
7. Explore to what extent combining everyday motion and speech tasks affect cognitive function 
8. Explore correlations between speech and movement symptoms 
9. Test if a biomarker found with in vivo recording can be detected in EEG recordings using the 

NOD algorithm; and determine the minimal number of electrodes required. 
10. Test emotion classification and facial feature extraction using machine learning algorithms 
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2 CHAPTER TWO: APPROACH  
Behavioral biomarkers are a broad category of measures that clinicians and researchers can use to 
detect diseases and disorders. PD exhibits both cognitive and motor symptoms; clinical tools need to 
address both in order to offer a thorough diagnosis. Behavior is defined as the internal responses 
(actions or inactions) to internal and/or external stimuli, excluding responses understood as 
developmental changes (Levitis et al., 2009). With that in mind it is important to take into account a 
system’s synergy. The interaction of multiple elements in a complex biological system requires the 
measurement of a minimum subset of the elements. The selection of elements to describe behavioral 
biomarkers comes from the logical reasoning that behavior perceived by humans relies mainly on 
interpretation of movement and posture (motor system) as well as speech and language. Therefore, 
these two systems form an important set of modalities of interest in terms of behavioral biomarkers. In 
addition, it is known that these components arise from neural electrical activity. The approach is 
therefore based on measuring features from 3 domains: (1) motor system (2) cognitive function and (3) 
brain activity. This approach aims to provide a better understanding of how global cognitive function 
and everyday behavior are linked for the purpose of detecting PD. This chapter describes the overall 
approach and gives an overview of neural and clinical measures included in the current work and 
measures of interest for future work. Measures of interest in the motor system domain are upper limb 
movements, knee joint stability, facial expression and components of speech production. Measures of 
interest in the cognitive function domain are language and facial expression. Measures of interest in the 
brain activity domain are neural oscillations. Figure 2-1 illustrates the three domains, within which are 
the specific measures of interest discussed in this thesis. Measuring non-intrusively and during 
everyday life are the points of departure for the approach and methods to be developed from. 

 
Figure 2-1. Illustrates each measure of interest discussed in this chapter and its 

associated domain. Notice facial expression is a potential measure of the cognitive 
function domain, while facial features are a potential measure of the motor system. 

Speech production is a potential measure of the motor system domain, while language is 
a potential measure of cognitive function. 
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2.1 NEURAL AND CLINICAL MEASURES OF INTEREST 

2.1.1 THE MOTOR SYSTEM  
Upper limb trajectories, or arm motions made towards a specific goal such as picking up a stationary 
object, are of particular interest to PD research (Flash et al., 1992; Ghilardi et al., 2000; Plotnik et al., 
1998; Tresilian et al., 1997). Studies have shown that Parkinson’s patients exhibit impaired postural 
coordination and irregularities in upper limb movement kinematics, such as abnormal hand trajectories, 
decreased linear speed and increased corrective movements when compared to healthy controls 
(Dounskaia et al., 2009a; Dounskaia et al., 2009b; Isenberg and Conrad, 1994; Konczak et al., 2009; 
Sande de Souza et al., 2011; Tresilian et al., 1997). Some research suggests the role of the basal 
ganglia in impaired upper limb kinematics (Berardelli et al., 2001; Moisello et al., 2011) while other 
findings indicate impaired function of the dorsolateral pre-frontal cortex (Dayan et al., 2012; Ghilardi 
et al., 2000). Bradykinesia, a general slowness of movement, is a cardinal symptom of PD and a 
distinctive feature of basal ganglia disorders (Berardelli et al., 2001; Isenberg and Conrad, 1994; 
Jankovic, 2008). The onset of bradykinesia is usually characterized by slow movement and reaction 
times, particularly during activities of daily living that require fine motor control (Berardelli et al., 
2001; Jankovic, 2008).  
 
Upper limb movement, particularly of the hand and wrist, is involved in everyday tasks requiring fine 
motor control. The ability to quantify interactions with the environment, especially human-object 
interactions, would offer a valuable measure of motor control. Slight changes in motor function, such 
as slowing of movements as in the case of bradykinesia in PD, may go unnoticed at first, but a 
sensitive measurement device could detect these changes before they are apparent (Figure 2-2). 
 
Upper limb movement is not just based on the anatomical properties of the arms; more precise motor 
control is also necessary. Movements are controlled by the brain and communication deficits between 
the musculoskeletal and nervous system lead to changes in motor behavior. Even in the earliest stages 
of life, spontaneous movements differ between premature infants with brain injuries and those without 
(Ohgi et al., 2008). Motor patterns also change during our life span and changes are likely to relate to 
the development of neural mechanisms that underlie the control of the arm and hand (Zoia et al., 
2006).  
 

A   B  
Figure 2-2. Abstraction of 3D movement space. (A) Example of “normal” movement 

space of an individual. (B) Example of restricted space due to loss of certain functions.  
 
Further examination of upper limb movement is of great interest for potential detection value, 
especially because underlying brain processes influence these motor functions and irregularities (Ray 
et al., 2009). However, deeper analysis of these processes requires a broad collection of unconstrained 
movement data (Bonato, 2005). Upper limb studies, such as (Dounskaia et al., 2009a), are mainly 
concerned with two sets of two-dimensional values: the position of the object where the subject was 
instructed to point, and the position of the patient’s finger (i.e., pointing at the object). Many studies 
only measure the result of movement tasks; instead a method capable of measuring everyday 
movement trajectories with more fine-grained detail in three spatial dimensions (x,y,z) is needed.  
 
KNEE JOINT STABILITY 

PD patients experience impairments in postural stability, balance, gait, standing, and joint and skeletal 
deformities (Błaszczyk and Orawiec, 2011; Han et al., 2006; Konczak et al., 2009). Essential to all 
motor tasks is the ability to maintain and restore postural and joint stability (Mayagoitia et al., 1996). 
Knee impairments have been observed in PD patients as part of gait impairment, postural stability, and 
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isokinetic knee strength (Nocera et al., 2010; Rosin et al., 1997). Therefore measuring knee-joint 
stability can indicate impairments in postural stability, balance, and joint and skeletal deformities 
(Nocera et al., 2010). Postural stability is an essential part of functional mobility necessary for 
maintaining purposeful activities during everyday living (Bergmann et al., 2012a). The postural system 
is responsible for relaying information and coordinating activity within the motor system, maintaining 
balance and keeping the body in a neutral position so that it remains sensitive to future changes in the 
environment (Adkin et al., 2003; Huxhold et al., 2006). In the case of Parkinson’s, along with other 
neurodegenerative disorders, postural stability can be affected by the disease process, resulting in joint 
and skeletal deformities, which are often under-recognized (Ashour and Jankovic, 2006; Gnädingera et 
al., 2011). The presence of joint and skeletal deformities is more often associated with severe PD and 
the use of L-DOPA therapy (Ashour and Jankovic, 2006). However, joint deformity can be an early 
sign of PD, predating the development of other symptoms (Ashour and Jankovic, 2006), and therefore 
may be a valuable measure for early detection. Although postural instability is associated with late and 
advanced stages, it has been observed in early stage patients (Lee et al., 2012).Currently, tests such as 
the Pull Test, the Timed Get Up and Go test, the Berg Balance Scale, the Functional Reach Test and 
self reports are used to evaluate postural stability, mobility, and balance (Hunt and Sethi, 2006; Lim et 
al., 2005b). These methods are non-standardized and most often inadequate in assessing postural 
stability and balance (Munhoz et al., 2004).  The UPDRS is the most widely used evaluator of PD.  
However, its self-reporting/questionnaire based method may be inadequate in measuring motor 
impairment. Nocera and Hass (2012) compared gait impairment measures from UPDRS scores and 
optical tracking during 8 meter walking trials. They found only a fair to moderate agreement between 
the objective and subjective gait measurements. Being able to adequately and objectively measure 
lower limb movements to assess gait variability and postural stability is important for predicting risk of 
falling and tracking disease progression. Measuring postural stability may also indicate cognitive 
decline. Several studies have found that decreased cognitive function plays an important role in gait 
variability and postural stability (figure 2-3) (Allali et al., 2010; Mazilu et al., 2013; O'Shea et al., 
2002; Sheridan et al., 2003). 
 
 
 

Figure 2-3. The top of the figure depicts the gait cycle. The graphs show stride time variance in 
patients with PD (top row), Huntington’s Disease (second row), Amyotrophic Lateral Sclerosis (third 

row) and healthy controls (bottom row)(physionet). The greatest value range was observed in 
Huntington’s patients.  
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FACIAL FEATURES 

Facial features are affected by spontaneous and voluntary motor impairments. Tremor can affect the 
head, neck, chin, lip and tongue (Jankovic, 2008). Early signs of PD include “facial masking” or an 
expressionless face caused by muscle rigidity. Bradykinesia causes a general reduction and slowness of 
voluntary and involuntary facial movements (Bologna et al., 2013; Bowers et al., 2006). Eye tremors 
and reduced blink rate are common in PD, possibly the cause of blurred or double vision experienced 
by many patients of PD. Blink rate in PD patients has been cited as low as 12-14 blinks per minute, 
compared to a healthy control rate of 24 (Karson et al., 1984). In a recent study, all 112 PD patients 
tested exhibited small rhythmic movements of the eyes when trying to keep a fixed gaze (Gitchel et al., 
2012). Although ocular tremors are too small to be observed clinically video based systems can be 
used to see them. 
 
It is unclear to what extent these symptoms are spontaneous or voluntarily initiated. Reduced facial 
expressions may also be affected by emotional problems, since the basal ganglia play an important role 
in emotional processing. Given the prevalence of facial feature impairments in PD analysing these may 
be a valuable data stream to consider for early detection. Facial features can be non-invasively 
recorded using video and analysed for measures of blink rate, eye movement, tremor and expression.  
 
SPEECH  

Most PD patients have speech or vocal impairments such as tremor, jitter, difficulty swallowing, 
reduced loudness, monoloudness, monopitch, hoarseness, and imprecise vowel articulation (Factor and 
Weiner, 2002; Sapir et al., 2008; Skodda et al., 2011). Speech deficits can occur in early stages of PD 
(Skodda et al., 2012) and can affect pronunciation (Neel, 2008; Skodda et al., 2011). Speech and voice 
impairments such as reduced loudness, monopitch, breathy, hoarse voice, imprecise articulation, vocal 
folds, and vocal tremor are common features of PD, which are possibly related to disordered respitory 
function (Factor and Weiner, 2002). There has been a recent interest in PD detection and monitoring 
using voice recordings (Afza, 2013; Skodda et al., 2011; Tsanas et al., 2011; Tsanas et al., 2012).   
Speech/voice impairments have been linked to movement impairments (Goberman, 2005; Tsanas et 
al., 2010) indicating that speech is an important feature of the motor  domain that requires additional 
research. Speech and vocal measurements may offer useful data streams for detection and monitoring 
of PD.  

2.1.2 COGNITIVE FUNCTION  
 
DUAL TASKING/COGNITIVE LOAD 

Recent studies suggest that cognitive processes can be measured with indicators of motor function 
(Alfaro‐Acha et al., 2007; Huxhold et al., 2006; Mielke et al., 2013; O'Shea et al., 2002; Resch et al., 
2011). As cognitive decline progresses, the ability to process multiple tasks at once, such as those 
found in ADL, is diminished (Rochester et al., 2004). A method of defining how these behavioral 
streams relate to cognition is to compare between cognitive loaded and unloaded conditions. Cognitive 
loading can show us what happens if processing cannot attend to multiple tasks at once, such as a 
motor task and a cognitive task (eg. following an obstacle course and responding to questions), which 
to some extent reflects the conditions of everyday life.  
 
Balance was long thought to be unaffected by cognitive loading (Resch et al., 2011), a feature known 
as the ‘posture first’ strategy, (i.e. that individuals would always prioritize balance). However, a recent 
study aimed to mimic real-life scenarios showed that balance was clearly affected by cognitive loading 
(Liston et al., 2013). Dual-task paradigms and experimental design using cognitive load may offer 
valuable insights into processing and attentional demands in PD, which may offer a method for 
measuring cognitive decline(Brown and Marsden, 1991; Kelly et al., 2012; O'Shea et al., 2002).  
 
NATURAL LANGUAGE  

Analyzing speech may not only detect vocal tremors and speech impairments, which are caused by 
muscle decontrol, but may also provide information about cognitive and neuropsychological changes. 
The language chosen can indicate changes in mood (Ooi et al., 2013b; Polzin and Waibel, 1998). Thus 
cognitive states specific to PD, such as pre-motor depression, may be detectable from language 
analysis. Current methods of measuring cognitive function (MMSE etc.) are subjective questionnaire- 
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based reports that must be given repeatedly over a long period of time in order to measure cognitive 
decline. By decoding and analyzing meta-characteristics of human speech and language, it may be 
possible to identify biomarkers associated with different levels of cognitive functioning to develop 
models for predicting disease onset and progression.  
 
Not all speech symptoms respond to L-DOPA treatment; non-speech motor impairments yield 
significant improvement, but speech and voice impairments tend to be less responsive (Goberman, 
2005). This suggests that some speech impairments may be a result of non-dopaminergic mechanisms. 
Speech is an access point to a multi-level system of linguistic, cognitive and neurobiological 
information. Language analysis offers a clinical assessment tool that gives insight into underlying 
cognitive processes (Baslow, 2009). Language plays an important role in developing long-term neural 
connections that inform cognition (Elman, 1993). Language is the most direct representation of our 
thoughts, emotions and perceptions (Chomsky and DiNozzi, 1972). Therefore, spoken and written 
language can provide direct access to one’s thoughts and psyche. The simplification of language into a 
semantic exchange of words omits the underlying structures wherein physiological and psychological 
phenomena exist. Psychological processes are involved in perception of the world and personal 
expression; therefore words can only be analytically intelligible if axiological elements like 
conception, perception and intention and their production mechanics are taken into consideration. The 
linguistic foundation humans possess is shared and rooted in the same natural language regardless of 
the language each of us speaks (Lamb, 1999). Lamb (1999) suggests that many different cognitive 
processes, including those perceptual and conceptual in nature, share a similar structure. The 
underlying concept used to construct these networks is what he calls the functional web. When 
dementia or depression occurs, whether as a result of a neurodegenerative disorder or not, it is a 
reflection of damaged neural networks in the brain, which will be reflected in language. Therefore, 
language content may offer a valuable measurement of cognitive decline and emotional state. 
 
Neuropsychological problems, such as depression and anxiety are gaining more and more awareness as 
common symptoms of PD (de la Monte et al., 1989; Jankovic, 2008; Shiba et al., 2000; Starkstein et 
al., 1989; Wertman et al., 1993). Methods of language analysis for detecting emotional states could 
have meaningful applications for the diagnosis and monitoring PD. Several methods have been 
developed demonstrating high accuracy in detecting emotional states from speech or text (Howard and 
Guidere, 2011; Howard and Guidere, 2012; Neuman et al., 2012; Ooi et al., 2013b; Roberts and 
Kassel, 1996). Predictive linguistics deals primarily with the conceptual, perceptual and intentional 
factors that are specific to a particular tongue or individual. In this sense, predictive linguistics is 
proactive instead of simply descriptive. Performing in-depth analysis of language can help to ascertain 
a state of mind or state of cognition. Because language is the primary outward manifestation of our 
intentions, analysis of speech and written text may provide unprecedented real-time analysis of patient 
cognitive states. Changes in a patient’s conceptual expressions, both verbal and written, may be used to 
characterize a cognitive state (Howard, 2011; Howard and Bergmann, 2012; Roberts and Kassel, 
1996). 
 
An individual’s behavior and the biological mechanisms of their brain are tightly linked and therefore 
linked in neurological disorders. For example, in some brain disorders, structural abnormalities or 
specific chemical imbalances are observed. Such abnormalities lead to changes in whole brain 
function, which in turn affect (or disturb) behavioral functioning such as language, thought, movement, 
etc. On the other hand, language faculties are likely more dependent on intact cognitive processing 
(McDonald and Pearce, 1998). This suggests that in a brain disorder patient, language may carry 
information about the manner in which the brain functions and could point to the structural or chemical 
changes that cause the diseased state. Specific language features such as metaphors that rely on 
patient’s description of their behavioral state might provide further information about their brain state 
(Assaf et al., 2013a; Gandy et al., 2013; Kircher et al., 2007; Lakoff and Johnson, 1980; Maasen and 
Weingart, 1995; Maki et al., 2013; Monetta and Pell, 2007; Neuman et al., 2013; Neuman et al., 2012; 
Schmidt et al., 2007; Schmidt and Seger, 2009). Metaphors may even serve as “units of translation” of 
the brain  (Maasen et al., 1995; Maasen and Weingart, 1995). 
 
FACIAL EXPRESSION  

As previously mentioned, facial feature extraction is of interest to measure motor features such as 
blinking and rigidity, but also as an emotional classifier. Facial expressions are predicated on both 
spontaneous and voluntary responses involved the limbic system and frontal cortex, respectively.  
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Some studies suggest that the “masked face” observed in PD only affects spontaneous facial 
expressions (Bowers et al., 2006), however, lower facial expressiveness has been observed for both 
voluntary and spontaneous responses (Péron et al., 2012). This implies the role of the basal ganglia not 
only in motor control but also in cognitive function and emotional processing. In addition to facial 
rigidity and bradykinesia, PD patients can also have difficulty perceiving negative facial expressions 
and emotional affect, such as fear and disgust (Jacobs et al., 1995; Péron et al., 2012).  In a study 
involving 14 PD patients and 39 controls matched for age, gender, education and IQ, Suzuki et al. 
(2006) found that the PD group scored significantly lower on facial recognition of disgust.  
 
Facial expressions not only involve muscle control, but also emotional states (Ekman, 1993). Facial 
expression is theorized to largely be mediated by personality and psychopathology (Keltner et al., 
2003). This has been observed in studies involving emotional responses in psychological disorders. For 
example people with depression tend to exhibit more facial expressions of negative emotions and 
although they report similar emotional responses, schizophrenic patients are less facially expressive 
than control subjects (Berenbaum and Oltmanns, 1992). Thus a real-time system to analyze facial 
features and expressions would be useful for detecting and monitoring mental states (El Kaliouby and 
Robinson, 2005). 

2.1.3 BRAIN ACTIVITY 
 
NEURAL OSCILLATIONS 

It has been suggested that neural oscillations hold potential value for better understanding brain 
disorders (Başar, 2012; Bosl et al., 2011; Bystritsky et al., 1999; Catarino et al., 2013; Gandhi et al., 
2010; Sankari et al., 2012; Smith, 2005; Stikic et al., 2011; Uhlhaas and Singer, 2010; Ward, 2003). 
Rhythmic activities are not limited to a particular dimension, as they exist at various levels of 
magnitude (Haken, 2002). At the neuronal level, neurons display oscillatory waveforms that mediate 
the transfer of information in the brain. Oscillatory activity is visible in sub-threshold membrane 
potentials, though these may be less important for understanding the neural circuit as a whole (Wang, 
2007). Mesoscopic observation also reveals oscillatory waveforms during interneuronal activity. As 
these waveforms increase in size, the ability to observe their activity also increases. 
Electroencephalography (EEG), and magnetoencephalography (MEG) can measure these large-scale 
oscillations from outside the scalp (Nunez, 2006; Winter et al., 2007).  
 
Neural oscillations can be examined by exploring the summation of synchronous activities across 
many neurons by recording the EEG. The EEG results from the activity of an ensemble of neural 
oscillators generating rhythmic activity, which is quasi random (Başar, 2012). These generators couple 
and act together in a coherent way under specific conditions. This could imply that certain disorders 
show deviations from the norm in terms of rhythmic activity. Useful biomarkers for diagnosis and 
treatment could be based on these abnormalities if they could be reliably classified using EEG 
recordings. Detection of PD from EEG relies on external measurements of electrical waves originating 
in neuronal ion current flows (Sorensen et al., 2011). Although low in spatial imaging resolution 
compared to magnetic resonance imaging, the millisecond-range temporal resolution of EEG makes it 
an ideal tool for determining the presence or absence of electrical irregularities that characterize PD, 
such as tremor and glossokinetic artifacts (Klassen et al., 2011; Soikkeli et al., 1991a).  
 
Studies of the EEG in PD have found distinct abnormalities in PD patients compared to controls and 
between PD subgroups (Soikkeli et al., 1991b; Tanaka et al., 2000). Many findings indicate a 
generalized slowing of the EEG in PD patients (Klassen et al., 2011; Pezard et al., 2001; Sarnthein et 
al., 2006; Soikkeli et al., 1991b; Wang et al., 1999). Handojoseno et al. (2012) recently used EEG 
recordings and wavelet entropy to detect the onset of Freezing of Gait (FOG) with accuracy around 
75%. The EEG has also been used to analyze cognitive decline in PD patients (Schlede et al., 2011; 
Sinanovic et al., 2005).  
 
While brain region connectivity is generally computed from EEG signals, volume conduction often 
presents problems when interpreting results (Winter et al., 2007). In one study, Chiang et al. (2009) 
present a new approach: a source separation technique where EEG signals are used in the 
representation of a "state-space framework." The model accounts for two primary phenomena: the 
underlying brain signal sources and the connectivity between those sources, which is represented as a 
generalized autoregressive (AR) process. Chiang et al.’s model indicated the presence of abnormal 
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beta wave activity in PD patients. In addition, the biological networks shown in the AR process 
framework were similar to those found in previous studies, suggesting that the model is a valid 
algorithmic method for interpreting EEG signals. 
 
Although EEG recordings yield low spatial resolution and are unable to identify specific locations of 
the brain, like PET and MEG, it offers several methodological advantages for early detection of PD 
during everyday living. Besides the benefit of being non-invasive, recent advances offer the potential 
opportunity to record EEG using small, portable devices. Low-cost consumer and medical-grade EEG 
devices have recently become widely available, but require further validation to be used in clinical 
applications. 

2.2 DESIGN APPROACH 

2.2.1 ACTIVITIES OF DAILY LIVING (ADL) 
Brain function is shaped by our environment (Hari and Kujala, 2009) and, therefore, should be 
measured in order to gain knowledge of the overall neuronal and cognitive system. The most important 
activities of daily living are those that involve mobility, such as stair climbing (Valderrama-Gama et 
al., 2000). In general, ADL are of clinical interest, for they have long been used as predictors of 
cognitive risk, independent living, admission to a nursing home, use of hospital services and even 
mortality (Allaire and Willis, 2006; Branch and Jette, 1982; Fried et al., 1998; Ganguli et al., 2002; 
Jette and Branch, 1981; Manton, 1988). The inability to perform activities of daily living is a 
significant factor affecting quality of life for PD patients (Scalzo et al., 2012). 
 
Given the spectrum of PD types, heterogeneity of symptoms, varied onset and rate of progression, 
detection would be most effective with large amounts of data collected often. Restricting diagnosis to 
physical examinations in a doctor’s clinic will not improve chances of earlier detection. Measuring 
movement and speech features during everyday life may offer a beneficial platform to detect PD 
earlier than currently possible. 

2.2.2 NON-INTRUSIVE 
In order to measure movement during activities of daily living, a non-invasive, portable and robust 
data collection system will be required. The system should also be user friendly and easy to use during 
everyday life for optimal data collection (Bergmann et al., 2012a; Bergmann and McGregor, 2011b).  
 
BODY SENSOR NETWORKS 

The concept of using body-worn sensors to gather behavioral information in itself is not new. Applying 
sensor systems to measure animal behavior has been important for understanding how animals interact 
with their environment, which is one of the fundamental aims of ecology (Shamoun-Baranes et al., 
2012). Moreover, sensors have been used to track human behavior, most often used for monitoring 
activity and energy expenditure (Dobkin and Dorsch, 2011; Verloigne et al., 2012). BSNs/wearable 
systems have been developed for stroke rehabilitation (Mountain et al., 2010; Paulis et al., 2011) 
cardiovascular disease (Lo et al., 2005) Post-operative monitoring (Atallah et al., 2013; Aziz et al., 
2007) blood pressure monitoring (Chan et al., 2007; Espina et al., 2006) and management and 
prevention of asthma (Seto et al., 2009). Therefore, the technology proves its clinical utility for several 
applications, yet BSN systems have not been validated or adopted by the clinical community for 
measuring movement or for detection of NDD. But Body Sensor Network (BSN) technology meets the 
basic criteria to collect measurements in real-world situations; it also provides a cheaper alternative to 
the laboratory-bound optokinetic systems (Veltink et al., 1996). 
 
Usually, kinematics and biomechanical aspects of movement have been studied with an optical motion 
analysis system in laboratory settings. Although this research provides valuable information, the results 
are only valid and applicable in conditions where no reaction to a real-world environment is required 
(Bergmann et al., 2009a). It is preferable to collect data on location, in real-life situations where 
individuals express “normal” behavior, as this has a higher degree of ecological validity and is, 
therefore, more likely to yield results with greater external validity (Locke, 1986). However, this 
requires a portable sensor system that can collect body segment orientation in any environment under a 
range of different conditions. 
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SMARTPHONE INTEGRATION 

Monitoring devices used to measure ADL should not affect the normal daily behavior (Bergmann and 
McGregor, 2011b). Clinical technologies can only be sustainable if they adapt to users and interact 
with them in an intuitive manner. One solution to improve user acceptance is to integrate measurement 
systems with existing devices used in daily life by a wide range of people.  
 
Recent advances in mobile electronics, most notably smartphones, hold a wealth of potential as a 
platform for data collection. Intel’s Moodphone™, as well as software-based applications such as 
WellDoc and Tonic-App provide data acquisition and limited analysis interfaces for evaluating user-
input health data. Clinical smartphone apps tend to focus on self-reporting or passive reporting, but 
smartphones themselves can be used as a data collection tool.  Smartphones have the potential to 
measure behavior continuously, without the need for changing normal daily behavior (Lu et al., 2010). 
 
CLOTHING INTEGRATION  

Clothing sensors to accurately measuring human movement is a recent concept. Sensor systems can be 
integrated into clothing to measure movement in ecological valid environments (Bergmann et al., 
2012b). Clothing integrated sensors aim to improve patient quality of life by obtaining rich, real-life 
datasets valuable for monitoring and detection. Currently, there are various methods used to measure 
joint motion outside of the laboratory setting, including electrogoniometers, inertial measurement units 
and e-textiles. However, the current state of these technologies is limited  due to the fact that they are 
bulky and obtrusive or rely on time-consuming and cumbersome setups (Veltink and De Rossi, 2010). 
It can nullify the clinical usefulness of any developed system if patients and clinicians are reluctant to 
use them (Bergmann and McGregor, 2011b).  

2.3 CONCLUSION 
This research aims to develop, test and validate the proposed hardware and analysis methods towards 
early detection of disease.  While the majority of current PD diagnosis methods rely on subjective 
evaluations or single data entities (e.g.one-off imaging procedures) I aim to collect data from 3 
domains (motor system, cognitive function, and brain activity) during everyday life (Figure 2-4) and 
combine their analysis. The overall aim is to be able to measure the earliest neurodegenerative 
deviations from normal, healthy function. This chapter discussed the overall approach and domain-
specific features of interest to measure emerging symptoms of PD. The next chapter will discuss 
methods for data collection and analysis. 
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Figure 2-4. Illustrates overview of the approach to measure features from motor, 

cognitive and brain activity domains by taking behavioral and cognitive measurements 
during ADL. The image displays measures of interest from upper limb, lower limb, neural 

oscillations, facial expression, and speech. 
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3 CHAPTER THREE: METHODS 
Chapter 1 and 2 discussed the overall approach and measures of interest. This chapter presents the 
methods used to develop and validate tools and analysis techniques to quantify the measures of 
interest. The aim of the methods selected was to allow measurement of speech and movement 
parameters in order to quantify cognitive and motor decline for the detection and progression tracking 
of PD. 
 
To measure movement we introduced a non-invasive BSN system that can be used during everyday 
life. A BSN system for arm movement and postural stability requires unobtrusive sensors that can 
measure a range of complex motions and functional design criteria for everyday use. To develop this 
system with sensitivity and accuracy to be used for clinical applications first required validation 
against current gold standards. The proposed BSN system needed to demonstrate the ability to measure 
complex movements, interaction with objects, and sensitivity to differentiate between healthy and 
impaired movement. Data analysis required analytical methods that take into account motion, time and 
a changing environment.  
 
Measuring everyday speech required longitudinal datasets. Existing data collected with standard 
measures of speech was examined first to evaluate data collection needs. Simultaneous speech and 
movement tasks are often required during ADL; a cognitive load study was initially conducted to test 
sensors and analysis methods in order to measure cognitive processing during various levels of 
attentional demand. To validate the NOD algorithm, a biomarker found with in vivo recording was 
tested against similar EEG recordings. Facial expression classification required a large database to test 
and train the machine learning algorithms. 
 
My approach attempted to link behavior of the motor system to physiological processes in realistic 
contexts with functional outcomes. Data analysis methods that fail to take into account physiological 
parameters will be limited in producing new insights. The same applies to over-fitting physiological 
parameters into data processing models. Therefore, we developed statistical analyses, continuous 
wavelet transform (CWT), and machine learning algorithms to analyze data. 

3.1 DATA COLLECTION 

3.1.1 BODY SENSOR NETWORKS 
INERTIAL MEASUREMENT UNITS 

Inertial Measurement Units (IMU) allow body motion to be measured unobtrusively in three 
dimensions (Bergmann et al., 2013c). Inertial Measurement Units (IMUs) have become more and more 
popular in the human movement and clinical research field, as they combine certain notable benefits: 
they are small, portable and lightweight (Veltink and De Rossi, 2010). IMUs consisting of a triaxial 
gyroscopes, magnetometer, and accelerometers provide the most accurate measurements of angular 
orientation during movement (Luinge and Veltink, 2005) and have demonstrated accurate 
measurements of estimating arm position (Zhou et al., 2008a).   
 
Triaxial gyroscopes were used to measure the angular orientation of a body segment, by integrating the 
angular velocity signal. However, a relatively small offset error of the signal can introduce large 
integration errors. As the majority of normal human movement generates accelerations below the 
gravitational acceleration of 9.81 m/s2, accelerometers can be used to provide additional inclination 
information. Because the accelerations that occur are relatively small compared to the gravity vector, 
the magnitude of the acceleration with respect to gravity can often be neglected, thus providing 
inclination information that can be used to correct the drifted orientation estimate from the 
gyroscopes(Roetenberg, 2005). It has been shown that a triaxial accelerometer and gyroscope can be 
fused together to accurately measure the orientation of human body segments (Luinge and Veltink, 
2005). However, this method is less accurate for movements with relatively large accelerations and 
does not provide information of the rotation component around the vertical axis. Further improvements 
can be made by adding a triaxial magnetometer to the measurement unit. A magnetometer is sensitive 
to the earth’s magnetic field and gives information about the heading direction. This information was 
used to correct for drift of the gyroscope about the vertical axis (Roetenberg et al., 2003).  
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Accelerometry has been used on a small scale to assess balance and attempts have also been made to 
investigate balance during functional tasks (Mayagoitia et al., 2002a; O’Sullivan et al., 2009; Veltink 
et al., 1996). Dedicated accelerometers are more commonly worn to monitor activities of daily living 
and can be used as a measurement of general health (Yang and Hsu, 2010). Usually wireless 
accelerometers are placed at the level of the center of mass, located on the lower back at the S2 level of 
the sacrum, as well as on the chest or thigh (Cheung et al., 2011; Winter, 2009; Zijlstra and Hof, 2003). 
However, these placements are not the most convenient or functional for daily wear and need to be 
tested with more functional placement. IMUs including triaxial gyroscopes, magnetometers, and 
accelerometers were validated against gold standard systems for accuracy of measuring complex arm 
movements. 
 
OPTICAL TRACKING 

Optical tracking systems were used as the criteria standard to compare the accuracy of BSNs 
(Bergmann et al., 2009a; Mayagoitia et al., 2002b). Marker based optical tracking systems, such as 
VICON, are considered the “Gold Standard” for human movement analysis (Godwin et al., 2009; Zhou 
and Hu, 2008).  The state of the art in optical tracking requires a laboratory setting, and attachment of 
many markers. However, the standard, optical systems present several disadvantages. They require 
both hardware and software to be used in “line of sight” during data collection making portability and 
measurement in real-world environments a challenge (Godwin et al., 2009).  The use of markers 
attached to the skin can produce surface movement errors and does not allow for measurement of joint 
movement (Zhou and Hu, 2008). Minimal detectable differences are hard to establish, because most 
studies do not focus on real life situations (Lim et al., 2005a; Steffen and Seney, 2008). Data collection 
and analysis needs to account for these limitations.   
 
Optical motion tracking was performed using an active motion analysis system (Codamotion, 
Charnwood Dynamics, Leicestershire, UK) to measure the three-dimensional positions of the upper 
extremity. Markers were placed on the arm, scapula and thorax. All markers were fixed using double-
sided adhesive tape. Segments and joint rotations were calculated using a combination of local 
coordinate systems constructed from bony landmarks and marker positions. The glenohumeral rotation 
center was estimated by regression analysis. A functional method was used to define the center of 
rotation of the glenohumeral joint (rather than geometrical) and thus a range of motion tests was 
conducted at the start of the protocol. The scapula landmark markers were placed in accordance with 
the functional method, which can be small rotations at low levels of elevation (to minimize scapula 
movement) exploring the full range of motion including internal/external rotation. The forearm 
maintained flexed to 90 degrees. Local coordinate systems, segment and joint rotations were defined 
following the New Castle Shoulder Model (Murray and Johnson, 2004). Marker placement is detailed 
in Table 3-1. 
 
Table 3-1.Marker placement used to measure the three-dimensional position of the upper 

extremity  
Ulnar styloid Radial Styloid 
Proximal ulna (distal to olecranon) Origin of brachoradialis 
Biceps belly Insertion of deltoid 
Xiphoid process  Manubrium 
C7 processus spinosus T9 rib in line with inferior angle of scapula 
Right acromion (placed on the acromioclavicular 
joint) 

Left acromion (placed on the acromioclavicular 
joint) 

Scapula tracker medium stem Scapula tracker short stem 
Scapula tracker long stem T8 processus spinosus 
root of scapula spine Angulus inferior 
(slightly medial from the) Angulus acromionalis Epicondyles 

 
Because dynamic tracking of the scapula is difficult, measurements were performed using a new 
method that relates scapula motion to a scapular tracker (Karduna et al., 2001a; Karduna et al., 2001b). 
The method consists of a tracker with a hinge joint at the base that allows it to conform to the subject’s 
scapular spine. The method has been previously validated, but errors due to skin motion are likely to 
occur. However, it is known that skin artifacts of the lower extremity are reproducible within subjects, 
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but not between subjects (Leardini et al., 2005). Therefore, corrections for skin artifacts were made by 
conducting individual calibrations. A method proposed by Bourne et al. (2009) showed that multiple 
digitization’s of scapular landmarks can be used to compensate for skin motion artifacts, allowing for 
non-invasive measurements of scapular kinematics by placing a grid of markers over the scapula. 
Digitization of the three scapular landmarks (acromial angle, inferior angle, medial root of the scapular 
spine) was performed during 0, 33, 66 and a 100% of the total movement (both on the ascent and 
descent) by placing markers on the scapula at these intervals. The digitizations occurred once at zero, 
once at 1/3, once at 2/3, once at full range, once at 2/3 range, once at 1/3 and once at zero. The 
digitization was performed for rotation and elevation of the arm in different planes.  

3.1.2 OPEN-SOURCE DATA 
Open source datasets were used to analyze PD speech and movement data.  Longitudinal studies with 
rich datasets offer a valuable amount of information that can help to better understand speech and 
movement in PD and shape the development of our approach and methods for future data collection. 
 
The Unified PD Rating Scale (UPDRS) is a commonly used scale to measure symptom severity in PD 
patients. The UPDRS includes 4 sections: Part I indexes non-motor aspects of the experiences of daily 
living, Part II, motor aspects of experiences of daily living, Part III, motor examination, Part IV, motor 
complications. Each UPDRS question is rated on a scale of 0-4, normal to severe. UPDRS is collected 
by interview, observation or self reporting (Ramaker et al., 2002). There are several measures in 
UPDRS that directly relate to speech and motor symptoms in the context of everyday living, such as 
balance/postural stability and speech, which were used for data analysis.  

3.2 DATA ANALYSIS  

3.2.1 STATISTICAL ANALYSIS  
 
For statistical analysis the following checkpoints were taken into consideration: 
 

1. What was the linearity of the relationship between dependent and independent 
variables? The linearity of the plot of observed versus predicted values, which is generated as 
part of the analysis was assessed. If there were issues with linearity appropriate 
transformation (e.g. power, sqrt, etc.) were performed. 

2. What was the independence of the errors? Were there serial correlations? An 
autocorrelation plot of the residuals was calculated. Most of the residual autocorrelations fell 
within the 95% confidence intervals around zero. 

3. What was the homoscedasticity (constant variance) of the errors? Divergence of residuals 
over time was checked when plotting the residuals against time or other independent 
variables. 

4. What was the normality of the error distribution? The normal probability of the residuals 
was plotted and checked for normality. 

5. Step 5 was needed only if the above failed. Other equally valid tests were examined such as a 
Generalized Linear Models (GLM). GLMs were preferred as they allow the variance of a 
parameter as a function of its predicted value to be estimated. 
 

 
PEARSON  

The Pearson correlation coefficient (r) is a statistical analysis to measure dependence between two 
variables. Pearson analysis measures the linear correlation between two variables, often a time-series 
measurement of some responding scalar variable. Pearson was used to correlate upper limb 
measurements collected from IMU BSNs and optical tracking using the following formula:  
 

 
 

(1) 
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Linear correlation is particularly useful for minimizing impact of repeated values and outliers. Analysis 
of UPDRS data using Pearson was initially considered for speech and movement symptoms, but 
because UPDRS is categorical it was not included.  
 
SPEARMAN  

Spearman's rank correlation coefficient, also called Spearman’s rho, was introduced as a means of 
monotonically describing the trajectory of a measured variable over time. Spearman values 
approaching 1 tend to have constantly increasing, non-repeated values. Spearman's method is less 
sensitive to sudden changes in data patterns or outliers on either end of a time series. Because UPDRS 
data is categorical and contains repeated values and outliers, spearman analysis was used. Spearman’s 
correlation coefficient was computed using the following formula: 
 

 
 
Here, ρ stands for the Spearman coefficient, d is the difference between observations of x and y, and n 
is the total number of samples. 

 
KENDALL 

Kendall tau rank correlation coefficient, also called Kendall’s tau, is used to measure association 
between two measures. In addition to Spearman, Kendall was also used to analyze UPDRS data. Both 
Spearman and Kendall correlation were used on the same UPDRS data to verify and confirm results.  
 
Kendall analysis uses the following formula: 

 

 
 

Here, S is the sum of squared deviations, which is calculated as the sum of each value pair’s assigned 
rank minus the mean rank, m is the number of judges, and n is the number of samples, or objects.  
 
LINEAR REGRESSION 

Linear regression is a statistical method to model the relationship between a dependent variable and 
explanatory variables. Linear regression can be used to perform variable pairing analysis to examine 
the properties of a dataset composed of values from more than one category symptoms. Linear 
regression was particularly useful because its incorporation of predictor variables augments the 
capabilities of the correlation coefficients of Pearson, spearman, and Kendall. In Experiment 8, we 
performed a number of variable pairing regressions to examine the properties of UPDRS data of values 
from two (instead of just one) categories of symptoms. Linear Regression was computed for 15 
variable pairings, regressions were plotted and checked for normal distribution.  
 
Linear regression is based on the following formula: 
 

  
 

(2) 

(3) 

                (4) 
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3.2.2 EUCLIDIAN NORM 
The Euclidian norm of the acceleration of a signal can be used as a main feature, as accelerations can 
be applied to differentiate between different motions (Bergmann, et al. 2013). In experiment 1 and 2 
the norm was determined with a as the 3D acceleration vector [ax ay az]. The norm was computed for 
each index point and the signal was then segmented into 1-second windows.  
 
 Euclidian norm is based on the following formula:  
 
𝑑  is determined by 

 
𝑑! = 𝑋!   𝑌!   𝑍!  
 
 

𝑑! = 𝑋!! + 𝑌!! + 𝑍!! 

 
with di representing a vector based on Xi, Yi and Zi with index point i 

3.2.3 WAVELET ANALYSIS 
Wavelet analysis is a relatively recent form of signal processing that has found applications ranging 
from electrical engineering and imaging analysis to the evaluation of clinical data. Generally speaking, 
wavelets are approximations of signals received over time that can be expanded both spatially and 
temporally while maintaining fidelity to the original signal source data, allowing greater extrapolation 
and close examination than was previously possible with trigonometric analyses such as Fourier 
transforms. 
 
Wavelets are functions that are localized in both physical space and wave-number space unlike the 
Fourier transform which is based on functions (sines and cosines)  localized in wave-number space, but 
not in the physical space (Schneider and Vasilyev, 2010). A wavelet is a special case of a vector in a 
separable Hilbert space that generates a basis under the action of a collection of unitary operators 
defined in terms of translation and dilation operations (Dai and Larson, 1998; Larson, 2007). 
 
The wavelet function approximation works by splitting existing functions or data streams into separate 
components based on their frequency. This allows a more discrete analysis. For example, one-
dimensional shear operation is applied to a two dimensional image. Each dimension is assigned an 
eigenvector based on the magnitude and direction of the shear operation, its length and orientation are 
unchanged, and it is assigned an eigenvalue of 1. In this example, wavelets can be used to isolate the 
eigenvectors of interest without altering the original image data. This “decomposition” process is thus 
mathematically reversible due to the preservation of movement data. Wavelet analysis often invites 
comparison with other frequency domain analysis methods, such as the Fourier transform. This family 
of functions is unique in that instead of displaying signal data with respect to time, they show the 
proportions of signals that lie in specific frequency bands.  

 
The Fourier transform lacks the ability to represent signals in the time domain in a way that offers time 
and frequency localization due to the inherent properties of the trigonometric functions used to 
approximate the signal function. As a result, the Fourier transform is less effective for focused, 
localized analysis of signals. Wavelets help to overcome this obstacle through the use of “mother 
wavelets,” which are functions used to generate daughter wavelets, or scaled and translated versions of 
the mother. Because wavelet function composition contains this inherent relationship between 
components and because Fourier transforms involve function summation, wavelet transforms offer a 
better way to examine small components of signals and functions with great precision. Fourier 
transforms, on the other hand, are better suited to capturing global features, or harmonic components 
that span the entire signal.  
 
A continuous wavelet transform (CWT) is a multi-resolution transformation that uses a variable 
window size at each level. This retrieves more information from the signal in the time-frequency (time-
scale) domain. The resolution needs to be set to a fixed number of levels based on the maximum 
possible decomposition that can be performed considering a sampling frequency at a determined Hz 

(5) 

(6) 
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(number of levels <= log!(𝑋/𝑛 ). Therefore each t sec. window is represented by determined value 
vectors 𝑋! !!

!  , which represent the wavelet coefficients at each of the levels.  
 
Energy: power sum of the coefficients at the 𝑖 − 𝑡ℎ level. For a vector  𝑋𝑖 of length 𝑛, the energy is 
defined as: 
 

𝐸! =    𝑋!(𝑘)
!

!!!

 

 
• Average value: represents the mean value of the coefficients power at the 𝑖 − 𝑡ℎ level. For a 

vector  𝑋𝑖 of length  𝑛, the average energy is defined as: 
 

𝐸! =   
1
𝑛
   𝑋!(𝑘)
!

!!!

 

 
• Variance: represents a dispersion measure from the mean energy at each level. For a vector  𝑋𝑖 

of length  𝑛, the variance of the energy is defined as:  

𝑉𝑎𝑟   𝐸! =   
1
𝑛
   (𝑋! 𝑘 − 𝐸!)!
!

!!!

 

• First derivate: average value of the first derivate of the energy at each level.  For a vector  𝑋𝑖 
of length  𝑛, the average value of the first derivate is defined as: 
 

𝐸´! =   
1

𝑛 − 1
   (𝑋! 𝑘 −   𝑋! 𝑘 − 1 )
!

!!!

 

 
• Entropy: represents the uncertainty value of the energy at each level. Let ℵ = 𝑋, 𝑝   a 

discrete space of probability. That is, 𝑋 =    𝑋! ,… ,𝑋!  is a finite set in which each element 
has probability 𝑝   𝑋! . Then, the Shannon entropy  ℵ is defined as: 

𝐻 ℵ =   − 𝑝 𝑋! ∙ log! 𝑝  (𝑋!)
!

!!!

 

 
Summarizing each window in seconds (for finite samples) is characterized by n values (x 
levels × X features), which represents reduction of the input space. Mathematically, each sample can 
be represented by a vector as shown below: 
 

  𝐸!  𝐸!    𝑉𝑎𝑟 𝐸!     𝐸!′    𝐻 𝑋! ,…    ,𝐸!    𝐸!    𝑉𝑎𝑟 𝐸!     𝐸!′    𝐻 𝑋!     
 
Everyday living tasks involving interaction with a variety of different objects were 
performed to test the BSN system. The BSN measured the upper limb movement during several 
pouring tasks with different containers. This data could have been analyzed using a range of methods; 
because the signal varies in time, a Fourier analysis, which relies on adding together the appropriate 
infinite sum of sine waves, could have been used. However, most behavioral signals are finite and 
require the detection of localized features. So for this type of data the use of wavelets was more 
appropriate. The wavelet coherence can be interpreted, to some extent, as a measure of local 
correlation (Vacha and Barunik, 2012). Coherence measures the variability of time differences 
between two time series in a specific frequency band (Thatcher, 2012). A CWT was applied to divide 
the signal into wavelets, allowing us to analyze the frequency content over time. This information was 
then used to compare two signals to find a potential relationship between them. Regions where the 
signals have equal power or phase behavior indicate an association.  
 
Both speech and voluntary movement can be transformed to wavelets to provide a signal that can 
resonate (Howard et al., 2013c; Kronland-Martinet et al., 1987). The fundamental frequency of speech 

 (8) 

(9) 

(10) 

(11) 

 (7) 
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is roughly 5 - 210 Hz (Traunmüller and Eriksson, 1994)  and for movement the relevant physiological 
range is .5-10 Hz (Barnes et al., 1978). Signals are normalized against those ranges generating a 
unitary pseudo frequency. The association between these modalities can be determined based on the 
coherence between wavelets from normalized signals. 
 
MEASURING OBJECT INTERACTION (EXPERIMENT 2)1 

It can be expected that the variance for a behavioral task is somewhat comparable across repetitions 
performed by the same subject with the same object, such as pouring water into a cup. Furthermore, 
changes should be detectable for the same repetitive motor behavior if a change in environment is 
introduced (Kee et al., 1983), such as pouring with different containers (kettle, jug, teapot). Therefore, 
the wavelet-coherence was initially computed within repetitions and a subsequent comparison was 
made based on the summed results for each condition (subject, object). A Morlet waveform was used 
because it accounts for frequency and location (Howard et al., 2013d). The wavelet coherence of two 
time series x and y can be described as, 
 

𝐶 =
𝑆 𝐶𝑊!

∗ 𝑎, 𝑏 𝐶𝑊! 𝑎, 𝑏

𝑆|𝐶𝑊!(𝑎, 𝑏)|! 𝑆|𝐶𝑊!(𝑎, 𝑏)|!
 

  
where S is the smoothing operator, while CWx(a,b) and CWy(a,b) denote the continuous wavelet 
transforms of the signal x and signal y at the scales a and the positions b (Catarino et al., 2013). The 
wavelet coherence was used to compare signals between subjects or between objects.  
 
MEASURING SUBJECT INTERACTION HEALTHY AND IMPAIRED MOVEMENT (EXPERIMENT 3)2 
In order to be developed for PD detection and progression tracking, the BSN system must be able to 
measure with a high enough level of sensitivity to differentiate between healthy and PD movement. 
We measured the upper limb performing a task at normal and fast paced speeds in a patient group and 
a control group to compare differentiation between their movements. Wavelet analysis was used to 
analyze this data because it can capture frequency, time, and location. Movement data within and 
between subjects was analyzed using wavelet coherence. This technique was used to assess how the 
signal differs between the “normal” and “fast” conditions within each group. Signals were aligned at 
the starting point of movement using a threshold value algorithm that identified the alignment point of 
the movement, defined by the first crossing of the 10% value of the maximum ROM. 
 
A bi-orthogonal Gaussian waveform was used for the wavelet analysis for fast and slow range of 
motion. The wavelet coherence of two time series x and y can be described as,  
 

𝐶 = !(!!∗ !,! !!(!,!))

!|!!(!,!)|! !|!!(!,!)|!
 

      
where S is the smoothing operator, while Cx(a,b) and Cy(a,b) denote the continuous wavelet 
transforms of the “normal” signal x and the “fast” signal y at the scales a and the positions b.  
 
MEASURING COGNITIVE LOAD (EXPERIMENT 7)3 

To measure cognitive processing under various loaded conditions, a spatial stroop task was combined 
with movement and speech tasks simultaneously. The input signal consists of a spatial signal in the left 
or right ear and a response by shaking the head up and down for “yes” or sideways for “no.” Wavelet 
analysis was used for response detection from pitch and yaw signals obtained from a head-mounted 
                                                             
1 Bergmann, J., Langdon, P., Mayagoita, R. & Howard, N. 2013. Exploring the use of sensors to 
2 Howard, N., Pollock, R., Prinold, J., Sinha, J., Newham, D. & Bergmann, J. 2013d. Effect of 
Impairment on Upper Limb Performance in an Ageing Sample Population. In: STEPHANIDIS, C. & 
ANTONA, M. (eds.) Universal Access in Human-Computer Interaction. User and Context Diversity. 
Springer Berlin Heidelberg. 
3 Bergmann, J., Fei, J., Green, D. & Howard, N. 2013. Effect of Everyday Living Behavior on 
Cognitive Processing. PLOS ONE, In Preparation. Bergmann, J., Fei, J., Green, D. & Howard, N. 
2013a. Effect of Everyday Living Behavior on Cognitive Processing. PLOS ONE, In Preparation. 
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sensor. The flowchart of the cognitive load analysis is depicted in Figure 3-1.The aim of the signal 
processing was to detect changes in the signal, due to a relevant response to the stimulus. However, 
differences between and within subjects complicate detection based on e.g. simple thresholding 
techniques or Fourier transform. Unlike Fourier, wavelets have properties that not only characterize the 
signal within a frequency or scale, but also for location.  Therefore, wavelet was an appropriate 
technique for detecting changes in angular velocity due to movement.  
 
A Morlet wavelet was used to detect responses. This wavelet is the product of a complex exponential 
wave and a Gaussian envelope. The Morlet wavelet's function ψ(t) is taken from (Lin and Qu, 2000) 
and can be described by  
 

𝜓 𝑡 = e
!β!!!

! cos  (πt) 
 
The following descriptions of the wavelet equations are adapted from (Hartmann, 2013; 
Strang, 1993). To be able to scale and shift the wavelet, a generic function can be defined as,  
 

𝜓!,! 𝑡 = 2
!
! ∙ 𝜓 2!𝑡 − 𝑘               𝑓𝑜𝑟  𝑛, 𝑘𝜖ℕ 

 
 
With t denoting the independent variable and n,k integers within the range; 
 

𝑛 ≥ 0 
0 ≥ 𝑘 ≤ 2! 
 
The Morlet wavelet can be defined as a “mother” wavelet from which a range of wavelets can be 
generated by scaling and translating, 
 

𝜓!,! 𝑡 =
1
𝑎
∙ 𝜓

t − b
a

              𝑓𝑜𝑟  𝑎 > 0, 𝑏𝜖ℝ 

 
 
a is the scaling parameter and b is the translation parameter. The collection of wavelets that arise from 
this can be used as an orthonormal basis. The relevant coefficients can be obtained by, 

𝐶!,!,! ! ,! = 𝑓(𝑡)
∞

!∞
∙ 𝜓!,! t 𝑑𝑡   

 
Varying the values of a and b will provide the continuous wavelet transform coefficients Ca,b indicating 
how closely the wavelet is correlated to the original signal. These coefficients are of course dependent 
on the selected waveform ( ) and function (f). A larger value for Ca,b shows a greater similarity 
between  and f.  
 
A scalogram of wavelet coefficients will be generated. The start of a specific response is defined as the 
point at which the energy level of the scale related to fmax crosses a preset boundary. A limitation with 
applying a single value crossing is the selection bias. In order to overcome this as much as possible a 
range of thresholds (T) should be explored with: 
 

𝑇!!
𝐸!"#
𝑖

             𝑖 ∈ ℕ|1 ≤ 𝑖 ≤ 100    
 
Emax being the maximum energy variable.  

(14) 
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Figure 3-1. Flowchart algorithm for measuring cognitive processing during cognitive 

load tasks.  
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EXAMPLE OF CWT 

Examples of simulated outcomes for wavelet coherence are given in Figure 3-2. The examples show 
the wavelet coherence between sine and Haar waves. The first example (A) shows the outcome 
between two almost identical sine waves. The second example (B) shows a Haar and sine wave with 
the exact same frequency. In example C there is a factor 2 difference in frequency, between the two 
waves. It is clear from Figure 3-2 that the localized similarities differ depending on the signals that are 
compared. The level divergence can subsequently be described, as an average wavelet coherence value 
(𝐶). This value is simply computed by first averaging across the scales at each time point (columns) 
and subsequently across the time points themselves, 
 

𝐶! = 𝑛!! 𝐶!"!
!!!                                 𝑓𝑜𝑟  𝑖 = 1:𝑚     (20) 

𝐶 = 𝑚!! 𝐶!!
!!!           (21) 

with C representing the coherence with rows i and columns j for lengths n and m.  

 

Figure 3-2. Example of how the wavelet coherence changes over a range of three sample 
wave patterns. Zero-mean Gaussian noise is added to all signals. Top plots: (A) the red 

signals shows a sine wave with a frequency f and the blue trace has a frequency of 
1.001f. (B) The red signal depicts a sine with a frequency f and the blue is Haar wave 

with the same frequency f, (C)The red signal shows a sine wave with a frequency f and 
the blue trace has a frequency of 2f. The bottom plots show the wavelet coherence for 
each example. The heat map displayed on the side shows the phase, wherein dark blue 

represents 0° and dark red represents 180°. The mean wavelet cross spectrum value (𝑪) is 
displayed in the corner of each wavelet coherence plot. 

 
The high scales are associated with low frequencies, while the low scales portray the high frequencies. 
The high scales (low frequencies) are of particular interest, as everyday living activities normally take 
several seconds to complete and even longer when restricted due to impairments (Adams et al., 2003). 

3.2.4 MACHINE LEARNING 
Machine learning is a rapidly growing field and is more frequently being explored as a method for 
clinical applications, including diagnosis of Alzheimer’s disease and Autism (Bosl et al., 2011; Datta 
et al., 1996; Trambaiolli et al., 2011) and also detection and prediction of freezing of gait in PD 
(Mazilu et al., 2013). In general terms, machine learning is to construct a system that can learn from 
data inputs (Mazilu et al., 2013). There exists a variety of machine learning models for different 
applications. Generally speaking, there are two groups of machine learning algorithms: supervised 
learning and unsupervised learning. In supervised learning, labels of each observation in the dataset 
(training data, specifically) are known, and the goal is to construct a function to predict the label of a 
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new observation; in unsupervised learning, the labels of the dataset are not known and the goal is to 
find the hidden structure of the data.  
 
NAÏVE BAYES 

Naive Bayes is a probabilistic classifier based on Bayes’ theorem of independent assumptions, or an 
independent feature model. The Naïve Bayes classifier assumes that the presence of one attribute of a 
class is unrelated or independent to the presence of other attributes. Naïve Bayes is surprisingly one of 
the most effective machine learning algorithms particularly for real world data (Elkan, 1997). 
 

 
 
SUPPORT VECTOR MACHINE (SVM)  

SVM are supervised learning techniques that can be used for classification or regression. SVMs are 
grounded in statistical learning theory and can learn from small datasets with good generalizability. 
SVMs non-linearly map input vectors into a high dimensional feature space to an optimal separating 
hyperplane, where data points are separated linearly (Cortes and Vapnik, 1995). 
 

 
 

 
 
FUZZY C-MEANS CLUSTERING 

Clustering is a type of unsupervised machine learning algorithm. The goal of clustering is to group the 
observations in a dataset in a way that observations in the same group are more similar to each other 
than to those in different groups. The groups are called clusters. In contrast to hard clustering in which 
observations are grouped into distinct clusters, in a fuzzy clustering algorithm each observation can 
belong to more than one cluster. Fuzzy clustering analysis has been applied in the past to a variety of 
data sets, and can be readily applied to PD detection in a very similar manner.  Fuzzy c-means begins 
with N data points x1, x1, ..., xN which are identified by their coordinates located in a P-dimensional 
feature space where xk = (xk1, xk2,..., xkP).  
 
The algorithm then constructs a set of c centroids v1, v2, ..., vc, or points that share a common feature 
space, that represent the c clusters, and a set of cN membership values µ(ik, i = 1, ..., c; k = 1, ..., N. 
These membership values are used to determine the “degree of membership” of a point xk in a class ci, 
where 0 ≤ µ(ik ≤ 1, as follows, 

    (24) 
 
Finding an ideal arrangement of points by cluster membership and optimal placement of the centroids, 
it uses a given objective function J, which is minimized when the distribution is optimal: (µ((0 ,v0) = 
arg min J (µ(( ,v), where µ  = (µ(ik) and v = represent the sets of the variables to be found and µ(0 ,v0 
are the optimal solutions. An expression often used for J is, 
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 ,      (25) 
 
where the power p > 1 is a given parameter that controls the degree of fuzziness of the obtained 
clusters  (we used p = 2) (Ibid). The optimal solution of a constraint optimization problem is given by, 

 ,                (26) 
 

3.2.5  NEURAL OSCILLATION DETECTION4 (EXPERIMENT 9) 
To test the NOD algorithm EEG recordings were used to detect a biomarker previously identified with 
in vivo recording. A neuropathic pain biomarker5 observed by Green et al. (2009) was recorded from 
local field potentials deep within the periaqueductal grey and the sensory thalamus. Pain evoked an 
increase in spindle shaped bursts in 8-12 Hz in the PAG and 17-30 Hz in the sensory thalamus. 
Therefore, the NOD algorithm used the alpha band as input features for machine learning. Raw EEG 
data was input into the algorithm, which consists of pre-processing, signal processing, and machine 
learning. The algorithm flowchart is shown in Figure 3-3.  
 

                                                             
4 Howard, N., Rao, D., Fahlstrom, R., Bergmann, J. & Stein, J. 2013. The Fundamental Code Unit- 
Applying Neural Oscillation Detection Across Clinical Conditions. Frontiers, Commissioned.  
5 This biomarker will be referred to as “pain spindles,” the term is used in this thesis interchangeably 
with alpha spectrum.  
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Figure 3-3 Detection algorithm flowchart consists of three stages pre-processing, signal-

processing and machine learning. 
 
(1) STAGE ONE: PRE-PROCESSING 

The pre-processing stage filtered the data at 4-45 Hz for the complete spectrum (Hipp et al., 2012) and 
8-12 Hz for the broad alpha range (Green et al 2009).  After filtering the data, artifact removal was 
performed. Corrupted electrodes were detected using a weighted average of their three nearest 
electrode neighbors, where the weights were inversely proportional to the Euclidian distance between 
the electrodes. Next the common spatial pattern algorithm (CSP) was performed for electrode selection 
(Higashi and Tanaka, 2011), in order to optimize the data analysis by preselecting the EEG electrodes 
that showed the highest variance in their signal, presumed to reflect the pain biomarker. This approach 
minimizes the computational requirements during further processing, as only the highest-ranking 
electrodes were used for further analysis.  
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After CSP, segmentation of the data was performed. Segmentation of EEGs was done to obey the 
“stationary assumption”, which is the assumption that the EEG is composed of periodic waves of 
several frequencies and none of the waves change in amplitude or frequency. 
Common Spatial Patterns (CSP) 
The CSP algorithm was used to determine the most appropriate electrode(s) for further analysis based 
on extracting discriminative spatial filters for the classification of EEG (Wang et al., 2006). 
 

 
 
X1 (n,t1) and X2 (n,t2) are two windows of a multivariate signal, n is the number of signals and t1 and t2 
are the respective number of samples 
 
The CSP algorithm was performed for the full electrode set and the physiologically relevant electrode 
set. Physiological sensor selection was based on evidence of the spatial locations of pain biomarkers 
(Green et al 2009, Chen et al 1994 and 1998, Chang et al 2002). Figure 3.4 shows a representation of a 
physiologically relevant electrode and the full electrode sets. Physiological sensor selection can be 
biased due to the fact that propagation of electrical activity along physiological pathways or through 
volume conduction in extracellular spaces can give a misleading impression of the location of the 
source of the electrical activity (Smith, 2005). Furthermore, the relative locations of the electrodes, in 
regards to specific brain structures of an individual, can only be rough estimates.  
 
  A     B 

 
Figure 3-4. Sensor layout for 256-channel Hydrocele Geodesic Sensor Net (nose at the 
top of the figure). These figures are modified from (Luu et al 2011). A: represents the 

pain selection of physiologically relevant electrodes (n=85) given in red. B: shows blank 
template, which includes all electrodes channels (256).   

 
(2) STAGE TWO: SIGNAL PROCESSING  

After the pre-processing stage EEGs were analyzed using three methods: spindle threshold analysis 
(time domain), power spectrum analysis (frequency domain) and wavelet analysis (time-frequency 
domain). Each method was applied to the complete frequency spectrum and alpha frequency spectrum 
(based on the pain biomarker). 
 
Spindle threshold analysis was used to identify pain spindle activity (Green et al., 2009). The 
maximum amplitude in the recording was determined by using thresholds starting at the maximum 
value and reducing by 10% of the maximum amplitude until a threshold of 0 µV was reached. Spindles 
were declared when a region of 0.5 seconds of the recording exceeded the threshold.  
 
Power spectrum analysis was performed in order to determine the power of each frequency that was 
contained in the recording. The Fast Fourier Transforms was used to decompose the recording into 
component frequencies. Next, the relative power of the frequencies in the recording was calculated.  
 
Time-frequency analysis will demonstrate the changes in pain-related dominant frequencies that might 
contain spindle activity over time based on Green et al. (2009). Time-frequency analysis can be 
executed using either short-time Fourier transform or wavelet transform. Time is mapped into 

(27) 
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frequency and phase by the Fourier transform and time is mapped into scale and time for the wavelet 
transform. When using the Fourier transform, there is a tradeoff between frequency resolution and time 
resolution. The wavelet transform is a more sophisticated method for analyzing non-stationary signals, 
which does not have a tradeoff between time and frequency resolution. It was most appropriate to use 
Morlet wavelet, which is commonly used in EEG time-frequency decomposition. Because Morlet 
wavelets have a sinusoid shape weighted by a Gaussian kernel it can capture local oscillatory 
components in a time-series. 
 
(3) STAGE THREE: MACHINE LEARNING 

The goal of the machine learning stage was to correctly classify with highest accuracy possible, the 
sensitivity and specificity of pain vs. no-pain and high vs. low pain intensity in order to objectively 
provide a pain diagnosis. Features for the machine learning algorithms were obtained from each of the 
three analysis methods performed in signal processing. Results were presented as the complete 
spectrum or alpha spectrum and full electrode set or physiologically relevant electrode set. Machine 
learning algorithms tested were Naïve Bayes, 1 and 2 Nearest Neighbors and SVM. Results were 
compared from these algorithms to select the best performing classifiers across groups. 
Validation Technique 
A cross validation technique was used to evaluate the performance of the classification. A 10-fold 
cross validation approach was applied to the dataset and sensitivity to determine specificity and 
accuracy. 
 
The sensitivity of a clinical test refers to the ability of the test to correctly identify patients with a 
condition (Lalkhen and McCluskey, 2008). 
 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =   
𝑇𝑟𝑢𝑒  𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒  𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒  𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 

 
A test with 100% sensitivity correctly identifies all patients with the pain signature. 
 
The specificity of a clinical test refers to the ability of the test to correctly identify those patients 
without the condition (Lalkhen and McCluskey, 2008). 
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑡𝑦 =   
𝑇𝑟𝑢𝑒  𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒  𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒  𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 

 
A test with 100% specificity correctly identifies all patients without the pain signature. 
 
The accuracy is computed by 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑟𝑢𝑒  𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒  𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠)

(𝑇𝑟𝑢𝑒  𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒  𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒  𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒  𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠)
 

 
The accuracy provides a selection criterion upon which the optimal number of electrodes and best 
performing algorithm could be determined. It also allows for comparison between the complete 
spectrum and alpha band regarding the obtained outcomes for each.  

3.3 OVERVIEW OF EXPERIMENTS  
Table 3-2 gives a detailed overview of the methods, measures of interest, purpose and relevance to PD 
for each of the experiments reported in this thesis. To summarize briefly, experiments 1-3 (Chapter 4) 
focus on validation of BSNs to measure: upper limb movements, interactions with objects, and 
between patients and healthy subjects. Experiments 4-6 (Chapter 5) explore engineering and design 
criteria suitable for real world conditions. Experiment 7 (Chapter 6) tests sensors and wavelet analysis 
to measure cognitive load during everyday tasks. Experiment 8 (Chapter 7) explores associations 
between speech and movement symptoms and reviews types of speech. Experiment 9 (Chapter 8) tests 
the NOD algorithm to detect a pain signature found with deep brain electrodes. Experiment 10 
(Chapter 9) tests machine learning to classify facial expressions and facial features.  
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Table 3-2. presents the method, measure of interest, purpose, and relevance to PD for 
each experiment 

Experiment Method  Measure of 
Interest 

Purpose Relevance to PD 

(1.) Testing BSN to 
measure upper limb 
movements 

Body Sensor 
Network-Inertial 
measurement units 
(IMU) 
 
 
& 
 
Statistical Analysis 

Upper limb 
(Motor System)  

Validate BSN for 
measuring upper limb 
movement 

-Abnormal hand trajectories 
in PD patients (Flash et al 
1992) 
 
-PD patients exhibit 
decreased linear speed and 
more corrective hand 
movements (Dounskaia et 
al., 2009a; Dounskaia et al., 
2009b; Isenberg and Conrad, 
1994; Konczak et al., 2009; 
Sande de Souza et al., 2011; 
Tresilian et al., 1997) 
 
-Upper limb kinematics in 
PD suggests role of basal 
ganglia (Moisello et al., 
2011) 

(2.) BSN to measure 
an everyday task 
using continuous 
wavelet transforms 

Body Sensor 
Network- 
Inertial 
measurement units 
(IMU) 
 
& 
 
Wavelet Analysis 

Upper limb, hand  
(Motor System) 

Test BSN and wavelet 
analysis techniques for 
measuring everyday 
interaction with objects 

-Measure movement during 
activities of daily living 
 
-Living routine previously 
identified in the Motor 
Activity Log (MAL) for the 
upper extremity 

(3.) Measuring 
impaired upper limb 
movements using 
wavelet analysis 

Motion tracker  
 
& 
 
Wavelet Analysis 

Upper limb, 
shoulder (Motor 
System) 

Test wavelet technique 
for differentiating 
patients and healthy 
controls  

-In addition to other upper 
limb impairments, PD 
patients exhibit frozen 
shoulder and other shoulder 
disturbances (Riley et al., 
1989) 

(4.) Testing a sensor 
network to measure 
acceleration during 
water-ski jumping 

Traxial 
accelerometer 
 
& 
 
Statistical Analysis 

Engineering and 
hardware design  

Explore the ability of 
sensors to measure in 
harsh and extreme 
conditions 

- Design considerations for 
BSN- eg. plane, train, or 
equivalent acceleration 
conditions (Guidelines for 
Occupational Therapy in PD 
Rehabilitation, 2011) 

(5.) Comparison of 
median frequency 
between traditional 
and functional sensor 
placements during 
activity monitoring 

Triaxial 
accelerometer 
 
& 
 
Statistical Analysis 

Engineering and 
Hardware design 

Test if BSN sensor can 
measure movement 
from pocket placement 

- Design consideration: BSN 
must be unobtrusive for ADL  
 
-Design considerations for 
iPhone and tablet integration  

(6.) Testing an 
integrated clothing 
sensing system for 
measuring joint 
stability 

ICSS 
 
& 
 
Statistical Analysis 

Engineering and 
Hardware design  
 
& 
 
Knee Joint 
Stability 
(Motor System) 

Test fully unobtrusive 
BSN to measure knee 
joint stability 

- Design consideration: BSN 
must be unobtrusive for ADL 
 
-Knee impairments have 
been observed in PD patients 
as part of gait impairment, 
postural stability, and 
isokinetic knee strength 
(Nocera et al., 2010; Rosin et 
al., 1997).  
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(7.) Effect of 
everyday living 
behavior on 
cognitive processing 

Xsens sensor  
 
& 
 
Wavelet Analysis 

Processing, 
attentional 
demands 
(Cognitive 
function) 

Test to what extent 
combining everyday 
motion and speech 
tasks affect cognitive 
processing  
 

- Impairments in PD patients 
are worsened under dual-task 
conditions requiring 
simultaneous performance of 
cognitive and /or motor tasks 
when compared to healthy 
controls (Kelly et al. 2012; 
Rochester et al. 2004; 
O’Shea et al 2002; 
Woollacott & Shumway-
Cook 2002; Bond& Morris 
2000; Brown & Marsden 
1991). 

(8.) Everyday Speech 
and Motor 
Symptoms 

Statistical analysis 
 
 
 

Speech 
(Cognitive 
function) 
 
& 
 
Walking, 
Swallowing, 
Salivating, 
Freezing, Tremor 
(Motor System) 

 Identify correlations 
between speech and 
motor symptoms  

-Speech impairments have 
been identified as possible 
markers for PD detection and 
progression (Tsanas et al. 
2011; Skodda, Gronheit, & 
Schlegel, 2012).  
 
-Imprecise vowel articulation 
has been observed even in 
mild stages of PD and 
commonly contributes to 
reduced speech intelligibility 
(Neel, 2008; Skodda, et al., 
2011). 

(9.) Neural 
oscillation detection 

EEG 
 
& 
 
Wavelet Analysis 
 
& 
 
Machine Learning 

Neural 
Oscillation 
(Brain Activity) 
 
EEG Engineering 
and Hardware 
design 

Test if EEG and NOD 
algorithm can detect a 
neuropathic pain 
biomarker found using 
deep brain electrodes 
Determine minimum 
number of electrodes 
necessary to detect it 

- Excessive beta band 
oscillations found in PD 
(Brown et al. 2001) 
 
-LFN in the Subthalamic 
nucleus of PD patients shows 
high-frequency oscillations 
(15-30Hz) (Levy et al. 2002) 
 
- Engineering design 
considerations: portable 
EEG? 

(10.) Sentiment 
Classification and 
Facial Feature 
Extraction- a 2 part 
Data Analysis 

Machine learning Facial features  
(Motor system) 
 
 
Emotion from 
facial expression 
(cognitive 
function) 

Test ability of machine-
learning algorithm to 
classify emotion from 
facial expression in a 
large dataset. To 
identify facial features 
in PD patient. 

- Blink rate, facial rigidity, 
bradykinesia and masked 
face (Abbs et al., 1987; 
Bologna et al., 2013) 
 
- Emotional problems, such 
as depression and anxiety, 
common in PD (Shiba et al., 
2000; Walsh and Bennett, 
2001) 
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3.4 CONCLUSION 

 
Figure 3-5 Gives an overview of measure of interest (first row), specific feature to be 

measured (second row) data collection method (third row) and analysis method (fourth 
row) 

 
This chapter discussed the methods, data collection and analysis used for the initial development and 
validation of a more general approach to early detection of PD. The potential measures of interest, 
(discussed in Chapter 2)  are broad, for they spread across three foundational domains: the motor 
system, cognitive function and brain activity. The approach is predicated on multi-modal data analysis 
across three domains to capture the heterogeneity of the PD spectrum. Analysis methods therefore 
needed to account for time, location, physiology, and changing environment in order to develop a 
system that measures during everyday living. The above methods will be summarized in the write-up 
for each experiment with focus on its specific application and procedures. 
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4  CHAPTER FOUR: MEASURING UPPER LIMB MOVEMENT  

4.1 INTRODUCTION 
The 3 experiments presented in this chapter discuss validation and testing of body sensor 
measurements and analysis methods towards the goal of developing an unobtrusive system with 
sufficient sensitivity to detect movement deviations during everyday tasks. The first experiment 
validates a BSN against optical tracking for its ability to measure complex upper limb movements. The 
second experiment develops the model further to test if BSN can measure the interaction with an object 
during an everyday task. The third experiment tests BSN’s ability to differentiate between healthy and 
impaired movement.  
 
BSNs have been used in other research fields, but have not yet been established for clinical use in PD 
(Moore et al., 2007). BSNs have been used for upper arm rehabilitation in stroke patients (Mountain et 
al., 2010; Paulis et al., 2011) and monitoring in cardiovascular disease (Lo et al., 2005). BSN has also 
been explored for post-operative monitoring (Atallah et al., 2013; Aziz et al., 2007) blood-pressure 
monitoring (Chan et al., 2007; Espina et al., 2006) and prevention and management of asthma (Seto et 
al., 2009). Body sensors have more recently been developed for physiological measuring of joint 
angles, stair climbing, arm trajectory, and knee joint angles (Bergmann et al., 2013c; Bergmann et al., 
2009a; Bergmann et al., 2010; Bergmann et al., 2012c; Favre et al., 2009). Because BSNs are not 
validated for clinical applications, the use of a gold standard measurement is needed to verify the 
accuracy of the proposed device. 

4.1.1 GOLD STANDARD  
In experiment 1, 2 and 6 marker based optical tracking systems are used as the criteria standard to 
validate the accuracy of BSNs (Bergmann et al., 2009a; Godwin et al., 2009; Mayagoitia et al., 2002b; 
Zhou and Hu, 2008). The external validity of measuring movement (within a certain level of SNR and 
sensitivity) depends on the device and its application. Ideally, the BSN system should translate to a 
clinical detectable difference. In other words, what level of sensitivity is needed to detect clinically 
relevant changes? In order to answer this question, free- living data from real world environments 
needs to be established with the modalities of interest, hence the need to develop new measurement 
systems. 

4.2 EXPERIMENT 1:  TESTING A BODY SENSOR SYSTEM TO MEASURE UPPER LIMB 
MOVEMENTS6 

4.2.1 BACKGROUND 
Quantifying arm movements made towards a specific goal, such as picking up an object, are of interest 
to PD research (Tresilian et al. 1997; Plotnik, Flash, Inzelberg, Schechtman et al. 1998; Flash et al. 
1992; Ghilardi et al. 2000). Upper limb movement irregularities, such as linear speed and corrective 
movements have been exhibited in PD patients and could potentially be used as a measure of early 
detection (Dounskaia et al., 2009a; Dounskaia et al., 2009b; Isenberg and Conrad, 1994; Konczak et 
al., 2009; Sande de Souza et al., 2011; Tresilian et al., 1997). 
 
Performance is not only based on the anatomical properties of the limb, since motor control defines the 
level of efficiency at which the movements are executed. Movements are precisely controlled by the 
brain and communication deficits between the musculoskeletal and nervous system lead to direct 
changes in (motor) behavior.  Research of upper limb movements could potentially be valuable for 
diagnosis markers, and to gain a better understanding of underlying brain processes influencing motor 
function impairments (Ghilardi et al., 2000; Ray et al., 2009). However, a sensitive, non-obtrusive tool 
is needed to measure complex upper limb movement.  
                                                             
6 Bergmann, J., Langdon, P., Mayagoita, R. & Howard, N. 2013c. Exploring the use of sensors to 
measure behavioral interactions: An experimental evaluation of using hand trajectories. PLOS ONE, 
Forthcoming. 
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Aim: The purpose of this study was to test the accuracy of a wearable sensor system to measure the 
distal position of the arm (a solid hand and wrist complex) compared with gold standard data acquired 
with optical tracking during a series of arm movements. 

4.2.2 METHODS 
 
STUDY DESIGN 

The method computed hand positions using a wearable sensor system and validated it against a gold 
standard reference measurement (optical tracking device). The experiment used IMUs to measure arm 
movements of one human subject. The validity of the sensor device is examined by determining how 
closely the distal position of the arm (a solid hand and wrist complex) relates to the measurements 
acquired by an optical tracking device, during a series of predefined arm movements. 
 
DATA COLLECTION 

One 37-year-old healthy female subject (height 171 cm, weight 61 kg) participated in this study. Three 
IMUs (MTx, Xsens Technologies B. V., Enschede, Netherlands) were placed on the subject at three 
different points along the left arm; one on the upper arm above the elbow, another just below the 
elbow, and a third sensor near the wrist (Figure 4-2).   
 
The participant sat on a chair with the arm rested at the side of the trunk. The subject was asked to 
perform three different sequences each consisting of three different positions (Figure 4-1) and each 
held for roughly 10 seconds. The first sequence started with the arm fully extended, hanging by the 
side, in the start position, followed by flexing the elbow to 90° and keeping the forearm in neutral, 
after which the participant was asked to move to 90° of shoulder anteflexion, with the arm fully 
straight and pointing forward (sequence A). In the second sequence, the participant began in the same 
starting position as the first sequence and was then instructed to move to 90° of shoulder abduction 
with the elbow fully extended, from this position the elbow was flexed to 90° and an internal rotation 
was performed (sequence B). The last sequence also had the same starting position as the previous two, 
from which the participant moved her arm to 90° of shoulder abduction and 90° elbow flexion with an 
external rotation; this was followed by moving to 45° retroflexion in the shoulder and 120° of flexion 
in the elbow (sequence C). 
 

 
Figure 4-1. Sequences A, B and C each with three arm positions 
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EQUIPMENT 

 
Figure 4-2 The Optical tracking markers and Inertia Measurement Units (IMUs) 

attached to 3 points on the left arm. 
 
The sensors were securely attached to each body segment in order to ensure that the orientation of the 
sensor with respect to the body segment did not change. Straps were used to provide a preloading force 
in order to minimize measurement errors (Bergmann et al., 2009b; Forner-Cordero et al., 2008).   
 
The placement of the sensors determined the relationship of the sensor’s axis to the anatomical 
coordinate system, as the sensor coordinate system was fixed to the device. The Z-axis of each IMU 
coordinate system was physically placed to run perpendicular, as close as possible, to the sagittal 
plane, while at the same time minimizing relative motion between sensors and underlying bones. As 
the participant sat as still as possible with the left arm hanging at the side of the body, further analytical 
correction was applied by using software (MT Software V2.8.1, Xsens Technologies B. V.,Enschede, 
Netherlands). The alignment program placed the Z-axis of  each IMU in line with gravity (vertical 
plane) with the new X-axis of all the sensors perpendicular to the Z-axis and along the line of the 
original global X-axis, while the Y-axis was chosen  to obtain a right handed coordinate frame. The 
non-orthogonality between the axes of the body-fixed coordinate system was less than 0.1°. 
 
Active Codamotion (Codamotion, Charnwood Dynamics, Leicestershire, UK) markers were placed 
using double-sided adhesive tapes, on the radial styloid process, ulnar styloid process, lateral 
epicondyle, medial epicondyle, acromion, spinous processes of the seventh cervical vertebra and the 
IMUs. A standard system configuration was used for data acquisition by the Codamotion and Motion 
Tracker software. The cameras of the optical tracking device were positioned in such a way that the 
position data of the right side could always be obtained during movement. The three dimensional (3D) 
position of these markers can be determined with an accuracy of ± 1 mm (Lichtwark and Wilson, 
2006). 
 
Data for both the Codamotion and the IMUs was acquired at 100 Hz, and an electronic pulse was used 
to synchronize the two measurement systems. All further data analysis was done using Matlab 
(MathWorks, Inc., Natick, MA, USA)(Bergmann et al., 2009c). 
 
DATA PROCESSING AND ANALYSIS  

Biomechanical Model 



 
 

80 

The upper extremity can be approximated as a multi-link chain, with each body part as a rigid segment 
and its movement represented by one IMU (Winter, 2009). A simplified two-segment 3D model was 
used that consisted of two (upper and lower arm) rigid segments (Figure 4-3). The shoulder blade 
(scapula) movement was not taken into account. In addition, the hand and wrist were considered a 
single rigid segment for ease of application of the model. It has been suggested that functional changes 
of the hand-wrist complex directly affect movement patterns at the shoulder (May-Lisowski and King, 
2008). To keep the model as simple as possible only the signals from the sensors that were absolutely 
vital to reproduce the general movement pattern were selected. Body segment lengths were calculated 
from anthropometric data (Winter, 2009) as a percentage of the body height of the participant. 
 
Analysis 
The 3D representations of the distal point of the left arm (Point [d] in Figure 4-3) obtained using the two 
measurement devices were compared by calculating a two-tailed Pearson product-moment7 correlation 
coefficient (r) and by calculating the root mean square error (RMSE) between the two signals (Bergmann 
et al., 2009a; O’Donovan et al., 2007; Thies et al., 2007). The dynamic range, defined as the largest 
possible signal (full range of motion) divided by the smallest possible signal (maximum error) (Halamek et 
al., 2001), was calculated for the IMU based model. Independent analysis of each direction of movement, 
referred to as X, Y and Z, was performed.  The Euclidean norm was also calculated for each sequence8. 
 

 
 

Figure 4-3. Initial condition of the two-link model. Segment lengths were taken from 
anthropometric data (Winter, 1990). The proximal point (p) represents the shoulder; the 

intermediate point (i) is the elbow and the distal point (d) the hand. All positions are 
given in (X,Y,Z). (LU) length of the upper arm; (LL) length of the lower arm and hand. 

4.2.3 RESULTS 
The shape of the curve describing the movement was on the whole, highly comparable between the 
two measurement methods (Figure 4-4). High Pearson Correlation Coefficients (PCC) were found in 
both the Y and Z direction for all 3 movement sequences (Table 4-1). After an initial high correlation 
in the X direction for sequence A (0.99), there was a significant drop in correlation for the subsequent 
sequence. The movement of the hand in the X direction was poorly correlated in sequence B (-0.11). 
However, the RMSE calculated in the X direction for sequence B was not higher than those found for 
sequence A and C. The best accuracy was found for sequence A, with RMSE ranging from 0.02 to 
0.05 meters. Sequence B not only had the poorest correlation between the methods; it also suffered 
from the highest RMSE (Euclidean norm). The Euclidean norm showed a lower correlation for 
sequence B, but had very strong correlations for both A and C. The highest dynamic range was found 
for sequence B in direction X. In general, the Z direction performed the best in terms of highest 
correlations and lowest RMSEs. It also had relative high dynamic ranges across all sequences.  
 
 
 
 
 

                                                             
7 See Chapter 3, section 3.2.1 for details on Pearson correlation  
8 See Chapter 3, section 3.2.2 for details on Euclidian norm  
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Figure 4-4. Positions of the hand in each direction (X, Y and Z) and Euclidean norm for 

every sequence (A, B and C). Dashed blue lines are the positions obtained from the 
optical tracking device and the solid red lines correspond to hand positions calculated by 

the sensor and biomechanical model. 
 
 

Sequence A 

Sequence B 

Sequence C 



 
 

82 

 
 
Table 4-1 Pearson correlation coefficients, Root Mean Square Errors and dynamic range 
between the positions obtained by both methods. S stands for motion sequence. X, Y and 

Z represent the directions of movement for the upper limb point. 𝒅  is the Euclidean 
norm 

 Pearson correlation 
coefficient (p<0.01) 

Root Mean Square Error 
(meters) 

Dynamic Range 

S 
A B C A B C A B C 

X 0.99 -0.11 0.60 0.04 0.14 0.13 50.46 0.95 0.97 

Y 0.95 0.97 0.93 0.05 0.15 0.08 3.46 2.38 2.10 

Z 0.99 0.98 0.99 0.02 0.07 0.10 44.76 7.35 9.48 

𝐝  0.98 0.73 0.95 0.03 0.17 0.15 7.0 2.07 1.3 

4.2.4 DISCUSSION 
Correlations between the IMU body sensors and the optical tracking device ranged from 0.99 to -0.11 
(with a calculated average of .81) and root mean squares ranged from 0.02 to 0.15 meters. The results 
demonstrated that the proposed system allows for accurate tracking of general movement patterns. 
Single plane movements (sequence A) seemed to provide the best correlations between the 2 
measuring methods. However, even in more complicated movement patterns (such as sequence B and 
C) motion of the distal part of the upper limb model relates well to the motion of the optical tracking 
marker in both the Y and Z direction. The one low negative correlation found in sequence B does not 
affect the overall movement pattern significantly, as the position changed more for the Y and Z 
direction (∆Y=0.39 and ∆Z=0.68 m) than for the X direction (∆X=0.25 m). 
 
The Euclidian norm provides a method for dimensionality reduction and the results indicate it 
performed relatively well across the explored sequences. On the whole, the principal movement 
patterns can be picked up by the proposed method based on body-worn sensors, but do not provide 
absolute accuracy of the position of endpoints.  The dynamic range showed that information could be 
extracted from the dominant planes of motion. Yet, smaller deviations, particularly in the X direction, 
did (almost) not register beyond the noise level. The proposed method can, therefore, best be applied to 
movement patterns, with large changes of positions. This illustrates the need of this model to focus on 
motor behavior that involves large ranges of motion at the shoulder complex. 
 
Although motion artifacts do have an effect on the outcome, the largest source of accuracy errors is 
most likely due to the fact that the biomechanical arm model was based on only two segments. 
Bergmann et al. (2012) found that, contrary to popular belief, motion artifacts are not always the 
primary source of accuracy errors in measuring human motion. In their initial sequence of experiments, 
in which only two segments were used for motion analysis, Bergmann et al. (2012) determined that 
accuracy errors from measuring motion and position was more due to the analytical model used. By 
increasing the number of sensors attached to each extremity the sensors will generate redundancy in 
the data, which can be used to minimize error. It is thus possible to negate or at least minimize the 
effect of motion artifacts on data acquisition.  
 
It has been shown that IMUs can obtain accurate estimations of arm position when applied during 
movement patterns that require a very limited range of motion (Zhou et al., 2008b). The sequences in 
this study were selected in order to obtain insight into the accuracy of the proposed model over the full 
range of arm movements. In addition, the difference found between the two methods could be 
contributed to inaccuracies associated with the relative movement of the sensors or markers compared 
to the underlying bones. Due to this relative movement between the optical tracking marker and the 
underlying bony landmark, artifacts in position data can occur (Cappozzo et al., 1996). Displacements 
of more than 20 mm between skin and underlying bone have been reported for optical tracking systems 
(Garling et al., 2007).  
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Validation outcomes relate to the agreement of the two systems within the presented study. These 
results do not reflect the validation of this system for out of sample populations and are meant to 
provide the required internal validation that is needed for further exploration of the method within this 
study.  

4.3 EXPERIMENT 2: TESTING BSN TO MEASURE AN EVERYDAY TASK USING 
CONTINUOUS WAVELET TRANSFORMS9 

4.3.1 BACKGROUND 
Given the results of the BSN’s ability to measure arm movement in Experiment 1, the sensors and 
upper limb model were further tested by measuring changes in motor behavior during object 
interaction in a changing environment. The purpose of these measurements was to show the utility of 
the sensing system to determine the coherence in motor behavior related to the individual or object 
used in the everyday task. The validity of the sensing device is examined by determining how closely 
the distal position of the arm (a solid hand and wrist complex) relates to the position acquired by an 
optical tracking device.  
 
Aim: To test the utility of the BSN system and wavelet analysis to identify behavioral changes with small 
alterations in the environment during everyday interaction with objects. 

4.3.2 METHODS 
 
STUDY DESIGN 
An IMU/ BSN experiment using three human subjects who performed an everyday task. Data was 
analyzed using CWT. Object interaction was measured by comparing movement patterns from three 
slightly different object constraints. 
 
DATA COLLECTION 
Three healthy subjects (2 males and 1 female, aged between 27 and 42 years) repeated a pouring task 
five times, using three different liquid container designs (pitcher, teapot and kettle). From the initial 
starting position (hands placed along their side), participants were asked to pick up the container with 
liquid and pour a little bit into a cup without spilling. Both the container and cup were placed in a 
preset location to ensure agreement between subjects and tasks. Apart from these basic constraints, 
participants were free to choose their own preferred movement path and speed. Subjects performed the 
tasks for data collection after practicing the pouring task eight times during two previous trials. The 
start and end position consisted of the arm resting on the side of the body. Measurements were taken in 
the kitchen where the subjects would normally prepare their drinks. 
 
EQUIPMENT 

3 IMU sensors were securely attached to the right arm on each body segment. Straps were used to 
provide a preloading force in order to minimize measurement errors (Forner-Cordero et al., 2008). The 
placement of the sensors determined the relationship of the sensor’s axis to the anatomical coordinate 
system, as the sensor coordinate system was fixed to the device. IMUs data was acquired at 100 Hz.  
 
DATA PROCESSING AND ANALYSIS  

Data analysis was done using Matlab (MathWorks, Inc., Natick, MA, USA). Hand traces were 
computed using a two-linked segment model. Observation of the initial results shows that the 
difference is more profound, between subjects than within subjects. 
 

                                                             
9 Bergmann, J., Langdon, P., Mayagoita, R. & Howard, N. 2013c. Exploring the use of sensors to 
measure behavioral interactions: An experimental evaluation of using hand trajectories. PLOS ONE, 
Forthcoming. 
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Figure 4-5. Traces of the hand computed using a two-linked segmental model. All figures 

starting with A compare the patterns between three subjects (blue, red and green) 
interacting with a pitcher (A.1), teapot (A.2) and kettle (A.3). The figures labeled with a 
B show the traces for each subject (B.1, B.2 and B.3) using pitcher (blue), teapot (red) 

and kettle (green). All plots show a 2D projection of the data for each plane. 
 
CWT was used to analyze the frequency content over time10. The calculation was then used to compare 
the signals and find differences between them. CWT was first computed within the repetitions and then 
a comparison was made based on the summed results for each condition (subject, object). A Morlet 
waveform was used.  
 
Because the subjects repeated each condition (container) several times, the mean wavelet coherence 
was calculated for all possible pairwise comparisons across the repetitions performed. Based on the 
outcomes between and within subjects, 𝐶 was computed by taking the average either for all subjects or 
objects. This provided a measure of consistency in motor behavior. All analysis was performed for the 
Euclidean norm11.  

4.3.3 RESULTS 
The average duration of the pouring tasks was 10.6 ± 2.1 seconds (± standard deviation) with a range 
of 7.3 to 16.8 seconds. The coherence results are provided in Figure 4-6. Inspection of the wavelet 
coherence plots shows that subject 1 has a distinctively different outcome compared to subject 2 and 3. 
Subject 1 also showed the highest overall phase difference (.73) with respect to time and scale. Overall 
the pitcher yielded the highest 𝐶 across subjects (.82), while the kettle had the lowest (.77). This 
example shows the ability of the analysis method to differentiate between movement patterns. The 
difference in localized features indicates how much and when motor behavior differs within subjects 
and between objects (Figure 4-6).  
 
 

                                                             
10 See Chapter 3 section 3.2.3 for details on CWT analysis for this experiment 
11 See Chapter 3 section 3.2.2 for details on Euclidean norm 
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Figure 4-6. Wavelet coherence plots of the Euclidean norm. The mean phase difference 

across 8 movement repetitions is displayed for each subject utilizing one of three 
containers. At the end of the rows, all coherences per subject are averaged (Within). At 
the bottom of each column, all subjects are averaged for each container (Between). The 

warmer the color of a region, the lower the relative phase difference between the two 
signals. The full wavelet coherence is subsequently averaged to generate a single value 

(𝑪) displayed in the  top corner of each plot. 

4.3.4 DISCUSSION  
This preliminary dataset demonstrates the possible utility of the simplified upper limb model in a real-
life setting, by combining concepts such as wavelets and unitary math. The results showed that wavelet 
analysis could be applied to compare everyday movement tasks, such as pouring. The wavelet 
coherence estimates the association between two signals of two processes with respect to both time and 
scale. The outcomes obtained in the wavelet coherence focused on how consistent motor behavior was 
within and between subjects. It became clear that subject 1 was the least consistent in motor behavior, 
which potentially relates to the selection of an alternative motion path compared to subjects 2 and 3. 
The pitcher also seemed to possibly yield a condition in which each subject was able to display more 
consistent behavior. The example explored in this study has limited generalizability, due to the small 
sample size. However, it aims to show that behavioral consistency in activities of daily living can be 
explored in more detail using the suggested approach. The importance of situations for determining 
behavior is known and cross-situational consistency of behavior has already been associated with the 
amount of similarity between situations (Furr and Funder, 2004). A higher measurement resolution 
could provide a richer understanding of these behaviors. It even allows for possible detection of small 
changes, such as a slightly different interaction object, that are now often are overlooked.  
 
Defining behavior within the field of behavioral science has led to many different interpretations and 
opinions (Levitis et al., 2009). A recent study generated an evidence based definition that defines 
behavior as the internally coordinated responses of whole living organisms to internal and/or external 
stimuli, excluding responses more easily understood as developmental changes (Levitis et al., 2009). 
The majority of these responses reflect coordinated actions of the human musculoskeletal system. 
Despite the fact that these actions are emerging properties of multiple attributes. The focus on 
repeatability of motor behavior comes from one of the most cited articles in cross-species behavior 
(Bell et al., 2009). The authors found that the repeatability estimates were higher in the field compared 
to the laboratory and repeatability was higher when the interval between observations was short. 
Although, humans are likely to differ from other species these findings offer an interesting standpoint. 
In addition, there is evidence that repeatability increase with human ageing and this has been linked to 
the process of consolidated identity or reputation (Dall et al., 2004; Roberts and DelVecchio, 2000). 



 
 

86 

4.4 EXPERIMENT 3: MEASURING IMPAIRED UPPER LIMB MOVEMENTS USING 
WAVELET ANALYSIS12 

4.4.1 BACKGROUND 
Range of motion and speed of movement can both be affected by a number of different age-related 
diseases and other impairments. Performance parameters, such as movement velocity can be used to 
better differentiate between young and older subjects. However, normal processes of ageing can be 
further complicated by disease. For these reasons, high-sensitivity data collection and analysis are 
crucial for the detection of and distinction between abnormal patterns. This provides insight into a new 
method that aims to quantify and compare changes in motor behavior with greater detail.  
 
The purpose of this study was to determine how movement differed between healthy controls and 
injured patients and if that difference can be quantified using wavelet analysis. The aim is to define the 
difference between clinically relevant groups and the potential application of a new analysis method. 
Motion tracking is used to measure shoulder movement during several range of motion tasks. In future 
work, the method can easily be validated using Body sensor networks in place of optical tracking.  
 
The patient group consists of subjects with rotator cuff injury, as rotator cuff tears are among the most 
common conditions affecting the ageing shoulder (WilliamsJr et al., 2004). The rotator cuff consists of 
four muscle-tendon units that move the shoulder joint. They are particularly important for achieving 
maximum shoulder rotations and damage can subsequently minimize the volume of space through 
which the arm can travel. The large range of motion that is available for the shoulder complex requires 
a multitude of different joints to be coordinated in a stable manner. The trade-off between operational 
volume and stability puts an enormous strain on the rotator cuff. Current functional shoulder 
measurements used clinically often test an average level of system performance at a single comfortable 
speed. Increasing the speed during shoulder activities can disperse groups that initially seemed similar. 
How specific gestures change across speeds remains unclear.  
 
Aim: To measure spatial and temporal changes in shoulder motion between rotator cuff patients and 
healthy controls using wavelet analysis.  

4.4.2 METHODS 
 
STUDY DESIGN 

A patient group and a control group performed range of motion tasks at different speeds. Wavelet 
analysis method is used to differentiate the patient data from the control data.  
 
DATA COLLECTION 

Seven healthy controls and eight pre-operative patients participated in the study. Demographic data for 
each group can be found below in the Table 4-2. 
 

Table 4-2.  Mean (± standard deviation) values for the demographics of all subjects. No 
significant differences were present between groups as tested with an independent t-test. 

 
 Age (yrs) Height (m) Mass (kg) 

Controls 41±18 1.75±0.04 82±11 

Patients 53±10 1.74±0.03 81±10 

 
Participants were asked to perform five range-of-motion (ROM) tasks (Figure 4-7) at “normal” and 
“fast” speeds. The normal speed was performed at a self -selected pace and maximum speed was the 
                                                             
12 Howard, N., Pollock, R., Prinold, J., Sinha, J., Newham, D. & Bergmann, J. 2013d. Effect of 
Impairment on Upper Limb Performance in an Ageing Sample Population. In: STEPHANIDIS, C. & 
ANTONA, M. (eds.) Universal Access in Human-Computer Interaction. User and Context Diversity. 
Springer Berlin Heidelberg. 
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maximum pace each subject was capable of performing. Prior to taking measurements, the patients 
were allowed to practice the movements to ensure they understood the patterns that needed to be 
performed. The ROM tasks consisted of elevation in the sagittal (forward flexion), scapular and frontal 
(abduction) plane (Figure 4-7). Participants were also asked to perform axial rotation consisting of 
external and internal rotation of the arm during 90 degrees of abduction. From the initial starting point 
with the arm relaxed by the side, subjects were instructed to reach a maximal joint angle for each ROM 
task, then participants were asked to repeat each task three times.  
 

 
Figure 4-7. Movements performed by participants (A) Starting position for each 

movement (B) sagittal (forward flexion) plane rotation (C) scapular plane rotation (D) 
frontal (abduction) plane rotation (E) external rotation and (F) internal rotation. 

 
EQUIPMENT 

To accurately measure three-dimensional positions of the upper extremity, an active motion analysis 
system (Codamotion, Charnwoord Dynamics, Leistershire, UK) was used to perform motion tracking. 
Markers were placed on the thorax, humerus, and scapula. For the digitization of the shoulder, markers 
were placed on the origin of brachoradialis, biceps, belly, insertion of deltoid, acromion (marker placed 
on the acromioclavicular joint) and the short, medium and long stem of a scapula tracker (Figure 4-8). 
Markers were attached to the skin using double sided adhesive tapes. Local coordinate systems and 
segments were established using bony landmarks and marker positions as defined by the New Castle 
Shoulder Model (Murray and Johnson, 2004). A functional, rather than geometrical, method relying on 
linear regression was used to define the center of rotation for the glenohumeral joint (Gamage and 
Lasenby, 2002). This method required subjects to perform a series of small rotations at low levels of 
elevation in order to minimize shoulder blade movement. The movement performed explored the 3D 
space and included internal and external rotations. The forearm was kept flexed at 90° throughout this 
functional assessment. Joint angles were defined using the International Society of Biomechanics 
standardization proposal of the international shoulder Group (Wu et al., 2005). Dynamic tracking of 
the shoulder blade can be difficult due to its movement under the skin; therefore measurements were 
obtained using a new procedure that associates scapula motion to a skin-fixed scapula tracker (Karduna 
et al., 2001a). The scapula tracker consists of a tracker with a hinge joint and the base that allows it to 
conform to the subject’s scapular spine and an adjustable ‘foot’ that is positioned over and attached to 
the posterior-medial aspect of the acromion process (Figure 4-8). This technique has been validated, 
but errors due to skin motions are still possible with   measurement errors of less than 5°  (Prinold et 
al., 2011). The selected joint angles were obtained between the humerus and scapula segments.  
 
 

 
Figure 4-8. Scapular tracking device used for measuring scapula (shoulder blade) 

movement. 
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DATA PROCESSING AND ANALYSIS 

All data analysis, subsequent to data collection, was done in Matlab (Mathworks, Inc., Natick, MA, 
USA).   
 
Statistical Analysis 
Range of motion and mean angular velocities were compared between groups (controls and patients) 
and between conditions (“normal” and “fast” speeds of movement). A one-way ANOVA with a 
Bonferroni multiple comparison correction was used for statistical analysis, as normality was assumed 
based on obtained histograms. Movement data within subjects was also analyzed using wavelet 
coherence. This technique can be used to assess how the signal differs between the “normal” and “fast” 
conditions within a group. Signals were aligned at the starting point of movement using a threshold 
value algorithm that identified the alignment point of the movement, as defined by the first crossing of 
the 10% value of the maximum ROM.  
 
Wavelet Analysis 
CWT was performed to divide the signal into wavelets and analyze the frequency content over time13. 
Data was analyzed using the wavelet toolbox in Matlab (MathWorks, Inc., Natick, MA, USA). A bi-
orthogonal Gaussian waveform was selected for the wavelet analysis, as it was expected to show the 
best match with the performed activities. Regions of interest were from 2 seconds onward (signal 
embedded from that point on). The first two seconds were a period of no activity to make sure there 
was similarity across all comparisons and to take into account edge effects due to finite length time 
series (Torrence and Compo, 1998).  
 
Two examples of simulated outcomes for wavelet coherence are given in Figure 4-9. These examples 
show the wavelet coherence of two generated sine waves, which mimic the “fast” and “normal” 
condition. In example (A.1) there is a factor 2 difference in movement frequency between the 
conditions, while the second example (A.2) shows a very small offset from the baseline frequency. It is 
clear from Figure 4-9 that there are more localized similarities in B.2 compared to B.1.  

 
 

 
Figure 4-9. Example of wavelet coherence based on two waves with different frequencies. 

A.1 The red signal shows a sine wave with a frequency f, while the blue trace has a 
frequency of 2f. Zero-mean Gaussian noise is added to both signals. A.2 The red signal 

shows a sine wave with a frequency f and the blue trace has a frequency of 1.001f. Zero-
mean Gaussian noise is added to both signals. B.1/B.2 The heat map shows the modulus, 

                                                             
13 See Chapter 3 section 3.2.3 for details on CWT analysis for this experiment 
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wherein dark red represents 1 and dark blue 0. Small arrows are used to represent the 
relative phase between the two signals.  

 
A visual representation of localized similarities between the “fast” and “slow” conditions within a 
group can be obtained by superimposing all wavelet coherence graphs. This procedure will be 
performed for the frontal plane, as this plane is essential in both 2D and 3D gesture recognition. All 
data was normalized for each subject to both maximum amplitude and duration. This normalization 
allowed for the comparison of the relative similarities in patterns for the “normal” and “fast” 
conditions. 

4.4.3 RESULTS 
ANOVA F values and degrees of freedom for ROM and Angular Velocity are given in table 4-3. Three 
subjects were not taken into account for the Internal/External task, due to missing data (obstruction of 
markers). There are no interactions, as it is one dependent variable with 4 levels (groups), so only main 
effect outcomes are given 

 
Table 4-3 ANOVA F values and degrees of freedom for ROM and Angular Velocity.  
Task Range of Motion Angular Velocity 
(B) Sagittal elevation F(3,26)=10.14, p<0.05 F(3,26)=40.00, p<0.05 
(D) Frontal elevation F(3,26)=5.60, p<0.05  F(3,26)=32.24, p<0.05 
(C) Scapular elevation F(3,26)=7.91, p<0.05  F(3,26)=31.66, p<0.05 
(E, F) External/Internal Rotation  F(3,23)=0.63, p>0.05 (ns)  F(3,23)=6.32, p<0.05 

 
Range of Motion 
The glenohumeral shoulder joint range of motion (ROM) showed significant differences between 
control subjects and patients across all elevations at “normal” speed (Figure 4-10). The greatest 
difference between groups was found for the sagittal elevation, with a mean difference of 40° (p<0.01). 
By increasing the speed of movement, this difference was brought back to 33° (p<0.05). Frontal 
elevation range of motion showed a decrease between groups when motion was voluntarily speeded up 
(37° [p<0.05] for “normal” vs. 33° for “fast). However, the increasing rate of motion only further 
increased differences in the scapular plane. Scapular elevation difference changed from 30° (p<0.05) 
during the “normal” speed to 35° (p<0.01) for the fast condition. No significant difference was found 
in axial rotation between groups. No significant within group differences were found across all tasks.  
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Figure 4-10. Maximum range of glenohumeral motion (A) and mean angular velocity (B) 

at the shoulder joint. Control group data is shown as blue circles and patient data is 
represented by red squares. Filled circles or squares give data at “normal” speeds, while 

open circles and squares relate to the “fast” speeds. Cont=controls, pre=pre-operative 
patients, normal=normal movement speed, fast=fast movement speed. Asterisks indicate 
significant differences between groups or conditions. * = p<0.05, ** = p<0.01 and *** = 

p<0.001. 
 
Angular Velocity  
Higher angular velocities (p<0.05) were found for controls compared to patients across all elevations. 
This difference between groups became greater when participants were asked to increase the 
movement speed. The most significant difference between groups was found for scapular elevation 
during the “fast” movements, with a difference of 24°/s. No significant difference between groups was 
found for the internal/external rotation activity.  
 
Angular velocity data showed that both subject groups speed up their movements during the “fast” 
condition when compared to the “normal” condition. However, the controls significantly increased 
velocity across all tasks when asked to go “fast,” while significant differences in angular velocity in 
patients were present for the sagittal and scapular elevation, but not for the frontal elevation and axial 
rotation.  
 
Wavelet Coherence   
Determining the wavelet coherence and superimposing the phase of the smoothed wavelet cross 
spectrum shows that data from the two conditions often exhibited coherence near 1 for the majority of 
the signal in the frontal plane, as well as showing an approximately constant relative phase at the scales 
of interest (Figure  4-11). There is a relative phase shift across the scales when the modulus becomes 
zero. These shifts are mainly seen at the lower normalized scales (higher frequencies). The lower 
normalized frequencies of (<3Hz) start at scale 93 and is represented by the top 82% of the wavelet 
coherence plot. Several variations in the relative phase shift within the lower frequencies can be 
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observed between participants of both groups. However, the wavelet coherence patterns from the 
control group provide a more ordered arrangement than that of the patient group. 
 

 
Figure 4-11. Wavelet coherence of all subjects during elevation in the frontal plane. Top 
two plots show all the traces for the “fast” (blue) and “normal” (red) condition for both 
groups. Time was normalized to the start of the “normal” movement till the end of the 

motion pattern. Signals were normalized to maximum amplitude measured within a 
subject. Bottom two plots show the overlap of modulus and relative phase changes. The 

non-linear patterns indicate the occurrence of large relative phase shifts. 

4.4.4 DISCUSSION 
The aim of this study was to explore the ability of wavelet analysis to differentiate between rotator cuff 
patients and age matched controls using shoulder motion data for different speeds of movement. The 
wavelet analysis showed significant differences between healthy and patient groups.  
  
The results show that the ROM is not affected by the velocity at which a particular task is performed. 
Instead, the ROM is affected by musculoskeletal damage. A decrease of up to 40 degrees was found in 
the elevation tasks when control subjects were compared to patients. The findings of this study 
between patients and controls are similar to results found in the literature (Bergmann et al., 2008). The 
peak rotations related to the available volume in which gestures can be performed. The diminished 
ability to lift or rotate the arm will significantly compress the gesture workspace. Peak rotations were 
related to the allowable volume in which movements can be performed.  
 
In addition to a change in movement range, differences in angular velocity were also found. As 
anticipated, the angular velocities were greater in the “fast” speed versus the “normal” speed. Control 
subjects showed a greater rotation velocity during “normal” speed, and also showed a greater increase 
when switching to the “fast” speed compared to patients. The difference in angular velocities also 
increased between the two groups when subjects were instructed to move faster. On average, the 
control subjects were able to perform the elevation tasks at a greater speed than those individuals in the 
patient group. Although no notable difference was found for the internal/external rotation activity, 
there was a trend towards a greater group differentiation at the faster condition. The wavelet coherence 
analysis showed that patients have a greater variance in localized features compared to controls. The 
power of the wavelet coherence analysis is the ability to detect short episodes of coherence within 
single measurements, which would not be possible using classic Fourier-based coherence (Lachaux et 
al., 2002). Some patients compensate well for the musculoskeletal damage, while the compensation 
abilities of others are diminished; this indicates that there are subgroups within the patient population. 
 
The normalization technique produces relative patterns that can be compared between subjects, 
indicating that the divergence between these patterns relate to relative differences in amplitudes and 
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times. On average, the patient group showed a greater coupling of the “fast” and “slow” speeds, in 
addition to a higher overall variance, this indicates more inconsistency for the estimators of 
movements. Therefore, differentiation between movements is harder to accomplish for the patient 
group independent of the ROM reached or the angular velocity at which the movement is performed. 
This finding indicates a more fundamental generational gesture difference between healthy and 
impaired individuals that exceeds the level of range of speed. Gesture recognition requires a consistent 
difference between two or more movements, but increasing the range of motion and angular velocity of 
the patients does not automatically bring the patient group closer to the controls.  
 
The analysis methods discussed in this experiment can be transferred to a flexible data acquisition 
system, such as BSN. In future work, the method will be validated using BSN in place of optical 
tracking. We are confident that the BSN will perform with a sensitivity level close to the level of the 
optical tracking system given the results in Experiments 1 and 2, which demonstrated the ability of the 
BSN to measure complex movements. BSN may even provide a more accurate measure of shoulder 
movement because it does not present the issue of marker obstruction like optical tracking. Optical 
tracking uses markers attached to the skin, which can produce surface movement errors, therefore a 
BSN may be able to measure joint movement with less error (Zhou and Hu, 2008). 
 
The experiment presented here was conducted within a laboratory setting. It is known that differences 
in ecological validity exist between lab-based results and those obtained during real-world interaction. 
Laboratory testing can be somewhat artificial and divorced from real-world interaction (Zajicek, 2006). 
Future work will also focus on testing the analysis method during ADL. 
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4.5 CONCLUSION  
The development of the BSN tool focuses on measuring aspects of arm movement, which represents 
only a small part of overall human behavior. Recently, patients with and without the behavioral variant 
of frontotemporal dementia have been identified as similar in a caregiver-based assessment of 
activities of daily living, whereas a clear distinction was identified on a performance based 
measurement (Mioshi et al., 2009). This example highlights the need to quantify (motor) behavior 
beyond the level that is currently available. Small changes in our environment are not often taken into 
account, while they do often influence our behavior. For instance, it is known that changing colors and 
shapes directly alter behavior (Bellizzi et al., 1983; Flanagan and Beltzner, 2000). We propose here 
that wearable sensor systems can be utilized to measure small changes in real-life environments. This 
approach combined with well-developed research protocols could help us better quantify our everyday 
behavior. A system to measure movement during everyday living could help to improve PD detection 
and symptom tracking. Quantified measures of PD motor symptoms, such as bradykinesia or tremor, 
collected during ADL would offer a more objective assessment than current measures, such as 
UPDRS, which are largely subjective and observational.  
 
Experiment 1 demonstrated that the BSN system measures movement with similar accuracy to gold 
standard optical tracking. Average correlation between the two systems was .81, with root mean 
squares ranging from 0.02 to 0.15 meters. In Experiment 2 IMU sensors and wavelet analysis were 
used to test if behavioral changes were detectable from small changes in the environment during an 
everyday task using different objects. Results showed that the behavioral adjustments to a variable 
environment could be identified with wavelet cross-spectrum techniques. There were clear differences 
in movement patterns for each container (Bergmann et al., 2013c). The mean phase difference for all 3 
objects within subjects ranged from .73 to .84. Experiment 3 demonstrated that wavelet analysis could 
differentiate between healthy and impaired movement. Healthy subjects and rotator cuff patients 
showed mean differences ranging from 30° (p<0.05) for scapular elevation to 40° (p<0.01) for sagittal 
elevation. The experiment used optical markers to collect ROM data to validate wavelet analysis, but 
the method will easily be transferrable to a BSN system. 
 
In general, the minimum clinical difference ranges from 11°-16° for a single evaluator and 14°-24° for 
two evaluators (Muir et al., 2010). Our system falls well within this range in terms of rotational error 
(Bergmann et al., 2009a). The method introduced in this study can take on other variables as well. The 
Euclidean norm was used for data analysis, as it represents a simple magnitude value, but caution 
needs to be taken when only applying the norm as the parameter, as there may be dimensional 
reduction and consequent loss of information.  
 
The small subject sample of each study minimizes generalizability of the presented results. Small 
sample sizes have been used to pilot applications for body-worn sensors (Loseu et al., 2012), but it 
comes with a limitation that further research needs to be done in order to establish the external validity 
of the proposed system and analysis method. Even though, the coherence approach should provide 
relevant outcomes with only a few trials (Bigot et al., 2011), it is recommended not to extrapolate these 
results beyond the explorative nature of this study. A larger study is required to determine if the system 
can be used to determine how consistency in everyday living behavior depends on personal factors. 
Small alterations (e.g. different container) in the surroundings in which a person operates could 
directly affect motor behavior and consistency. Comparing the obtained outcomes to a large reference 
database would provide a method to track changes of the patterns over time. The methodology can 
potentially be developed into a long-term tracking system that identifies how people interact in 
everyday life, thus providing a continued data stream for investigating the behavior of an individual 
during ever changing natural environment. With additional validation of the device and testing on PD 
patients at various stages, and patient groups of different NDD14, this approach can be further 
developed for early detection and monitoring disease progression. Future work will focus on an even 
less intrusive version of this device, as it has been shown that utility might be affected by the 
measurement tool itself if it is not fully unobtrusive (Bergmann and McGregor, 2011a).  
 
 
  

                                                             
14 See Appendix C: 2014 Pilot Study - An exploratory study of the utility of a Body Sensor Network in 
the clinical detection of Parkinson’s disease 
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5 CHAPTER FIVE: BSN ENGINEERING AND DESIGN  

5.1 INTRODUCTION  
The 3 experiments presented in this chapter explore engineering and design concepts of the body 
sensor device towards the goal of developing an unobtrusive measurement system for ADL. In 
experiments 4,5, and 6 sensor design is tested for durability, unobtrusiveness and functional integration 
with everyday objects. 
 
Experiments 1, 2 and 3 demonstrated that BSNs are capable of measuring upper limb movement 
during everyday tasks and that wavelet analysis can differentiate between patients and healthy controls. 
The system requires additional validation and refinement in order to be suitable for proposed clinical 
use of detecting or monitoring PD. To effectively measure movement during ADL the sensors need to 
be fully unobtrusive and ideally fully integrated into daily life using familiar objects.   
 
Experiment 4 evaluates BSN in an extreme setting to assess hardware criteria needed for everyday life 
conditions. In experiment 5, we perform a first level feasibility test for future smartphone integration. 
In experiment 6, we test a clothing integrated sensor system to measure knee joint stability. 

5.2 EXPERIMENT 4: TESTING A SENSOR NETWORK TO MEASURE ACCELERATION 
DURING WATER-SKI JUMPING15 

5.2.1 BACKGROUND 
The previous experiments demonstrated that the BSN systems could be used for measuring everyday 
interaction. This experiment aims to test the robustness of a BSN system in a real world-harsh 
environment. In order for a wearable system to collect data during everyday living, it must be able to 
accommodate a wide range of activities and environments including vehicles, planes, trains and other 
conditions of acceleration (Bergmann et al., 2012a; IHWM et al., 2008).  The purpose of this study is 
to test a BSN in an extreme environment. Water-skiing is a high-impact sport; upon landing, there are 
vertical forces imposed upon the body caused by the large amount of deceleration at the moment the 
skier hits the water. Forces in water-ski jumping are estimated at 5-9 G (Roberts and Roberts, 1996). 
Therefore, we found water-skiing to be an ideal environment to test the robustness of the wearable 
body sensor system. 
 
Aim: To test ability of the Body Sensor Network to measure acceleration in a harsh environment. 

5.2.2 METHODS 
 
STUDY DESIGN  

A Body Sensor Network experiment using wearable body sensors compared to optical tracking to 
measure acceleration of 4 human subjects during water ski jumping. 
 
DATA COLLECTION 

Seven juvenile water-ski jumpers participated in the study. Subject group had a mean age: 14±2 years 
standard deviation (see table 5-1). Each of the 4 subjects performed 2 jumps for a total of 8 jumps. 
Each participant was instructed to perform a correct landing, using natural landing style.  
 
 
 

                                                             
15  Bergmann, J. & Howard, N. 2013. Design considerations for a wearable sensor network that 
measures accelerations during water-ski jumping. IEEE Body Sensor Network Conference. Cambridge, 
MA. 
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Table 5-1 Demographics of the water-skiers. 
 

 
 

a Weight measured in full water-logged gear 
EQUIPMENT 

Accelerometer 
A ±5 g triaxial accelerometer (3D-TBA, Vernier Labpro, Oregon, US) was securely placed either on 
the lumbar spine or the lower leg. The accelerometer has an accuracy of   ± 0.05 g and was powered by 
30 mA direct current at 5V. Data was stored at 25 Hz using a datalogger (LabPro, Vernier Labpro, 
Oregon, US) comprised of a microprocessor, ROM, and flash RAM. The system was attached with 
water resistant Velcro straps (Figure 5-1). A ruggedized waterproof sealing bag was used to safeguard 
the system under the jump conditions. Placement was checked before and after jumping to verify that 
the orientation and placement was maintained.  
 

 
Figure 5-1. Water-ski jump performed by participant. Inset picture shows the placement 

of the waterproofed accelerometer and datalogger. 
 
High Frequency Camera  
A high frequency camera setup was used to estimate the deceleration of the ski (at the binding site), 
knee joint and estimated Centre of Mass (CoM). Video data was collected with a high-frequency 
camera (Kodak Motion Corder Analyzer, SR series with Digital images storages in Dynamic Random 
Access Memory (DRAM), resolution: 256 x 240 pixels, frequency 1000 Hz) and a low-frequency 
video-camera (Sony DCR-HC17E PAL, resolution: 500 x 800, frequency 25 Hz) placed on tripods 
with spirit levels. Camera systems were placed perpendicular to the landing location. The low-
frequency camera was used as a virtual lab book for the study to identify skiers and applied setup for 
each individual. Markers were attached on the skiers’ knee joint on the right above the iliac crista, 
representing (COM). A calibration frame at the site of interest was used to calibrate the video data 
during data analysis for the high frequency camera. The markers were reflective, round and had a 
diameter of 0.06 m. No marker was attached to the ski binding, because it would not be visible during 
the landing due to the water spray that occurs. A line-line intersection procedure was used based on 
extrapolating the visible parts of the ski and lower leg. Participants’ weight was measured using a 
mechanically working weight scale with a 1 kilogram weight graduation.  
 
Pinnacle Studio (Version 8.8.15.0) was used to digitalize the video data. The position data of the 
water-skier were determined, using WINanalyze (Version 1.4 3D). The maximum position error, as 
defined as the greatest linear distance between pixels within an area that could be labeled as marker, 
was on average 0.024 m for the high frequency camera. A low-pass fourth-order Butterworth filter at a 
cutoff frequency of 50 Hz was used for kinematic data before further processing (Ford et al., 2007). 
 
Vertical velocity of the different body segments of the skier was calculated from the position f for 
frames  i=1: n 



 
 

100 

 

 
 
n denotes the maximum number of frames within a movie and dt is the timestamp. The same numerical 
differential equation was used to determine vertical acceleration, but now with vertical velocity as 
input. Subsequently, the peak velocity and acceleration at impact were determined for each body 
location. 
 
DATA PROCESSING AND ANALYSIS  

An example of the video analysis is given in Figure 5-2. 

 
Figure 5-2. The top row consists of the frames from the high frequency camera showing 

the landing of a skier entering from the right side of the frame. The subsequent plots 
show the position f of the ski binding and the two derivatives with m representing meters 
and s denoting seconds. The red line shows the data low-pass filtered at 50Hz, while blue 
lines show “non-filtered” data. Peak acceleration occurs during the initial landing period 

highlighted by the filled blue box. 
 
 
Limitations of the High Frequency Camera 
A measurement error (ME) arises during digitizing of each frame of the film and it will increase with 
greater sample frequencies. As film speed increases, the distance moved per frame decreases, so the 
digitizing error becomes a greater proportion of the measured distance (Harper and Blake, 1989). The 
measurement error for the acceleration-time data can be derived by using the equation given by Harper 
& Blake (1989) 
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In which εf denotes the measurement error of the double derivative of f, εf denotes the digitization 
error of position f and DT represents the timestamp. The position data was lowpass filtered at 50 Hz. 
We therefore inputted the following value for equation (2), 
 

   
 

Entering the previously determined measurement error for f yields a εf of 60 m/s2. However, it should 
be mentioned that the high frequency camera is normally used in a controlled setting and that using 
this method in a practical outdoor setting is unique and prone to greater measurement errors. It might 
be that the found error is several factors greater, due to issues concerning alignment of the camera and 
jumper, as well as the obstruction of the marker on the ski binding. A model for determining the 
impact of an object on a liquid was, therefore, applied in order to further establish the specifications of 
body sensor network that can be used to measure juvenile ski jumpers. 
 
Modelling Impact of an Object on Liquid 
A model is presented for the impact of a water-skier as an additional estimator of the expected 
decelerations during landing. We define a model for the impact of a water-skier on the water surface 
after the launch from a ramp (Figure 5-3). 
 

 
Figure 5-3 Impact of water-skier on water. Mad denotes the total mass of the 
Skier, ma is mass of water that is being displaced, h is defined as the depth of 

The ski at the moment of cavity closure and A is the area of both skies. 
 
 
We assume the ski to approximate a horizontal orientation during the landing. This specific orientation 
of the skies has been observed during the jump of the juvenile water-skiers (Figure 5-1). It has been 
suggested that snow skiers with severe injuries often hit the ground with high perpendicular velocity 
components showing the importance of velocity changes across the vertical motion axis (Hubbard, 
2009). The proposed model therefore focuses on the deceleration component that is orthogonal to the 
water surface. The deceleration can be found by applying the equation characterized by (Glasheen and 
McMahon, 1996) 
 

 
In which ma denotes the mass of half a cylinder of water, md represent the full weight of the water-
skier, h gives the deceleration upon landing, g denotes gravity (9.81 m/s2), ρ is the mass density of 
water, A is the area of both skies, C is a coefficient that takes drag and the hydrostatic pressure into 
account and has the value 0.7 (Glasheen and McMahon, 1996) ,  h is the velocity at impact and h  
denotes displacement. Displacement was taken from the time-point the ski-binding hits the water until 



 
 

102 

the most submerged position is reached. The velocity at impact was calculated by taking the maximum 
velocity given by equation (1), while displacement is estimated from the difference in position at peak 
velocity and zero velocity. The virtual water mass ma, which was originally defined as a sphere for a 
disk that enters the water, is now assumed to be half a cylinder and is computed by 
 

 
 
In which the width of two skis is given by w and r denotes half the length of one ski. This adaptation 
reflects the difference in dimensions between the ski and a disk. 
 
Computed impact of water-skier during landing 
The average acceleration computed by the model is 260 ± 126 m/s2. The maximum value found by 
applying equation (5) is 539 m/s2. The impact model normally relies on data inputted under controlled 
lab conditions. As mentioned before, the data entered from the high frequency camera is likely to be 
affected by conducting the optical tracking directly in the field. However, the jumpers were also 
measured with a calibrated low-frequency video-camera (Sony DCR-HC17E PAL). The low-
frequency video data can be utilized as an additional confirmation of inputted parameters. A similar 
digitization process was performed as previously described for the high frequency camera. An 
approximate average jump height of 2.45 m was established, providing the means to compute a rough 
indication of the impact velocity. Applying the kinematic free fall equations gave a value 7 m/s, which 
is in line with the velocity values that were inputted into the model. Nonetheless, the model still 
showed on average a factor 4 difference with the findings from the high frequency camera. This is not 
very surprising as results from this model has been identified as consistently lower compared to 
experiments (Glasheen and McMahon, 1996). Despite the fact that both procedures suffer from 
measurement errors and rely on approximations, both methods did show that greater impacts arise 
compared to those suggested in the only available reference study (Roberts and Roberts, 1996). 

5.2.3 RESULTS 
 The decelerations encountered could not be measured by the accelerometer. The peak deceleration 
was out of range for all subjects, despite the low sample frequency used. Therefore, the high frequency 
camera data was used to estimate the deceleration at the ski-binding site, knee joint and estimated 
COM.  
 
Results from high frequency camera  
Peak velocities and accelerations are given in Table 5-2. The average peak velocity during landing 
remains relatively stable across the different body locations. No significant changes were seen when 
data was analyzed using a repeated measures analysis of variance (rmANOVA).  
 

Table 5-2. Peak Velocities and Accelerations  

 
 
The peak accelerations during landing showed significant differences (p<0.01) between the body 
locations when a rmANOVA was applied. To further investigate main effects, post-hoc analyses were 
done using two tailed paired t-tests and a modified Bonferroni correction (Rom, 1990). A significant 
difference (p<0.01) was found between acceleration computed at the ski and the CoM. The initial 
landing phase, defined as the time from water impact up to the velocity becoming positive again, lasted 
35 ± 17 milliseconds. 
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5.2.4 DISCUSSION 
Very high accelerations were found for water-ski jumping that exceed previously reported values.  A 
±5 g traxial accelerometer was not able to measure peak deceleration, so a high-speed camera and a 
model were used to calculate the required sensor specifications for measuring deceleration. It was 
established that a 100g traxial accelerometer would be able to measure the deceleration of water-ski 
jumping.  
 
Depending on the analysis method used, average accelerations of 26-104 g were observed during 
landing. Accelerations at the CoM were less, but still considerably higher than previously reported. 
Our analysis suggests that a 100g accelerometer BSN would be capable of measuring acceleration 
during water-ski jumping. For a BSN system to be used during water-ski jumping, we propose a 
wireless sensor node that consists of two 100 g triaxial accelerometers (Triaxial Accelerometer Cube, 
MicroStrain Inc. Williston, VT). The speed of data acquisition would be set to 1,000 Hz, as the initial 
landing phase can be completed within milliseconds. The micro-controller would be programmed to 
only store maximum accelerations for every 1000 ms time window to minimize battery life. One 
sensor would be placed on the ski binding to measure impact at the water level and one would be 
placed on the lower back at the S2 level of the Sacrum.  
 
This study was valuable for engineering and design considerations for BSN hardware development. 
This study determined the design criteria for a minimally obtrusive BSN system to measure 
acceleration during water-ski jumping. The study demonstrates the capability of BSNs to measure in a 
harsh-environment and therefore suggests adequacy to measure activities of everyday living, which do 
not present conditions as extreme as water-ski jumping, but nonetheless require measures of a similar 
demand such as traveling on a plane, train etc. (IHWM et al., 2008). A BSN system for clinical use 
measuring movement in daily life, will not need to be able to measure acceleration as high as water-ski 
jumping, but it does need to be accounted for. Less obtrusive wearable sensors are necessary to easily 
integrate these systems into daily life. The experiment also shows the need for a priori knowledge of 
the working environment in order to ensure the sensor specifications are correct.   
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5.3 EXPERIMENT 5: COMPARISON OF MEDIAN FREQUENCY BETWEEN 
TRADITIONAL AND FUNCTIONAL SENSOR PLACEMENTS DURING ACTIVITY 
MONITORING 16 

5.3.1 BACKGROUND 
The quality and quantity of data collection would significantly benefit from an unobtrusive system 
integrated into objects already used on an everyday basis (Bergmann et al., 2012a; Bergmann et al., 
2012b; Bergmann and McGregor, 2011b). Compliance issues arise when people integrate sensors into 
their daily lives (Bergmann et al., 2012a; Bergmann and McGregor, 2011b). Most sensor systems 
interfere with everyday life and prevent normal activities from being carried out (Bergmann et al., 
2012a; Bergmann and McGregor, 2011b). Mobile devices provide an opportunity for clinicians and 
researchers to measure behavior outside the laboratory and enhance ecological validity (Bergmann et 
al., 2010). This is particularly relevant for observing changes in ADL, which are an essential part of 
clinical frameworks. Many studies still place wireless accelerometers approximately at the level of the 
center of mass, located on the lower back at the S2 level of the Sacrum, as well as at the chest or thigh 
(Cheung et al., 2011; Winter, 2009; Zijlstra and Hof, 2003). However, these placements do not 
coincide with where one’s mobile phone is usually kept. Information about how a more functional 
sensor placement relates to conventional placement is needed. With this in mind, we begin to explore 
mobile phone integration by testing a sensor’s functional placement in a pocket.  
 
Accelerometers can be used to provide information about activities of daily living. The median 
frequency (fm) of acceleration has recently been suggested as a powerful parameter for activity 
recognition (Bergmann et al., 2013b; Cheung et al., 2011). More functional placement may provide 
higher levels of conformity, but may also affect the quality and generalizability of the signals. How fm 
changes as a result of more functional sensor placement is unknown. This study investigates the 
agreement in fm between conventional placement of a sensor on the back and functional placement in 
the pocket across a range of daily activities. In this study the translational and gravitational 
accelerations are also examined to determine if the accelerometer should be fused with additional 
sensors to improve agreement. 
 
The hypothesis is that the direction of change in the median frequency of the accelerometer is 
independent of sensor placement. Subsequently, the question arises if the accelerometer should be the 
only sensor integrated into the system. There is an option to fuse together additional sensor modalities, 
such as gyroscopes and magnetometers (Roetenberg et al., 2003). An accelerometer will record 
translational and rotational inertial accelerations, as well as gravitational acceleration, as long as parts 
of these acceleration vectors are in line with the accelerometer’s axis of sensitivity (Elble, 2005). The 
accelerometer will only provide the sum of these components making it hard to determine if the 
translational components should be obtained separate from the rotational components. A further 
partition between rotational and translation components can be performed by fusing several sensors 
together (Roetenberg et al., 2003). 
 
Aim: To compare the median frequency between traditional sensor placement and more functional 
placement in the pocket across various kinds of movement. 

5.3.2 METHODS 
 

STUDY DESIGN 

 A Body Sensor Network experiment using human subjects to investigate the median frequency of two 
sensor placements, traditional and functional.  
 
DATA COLLECTION 

                                                             
16 Bergmann, J., Graham, S., Howard, N. & Mcgregor, A. 2013b. Comparison of median frequency 
between traditional and functional sensor placements during activity monitoring. Measurement, 46, 
2193-2200. 
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Twelve healthy adult subjects participated in this study.  The participants consisted of seven men and 
five women, with the mean age of 24 years, a mean height of 172cm and a mean weight of 70kg.  
 
Subjects were asked to stand still for 30s, walk for 4m and climb 3 steps. The stairs had a rise of 17m 
and a length of 20cm from step to step, with a width of 60cm.  After standing for 30 seconds, subjects 
were asked to walk, ascend and descend the stairs at a self-selected speed. Only the standing activity 
was timed;  walking and climbing tasks were measured for the duration of time it took to complete the 
activity. Each activity was measured 3 times per subject to obtain a robust linear calibration equation.  
 
EQUIPMENT 

A wired triaxial accelerometer (Vernier Labpro, Oregon, US) was placed either on the back or on the 
pocket during the standing, walking, and climbing activities. The type of accelerometer used in this 
study is a piezoelectric accelerometer with a similar frequency response and resolution to the 
LIS302DL MEMS iPhone accelerometer (Chan et al., 2011). Each sensitive axis of the accelerometer 
was calibrated prior to data collection using the rotational calibration method described by Krohn et al. 
(2005). Instead of orienting each axis to the earth’s center of gravity, several different orientations 
were explored and all measurements were repeated four times to obtain a more robust linear calibration 
equation.  
 
In addition to the wired sensor, a passive optical tracking system (Vikon, Oxford, UK) was used to 
explore possible changes in median frequency for each acceleration component separately. A custom 
made coordinate frame consisting of four optical tracking markers was physically aligned with the 
accelerometer (Figure 5-4). The marker cluster and sensor were placed directly on the back and the 
outside of the pocket; they could not be placed inside the pocket, because the markers needed to be 
visible to the cameras. To mimic a smartphone device, a stiff polymer case was placed inside the 
pocket. Displacement between the polymer case on the inside of the pocket and the sensor on the 
outside of the pocket was checked before and after each trial.  
 
 

 
Figure 5-4 Marker cluster placed on the wired accelerometer. The markers were used for 

the construction of a local coordinate frame 
 

Initially, each axis was represented by a 3D unit vector derived from a pair of markers. Data was 
collected at 100hz for both the wired system and the optical system. The 2 devices were synchronized 
through a block pulse generated by the MX module (Vicon). The local coordinate frames were 
developed in Matlab (Mathworks, Inc., Natick, MA, USA). The axes were redefined to align the 
coordinate system of the back sensor with the pocket sensor (Figure 5-5). The signs of the acceleration 
signal from the z and y-axis on the accelerometer were inverted in order to align al local coordinate 
frames.  
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Figure 5-5. Experimental setup used including local (sensor based) and global coordinate 

frames. 
 
Although, the marker frame was constructed with the subjects’ arms perpendicular, small alignment 
errors can be expected. To increase the accuracy of the representation of the local coordinate frame 
further computations were performed. Firstly, the dot product of each plane, that consisting of two 
vectors was calculated. The plane that yielded a dot product closest to zero was selected and the vector 
that was not part this plane was virtually reestablished by calculating the cross product of the two 
remaining axes. The plane with the second lowest dot product outcome, which would include the 
previous computed axis, was identified and another new vector was calculated based on the two 
vectors that defined that plane. Finally, the two newly calculated vectors were used to determine the 
last vector by means of cross product computation. This method provided us with a coordinate frame 
that was truly perpendicular. 
 
DATA PROCESSING AND ANALYSIS 

Gravitational acceleration, translational inertial acceleration, and the total acceleration were calculated. 
The gravitational and translational accelerations were added for each sensitive axis to get a total 
acceleration measurement that could be compared to the values obtained by the accelerometer. The 
root mean square error (RMSE) between systems was calculated for each trial (Bergmann et al., 2010). 
 
Gravitational Acceleration 
A vector was generated that represented the gravity vector. It started at the origin of the local 
coordinate frame, while running parallel to the vertical axis of the global reference frame. 
Subsequently, the amount of gravity measured by each sensitive axis was defined by the in plane angle 
between the gravity vector and each of the sensitive axes separately. A simple verification was 
performed by checking that the summed accelerations of the axis produced a constant outcome of 9.81 
m/s2. 
 
Translational Inertial Acceleration 
Translational accelerations were computed by a double differentiation of the origin of the local 
coordinate frame, within the global coordinate frame. Marker position data was low-pass filtered with 
a 4th order Butterworth (Thies et al., 2007) using a cut-off frequency of 10 Hz, before calculating the 
derivative. The same filtering was applied for the obtained velocity data before differentiation was 
performed. The mount of translational acceleration that ended up at each sensitive axis was established 
in utilizing the same method described for the gravitational acceleration. The rotational acceleration 
was not modeled because preliminary data showed it to be very low for the range of tasks that were 
explored in this study. 
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Total Acceleration 
The gravitational and translational acceleration were added for each sensitive axis to obtain a total 
acceleration measure that could be compared to the values obtained by the accelerometer. A root mean 
square error (RMSE) between systems was calculated (Bergmann et al., 2010) for each trial. 
 

 
 

Figure 5-6. Example data illustrating the acceleration trajectories obtained from the two 
measurement systems. Data were collected at the pocket during a walking trial. The total 
accelerations obtained from the sensor (Accel Tot Sensor) and optical tracking systems 
(Accel Tot Optical), as well as computed translational accelerations (Accel Trans) are 

shown for each axis (x, y and z). 
 
 
Median Frequency 
The median frequency (fm) was calculated using a moving window method. The windows 
encompassed 3s and at each iteration were shifted by one data point, over the full length of the signal. 
A duration of 3s was selected to allow this technique to be applied in future free-living studies. It also 
covered a time period appropriate for patients or age group whose pace might be lower than those of a 
healthy or younger aged group. All signals were offset against the mean of the first 50 data points, i.e. 
the time when the subjects were standing still. Apart from a short time interval (~1 s) at the beginning 
and the end of the signal, the majority of the signal related to the task that was performed. 
 
Features in the frequency domain were examined using the power spectral density derived from the 
periodogram function in Matlab (Chung et al., 2008). The periodogram was chosen because it is a 
computationally economical way of estimating the power spectrum. A one-sided (in frequency) power 
spectral density was calculated in units of power per radians per sample. The fm was computed by first 
dividing the summed power of the windowed signal by two and then determining the frequency at 
which the cumulative power exceeded the previous determined threshold value. The median value over 
all windows was obtained per trial to ensure frequencies relating to the waiting element at the start and 
the end of each measurement did not affect the final result. The average value over all three trials was 
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calculated, and the concluding value obtained was used for further analysis.  
 
Statistical Analysis 
Agreement of fm between the sensor locations was evaluated using Intraclass Correlation Coefficients 
(ICC) (Portney and Watkins, 2000)  and Bland and Altman analyses (Bland and Altman, 1986). The 
ICCs were computed for the gravitational, translational and total acceleration. Bland and Altman plots 
were constructed to examine the difference between the two placements against the average value. The 
95% limits of agreement were calculated and plotted using GraphPad Prism 5.0 (GraphPad Software, 
San Diego, California, USA). Indications of agreement, such as poor or moderate, were taken from 
(Portney and Watkins, 2000). 

5.3.3 RESULTS 
Accelerations between the two placements showed good correspondence (Figure 5-6), as was expected 
based on other studies using similar techniques to determine accelerations from optical tracking data 
(Thies et al., 2007). An example of a walking trial and associated power/frequency using a moving 
window is given in Figure 5-7.  It shows the identification of the walking activity in the time-frequency 
plot devised using the previously described analysis method. The frequencies are rounded to the 
nearest discrete Fourier transform bin that matched the resolution of the signal. In Figure 5-7, the 
median frequency was 6.45 Hz over the whole duration.  
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Figure 5-7. Graph represents acceleration recorded from a sensor placed on the back. 

Data are shown for the x-axis only during a single walking trial. Graph B is the related 
power/frequency plot using a 3-second moving window. 

 
Total acceleration had a moderate agreement between sensor placements for the x-axis (Figure 5-8). 
The y- and z-axis had a fair and poor agreement across the activities. A nearly perfect agreement was 
found for the translational acceleration in x direction, but became only fair after correction for outliers. 
The y and z directions only yielded a poor correlation for this component. The gravitational component 
yielded a poor relationship across all axes. 
 
The Bland and Altman plots (Figure 5-8) visualize the difference between the two systems. It gives an 
overview of how the difference related to the magnitude of the signal (propagation across magnitude) 
and outliers. The plots in Figure 5-8 show that for the total acceleration output, the variation of the 
sensor location is dependent on the magnitude of the measurement. Meaning, that the “greater” the 
signal, the “higher” the variation. This was found across all axes. An outlier, as defined by (Grubbs, 
1969) was identified for the z direction. Another outlier was observed for the y-axis of translational 
acceleration. No other systematic differences were observed across either the translational or 
gravitational accelerations. 
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Figure 5-8 Bland and Altman plots given for the total acceleration (Accel Tot), 

translational (Accel Trans) and gravitational (Accel Grav) acceleration per sensitive axis. 
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5.3.4 DISCUSSION 
The aim of this study was to compare the fm of the traditional placement on the back versus a more 
functional placement, in the pocket. After corrections for outliers, the ICC showed a moderate 
agreement for acceleration in the x-axis. Assessing these values on an ordinal scale showed that the 
median frequency between the two locations remained similar. This indicates that the direction that the 
median frequency shifts is independent of placement and strengthened the possibility of using more 
functional placements for activity monitoring or functional mobility tests. Partitioning the signal into 
separate components reduced the overall agreement, indicating that applying sensor fusion 
(Roetenberg et al., 2003) to assess specific orientations and translations minimizes the generalizability 
of the values across sensor locations. Applying multiple sensors will provide a richer dataset, but also 
allows for greater divergence between sensor locations. The overall recognition rate for activity 
monitoring is likely to increase by combining several sensors, but a fixed sensor placement might be 
needed to ensure this level accuracy. A single sensor system seems to provide a more robust method if 
locations are variable during activity monitoring. A single sensor device has the additional benefit that 
it will speed up data mining, decrease storage requirements and minimizes cost. 
 
The results of this study confirm those of other studies; Chung et al. (2008) found a fm of 3.107 Hz 
(±0.534) during walking, which is similar to the findings for some of our participants (e.g. one subject 
produced a fm of 3.22 Hz  (±1.03). Despite the similar findings between our study and Chung et al. 
(2008) it should be noted that fm differences between the optical tracking and accelerometer are 
probable. The optical tracking data has been filtered in order to obtain the acceleration signal, while the 
accelerometer signal has been kept original. This difference is likely to affect the fm outcome, 
especially in the case of the standing still task. Further deviations can be expected between the two 
systems, due to the motion artifacts of the optical tracking system that were not filtered out. Despite 
these limitations, the gathered data still classified well on an ordinal scale. Also, the type of 
accelerometer affects outcomes, as it has been suggested that frequency responses depend on sensor 
type (Meydan, 1997). 
 
The placement of the sensor on top of the pocket may have produced slightly altered outcomes 
compared to a sensor placed inside the pocket. However, displacement between the polymer case and 
the outside sensor was very low. This was particularly true for garments that were more fitted to the 
leg. Low displacement suggests that the sensor closely mimicked the movements of the case 
(representing a phone) inside the pocket. The pocket placement was chosen because it is a common 
location to place an everyday object. Studies show that the pocket location has a greater step count 
validity for a range of body types compared to placement on a belt or around the neck (Silcott et al., 
2011). 
 
The development of long-term monitoring techniques that use familiar, everyday objects are of 
interest. Patients and clinicians agree that unobtrusiveness is the most essential feature for user-
acceptance of sensors (Bergmann and McGregor, 2011b).  Patients may prefer having a sensor device 
in their pocket, as it is convenient and less visible. The added benefit of sensor integration with a 
mobile phone is that it is more discrete than a dedicated monitoring device, which is also an important 
feature for user acceptance (Sposaro and Tyson, 2009). Smartphones have the potential to be a 
platform for clinical tools for monitoring and detection. It can even allow for GPS tracking to 
determine subsets of activities, such as driving. This study also demonstrates the need for a more 
evidence-based approach for selecting sensor placement. 
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5.4 EXPERIMENT 6: TESTING AN INTEGRATED CLOTHING SENSING SYSTEM FOR 
MEASURING JOINT STABILITY17 

5.4.1 BACKGROUND 
Shape is essentially what is left when the differences, which can be attributed to translations, rotations, and 
dilatations have been filtered out (Kendall, 1984). If the human form is taken as one entity, the changes in 
shape mainly relate to movement of the musculoskeletal system. This indicates the potential use of flexible 
sensors to measure deformity due to human movement. The goal of this study is to test a patient centered, 
clinically driven design for an integrated clothing sensor system (ICSS) that can be used to measure knee 
joint stability. Pilot data will be presented to determine the relationship between the sensor system and the 
gold standard apparatus (Cybex / CSMI Humac Norm dynamometer, USA). 
 
Aim: The purpose of this study was to determine how well knee joint stability could be measured using an 
Integrated Clothing Sensing System (ICSS) in relation to the gold standard measurement system. 

5.4.2 METHODS 
 
STUDY DESIGN 

 A Body Sensor validation experiment using an Integrated Clothing Sensing System (ICSS) worn by 
human subjects during various activities to measure knee joint stability. The study was designed as a 
randomized, controlled, crossover allowing a comparison of a stable and unstable task between 
participants, by both systems, optical tracking and the ICSS. It also presented insight into the variability 
amongst participants during the tasks.  
 
DATA COLLECTION 

Ten healthy subjects participated in the study,  7 male, 3 female, with a mean age of 22.5 years (range 
19-26), mean height 180.35cm (range 158-193 cm), and mean weight 77.95 kg (range 49-95 kg). None 
of the subjects had any major injuries or history of such and no known neurological, rheumatic or 
orthopedic disease and none were pregnant. All of the participants wore the ICSS garment and had 
optical tracking markers placed on the lower extremity (Figure 5-10). The 10 subjects were asked to 
perform four activities requiring different levels of knee joint stability while the ICSS measured in 30-
second time intervals. Participants were asked to do the following four tasks in a randomized order 
(Figure 5-9). 
 
(1) Stand on two legs with eyes open (2LO) 
(2) Stand on two legs eyes closed (2LC) 
(3) Stand only on measured leg eyes open (1LO) 
(4) Stand only on measured leg eyes closed (1LC) 
 
During the procedure, a member of the study team was standing near the participant in case they 
became unsteady. Each task was held for thirty second and repeated five times. 
 

                                                             
17 Bergmann, J. H. M., Goodier, H., Howard, N. & Mcgreggor, A. 2013 An Integrated Clothing 
Sensing System for Measuring Knee Joint Stability. In Preparation. 
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Figure 5-9. A depiction of the four tasks performed by the participants. Shown left to 

right: stand on two legs with eyes open  (2LO), stand on two legs eyes closed (2LC), stand 
only on measured leg eyes open (1LO), stand only on measured leg eyes closed (1LC). 

 
EQUIPMENT 

The ICSS sensor consisted of a cost-effective composite material comprising 20% carbon black and 80% 
polymer polyurethane Texin985 (Bayer Material Science, Leverkusen, Germany). A sensor was 
constructed from this base material and attached to a garment. The sensor was then connected to a 
Wheatstone bridge configuration and data was collected by an A/D converter (USB 6211 DAQ, National 
Instruments, USA). Angles were obtained from a calibrated accelerometer that was attached to the 
dynamometer. This information was gathered using the same A/D converter in order to ensure absolute 
synchronization between the different measurements.  
 
A passive optical tracking system (Vicon Oxford, UK) was used as a reference system to validate results 
from the ICSS during the four tasks. Nine reflective markers were placed on key anatomical locations (See 
Table 5-4). The reflective markers needed to be visible to the cameras throughout recording. The markers 
were assimilated into a 3D construct using Vicon Nexus from which data was then exported to Matlab.  
 

Table 5-4. Reflective marker locations for Vicon 
 

Vicon Reflective Marker Locations 

Greater trochanter of the hip 

Lateral epicondyle of the knee 

Medial epicondyle of the knee 

Lateral epicondyle of the ankle 

Medial epicondyle of the ankle 

First metatarsal joint of the foot 

Fifth metatarsal joint of the foot 

Talus bone (heel) 

Patella 
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Data was collected from both systems at 100Hz. A synchronization pulse was sent from Vicon to ICSS 
to signal when data acquisition had been initiated. This allowed the data from the two systems to be 
synchronized during post-processing. The Matlab data acquisition was run for 35 seconds, and the 
marker trajectories were collected for 30 seconds within that period. Marker position data was low-
pass filtered with a 4th order Butterworth using a cut-off frequency of 10Hz, before calculating the 
derivative. The same filter was applied to the data produced by the ICSS.  

 
Figure 5-10. A subject wearing the ICSS garment and optical tracking markers 

 
DATA PROCESSING AND ANALYSIS 

Stability for both the ICSS and the optical tracking system was obtained by computing the maximum value 
of a root mean square moving window technique on each signal. Because the data was not normally 
distributed a spearman correlation18 was performed. 

5.4.3 RESULTS 
A Spearman correlation coefficient of 0.81 (p<0.001) was calculated, indicating a strong association 
between the ICSS and the optical tracking system across the 4 activities. Figure 5-11 shows the 
stability values for the ICSS and optical tracking during the 4 different activities. 
 

                                                             
18 See Chapter 3, section 3.2.1 for details on Spearman rank correlation 
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Figure 5-11. Stability values for the ICSS and optical tracking during 4 different 

activities. Red square refers to standing only on measured leg with eyes closed (1LC), 
pink diamond refers to standing on two legs with eyes open (2LO), green circle refers to 

standing only on measured leg with eyes open (1LO), and purple triangle refers to 
standing on two legs with eyes closed (2LC). 

 
User Feedback 
Participants were asked to fill out an informal questionnaire after completing the study. A summary of 
the responses are given in Table 5-5.  
 

Table 5-5. Participants were given a short questionnaire to fill out; answers were on a 
scale of 1-10, 10 being the highest.  

Question Average Rating Range of Responses 

Ease of putting on the device?  9 6-10 

How comfortable was it to wear? 9 7-10 

Ease of taking off the device?  9 6-10 

 

5.4.4 DISCUSSION 
A static trial was performed before participants undertook the functional tasks, consisting of sitting still 
with the leg in rest. During all sitting trials Vicon measured a mean RMSE of 0.26 mm, with a standard 
deviation of 0.14 mm. Vicon typically produces up to 1mm of error for static trials and a RMSE of less 
the 0.5, which suggests that the Vicon operated well within its expected error value (Richards, 1999). 
The polymer system produced a mean signal of 2.4 mV, and a standard deviation of 0.4 mV (Table. 5-
6). 
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Table 5-6. RMSE values for static trial 
Vicon RMSxyz .26 (±.14) mm 

Vicon accuracy .62 mm 

ICSS RMS 2.4(±.4)*10-3 V 

ICSS accuracy 4[0-2]*10-3 V 

 
The ICSS showed a good differentiation between the highest and lowest levels of stability. The ICSS 
demonstrated that it is capable of measuring different levels of joint stability with a strong association 
to optical tracking. Generalizability is limited, but user feedback was positive, indicating that the ICSS 
is comfortable and easy to use.  
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5.5 CONCLUSION 
Experiments 4, 5 and 6 discussed engineering and design principles for development of a BSN system 
for early detection of PD. It has been shown that utility of a measurement system can be affected by 
the device itself if it is not fully unobtrusive (Bergmann and McGregor, 2011a). Integrating the sensor 
system into a garment or smartphone is a potential adaptation that would make the system less 
noticeable, subsequently providing data sets that even more closely represent real-life behavior. 
 
Experiment 4 tested the BSN in an extreme condition to assess the hardware needs of measuring 
acceleration. Experiment 5 indicated that the functional sensor placement could yield acceptable 
agreement levels with traditional sensor placement. This suggests that everyday objects, such as 
smartphones, could be used to measure clinically relevant movement data. Experiment 6 demonstrated 
the utility of an integrated clothing sensor system to measure knee joint stability with similar accuracy 
to marker based optical tracking. A BSN system integrated into a garment would offer a non-obtrusive 
way to measure movement during everyday life.  
 
This chapter demonstrates the initial development and design of a non-invasive BSN system for 
everyday life. The system will require further hardware testing in order to be used for clinical 
application. Future work will include testing the sensor system in real-life settings outside of lab 
environments. 
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6 CHAPTER SIX: SPEECH AND MOVEMENT- MEASURING 
COGNITIVE LOAD 

6.1 EXPERIMENT 7: EFFECT OF EVERYDAY LIVING BEHAVIOR ON COGNITIVE 
PROCESSING 19 

6.1.1 BACKGROUND 
 
Not only is cognitive function affected by behavior, but also the opposite is equally true. Behavioral 
aspects themselves have an effect on cognitive function and processing. For example, impairments in 
PD patients are exacerbated under dual-task conditions that require the simultaneous performance of 
cognitive or motor tasks such as gait and posture, when compared to healthy controls (Bond and 
Morris, 2000; Brown and Marsden, 1991; Kelly et al., 2012; O'Shea et al., 2002; Rochester et al., 
2004; Woollacott and Shumway-Cook, 2002). 
 
This study aimed to explore to what extent combining everyday motion and speech tasks affect 
cognitive processing. We often combine these functions during normal living, but it remains unclear if 
the interaction between them directly affects our cognitive functioning (Bergmann et al., 2013a). The 
goal is to understand how the brain copes when multiple processing is required during normal 
everyday tasks. Measuring performance and quantifying the potential decrease in performance can 
indicate how much the brain is affected by having to cope with multiple real-life tasks. This knowledge 
is essential before we attempt to fuse multiple data streams, such as speech and movement to measure 
cognitive decline. Current cognitive identification algorithms focus on single modalities; yet, cognition 
is affected across several dimensions of human functioning and thus requires attention sharing across 
these functions.  
 
This study explores how everyday motion and speech tasks can affect cognitive processing measured 
by performance on a cognitive stroop task. The overall aim of this early detection research was to 
explore non-invasive methods to measure everyday behavior as potential indices of global cognitive 
function. The goal was to expand current detection models to include multiple information streams for 
identification. The purpose of this pilot study was to explore to what extent combining everyday 
motion and speech tasks affect cognitive function.  
 
Aim: To test to what extent combining everyday motion and speech tasks affect cognitive processing. 

6.1.2 METHODS 
STUDY DESIGN 

A pilot study using human subjects and cognitive loading conditions consisting of movement and 
auditory-stroop tasks.Cognitive function was tested using movement and auditory-stroop tasks and 
cognitive processing was analyzed using a wavelet method. The movement task consisted of an 
everyday living routine identified in the Motor Activity Log (MAL) for the upper extremity (Uswatte 
et al., 2005).  
 
DATA COLLECTION 

Eleven healthy subjects underwent a stroop task during performing a free speaking task or preparing a 
sandwich or both. 
 
Stroop Task 
The cognitive loading task consisted of a specific audio-spatial assignment. The auditory spatial task 
utilized a spatial stroop design and was presented through wireless stereo headphones (Figure 6-1). 

                                                             
19 Bergmann, J., Fei, J., Green, D. & Howard, N. 2013. Effect of Everyday Living Behavior on 
Cognitive Processing. PLOS ONE, In Preparation. 
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The subject was requested to respond to unilateral aural stimuli (Barra et al., 2006). The stimulus 
consisted of the words “Left” and “Right” delivered through either the left or right headphone speaker. 
If the word matched the side it was presented to (i.e. “Left” in the left ear) the result was congruous 
and therefore the appropriate response was to tell the researcher it was correct by shaking the head up 
and down, as is accustomed in the study population. If incongruous, the subject was asked to state it 
was incorrect by shaking sideways.  

 
Figure 6-1. Depiction of auditory stroop task design. Stimulus is given over wireless 
headset into the left or right ear. If stimulus matches side it was delivered to (“left” 

delivered in left ear), the subject responds by shaking head up and down. If the stimulus 
does not match the side it was delivered to, the subject responds by shaking the head 

sideways. 
 
A sensor (Xsens Technologies Ltd., The Netherlands) attached to the back of the head was used to 
obtain this information. Drift corrected angular velocity was used as the conditions were pseudo-
randomized in order to eliminate sequence effects in the outcomes. The single task conditions 
consisted of 6 stimuli per subject and the dual task condition had 9 stimuli. The lower number of 
stimuli in the single task condition was due to the simpler nature of the task. 
Equipment 
A sensor (Xsens Technologies Ltd., The Netherlands) attached to the back of the head was used to 
obtain the nodding up and down and nodding sideways responses to the stroop task. Auditory stimuli 
were delivered through wireless stereo headphones. 
 
DATA PROCESSING AND ANALYSIS 

Response Detection Using Wavelets 
Angular velocity was used to detect changes that reflected nodding up and down (“stating it was 
correct”) or sideways (“stating it was incorrect”). These pitch and yaw signals were directly obtained 
from the head-mounted sensor, as a segment fixed coordinate frame is appropriate to detect these 
responses to the stimulus. Angular velocity data from the head mounted sensor was taken and the 
power spectral density was estimated using Welch’s method (Welch, 1967). This method has the 
benefit of noise reduction in the power spectra. The frequency at which the power spectral density 
reaches its maximum (fmax) is taken as a dynamic base value. Subsequently, the frequency at which the 
energy is the highest is referenced against a relevant physiological range of 0.5-10 Hz (Benson and 
Barnes, 1978). Frequencies outside this range are assumed as unlikely to be physiological responses 
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and data is then labeled as “no response” given. There are cases where the power spectral density 
shows a double peak at the lower frequencies, often with the initial peak (<1Hz) containing more 
energy than the subsequent peak (>1Hz). All signals were checked for this subsequent peak if they fell 
initially outside the physiological range in order to prevent an incorrect dismissal of the data. The 
continuous wavelet transform20 was computed for signals that indicate response(s) were given. The 
identified responses (and non-responses) were placed in a truth matrix that provided information 
regarding the correctness of a given response and the reaction time.  
 
The same initial approach applied for response detection can be used for detecting the auditory signals. 
According to the National Center for Voice and Speech (USA), baby cries have an average 
fundamental frequency of 500 Hz, while child speech ranges from 250-400 Hz, adult females tend to 
speak at around 200 Hz and adult males around 125 Hz. The fundamental frequency of speech ranges 
roughly 5 - 210 Hz in adults (Hartmut Traunmüller 1994). This frequency range was, therefore, used to 
obtain the initial threshold value for detection of speech The Morlet wavelet was an appropriate 
waveform for speech detection (Tan et al., 1996). Yet, the range of human hearing is far higher, from 
20 Hz to 20 kHz, and it has been shown that speech carries information beyond the fundamental 
frequency (Smith, 1998). The range can, therefore, be extended to at least 1kHz. In this study, the 
auditory cue was given and it was therefore known what the person was processing. However, for 
completeness the audio task was modeled as initial input into the analysis. This showed good 
identification of responses, as shown by Figure 6-2. 
 

 
 

Figure 6-2. Example of a scalogram of wavelet coefficients. The plot at the top shows the 
original yaw signal obtained from subject 1 during a cognitive loaded task. The bottom 

plot provides the percentage of energy for each coefficient depicted by a heat map that is 
shown on the side. Dotted green lines show identified crossings of the set threshold.  

 
The time at which the auditory stimulus was given was subtracted from the time determined for the 
response. This value represented the response time of the subject. The response was labeled “incorrect” 
if no response was given or if an incorrect response was given within 10 seconds after the stimulus was 
presented. A comparison was made with the expected response if the response was given within the set 
response interval. If the response was expected to occur within that specific direction (yaw or pitch) 
the response was labeled “correct.” Otherwise, the response was deemed incorrect.  The identified 

                                                             
20 See chapter 3 section 3.2.3 for details on CWT analysis for response detection 
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responses (and non-responses) were placed in a truth matrix that provided information regarding the 
correctness of a given response and the reaction time.  
 
Truth Matrix 
The truth matrix consists of four columns. The first column reflects the correctness (0=incorrect, 
1=correct) of the answer given in the yaw direction, the second column contains information for pitch 
direction (0=incorrect, 1=correct), the subsequent column holds the reaction time for yaw and the last 
column is reaction time for pitch. Reaction times will be assigned the value 0 if no reaction is expected 
or observed. Both yaw and pitch need to be correct before any reaction time value becomes valid. If 
the expected response to a stimulus was “nodding” the audio cue was correct then the pitch direction 
should contain a nodding signal and the yaw direction should be empty. This would translate to the 
sequence [1 1] for the first two columns. Only when this sequence is presented do the subsequent two 
columns become relevant and reaction time can be determined. This reaction time can e.g. be 0.34 so 
column three and four should show the following sequence [0 0.34]. Each row relates to a specific 
stimulus-response pair, in which the first row is the first represent the stimulus-response pair. 
However, it could be that there is a response signal present on both yaw and pitch. In this case, it needs 
to be determined if a corrective action (yaw and pitch are separated in time) has taken place or if it is 
crosstalk of the channels due to, for example, rigorous shaking. Crosstalk is defined as one signal 
overlapping the other in the time domain as: 
 

𝑡!"#(!) < 𝑡!"#$!(!)  ⋀  𝑡!"#$!(!) < 𝑡!"#(!)   
 
In which tyaw(0) and tpitch(0) are the time points at the start of the response and tyaw(n) and tpitch(n) are 
indicating the end of the response. If an overlap is detected, the signal with the highest mean energy is 
identified as the leading signal (1 is assigned) and the other signal is seen as the crosstalk signal (.5). If 
both signals are equal in terms of average energy, they are both assigned a value of .5 and it can be 
stated that it is inconclusive which response the subject wanted to give. In this case there is no 
crosstalk because the original values are maintained in the truth matrix and the response times can be 
used if a correct response was incorrectly corrected or the other way around. However, for consistency 
a double response is labeled as incorrect. In terms of the truth matrix the data is easily dichotomized 
into correct or incorrect. The first two cells of each row can be summed and if this value is greater than 
1 it can be labeled as correct. This easy computation provides a quick top-level view of provided 
responses. The summed outcome is labeled as extracted response (re).    
 
Six experimental test sets were generated, during which three were fully correctly answered and three 
incorrectly. Each test set consisted of three stimulus and three responses given in accordance with 
these stimulus. The extracted responses (re) from the truth matrix were compared to the expected 
outcomes (rexp). The results show that, across the test datasets, no incorrect classification was made 
regarding the responses detected and those expected (Table 6-1).  
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Table 6-.6-1 Results of classification algorithm between extracted (re) and expected (rexp) 

outcomes. For the yaw and pitch signals a correct response is labeled 1, an incorrect 
response is labeled 0 and cross talk has a .5 value. The variables tyaw(1) and tpitch(1) 

represent the reaction time for a given response. Those that represent the reaction time of 
a correct response are given in bold. Dataset 1-3 contains only correct responses and 4-6 

only incorrect.   
Statistics 
Missing data points were given as a percentage of the total data set. Frequencies for correctly given 
responses were determined within groups for the data from which the missing points were removed. 
Reaction times of correct responses were analyzed by applying a Repeated Measures Analysis of 
Variance (rANOVA) with a Bonferroni correction for multiple comparisons. Significance level was set 
at 0.05.  

6.1.3 RESULTS 
The single loaded tasks consisted either of speaking (speech) or preparing the meal (motion), while the 
dual task required both. The results are given in Table 6-2. The F values and degrees of freedom were 
F(2,220)=1.879, p>0.05 (ns). There were no interactions just main effects.  
 

Table 6-2. Performance outcomes across the different tasks.  
 Speech (n=66) Motion (n=66) Speech +motion (n=99) 
Missing data (%) 5 6 1 
Correct responses (%) 88 94 77 
Reaction time (s) 
Mean ± standard deviation 

2.15 ± .75 1.80 ± .47 2.11 ± 1.53 

 

6.1.4 DISCUSSION 
It appears that subjects were able to maintain a stable reaction time across the three conditions. 
However, the percentage of correct responses to the stroop task decreased when individuals spoke 
freely compared to making a sandwich. The combination of both tasks showed a further decrease in 
correct responses. This suggests that combining multiple everyday tasks decreases cognitive 
processing.   
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The approach for detecting response of the stroop task was previously tested in a small subset 
demonstrating near perfect accuracy.  However, in future work we will use a camera (60Hz, 1080p, 
built in G-sensor) for monitoring head movement instead of exterior sensor detection. Although 
wavelet analysis was not necessary for detecting responses to the stroop task, we wanted to test its 
ability to differentiate nodding and shaking of the head for the purpose of measuring more complex 
movements in the future. 
 
Cognitive decline is a common symptom of PD. An estimated 40% of patients with PD exhibit 
cognitive impairment or dementia symptoms prior to motor impairments. These include impairment to 
sensory functions such as visual and spatial processing, memory. PD patients are likely to have more 
difficulty sharing neural processing to multiple cognitive and motor demands compared to healthy 
controls. An objective measure of cognitive decline would be a valuable tool for detection and 
monitoring progression of PD. Future work will focus on how motion and speech are affected by 
cognitive loading in PD patients versus healthy controls.  
 
  



 
 

127 

 
 

B I B L I O G R A P H Y  
 

Barra, J., Bray, A., Sahni, V., Golding, J. & Gresty, M. 2006. Increasing cognitive load with increasing 
balance challenge: recipe for catastrophe. Experimental Brain Research, 174, 734-745. 

Benson, A. J. & Barnes, G. R. 1978. Vision during angular oscillation: the dynamic interaction of 
visual and vestibular mechanisms. Aviat Space Environ Med, 49, 340-5. 

Bergmann, J., Fei, J., Green, D. & Howard, N. 2013a. Effect of Everyday Living Behavior on 
Cognitive Processing. PLOS ONE, In Preparation. 

Bond, J. M. & Morris, M. 2000. Goal-directed secondary motor tasks: their effects on gait in subjects 
with Parkinson disease. Arch Phys Med Rehabil, 81, 110-116. 

Brown, R. & Marsden, C. 1991. Dual task performance and processing resources in normal subjects 
and patients with Parkinson's disease. Brain, 114, 215-231. 

Hartmut Traunmüller , A. E. 1994. The frequency range of the voice fundamental in the speech of 
male and female adults. Department of Linguistics, University of Stockholm. 

Kelly, V. E., Eusterbrock, A. J. & Shumway-Cook, A. 2012. A review of dual-task walking deficits in 
people with Parkinson's disease: motor and cognitive contributions, mechanisms, and clinical 
implications. Parkinsons Dis, 2012, 918719. 

O'shea, S., Morris, M. E. & Iansek, R. 2002. Dual task interference during gait in people with 
Parkinson disease: effects of motor versus cognitive secondary tasks. Physical Therapy, 82, 
888-897. 

Rochester, L., Hetherington, V., Jones, D., Nieuwboer, A., Willems, A.-M., Kwakkel, G. & Van 
Wegen, E. 2004. Attending to the task: interference effects of functional tasks on walking in 
Parkinson’s disease and the roles of cognition, depression, fatigue, and balance. Archives of 
physical medicine and rehabilitation, 85, 1578-1585. 

Smith, S. W. 1998. The Scientist and Engineer's Guide to Digital Signal Processing. California 
Technical Publishing. 

Tan, B. T., Minyue, F., Spray, A. & Dermody, P. The use of wavelet transforms in phoneme 
recognition.  Spoken Language, 1996. ICSLP 96. Proceedings., Fourth International 
Conference on, 3-6 Oct 1996 1996. 2431-2434 vol.4. 

Uswatte, G., Taub, E., Morris, D., Vignolo, M. & Mcculloch, K. 2005. Reliability and Validity of the 
Upper-Extremity Motor Activity Log-14 for Measuring Real-World Arm Use. Stroke, 36, 
2493-2496. 

Welch, P. D. 1967. The use of fast Fourier transform for the estimation of power spectra: A method 
based on time averaging over short, modified periodograms. Audio and Electroacoustics, 
IEEE Transactions on, 15, 70-73. 

Woollacott, M. & Shumway-Cook, A. 2002. Attention and the control of posture and gait: a review of 
an emerging area of research. Gait & posture, 16, 1-14. 

 



 
 

128 

7 CHAPTER SEVEN: EVERYDAY SPEECH AND MOTOR 
SYMPTOMS21,22 

7.1 INTRODUCTION 
 
It is unclear exactly when speech impairments occur in the progression of PD, but symptoms, such as 
vowel articulation, have been observed even in early stages of PD (Skodda, Visser, & Schlegel, 2011). 
There has been a growing interest in analyzing PD speech and voice data for detection and progression 
tracking (Afza, 2013; Guo et al., 2010; Little et al., 2009; Tsanas et al., 2010; Tsanas et al., 2011; 
Tsanas et al., 2012). For example, Guo et al. (2010) use genetic algorithms and machine learning 
algorithms to analyze voice features to classify healthy subjects from PD subjects. Tsanas et al. (2012) 
use speech signal processing algorithms to classify healthy controls from PD patients and were able to 
achieve 99% accuracy using 10 dysphonia features. Goberman (2005) tested acoustic measures and 
UPDRS motor scores and found the most significant correlation between acoustic articulation and 
postural tremor. Tsanas et al. (2010) map dysphonia features to UPDRS scores to test the predictability 
of speech tests as an indicator of overall disease severity. Their method extracts dysphonia features 
using speech signal processing algorithms and correlates them to UPDRS scores using regression 
techniques. They are able to replicate clinician UPDRS scores within 7.5 points of accuracy. They find 
strong correlations between speech and motor function and between speech and overall health decline, 
including mood. They suggest that dysphonia features alone may be able to indicate overall PD 
symptom severity. My approach builds on these studies and seeks to relate multiple data streams for 
both speech and movement. Whereas other studies have examined voice or phonation, my general 
approach to PD detection aims to combine speech from everyday living and movement symptom data. 
Detection of PD may benefit from combining voice and movement data for several reasons. First, there 
are several motor impairments that affect vocalization in PD patients. For instance, many patients that 
have trouble swallowing also have problems with saliva retention and facial rigidity (Bologna et al., 
2013; Jacobs et al., 1995; Jankovic, 2008). These symptoms themselves are contributing factors to 
speech impairments. The presence of multiple speech and speech motor symptoms may possibly 
indicate a higher probability of PD, whereas the presence of just vocalization issues may indicate 
another disorder altogether. In addition, the use of multiple separate data streams increases the 
diversity of tests available to medical practitioners. Movement and vocalization data can be tested 
independently, or they can be tested simultaneously and used to uncover new biomarker patterns (Guo 
et al., 2010; Howard et al., 2013b; Howard et al., 2013g; Tsanas et al., 2010; Tsanas et al., 2011; 
Tsanas et al., 2012).  
 
This chapter describes a data analysis study that uses speech and motor data to explore PD symptom 
correlations. The data analysis uses statistical tests to correlate UPDRS scores to examine relationships 
between speech and selected movement symptoms. The purpose of the study is to explore correlations 
between motor and speech symptoms in diagnosed PD patients. Before we can collect and combine 
speech and movement data from PD patients during everyday living we first need to establish if there 
is a simple linear relationship between them. As a follow-up to the data analysis, this chapter also 
includes a review of current literature on PD speech analysis and a discussion of the most relevant 
modes of speech for future data collection.  
 
A 2-year longitudinal clinical dataset was selected to examine symptom correlations. The UPDRS 
dataset was sourced from the archives of the Parkinson’s Progression Markers Initiative (PPMI). The 
dataset consists of scores from the UPDRS, which assesses the severity of PD symptoms on a 0-4 
scale; consequently, the data had a relatively low resolution and did not categorize different types of 
PD or PD stages.  
 
                                                             
21 Howard, N., Stein, J. & Aziz, T. 2013g. Early Detection of Parkinson's Disease from Speech and 
Movement Recordings. Oxford Parkinson's Disease Center Research Day 2013. 
22 Howard, N., Bergmann, J. & Howard, R. 2013a. Exploring the Relationship Between Everyday 
Speech and Motor Symptoms of Parkinson's Disease as Prerequisite Analysis for Tool Development. 
Lecture Notes in Computer Science, MICAI 2013. 
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The UPDRS is widely used to quantify symptom severity in PD patients. The UPDRS includes 4 
sections: Part I non-motor aspects of experiences of daily living (13 questions), Part II motor aspects of 
experiences of daily living (13 questions), Part III motor examination (18 questions), and Part IV 
motor complications (6 questions). The UPDRS uses a rating scale of 0-4, representing normal to 
severe. Symptoms are rated by interview, clinical observation, and patient or caregiver questionnaire 
(Ramaker et al., 2002). Although UPDRS includes 4 sections, we limited our analysis to data from Part 
II because we wanted data that most closely reflected “everyday living” variables such as difficulties 
with walking, swallowing, and tremor experienced on a daily basis.  Additionally, we excluded data 
from Part III “motor examination” because it involved assessment of patients after administration of L-
DOPA medication. Part IV also evaluates patients on the basis of their therapy regimens and other 
interventions that are outside the scope of the current research question, but will be visited in future 
work.  
 
Given the limitations of the data, we focused our aims towards a better understanding of known signs 
and symptoms as a means to develop tools and methods for physiological and behavioral biomarker 
metrics. The analysis is limited to 6 variables of interest taken from Part II, which consist of speech 
and motor symptoms during everyday living that reflect measures of interest discussed in Chapter 2. 
UPDRS “everyday living” variables for walking and balance, tremor, and freezing were selected 
because a BSN system has been preliminarily tested to measure knee joint stability, an indicator of 
balance, and future work aims to further develop sensors to measure gait and tremor. The UPDRS 
“everyday living” measures for difficulty with speech, swallowing, and salivation were selected 
because our future work intends to combine data from speech production and speech content. 
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7.2 EXPERIMENT 8: EXAMINNG EVERYDAY SPEECH AND MOVEMENT SYMPTOMS   

7.2.1 BACKGROUND 
This study uses symptom severity ratings from the UPDRS to examine correlations between speech 
and movement measures. Most PD research, such as Nandhagopal et al.’s (2011)  longitudinal study 
and Ravina et al.'s (2005) study using radiotracer imaging, has been primarily concerned with the 
evolution of individual symptoms or indicators over time, however, our study seeks to determine how 
multiple symptoms relate to one another within a 2 year timeframe. I aimed to identify potential 
correlations between selected speech and movement measures from UPDRS data collected over 2 
years. Statistical analysis was used to correlate severity of symptoms. The study is broken down into 3 
analyses. The analyses only includes selected UPDRS measures from Part II in order to narrow down 
the UPDRS data to everyday measures of clinical interest that could potentially be measured in future 
work, such as measuring walking and balance with a BSN system. The analysis focuses on how several 
movement symptoms correlate with the speech metric, which asks the patient or patient’s caregiver if 
their speech is intelligible during daily living. Speech is particularly suited to multivariate analysis 
because it can be tied to other speech-affecting factors, such as salivation, to create a vocalization-
based data stream. This data stream can then be used to analyze the relationship between speech and 
movement symptoms over time at a higher level of precision. 
 
Aim:  This data analysis aims to determine if there is a correlation between speech and 5 other motor 
symptoms of everyday living and to determine if there is a correlation between all possible pair 
combinations of speech and movement symptoms.  

7.2.2 METHODS  
 
STUDY DESIGN 

A data analysis study using statistical analysis techniques on UPDRS data to find correlations between 
speech and movement symptoms. Three different statistical analyses were performed on the data. 
 
DATA 

 Data was gathered from the PPMI open source archives.  Data was organized in excel and analyzed in 
matlab and R. The UPDRS dataset included 1,120 subjects with 1 to 10 evaluation visits per patient 
over an observation period of about two years. UPDRS data is based on a 5 point-scale each answer 
ranging from 0-4 (normal to severe). There were a total of 2,363 independent evaluations of these 
patients. Our analyses only used 6 variables from the dataset from section II: speech, salivation, 
swallowing, walking, tremor, and freezing. While we used data from each of the 2,363 evaluations, we 
only used the scores of 6 variables. See Table 7-1 for a detailed description of the 6 variables. 
 

Table 7-1. UPDRS Part II variables used in analysis (table taken in part from the  
Movement Disorder Society) 

NP2SPCH Speech: over the Past week have you 
had problems with your speech? 

0- normal: not at all, no problems 
1-slight: my speech is soft, slurred or 
uneven, but it does not cause others to ask 
me to repeat myself 
2-mild: my speech causes people to ask me 
to occasionally repeat myself, but not 
everyday 
3-moderate: my speech is unclear enough 
that others ask me to repeat myself everyday 
even though most of my speech is 
understood 
4-severe: most or all of my speech cannot be 
understood 

NP2SALV Saliva & Drooling: Over the past week, 
have you usually had too much saliva 
during when you are awake 
or when you sleep? 

0-normal: not at all, no problems 
1-slight: I have too much saliva, but do not 
drool 
2-mild: I have some drooling during sleep, 
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but none when I am awake 
3-moderate: I have some drooling when I 
am awake , but I usually do not need tissues 
or a handkerchief 
4-severe: I have so much drooling that I 
regularly use tissues or a handkerchief to 
protect my clothes 

NP2SWAL Chewing & Swallowing: Over the past 
week, have you usually had problems 
swallowing pills or eating meals? 
Do you need your pills cut or crushed or 
your meals to be made soft, chopped or 
blended to avoid choking? 

0-normal: no problems 
1-slight: I am aware of slowness in my 
chewing or increased effort at 
swallowing, but I do not choke or need to 
have my food specially 
prepared. 
2-mild: I need to have my pills cut or my 
food specially prepared because 
of chewing or swallowing problems, but I 
have not choked over 
the past week.  
3-moderate: I choked at least once in the 
past week. 
4-severe: Because of chewing and 
swallowing problems, I need a feeding 
tube.  

NP2TRMR Tremor: Over the past week, have you 
usually had shaking or tremor? 

0-normal: not at all, I have no shaking or 
tremor 
1-slight: shaking or tremor occurs but does 
not cause problems with any 
activities. 
2-mild: Shaking or tremor causes problems 
with only a few activities3-moderate: I 
choked at least once in the past week. 
3-moderate: shaking or tremor causes 
problems with many of my daily 
activities. 
4-severe: shaking or tremor causes problems 
with most or all activities. 

NP2WALK Walking & Balance: Over the past week, 
have you usually had problems with 
balance and walking? 

0-normal: not at all, no problems 
1-slight: I am slightly slow or may drag a 
leg. I never use a walking aid. 
2-mild: I occasionally use a walking aid, but 
I do not need any help from 
another person. 
3-moderate: I usually use a walking aid 
(cane, walker) to walk safely without 
falling. However, I do not usually need the 
support of another 
person. 
4-severe: I usually use the support of 
another persons to walk safely without 
falling. 

NP2FREZ Freezing: Over the past week, on your 
usual day when walking, do you 
suddenly stop or freeze 
as if your feet are stuck to the floor? 

0- normal: not at all (no problems). 
1- slight: I briefly freeze but I can easily 
start walking again. I do not need 
help from someone else or a walking aid 
(cane or walker) because 
of freezing. 
2- mild: I freeze and have trouble starting to 
walk again, but I do not need 
someone’s help or a walking aid (cane or 
walker) because of 
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freezing. 
3- moderate: When I freeze I have a lot of 
trouble starting to walk again and, 
because of freezing, I sometimes need to use 
a walking aid or 
need someone else’s help. 
4- severe: Because of freezing, most or all of 
the time, I need to use a 
walking aid or someone’s help. 

 
DATA ANALYSIS 

Analysis 1 Spearman and Kendall Correlation  
As explained above, we only used data from 6 variables: NP2SPCH, NP2SALV, NP2SWAL, 
NP2TRMR, NP2WALK, NP2FREZ (see table 7-1). Spearman’s Rank-Order Correlation23 and Kendall 
Rank Correlation24 Coefficient were calculated to measure the association between NP2SPCH and the 
each of the 5 other variables and a composite sum of all 6 variables.  
  
Analysis 2: Variable Pairing Correlation Analysis 
Again for analysis 2, only data from the 6 selected variables were included (NP2SPCH, NP2SALV, 
NP2SWAL, NP2TRMR, NP2WALK, NP2FREZ). Instead of testing for correlation to NP2SPCH as in 
analysis 1, the variables were analyzed as pairs (15 total). Spearman’s correlation coefficient was 
calculated for each pair of symptoms, 15 total.  
 
Analysis 3: Linear Regression 
In analysis 3, Linear Regression25 was computed for the same 15 variable pairings as in analysis 2. 
Regression values were plotted and checked for normal distribution. 

7.2.3 RESULTS26 
 

Table 7-2.Summary of results of the three statistical analyses 
Analysis Most Significant 

Correlation 
Result 

Spearman & Kendall Speech/Salivation (0.43) 
(0.39) 

The high correlation between speech and 
salivation is not unexpected. These two 
factors interact directly, because difficulty 
controlling salivation will affect the patient’s 
ability to speak and enunciate. 

Pair Correlation Speech/Salivation (0.43) Similarly, pair correlation found that the 
highest correlation occurred in the 
speech/salivation pair. However, the 
coefficient result for speech/walk (0.31) 
suggests a relationship between two 
symptoms that aren’t necessarily expected to 
be highly correlated. 

Linear Regression Salivation/Freeze (0.82) The high correlation between salivation and 
freezing suggests the degradation of 
disparate motor skills at a similar rate. 

 

                                                             
23 See Chapter 3, section 3.2.1 for details on Spearman’s Rank Order Correlation 
24 See Chapter 3 section 3.2.1 for details on Kendall Rank Correlation 
25 See Chapter 3, section 3.2.1 for details on Linear Regression Analysis 
26 See Appendix B: UPDRS for patient plots, regression graphs and additional analyses not included in 
this chapter 
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Analysis 1 Spearman and Kendall Correlation 
Kendall and Spearman found similar correlations between speech and each of the 5 variables. The 
highest correlation was found between speech and salivation, the lowest correlation was found between 
speech and freeze (see Table 7-3). The p-values for all of the correlations were significant (p < 0.001) 
(see Table 7-4). 
 
Table 7-3. Spearman and Kendall correlation coefficients for Speech and 5 variables and 

the composite sum of all variables 
Spearman Analysis Results Kendall Analysis Results 
NP2SALV 
 

0.43    NP2SALV      0.40 

NP2SWAL 
 

0.32   NP2SWAL 0.30 

NP2WALK 0.31   NP2WALK 0.30 
NP2TRMR 0.20   NP2TRMR 0.18 
NP2FREZ 
 

0.19   NP2FREZ 0.18 

COMPOSITE 0.68 COMPOSITE 0.59 
 

Table 7-4. Spearman Rank-Order Correlation Coefficient with corresponding p-values  
measuring the correlation between speech and 5 motor variables 

Motor Variable Spearman Correlation 
Coefficient 

P-value 

Salivation 0.43 1.283e-107 

Swallowing 0.32 2.882e-56 

Walk 0.31 7.363e-54 

Tremor 0.20 1.437e-23 

Freeze 0.19 2.355e-21 

 
Analysis 2 Pair Correlation Analysis 
The highest correlation was found for the speech/salivation pairing (r=0.438), speech/swallow had the 
second highest correlation (r=0.317). Correlation was lowest for the swallow/tremor pairing (r=0.105) 
(See Appendix B).  The p-values were normally distributed with a mean of 0.383 and a standard 
deviation of 0.193 (Figure 7-2). A statistically portion of the pairings’ correlation coefficients fell in 
the lower half of the distribution curve.  Pair correlation was lowest overall for swallow/tremor 
(0.105), and highest for speech/salivation (0.438). Meaning that severity scores were most correlated 
for speech/salivation symptoms. Speech/swallow had the second highest correlation (0.317). 
Correlation coefficients had a mean of 0.383 and a standard deviation of 0.193.  A statistically 
significant portion of the pairings’ correlation coefficients fell in the lower half of the distribution 
curve. 
 
Analysis 3 Linear Regression 
Linear Regression was highest for salivation/freeze (0.8278) and lowest for swallow/tremor (0.0638) 
(See Appendix B). Speech/salivation pairing was second highest. Linear Regression values were 
normally distributed (See Appendix B).  

7.2.4 DISCUSSION 
The results of the Spearman and Kendall in Analysis 1 suggest that speech and the 5 motor symptoms 
are highly correlated. It was expected that related symptoms, such as speech, salivation, and swallow 
were likely to correlate with each other given that speech impairments are observed in more than 90 
percent of PD patients (Sapir et al., 2008). Speech and salivation had predictably high correlation 
coefficients for both spearman correlation in analysis 1 and spearman pairing in analysis 2, but was in 
the middle of the linear regression values in analysis 3. We expected to see higher correlations between 
the 3 pairs for tremor, walk and freeze in the spearman and linear regression analysis. Walk/freeze was 
the most correlated out of those 3 pairings, but was lower than speech/walk in analysis 2 and was 
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almost the same as speech/freeze in analysis 3. Salivation/freeze was most correlated in linear 
regression analysis, yet was in the bottom half of the spearman correlation pairings with a coefficient 
of 0.1936.  Overall we found the 3 analyses to be somewhat inconclusive in determining what speech 
and movement symptoms are most correlated. Analysis 1 and 2 found the highest correlation for 
speech/salivation, but linear regression results were contradictory.  
 
The correlations for walk/tremor/freeze symptoms were overall lower than speech/salivation/swallow 
symptoms. This is an interesting finding given that tremor and postural stability (balance) are the 
cardinal symptoms of PD (NP2WALK refers to walking and balance see table 7-1). This indicates the 
importance of measuring speech impairments with higher-resolution data from everyday living. While 
most correlation coefficients were high, the lowest correlations may show different results if measured 
at a higher resolution. It is important to note that there were inconsistencies in the dataset, such as 
frequency of visit, which may have affected results. UPDRS data is based on clinician observation or 
self-questionnaire. Although UPDRS is a standardized rating scale, subjective evaluation presents 
unavoidable bias and margin of error. Symptom tracking and disease progression would benefit from 
more objective evaluations, such as body sensor networks to measure motor symptoms such as 
walking and balance, tremor and freeze. Using body sensor networks to measure motor features instead 
of subjective ratings may provide more objective, quantitative data. Speech and motor data measured 
during everyday living, as opposed to a doctor’s office or lab would also yield more valuable data 
about PD symptoms. We recommend that higher-resolution, quantitative, speech and motor data is 
needed in order to determine symptom correlations. Being able to map speech and movement 
symptoms that correlate or progress at the same rate could be useful for managing disease progression. 
Symptom tracking could help to identify disease progression biomarkers and possibly even PD 
detection. Correlating multiple data streams over time could be used to develop symptom trajectories 
and recommend treatment therapies. 
 
Future research should continue mapping speech and movement symptoms that appear to progress at 
the same rate to see if these mutually reinforcing features can be used to develop new biomarkers27. 
Additionally, this approach may help to track symptom progression. For example, will a patient with a 
level 1 speech score and a level 1 utensil handling score eventually progress to level 3 for both, or do 
the two impairments develop at different rates? Applied over many patients, this technique may help 
identify not only whether an individual is at risk for PD, but also the subtype of PD based on the early 
symptoms they manifest. This approach could also be used to develop symptom trajectories for 
individual patients to recommend treatment modalities based on the particular conditions unique to 
their disease. 

7.3 REVIEW OF EVERYDAY SPEECH  
The findings of experiment 8 instigated additional research questions about speech symptoms in PD: 
 

1. Can speech be collected non-intrusively during everyday life with audio quality sufficient for 
processing?  

2. What is the best method for collecting running speech during everyday life?   
3. What features are most significant? Measures of speech production, such as dysphonic 

features or language content?  
  
A review of current literature on PD speech analysis was conducted together with partial replication of 
an analysis by (Tsanas et al. 2010).  

7.3.1 DYSPHONIA FEATURES  
There has been a growing interest in analyzing speech and voice for detection and progression tracking 
(Afza, 2013; Guo et al., 2010; Tsanas et al., 2010; Tsanas et al., 2011; Tsanas et al., 2012). Tsanas et 
al. (2010) use sustained vowel phonations to estimate overall symptom severity by mapping dysphonia 
features to UPDRS scores. They are able to predict total motor UPDRS scores within 6 points of 
accuracy and total UPDRS scores within 7.5 points of accuracy. Their analysis provides additional 
evidence for correlation between speech and motor symptoms as well as speech and general health.  
                                                             
27 See Appendix C: 2014 Pilot Study - An exploratory study of the utility of a Body Sensor Network in 
the clinical detection of Parkinson’s disease 
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The dataset used by Tsanas et al. (2010) included 42 PD patients diagnosed within the previous 5 years 
and unmedicated for the duration of the study. Speech and UPDRS scores were collected over a period 
of 6 months. 5,923 30-second vowel phonations of the vowel “aaahhh…” were collected. Speech 
processing algorithms (Little et al., 2009) were used to extract 16 dysphonia features  (described in 
table 7-5). Measures include variation of fundamental frequency (jitter), several measures in amplitude 
(shimmer), noise to harmonics ratio (NHR), harmonics to noise the ratio (HNR), detrended fluctuation 
analysis (DFA), and pitch period entropy (PPE). The data also included total motor UPDRS scores 
(section 3, total of measures 18-44) and the total UPDRS scores (all 3 sections, total of 44 measures). 
However, because UPDRS ratings were not collected on a weekly basis, UPDRS values were linearly 
interpolated. The dataset was collected from Intel’s at home telemonitoring system (AHTD) and 
recently used in several studies (Tsanas et al. (2011) , Tsanas et al. (2010), Little et al. (2009) and 
Goetz et al. (2009). The dataset was made available by the University of California Irvine’s repository 
of machine learning database.  
 
I replicated the correlation analysis using the same dataset as Tsanas et al. 2010, which included 
UPDRS motor and total scores and dysphonia features. Spearman Correlation28 was used to calculate 
the association between the 16 dysphonia features and the total motor UPDRS scores. Analysis was 
done using matlab.  
 

Table 7-5. 16 dysphonia features from voice recordings 
 Variable name Description 

1 Jitter (relative) If we picture human voice patterns as a waveform with respect to 
time, then high variation in jitter, or fundamental frequency, 
means that the lowest frequency per unit time is in flux, 
suggesting a change in tone of voice, or inability to control voice 
tone 

2 Jitter (absolute) 

3 Jitter:RAP 

4 Jitter:PPQ5 

5 Jitter:DDP 

6 Shimmer High  indicates lack of normal voice modulation 

7 Shimmer (dB) 

8 Shimmer:APQ3 

9 Shimmer:APQ5 

10 Shimmer:APQ11 

11 Shimmer: DDA 

12 NHR NHR and HNR measure the ratio of noise to tonal components. 
DFA is a  Signal fractal scaling exponent (DFA) 
 PPE is a nonlinear measure of fundamental frequency variation, 
similar to jitter. 

13 HNR 

14 RPDE 

15 DFA 

16 PPE 

 

RESULTS 

Table 7-6. Spearman Rank-Order Correlation Coefficient with corresponding p-values 
 

Voice Measures Spearman 
Correlation 
Coefficient 

P-value 

                                                             
28 See Chapter 3 section 3.2.1 for details on Spearman Rank Order Correlation 
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Total_Motor UPDRS 0.96 p<0.0001 

Jitter(%) 0.13 7.418e-23 

Jitter(Abs) 0.07 2.688e-08 

Jitter:RAP 0.10 2.434e-16 

Jitter:PPQ5 0.12 2.550e-20 

Jitter:DDP 0.10 2.355e-16 

Shimmer 0.13 1.012e-25 

Shimmer(dB) 0.14 3.774e-27 

Shimmer:APQ3 0.11 2.172e-18 

Shimmer:APQ5 0.12 1.085e-20 

Shimmer:APQ11 0.16 1.358e-36 

Shimmer:DDA 0.11 2.171e-18 

NHR  0.13 1.600e-25 
HNR  -0.16 3.547e-34 

RPDE 0.12 1.161e-19 

DFA  -0.13 4.911e-24 

PPE 0.16 2.302e-36 

 
Spearman analysis (Tables 7-6) showed a positive correlation between the total  motor score and 14 of 
the 16 voice measures. Two of the voice measures, HNR and DFA, had a negative correlation. The 
negative correlation with HNR in particular suggests that background vocalizations within existing 
amplitude and fundamental frequency limits are not strongly related to PD. However, aberrations 
significant enough to affect either of these metrics were also more significant in their relationship with 
UPDRS results consistent with PD. Future studies should further investigate if the negative correlation 
between UPDRS motor scores and both HNR, a ratio of harmonics to noise, and detrended fluctuation 
analysis (DFA), a signaling fractal-scaling exponent is verifiable and important.  There is a strong 
enough relationship in the data to warrant further investigation with additional data acquisition 
methods. The relatively small sample size of 42 suggests that, while initial correlation coefficients 
were low, they may simply warrant a higher-resolution investigation of the signs in question, such as 
speech aberration. We propose that future work should include running speech in addition to vowel 
phonations.   
 
SPONTANEOUS SPEECH 

Different modes of speaking, such as conversational and mimicked speech, involve different levels of 
cognitive and motor function. Spontaneous speech requires an internal motor plan, followed by 
execution and monitoring, whereas mimicked speech provides a template. Van Lancker Sidtis et al. 
(2010) argue that subcortical functionality has different effects on speech performance in different 
speaking modes. They find that dysfluencies are most prevalent in conversational speech (with and 
without DBS treatment) and HNR improves in mimicked speech when treated with DBS.  
 
A number of speech and language impairments are overlooked when limited to phonemes or mimicked 
speech tasks. Language processing problems such as “tip of the tongue phenomenon”(Jankovic, 2008) 
and action-verb impairment (Boulenger et al., 2008; Cardona et al., 2013) could be better understood 
by analyzing spontaneous speech from everyday life. In a study of spontaneous speech in PD Illes et 
al. (1988) found several important linguistic features differentiating PD patients from control subjects: 
 

“an increase in the number of silent hesitations per minute, abnormally 
long silent hesitations, words per silent hesitation, open class phrases, 
and optional open phrases per speech sample, and a decrease in the 
number of modalizations and interjections. An increase in the number 



 
 

137 

of filled hesitations occurring per minute, as well as a decrease in 
syntactic complexity separated moderate from mild Parkinson's 
patients.” 

 
Specific language features such as metaphors that rely on patient’s description of their behavioral state 
may provide further information about their brain state. Although very little is known about this neural 
phenomenon, we know that metaphors associated with specific concept types (i.e., predicate 
metaphors) involve increasingly abstract processing along the lateral temporal cortex and can be 
analyzed accordingly (Chen et al., 2008). Monetta and Pell (2007) studied metaphor comprehension in 
PD patients and found that metaphor interpretation is highly dependent on intact fronto-striatal brain 
regions, which are compromised, in early PD patients. This suggests that PD patients are less efficient 
in processing metaphors. Maki et al. (2013) studied metaphor comprehension in patients with mild 
cognitive decline and Alzheimer’s disease patients and found that metaphor comprehension 
deteriorated with disease progression. Kircher et al. (2007) studied metaphoric sentence processing in 
patients with schizophrenia and controls using functional magnetic resonance imaging (fMRI). They 
suggest that the inability to utilize the brain regions crucial for context processing, which are the left 
inferior frontal and right lateral temporal cortex, may underlie schizophrenic concretism. 
 
In order to detect metaphors to diagnose neurological disorders, one has to understand the underlying 
mechanisms that bring about the disordered state. Pragmatic communication, which includes 
interpretation of metaphors, relies on higher brain regions as well as an intact language system. 
Analyzing metaphors in various brain disorder patient cohorts at various stages of disease development 
might aid in developing a neurodiagnostic strategy to detect the correlates PD early. Neuman et al. 
(2013) developed a set of algorithms capable of detecting conceptual metaphors from text. The 
algorithms are the state-of-the-art automated metaphor detection tool with 71% precision and 27% 
averaged improvement in prediction (Assaf et al., 2013a; Assaf et al., 2013b; Gandy et al., 2013; 
Neuman et al., 2013). 
 
Collecting spontaneous speech from everyday living would allow analysis of both speech production 
and linguistic features to potentially measure motor and cognitive changes. Advances in language 
analysis may be valuable for determining mind states or changes in cognitive states in patients with PD 
(Bergmann and Howard, 2012; Howard, 2013a; Howard and Guidere, 2011; Howard and Guidere, 
2012; Howard et al., 2013g). The Language/Axiology Input and Output algorithm (LXIO) presents a 
method for determining and predicting patients' cognitive states from speech or written text. 
Essentially, this means linking mind axiology, or conceptual beliefs common to particular cognitive 
conditions, to behavioral trends (Howard and Guidere, 2012; Roberts and Kassel, 1996).  This provides 
a cumulative “value,” or cognitive state, based on vocal input from the subject. Using a Mind Default 
Axiology (MDA) database to associate specific concepts and mental values with the concepts 
vocalized by the subject to calculate the cognitive state given time frame constraints, which aims to 
incorporate functionality into a neural ontology (Howard and Guidere, 2011; Roberts and Kassel, 
1996).   
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7.4 CONCLUSION 
The results from experiment 8 and the review of dysphonia features suggest that speech and vocal 
impairments are significant symptoms of PD, in some cases more prominent than motor symptoms. 
Also, these analyses indicate that there is a relationship between speech and motor symptoms, and to 
the severity of the overall disease. To determine exactly what that relationship is, and the trajectory 
over time, requires additional, non-categorical data and research. 
 
In experiment 8, we expected high correlation coefficients for intuitively related symptoms, such as 
walk/freeze and salivation/speech. For example, speech is affected by the inability to properly control 
salivation, and difficulty with walking and balance may be related to freezing. While these correlations 
are valuable, they are not surprising. On the other hand, results also showed unexpected correlations 
between symptoms such as speech and walking that do not appear to influence one another directly.  
 
This chapter offers support for additional data collection and analysis of both speech and motor 
symptoms. The findings from experiment 8 are consistent with other studies suggesting correlations 
between speech and non-speech motor symptoms (Goberman, 2005; Tsanas et al., 2010). However the 
use of UPDRS data instead of recorded speech is a limitation of our study. Furthermore, we argue that 
spontaneous/conversational speech from everyday living will be required in order to comprehensively 
analyze speech and vocal symptoms due to motor and non-motor impairments.  
 
In the review of prior work of Tsanas et al. 2010, dysphonia features were significantly correlated to 
UPDRS motor scores, but the voice recordings were extracted from sustained vowel phonations 
(“aaahh…”) limited in range and applicability to other analysis methods. We argue that collecting free 
running speech from everyday living, although criticized for presenting processing complications, 
would complement dysphonia data and provide a more valuable analysis of PD speech symptoms. 
Human speech production far exceeds the features of a single vowel and should be analyzed for both 
speech production and language content.   
 
Despite the low resolution of the data, statistically significant correlations between speech and motor 
symptoms were indicated, which suggests possible implications for the neurological progression of the 
disease that can be better understood with a similar analysis based on higher resolution, qualitative 
datasets. Future work will focus on developing tools and methods to measure the same speech and 
motor symptoms, but with higher resolution data collected during everyday living.  
 
Limitations of the Study 
Open source data was used and although not ideal for the analysis it showed evidence that speech 
symptoms are significant to the overall disease and possibly correlated with certain motor symptoms. 
While the UPDRS dataset was collected over 2 years the examination per patient ranged from 1-10. 
The inconsistency in the frequency of examination across patients most likely affected the results of 
our analysis. For section II of the UPDRS exam, PD patients (or their caregivers) are asked about 
symptom severity based on the past week, which only gives a subjective assessment based on memory. 
Although the scale itself is standardized and widely used, it is fundamentally subjective and often bias 
evaluation (Shulman et al., 2006). The most limiting aspect of UPDRS and other current methods for 
measuring PD features, is the lack of data collected during everyday living, which is the environment 
where symptoms are most authentically represented. 
 
The time period and frequency of collection in the UPDRS dataset may not be adequate to show 
symptom correlations over time, given the amount of examinations per subject.  Instead, we propose a 
longitudinal dataset with daily measures of speech and motor features. This kind of data collection 
would be difficult to collect in a lab or clinician’s office and would be better obtained during ADL 
using non-obtrusive methods (Bergmann et al., 2012a; Bergmann and McGregor, 2011b). 
 
Future work 
Using open source UPDRS data was a necessary step in order to provide a basis for development of 
future work, which will focus on collecting running speech and motor data measured with BSNs from 
PD patients at different stages of disease progression. Future investigation and data collection of 
movement and speech aims to validate the utility of these metrics for PD detection and progression 
tracking.  
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Beginning in 201429, a year-long pilot study will collect spontaneous speech and movement measured 
with BSNs from 60 participants: 20 with AD, 20 with PD, and 20 age matched controls. A data 
montage such as this currently does not exist and will be valuable to test data fusion of speech and 
movement. We hope that this future work will be a step towards non-invasive early detection of PD 
and symptom progression tracking. Being able to isolate symptoms that correlate and measures of 
symptom severity would provide valuable data for progression tracking and detection. 
 
 
 
 
  

                                                             
29 See Appendix C:  2014 Pilot Study - An exploratory study of the utility of a Body Sensor Network 
in the clinical detection of Parkinson’s disease 
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8 CHAPTER EIGHT: BRAIN ACTIVITY  

8.1 INTRODUCTION  
 
Neural oscillations throughout the brain carry a wealth of information about cognition and brain 
function. Neural oscillations have long been correlated to a variety of normal brain functions, ranging 
from motor control, learning and memory, consciousness to sleep (Peelle and Davis, 2012; Ward, 
2003). Neural oscillations are composed of several frequency bands: delta (1-4Hz), theta (4-8Hz), 
alpha (8-12Hz), beta (13-30Hz) and gamma (30-70Hz). Normally, neural oscillations establish great 
precision in temporal correlations of neural networks and therefore disruptions and impairments in 
these temporal correlations are candidate mechanisms of several neurological disorders.  
 
Disturbance in neural oscillations have been implicated in many neurological disorders (Moran et al., 
2011; Uhlhaas and Singer, 2010). For example, neuropsychological disorders are often correlated with 
altered levels of alpha activity (Sponheim et al., 1994). Bystritsky et al. (1999) found that patients with 
traditional panic disorder displayed on average lower alpha activity in the right temporal lobe. Hayashi 
et al. (2010) note that the co-morbidity of panic disorder, epilepsy, and various other 
neuropsychological dysfunctions quantifies the true value of alpha oscillations. Koenig et al. (2005) 
also noted a decrease in global EEG synchronization among alpha-bands in Alzheimer’s disease. Manu 
et al. (1994) note a total increase in alpha-delta sleep patterns in patients with chronic fatigue. 
 
Changed oscillations have also been identified in PD. Advances in functional neurosurgery brought the 
opportunity to record rhythmic activity directly from the basal ganglia field potentials. The STN and 
GPi have been recognized as two important substrates of synchronized oscillation in PD. Studies have 
found excessive synchrony of neural oscillations in the beta frequency range, most likely due to 
dopamine depletion (Abosch et al., 2012; Moran et al., 2011; Weinberger et al., 2006). These excessive 
oscillations are thought to be caused by altered local neural connectivity (Moran et al., 2011). Tan et 
al. (2013) show the significance of detecting and coding neural oscillations from different oscillatory 
activities in the subthalamic nucleus during performance of motor tasks. Their findings indicate a 
changed relationship between beta and gamma band activities in the sub thalamic nucleus during motor 
efforts. Hence, exploring neural oscillations using machine learning algorithms could help to determine 
if analysis of neural oscillations can provide signatures to detect PD and track progression (Howard et 
al., 2013f). 
 
Studies looking at neural oscillations in PD have produced interesting yet inconclusive results, and 
require further research to determine whether they can be used for early PD detection. Several 
frequency bands have been suggested. For example, Han et al. (2013) applied wavelet packet entropy 
to EEG and found that  there was an increase in delta and theta power and a decrease in alpha and 
gamma power in early stage PD patients. Klassen et al. (2011) investigated neural oscillations in PD 
patients and found background rhythm frequency and relative power correlation with dementia 
incidence. Beta waves appear to be contingent on dopaminergic function; the reduction of which 
causes instability and generalized wave synchrony (Brown et al., 2001). The loss of dopamine results 
in changes in neural firing rates and patterns. Therefore altering oscillatory activity between the 
subthalamic nucleus and pallidum.  
 
In this chapter, we describe a study that tests the ability of a Neural Oscillation Detection (NOD) 
algorithm to classify pain patients based on EEG data. The NOD algorithm uses signal processing and 
machine learning-algorithms to detect oscillation biomarkers of pain from a minimal number of 
electrodes. The NOD algorithm can potentially be used to detect neural oscillation patterns of other 
brain disorders, including PD. The purpose of this study is to validate the algorithm using pain patients 
and EEG recordings.  
 
Currently, the most valuable and accurate brain activity data comes from in vivo recordings, such as 
local field potentials, which require invasive methods to collect the data. The purpose of our pain study 
is to determine whether it is possible to use non-invasive methods to analyze neural oscillations at the 
same level of accuracy as using deep brain electrodes. Our study builds on the work of Green et al. 
(2009) who identified a neuropathic pain biomarker using local field potentials deep within the 
periaqueductal grey and sensory thalamus. We tested if it is possible to use EEG data and machine 
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learning algorithms to detect the same neuropathic pain biomarker that was found from the deep brain 
electrodes.  
 
Furthermore, this study aims to determine the minimum number of electrodes necessary to detect pain 
at a high accuracy using the NOD algorithm. The approach presented focuses on developing modalities 
to collect data unobtrusively during everyday life, such as wearable body sensors and voice recording. 
Recent advances in EEG hardware have allowed the EEG to be measured accurately using portable 
devices. Mainstream market products such as Neurosky, Emotiv, and AvatarEEG offer portable EEG 
headsets with up to 14 channels. However, this technology has not yet reached maturation and has not 
been widely used outside select consumer industries. Nonetheless, this emerging technology could 
potentially be repurposed and developed for clinical use. By determining the minimum number of 
electrodes necessary to detect pain, we can work towards developing wearable, portable sensors that 
can be used to collect EEG data on a daily basis.  
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8.2 EXPERIMENT 9: NEURAL OSCILLATION DETECTION30 

8.2.1 BACKGROUND 
Although there is an abundance of evidence that abnormal oscillations are associated with brain 
dysfunction, there is a limited quantification of oscillatory biomarkers (Yener and Basar, 2013). EEG 
recordings offer a non-invasive method for identifying neural oscillation biomarkers. In this study, we 
test the accuracy of the NOD algorithm  to detect a pain biomarker using EEG data.  
 
It is believed that the neural substrate for pain perception arises from the integration of the pattern of 
activity in the “central pain matrix,” shown by functional imaging studies (reviewed in Iannetti et al. 
(2005). The amount of activity in these areas has been correlated with the intensity of perceived pain 
(Ianetti et al 2005). Several researchers have investigated whether neural oscillations measured using 
EEG can be used to assess the activity in the pain regions of the brain and quantify pain perception. 
Direct objective neural correlates are yet to be defined. However, neural oscillations could thus be used 
as a predictor of pain to improve diagnosis, monitoring, and targeting pain management. 
 
One theory for the neural correlate of pain involves changes in synchrony of oscillations. Local field 
potentials provide information about ensemble neural activity from the brain. The amplitude of 
oscillations provides information about the level of synchrony of the ensemble activity. It is believed 
that thalamocortical loops contribute to pain related synchrony, which can be recorded by EEG or 
MEGs. While in some patients with neuropathic pain,  decreased EEG power has been observed, other 
pain patients show  increased EEG power (Sarnthein et al., 2006). The amplitude of gamma EEG has 
been previously found to correlate with subjective pain intensity (Gross et al., 2007). Zhang et al. 
(2012) also found that gamma oscillations recorded over the primary somatosensory cortex correlate 
with pain perception. However, these studies elicited pain using transient and intense nociceptive 
stimuli. So the changes in EEG may instead have correlated with non-pain specific changes related to 
attention and arousal (Iannetti and Mouraux, 2010). One drawback of these studies is the use of healthy 
human subjects and nociceptive stimuli evoking pain, as opposed to recording objective neural 
correlates from humans experiencing physiological chronic or acute pain.  
 
In order to understand the neural correlates of pain, the most revealing studies would involve in vivo 
recordings using, for example, local field potentials recorded from the central pain matrix. An 
interesting discovery from Green et al. (2009) reveals a neuropathic pain biomarker recorded from 
local field potentials deep within the periaqueductal grey and the sensory thalamus. The neuropathic 
pain patients consisted of phantom limb, post-stroke, facial pain and brachial plexus injury. Using deep 
brain electrodes in patients requiring DBS treatment, Green et al found that pain evoked an increase in 
spindle shaped bursts at 8-12 Hz in the PAG and 17-30 Hz in the sensory thalamus. This demonstrates 
a possible physiological pain biomarker directly from the brain regions implicated in pain and the 
target sites for pain management. Given the surgical techniques used to measure pain in this study, we 
hypothesized that the scalp correlate of the pain biomarker might be detected using EEG. The pain 
biomarker we studied was the 8-12Hz alpha range and spindle activity represented in EEG data. In our 
study we used EEGs from chronic pain patients and using the NOD algorithm that utilized the alpha 
band as input features for machine learning, we demonstrated that EEGs can be used to detect a 
physiological pain biomarker as observed by Green et al. 
 
Though current methods of neural oscillation detection offer valuable diagnostic information, 
organizing the available data into an objective framework is necessary for improved treatment and to 
provide insight into various neurological disorders that have neural oscillation abnormalities. The past 
several years have seen pattern recognition and computational intelligence approaches such as machine 
learning to analyze and detect patterns of activity in the brain (Bosl et al., 2011; Gandhi et al., 2010; 
Shahaf et al., 2012). Many of these algorithms have suffered from low specificity and accuracy. 
 
                                                             
30 Howard, N., Rao, D., Fahlstrom, R., Bergmann, J. & Stein, J. 2013e. The Fundamental Code Unit- 
Applying Neural Oscillation Detection Across Clinical Conditions. Frontiers, Commissioned, In 
Preparation. 
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In this study, we present the Neural Oscillation Detection (NOD) algorithm. The NOD combines signal 
processing of EEG data and uses advanced machine-learning tools to classify patients based on the 
pain biomarker in the alpha range with spindle activity (Green et al 2009). The NOD can be used to 
organize and analyze neural oscillation data related to any brain disorder and any oscillation 
biomarker. Here we demonstrate the NOD on high density EEG data from chronic pain (both high and 
low intensity) and healthy patients.  
 
Aim: To test if EEG and the NOD algorithm can detect the neuropathic pain biomarker found using 
deep brain electrodes and to determine the minimum number of electrodes necessary to detect it.  

8.2.2 METHODS 
 
STUDY DESIGN 

EEG data was collected from chronic pain patients and control subjects. The EEG data was processed 
and analyzed using signal processing and machine learning methods to train and test the NOD 
algorithm. 
 
The NOD algorithm was developed on a single platform using Python (Version 2.7.3). EEG data were 
collected using 256-electrodes. Pre-processing and signal processing extracted relevant data and 
machine learning was tested to detect the pain.  
 
DATA 

EEG recordings were obtained from the University of Nebraska, Lincoln from 18 subjects (both male 
and female), including six healthy controls and twelve chronic pain patients. The patient group 
consisted of six patients who subjectively reported low intensity pain and six who reported high 
intensity pain: no-pain healthy controls (n=6), chronic pain (low pain intensity, n=6; high pain 
intensity, n=6). EEG data were from awake subjects using a 256-electrode system with a sampling 
frequency of 250 Hz. Durations of the recording varied; on average they were 8 ± 2 (mean ± standard 
deviation) minutes long. The EEG data were continuous recordings and no pain or noxious stimulus 
was presented during the recording. The original data for each subject was in a sample by channel 
matrix format. 
 
DATA PROCESSING AND ANALYSIS 

The NOD algorithm was developed on a single platform using Python (Version 2.7.3). The algorithm 
was bench tested and it was confirmed that the algorithm executes correctly. Data was inputted into the 
algorithm as text files and raw EEG data was read. NOD consists of three parts: pre-processing, signal 
processing and machine learning.  
 
Pre-processing  
Pre-processing consisted of filtering the data at 4-45 Hz for the complete spectrum (Hipp et al., 2012) 
and 8-12 Hz for the broad alpha range (Green et al 2009) artifact removal and common spatial pattern 
algorithm (CSP)31 for electrode selection (Higashi and Tanaka, 2011). Physiological sensor selection 
was based on literature evidence suggesting the spatial locations of pain signatures (Chang et al., 2002; 
Chen and Rappelsberger, 1994; Green et al., 2009).  
 
 
The CSP algorithm was performed for the following: 
•Full electrode set  
•Physiologically relevant electrode set.  
 
After CSP, segmentation was performed.  
 
Signal Processing 
Signal processing consists of three methods in the different EEG domains: spindle threshold analysis 
(time domain), power spectrum analysis (frequency domain), and wavelet analysis (time-frequency 
                                                             
31 See Chapter 3 section 3.2.4 for details of pre-processing including CSP analysis 



 
 

147 

domain). The only threshold that identified spindle activity lasting at least 0.5 seconds was 10% of the 
maximum amplitude value. Power spectrum analysis was performed in order to determine the power of 
each frequency that is contained in the recording. Time-frequency analysis demonstrates the changes in 
pain-related dominant frequencies that might contain spindle activity over time based on results of 
green et al. We selected the Morlet wavelet32, which is commonly used in EEG time-frequency 
decomposition series.  
 
These methods were implemented in the following manner: 
• Complete frequency spectrum 
• Alpha frequency spectrum (based on the pain signature) 
 
For each of these spectrums, features for the machine learning algorithms were obtained from each of 
the three analysis methods. Our goal is to validate the pain signature in the alpha frequency spectrum 
with spindle activity. Therefore, the results should yield similar or better classification results than the 
complete frequency spectrum.   
 
Machine Learning 
Features selected were spindles, relative power, and wavelet coefficients. Results are presented as 
complete spectrum or alpha spectrum and full electrode set or physiologically relevant electrode set. 
The machine learning algorithms tested were Naïve Bayes, 1 and 2 Nearest Neighbors and Support 
Vector Machine (SVM)33. We compared results from these algorithms to select the best consistently 
performing classifiers across groups. 
 
Validation Technique 
A cross validation technique was used to evaluate the performance of the classification34. A 10-fold 
cross validation approach was applied to the dataset to determine the sensitivity, specificity, and 
accuracy.  

8.2.3 RESULTS 
In order to detect the pain signature of patients, we used a top-down approach to analyze the complete 
frequency spectrum, to ensure that frequencies other than the original alpha band were not altered due 
to pain. We present below the results of the complete spectrum first and then focus in on the alpha 
band. In order to analyze EEG pain data, we first investigated the data obtained from all 256 electrodes 
(called “Full electrode set”). Then we studied the physiologically relevant electrodes to pain as 
described in the previous section (referred to as the “Physiologically relevant electrode set”). This 
approach was intended to reveal whether there is a reduced set of electrodes that are sufficient to detect 
the pain signature.  
 
COMPLETE FREQUENCY SPECTRUM (4-45HZ) 

Physiologically Relevant Electrodes 
The physiologically relevant electrodes were further reduced by CSP and classification was run with 
incrementing electrodes until accuracy reached 100% or when addition of electrodes decreased, instead 
of increasing accuracy (Table 8-1). 
 
Table 8-1.  Incremental electrode selection with accuracy levels (physiologically relevant 

electrode set) 
Number of Electrodes Used for Classification 1 2 

Pain (pain vs. no pain) 70.0% 100.0% 

Intensity (high vs. low) 90.0% 100.0% 

 

                                                             
32 See Chapter 3 Section 3.2.4 for details on signal processing including Morlet wavelet analysis 
33 See Chapter 3, section 3.2.5 for details on Naïve Bayes and Support Vector Machine  
34 See Chapter 3, section 3.2.4 for details on validation technique  
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The highest-ranking electrodes in CSP for detection of pain vs. no pain were electrode numbers 138 
and 150 and for intensity they were 198 and 186. These electrode channels were used for further 
feature extraction in the spindle threshold, power spectrum and time-frequency analysis methods. 
Specific features were inputted in four classifiers: Naïve Bayes, 1 Nearest Neighbor and Support 
Vector Machines (SVM). The performance outcomes for pain detection are given in Table 8-2. The 
performance outcomes for classifying intensity across features and machine learning approaches are 
given in Table 8-3. 
 
Table 8-2. Performance across features and machine learning algorithms for pain vs. no 
pain with the two highest-ranking CSP electrodes (physiologically relevant electrode set) 

Features Algorithm Correct Incorrect Sensitivity Specificit
y 

Accuracy 

Power  
Spectrum 

Naïve Bayes 85.8% 14.2% 91.7% 75.0% 86.1% 

 1 Nearest 
Neighbor 100.0% 0.0% 100.0% 100.0% 100.0% 

 2 Nearest 
Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 

 SVM 72.5% 27.5% 87.5% 41.7% 72.2% 
Wavelet 
Analysis 

Naïve Bayes 33.3% 66.7% 0.0% 100.0% 33.3% 

 1 Nearest 
Neighbor 100.0% 0.0% 100.0% 100.0% 100.0% 

 2 Nearest 
Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 

 SVM 89.2% 10.8% 100.0% 66.7% 88.9% 
Spindle 
Threshold 

Naïve Bayes 33.3% 66.7% 83.3% 33.3% 58.3% 

 1 Nearest 
Neighbor 100.0% 0.0% 100.0% 100.0% 100.0% 

 2 Nearest 
Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 

 SVM 92.5% 7.5% 100.0% 75.0% 91.7% 
 
Table 8-3. Performance across features and machine learning algorithms for high vs. low 
pain with the two highest-ranking CSP electrodes (physiologically relevant electrode set) 

 
Features 
 

Algorithm Correct Incorrect Sensitivity Specificity Accuracy 

Power  
Spectrum 

Naïve Bayes 95.0% 5.0% 100.0% 91.7% 95.8% 

 1 Nearest 
Neighbor 100.0% 0.0% 100.0% 100.0% 100.0% 

 2 Nearest 
Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 

 SVM 71.7% 28.3% 83.3% 58.3% 70.8% 
Wavelet 
Analysis 

Naïve Bayes 56.7% 43.3% 83.3% 33.3% 58.3% 

 1 Nearest 
Neighbor 100.0% 0.0% 100.0% 100.0% 100.0% 

 2 Nearest 
Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 

 SVM 61.7% 38.3% 50.0% 66.7% 58.3% 
Spindle 
Threshold 

Naïve Bayes 56.7% 43.3% 83.3% 33.3% 58.3% 

 1 Nearest 
Neighbor 100.0% 0.0% 100.0% 100.0% 100.0% 

 2 Nearest 
Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 
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 SVM 100.0% 0.0% 100.0% 100.0% 100.0% 
 
Full Electrode Set 
The full electrode set was also reduced by CSP and classification was run with incrementing electrodes 
until accuracy reached 100% or when addition of electrodes decreased accuracy (Table 8-4).  
 

Table 8-4. Incremental electrode selection with accuracy levels (full electrode set) 
Number of Electrodes Used for Classification 1 2 3 

Pain (Pain vs. No Pain) 70.0% 93.0% 100.0% 

Intensity (High vs. Low) 90.0% 100.0%  

 
The highest-ranking electrodes in CSP for detection of pain vs. no pain were electrode numbers 31, 32 
and 25 for intensity they were 31 and 1. All features and machine learning techniques were compared 
for each optimal set of electrode channels. The performance outcomes for pain detection are given in 
Table 8-5. The performance outcomes for classifying intensity across features and machine learning 
approaches are given in Table 8-6. 
 
Table 8-5. Performance across features and machine learning algorithms for pain vs. no 

pain with the two highest-ranking CSP electrodes (full electrode set) 
Features Algorithm Correct Incorrect Sensitivity Specificity Accuracy 

Power 
Spectrum 

Naïve Bayes 89.0% 11.0% 91.7% 83.3% 88.9% 

 1 Nearest 
Neighbors 98.0% 2.0% 100.0% 94.4% 98.1% 

 2 Nearest 
Neighbors 98.0% 2.0% 100.0% 94.4% 98.1% 

 SVM 87.3% 12.7% 97.2% 66.7% 87.0% 

Wavelet 
Analysis 

Naïve Bayes 33.3% 66.7% 0.0% 100.0% 33.3% 

 1 Nearest 
Neighbors 98.0% 2.0% 97.2% 100.0% 98.1% 

 2 Nearest 
Neighbors 98.0% 2.0% 97.2% 100.0% 98.1% 

 SVM 86.7% 13.3% 97.2% 66.7% 87.0% 

Spindle 
Threshold 

Naïve Bayes 33.3% 66.7% 0.0% 100.0% 33.3% 

 1 Nearest 
Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 

 2 Nearest 
Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 

 SVM 96.3% 3.7% 97.2% 94.4% 96.3% 

 
Table 8-6. Performance across features and machine learning algorithms for high vs. low 

pain with the two highest-ranking CSP electrodes (full electrode set) 
Features 
 

Algorithm Correct Incorrect Sensitivity Specificity Accuracy 

Power 
Spectrum 

Naïve Bayes 53.3% 46.7% 50.0% 50.0% 50.0% 

 1 Nearest 
Neighbors 53.3% 46.7% 41.7% 66.7% 54.2% 

 2 Nearest 
Neighbors 53.3% 46.7% 41.7% 66.7% 54.2% 

 SVM 76.0% 24% 75.0% 75.0% 75.0% 
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Wavelet 
Analysis 

Naïve Bayes 56.7% 43.3% 83.3% 33.3% 58.3% 

 1 Nearest 
Neighbors 61.7% 38.3% 58.3% 66.7% 62.5% 

 2 Nearest 
Neighbors 61.7% 38.3% 58.3% 66.7% 62.5% 

 SVM 38.3% 61.7% 50.0% 25.0% 37.5% 
Spindle 
Threshold 

Naïve Bayes 56.7% 43.3% 83.3% 33.3% 58.3% 

 1 Nearest 
Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 

 2 Nearest 
Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 

 SVM 78.3% 21.7% 75.0% 83.3% 79.2% 
 
ALPHA FREQUENCY SPECTRUM (8-12 HZ) 

As mentioned earlier, investigating how pain affects the complete spectrum is important to compare to 
the effects on alpha spectrum. Based on the original pain signature (Green et al 2009), our hypothesis 
was that the pain signature would be in the alpha frequency spectrum with the presence of spindles 
correlating with pain intensity. Therefore, in this section we focus on the alpha band and compare the 
results of the alpha band to the complete frequency spectrum. Both the physiologically reduced set of 
electrodes, as well as the full set were assessed in terms of performance on the broad alpha frequency 
spectrum. 
  
Physiologically relevant electrodes 
The physiological relevant electrodes were further reduced by CSP and classification was run with 
incrementing electrodes until accuracy reached a 100% or when addition of electrodes decreased 
accuracy (Table 8-7).  
 
Table 8-7. Incremental electrode selection with accuracy levels (physiologically relevant 

electrode set) 
Number of Electrodes Used for Classification 1 2 3 4 

Pain (pain vs. no pain) 70.0% 91.7% 96.7% 95.9% 

Intensity (high vs. low) 90.0% 100.0% 97.5%  

 
The highest-ranking electrodes in CSP for detection of pain vs. no pain were electrode numbers 193, 
194 and 181 and for intensity they were 170 and 171. The performance outcomes for pain detection are 
given in Table 8-8. The performance outcomes for classifying intensity across features and machine 
learning approaches are given in Table 8-9. 
 
Table 8-8. Performance across features and machine learning algorithms for pain vs. no 
pain with the two highest-ranking CSP electrodes (physiologically relevant electrode set) 

Features 
 

Algorithm Correct Incorrect Sensitivity Specificity Accuracy 

Power  
Spectrum 

Naïve Bayes 75.7% 24.3% 80.6% 66.7% 75.9% 
 1 Nearest 

Neighbor 87.0% 13.0% 91.7% 77.8% 87.0% 
 2 Nearest 

Neighbors 87.0% 13.0% 91.7% 77.8% 87.0% 
 SVM 77.7% 22.3% 86.1% 61.1% 77.8% 
Wavelet 
Analysis 

Naïve Bayes 33.3% 66.7% 0.0% 100.0% 33.3% 
 1 Nearest 

Neighbor 94.3% 5.7% 94.4% 94.4% 94.4% 



 
 

151 

 2 Nearest 
Neighbors 94.3% 5.7% 94.4% 94.4% 94.4% 

 SVM 88.7% 11.3% 100.0% 66.7% 88.9% 
Spindle 
Threshold 

Naïve Bayes 33.3% 66.7% 0.0% 100.0% 33.3% 
 1 Nearest 

Neighbor 96.7% 3.3% 94.4% 100.0% 96.3% 
 2 Nearest 

Neighbors 96.7% 3.3% 94.4% 100.0% 96.3% 
 SVM 94.7% 5.3% 97.2% 88.9% 94.4% 
 
Table 8-9. Performance across features and machine learning algorithms for high vs. low 
pain with the two highest-ranking CSP electrodes (physiologically relevant electrode set) 

Features 
 

Algorithm Correct Incorrect Sensitivity Specificity Accuracy 

Power 
Spectrum 

Naïve Bayes 90.0% 10.0% 91.7% 91.7% 91.7% 

 1 Nearest 
Neighbor 100.0% 0.0% 100.0% 100.0% 100.0% 

 2 Nearest 
Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 

 SVM 80.0% 20.0% 75.0% 83.3% 79.2% 
Wavelet 
Analysis 

Naïve Bayes 56.7% 47.3% 83.3% 33.3% 58.3% 

 1 Nearest Neighbor 100.0% 0.0% 100.0% 100.0% 100.0% 
 2 Nearest 

Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 

 SVM 53.3% 46.7% 50.0% 58.3% 54.2% 
Spindle 
Threshold 

Naïve Bayes 56.7% 44.3% 83.3% 33.3% 58.3% 

 1 Nearest 
Neighbor 100.0% 0.0% 100.0% 100.0% 100.0% 

 2 Nearest 
Neighbors 100.0% 0.0% 100.0% 100.0% 100.0% 

 SVM 100.0% 0.0% 100.0% 100.0% 100.0% 
 
Full electrode set 
The full electrode set was also reduced by CSP and classification was run with incrementing electrodes 
until accuracy reached a 100% or when addition of electrodes decreased accuracy (Table 8- 10).  
 

Table 8-10. . Incremental electrode selection with accuracy levels (full electrode set) 
Number of Electrodes Used for Classification 1 2 3 4 

Pain (Pain vs. No Pain) 70.0% 93.3% 87.6%  

Intensity (High vs. Low) 90.0% 90.0% 94.2% 93.5% 

 
The highest-ranking electrodes in CSP for detection of pain vs. no pain were electrode numbers 31 and 
25; for intensity they were 220, 211 and 203. All features and machine learning techniques were 
compared for each optimal set of electrode channels. The performance outcomes for pain detection are 
given in Table 8-11. The performance outcomes for classifying intensity across features and machine 
learning approaches are given in table 8-12. 
 
Table 8-11. Performance across features and machine learning algorithms for pain vs. no 

pain with the two-highest ranking CSP electrodes (full electrode set) 
Features 
 

Algorithm Correct Incorrect Sensitivity Specificity Accuracy 

Power Naïve Bayes 72.5% 27.5% 83.3% 50.0% 72.2% 
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Spectrum 
 1 Nearest 

Neighbors 90.0% 10.0% 87.5% 100.0% 91.7% 

 2 Nearest 
Neighbors 90.0% 10.0% 87.5% 100.0% 91.7% 

 SVM 63.3% 36.7% 91.7% 8.3% 63.9% 
Wavelet 
Analysis 

Naïve Bayes 33.3% 66.7% 0.0% 100.0% 33.3% 

 1 Nearest 
Neighbors 93.3% 6.7% 91.7% 100.0% 94.4% 

 2 Nearest 
Neighbors 93.3% 6.7% 91.7% 100.0% 94.4% 

 SVM 69.2% 30.8% 95.8% 16.6% 69.4% 
Spindle 
Threshold 

Naïve Bayes 33.3% 66.7% 0.0% 100.0% 33.3% 

 1 Nearest 
Neighbors 93.3% 6.7% 91.7% 100.0% 94.4% 

 2 Nearest 
Neighbors 93.3% 6.7% 91.7% 100.0% 94.4% 

 SVM 80.8% 19.2% 95.8% 50.0% 80.6% 
 
 

Table 8-12. Performance across features and machine learning algorithms for high vs. 
low pain with the two highest-ranking CSP electrodes (full electrode set) 

Features 
 

Algorithm Correct Incorrect Sensitivity Specificity Accuracy 

Power 
Spectrum 

Naïve Bayes 80.8% 19.2% 72.2% 88.9% 80.6% 

 1 Nearest 
Neighbors 91.7% 8.3% 94.4% 88.9% 91.7% 

 2 Nearest 
Neighbors 91.7% 8.3% 94.4% 88.9% 91.7% 

 SVM 84.2% 15.8% 77.8% 88.9% 83.3% 
Wavelet 
Analysis 

Naïve Bayes 56.7% 43.3% 88.9% 22.2% 55.6% 

 1 Nearest 
Neighbors 89.2% 10.8% 94.4% 83.3% 88.9% 

 2 Nearest 
Neighbors 89.2% 10.8% 94.4% 83.3% 88.9% 

 SVM 92.5% 7.5% 100.0% 83.3% 91.7% 
Spindle 
Threshold 

Naïve Bayes 56.7% 43.3% 88.9% 22.2% 55.6% 

 1 Nearest 
Neighbors 94.2% 5.8% 88.9% 100.0% 94.4% 

 2 Nearest 
Neighbors 94.2% 5.8% 88.9% 100.0% 94.4% 

 SVM 94.2% 5.8% 88.9% 100.0% 94.4% 
 
Neural Oscillation Detection Optimization 
In order to determine the scope of data requirement and minimum collection electrodes required to 
detect pain the electrodes and durations were compared. The pain detection algorithm was 
implemented with incrementing electrodes until the classification accuracy reached 100% or when the 
addition of electrodes decreased the accuracy. Executing the algorithm on EEG recordings of various 
lengths, from 1.35 to 21.56 seconds, showed an inverse relationship between number of electrodes and 
length of EEG recording. As the length of the EEG recording decreases, more electrodes are required 
to achieve high classification accuracy, as evident in Figure 8-1. 
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Figure 8-1. Classification accuracy with varying number of EEG electrodes and varying 

EEG recording durations. 
 

8.2.4 DISCUSSION 
Our results showed that the NOD algorithm was able to distinguish EEGs from chronic pain patients 
from those of healthy controls and also to discriminate high intensity from low intensity pain with 
accuracy rates reaching 100%. 
 
We used a top-down approach to investigate pain related changes in the complete frequency spectrum 
as well as in the chosen alpha frequency spectrum. The results suggest that our spindle threshold 
analysis detection method provides the most robust classification when combined with a nearest 
neighbors machine learning technique. Classification in the alpha range yielded results similar to those 
obtained from the full frequency spectrum. This implies that the alpha range contains the necessary 
“important” information required for accurate detection of pain, suggesting a pain signature is actually 
present in this frequency band. These results support our hypothesis that the pain signature exists as 
spindles in the alpha spectrum, which can be detected in EEG recordings.  
 
The NOD consisted of three different signal-processing methods (Spindle Threshold, Power Spectrum, 
Wavelet analysis) and four different types of machine learning classifiers (Naïve Bayes, 1 and 2 
Nearest Neighbors, Support Vector Machine). After running all relevant combinations of signal 
processing and machine learning for pain detection, the results showed that the alpha frequency 
spectrum and pain spindles could robustly classify the presence of pain, as well as pain intensity. The 
best performing combination of signal processing and machine learning was Spindle Threshold 
analysis when used as input into the Nearest Neighbors machine learning algorithm. With larger 
datasets, other signal processing methods and machine learning combinations might work better; this 
will require further testing. EEG data were collected using a 256-electrode system. Using our top-down 
approach, we investigated the pain detection with the full electrode set as well as a physiologically 
relevant set based on pain literature. Our results showed that the algorithm required only a few 
electrodes for accurate detection. So we could classify pain with a significantly reduced electrode set.  
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NOD in the complete frequency spectrum (4-45 Hz) 
The complete frequency spectrum results indicate that pain can be correctly classified using the whole 
EEG frequency spectrum, but does not reveal which specific frequencies or patterns the machine 
learning classifiers were utilizing to classify. Further, the Power Spectrum and Wavelet Analysis 
methods performed well in classifying pain groups. Based on the results for the complete frequency 
spectrum, the “Spindle Threshold” analysis method with “1 or 2 nearest neighbors” machine learning 
algorithm was the most consistent performing combination for both pain detection and intensity 
detection. The physiologically relevant electrode selection set performs as well as the full electrode set, 
indicating that reducing the number of electrodes does not affect classification accuracy.    
 
NOD in the alpha frequency spectrum (8-12 Hz) 
The alpha frequency spectrum classification accuracy was as high as the complete frequency spectrum 
results. This suggests that the machine learning classifiers would have likely picked out the alpha band 
that was altered by pain. This result would require further investigation to confirm. Based on the 
results for the alpha frequency spectrum the “Spindle Threshold” with “1 or 2 nearest neighbors” is 
again the most consistent performing combination for both pain detection and intensity. The 
physiologically relevant electrode selection set performs almost as well as the full electrode set, 
indicating that reduction could take place without almost any loss in classification.    
 
However, we can only be cautiously optimistic about the 100% classification accuracy. Such high 
accuracy suggests the possibility of over-fitting, which is a common problem in machine learning. To 
address this potential issue, the features entered have been selected to only represent spindle related 
activity, which we would limit the probability of over-fitting caused by introducing too many features. 
  
The biomarker validation was investigated in continuous EEGs and not event related potentials. 
Typically in the EEG field, EEG data recorded is either in response to noxious pain stimuli or as 
continuous EEGs during a subjective pain episode. Pain time durations are typically in the order of 
milliseconds, inducing pain responses in the brain, but this is not ideal for simulating clinical chronic 
pain.  
 
The pain signature features we used for the machine learning were recorded in neuropathic pain 
patients. However, each type of pain is thought to be produced by a different mechanism so it is likely 
that the various types of pain could each have specific abnormalities in neural oscillations, but could be 
detected as signatures by the NOD.  
 
The optimization of the pain detection showed that, with decreasing duration of EEG recordings, the 
NOD requires data from more electrodes to achieve high classification accuracy. These preliminary 
results suggest that a subset of 5 EEG electrodes (95% accuracy levels) could be fitted for further 
testing using a portable, wearable headset. 
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8.3 CONCLUSION 
This study tested the NOD algorithm to detect neural oscillation signatures in pain patients originally 
identified from invasive deep brain field potential recordings. This study demonstrated that the NOD 
algorithm can detect neural oscillations and distinguish chronic pain patients from healthy controls in 
EEG recordings and also distinguish high intensity from low intensity pain with accuracy rates 
reaching 100%. Given the positive results in pain data, the algorithm will be applied to PD in future 
work. Future studies will investigate PD neural oscillation signatures and build a large EEG database 
including different PD types and stages. Specific neural oscillation signatures from PD will be used as 
features for machine learning classification using NOD and will be developed for PD diagnosis or 
symptom tracking in combination with movement and speech data.  
 
By establishing the minimum number of electrodes required to detect pain, we can begin to consider 
design criteria for a portable, inexpensive EEG system to measure brain activity during everyday life. 
The results of the experiment suggest that a subset of 5 EEG electrodes (95% accuracy levels) was 
adequate for pain detection. Feasibility of a portable EEG headset to detect neural oscillation 
signatures will require development and testing of hardware. The detection approach described in this 
thesis advocates a multi-modal system that combines measures from 3 domains: the motor system, 
cognitive function, and brain activity. Developing an EEG machine that is portable, wearable, and easy 
to use during everyday life would provide a valuable measure of brain activity. Figure 8-2 shows a 
high-level diagram of the development of a portable EEG and NOD based system that could 
potentially replace current 256e EEG. 
 
Combined analysis of movement, speech, and neural oscillation data could provide objective measures 
of PD diagnosis and progression. It will require methods for fusing different data formats into a single 
toolkit. It will also focus on analysis of existing PD DBS and LFP data and collecting EEG data from 
PD patients at different stages of disease progression to further test the utility of the NOD algorithm. 
 
 

 
Figure 8-2. Illustrates diagram of NOD and portable EEG development 
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9 CHAPTER NINE: FACIAL FEATURE EXTRACTION: AN 
EXAMPLE OF MACHINE LEARNING 

9.1 INTRODUCTION 
 
Extracting facial features offers clinical measures of interest within 2 domains: the motor system and 
cognitive function. Facial feature extraction is of interest as a measure of motor impairments such as 
blink rate, facial rigidity, bradykinesia and masked face (Abbs et al., 1987; Bologna et al., 2013). 
Studies have indicated that measuring blink rate (Karson et al., 1984) eye movement (Gitchel et al., 
2012; Hikosaka, 2009) and facial expression could be potential biomarkers for detecting PD (Bowers 
et al., 2006). 
 
Facial expressions can also be used as an emotional classifier. Several fields of research show that 
facial expressions can be useful in detecting emotional and cognitive states (Bowers et al., 2006; 
Dethier et al., 2013; Ekman, 1993; Ekman and Rosenberg, 1997; El Kaliouby and Robinson, 2005; 
Katsikitis and Pilowsky, 1988; Keltner et al., 2003). Emotions expressed through facial movements 
play a crucial role in our daily lives. Facial expressions, both spontaneous and voluntary, communicate 
our feelings to others. Emotional problems, such as depression and anxiety, are also common in PD 
often before movement impairment (Shiba et al., 2000; Walsh and Bennett, 2001) and may be 
detectable through facial expression analysis. Facial expression can easily be recorded non-invasively 
using video and may offer an additional data stream to movement and speech for detecting early 
indicators of PD.  
 
Facial expression analysis requires further testing and validation to determine its value as a tool for 
detection of PD. This study explores a sentiment classifier using machine-learning algorithms and tests 
feature extraction software on a PD patient. 
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9.2 EXPERIMENT 10: SENTIMENT CLASSIFICATION AND FACIAL FEATURE 
EXTRACTION- A 2 PART DATA ANALYSIS 

9.2.1 BACKGROUND 
To better understand facial features as they relate to both motor control (i.e. tremor or blinking) and 
expressions (of emotion and cognitive states) this 2-part data analysis tests machine learning 
algorithms for classifying sentiment from images and tests feature characteristic points (FCPs) analysis 
on a PD patient. A CK++ dataset was used to build the training model and an Enterface dataset was 
used to test the facial expression analyzer. We used facial recognition software to analyze FCPs of a 
PD patient against a database.  
 
Aim: To test the ability of machine-learning algorithm to classify emotion from facial expression in a 
large dataset. To identify facial features in PD patient. 

9.2.2 METHODS 
 
STUDY DESIGN 

Using open source data, we trained a machine algorithm to classify emotion from facial expression. By 
annotating a large dataset of images and processing video into images, we tested a two-step classifier. 
 
Then we used open source data and feature extraction software to explore feature characteristic points 
from two-dimensional images of control data and images of a PD patient processed from video.  
 
A facial expression code written in python was used to build the emotion classifier. CK++ dataset was 
used to build the training model and an Enterface dataset was used to test the facial expression 
analyzer. Enterface video was converted into images using matlab. 
 
Luxand FSDK 1.7 was used to extract FCPs in PD and non-PD images. A PD video was processed in 
matlab. ANOVA tool was used to calculate blink rate.  
 
 DATA  

The CK++ open-source dataset consists of 593 facial image sequences from 210 adults. The image 
sequences were recorded using two hardware synchronized Panasonic AG- 7500 cameras. Participants 
were 18 to 50 years of age, 69% female, 81%, Euro-American, 13% Afro-American, and 6% other 
groups. The experimenter asked the participants to perform a series of behaviors, which include single 
action units or a combination of action units. The image sequences are frontal views and 30 degree 
views digitized into 640x490 or 640x480 pixel arrays with 8 bit gray scale or 24 bit color values.  
 
The Enterface dataset includes 42 subjects from 14 nationalities who were recorded using a min-DIV 
digital video camera. They were asked to listen to “six successive short stories, each of them eliciting a 
particular emotion.” Later, they were instructed by the experimenter to give reactions to each of the 
stories. Sentiment experts manually annotated the subjects during data collection. Annotations were 
based on Ekman’s six basic emotions. Videos from Enterface dataset were converted into image 
frames using a matlab code.  
 
An interview with a PD patient from an open source database was downloaded and processed into 
images using matlab.  
 
DATA PROCESSING AND ANALYSIS 

Part 1- Emotion Classifier 
A facial expression code previously written in Python was used. We classified the image sequences 
from the CK++ dataset using matlab according to the annotations based on Ekman’s six emotion 
categories (fear, sadness, joy, disgust, surprise, and anger) plus an extra category ‘neutral,’ i.e. showing 
null/void emotion (Ekman, 1992; Ekman and Rosenberg, 1997). The facial expression analyzer was 
used to automatically classify facial expressions at time T to a definite and discrete emotion category 
(Pantic and Rothkrantz, 2000).  
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Starting from time T0 to time Tn, there were n facial images for each subject. Suppose, at time T0 the 
subject started to express emotions in front of the camera until time Tn; within the period Tn-T0, there 
is a set of facial images that forms a sequence. Here, Ti denotes a time unit, and for each time unit Ti, 
there is a corresponding facial image of the subject. In the CK++ dataset, we found that at time T0 
(sometimes at T0, T1, T2) the subject expressed a void/null emotion, but at time Tk given that Tk ≤ T 
n, Tk>0 the subject expressed an emotion e for the first time, which continued until the end of the time 
frame. Therefore, there is a transition of emotion (from void emotion to emotion e) between time Tl to 
time T (l+1). This feature of the dataset motivated us to clean the facial image sequences in order to 
obtain an optimal set of facial images of that subject expressing a particular emotion. We manually 
cleaned the facial image sequence into two categories: images expressing void/null emotion and 
images expressing a clear emotion (e). We classified a few initial image frames to null/void emotion, 
and the rest of the images in the sequence were classified to an emotion e according to the annotation 
in the CK++ dataset for that sequence. As an example of the cleaning process, suppose a sequence had 
14 facial image frames among which the first two image frames expressed neutral emotion and the 
remaining 12 image frames expressed a surprise emotion. We included the two ‘neutral emotion’ 
images as null/void and the remaining 12 images were included as ‘surprise emotion.’ Consequently, 
we formed a large dataset of 5877 facial images. 
 
We used the final dataset to perform 10-fold cross validation using different supervised classifiers. We 
found SVM outperformed all other classifiers. To classify the facial images we used a 2 step classifier 
– in the very first step, our classifier determines whether the image illustrated a null/void emotion or 
one of Ekman’s six emotion categories. If the result is not classified as null/void, a 6-way classification 
is carried out on the image to identify the emotion category of the image otherwise it is declared that 
the image carries void/null emotion.  
 
We tested the two step classifier on the Enterface dataset. Videos in the Enterface dataset were first 
converted into the image frames using a matlab code. The videos of Enterface dataset are manually 
annotated, so we used this dataset as the gold standard dataset i.e. testing and evaluation were carried 
out on the Enterface dataset. We utilized our 2 stage classifier on the images from the sequences of the 
video.  
 
Part 2- Feature extraction in PD patient  
A video downloaded from an open source database was processed into image frames. To extract facial 
feature characteristic points (FCPs) we used a face recognition software called Luxand FSDK 1.7. 
Luxand extracts 62 facial characteristic points from an image of a face and compares it to a master 
database (Figure 9-1). We extracted facial features based on FCPs by measuring the distances between 
FCPs of interest. We examined several distance-based features between the FCPs. As Kulkarni et al. 
(2009), Lyons et al. (1998), and Soyel and Demirel (2007) demonstrate, distance-based measures are 
useful for facial expression analysis. We analyzed the distance between the right eye and the left eye 
(D(0,1)), the distance between the upper and lower lines of the left and right eyes (D(35,38), 
D(40,41)), and the distance between the inner and outer corners of the left and right eyebrows 
(D(12,13), D(14,15)).  
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Figure 9-1. 62 Feature Characteristic Points 

 
We also measured blink rate. Using the statistical analysis tool ANOVA, blink rate was measured by 
the number of times the irises cannot be identified using the facial expression recognition program in 
10-second intervals. We also measured eye tremor based on the movements of the facial points of the 
eyes. The frequency and amplitude of eye tremor were measured in each image by measured eye 
movement direction as a binary feature, using the FCPs around both eyes.  

9.2.3 RESULTS 
Part 1 Emotion Classifier  
Out of the 593 facial images in the CK++ dataset, only 327 were classified with an emotion. The 
results of the annotated  CK++  dataset are described in table 9-1. 
 

Table 9-9-1 
Expression # of Samples 
Neutral 233 

Anger 1022 

Joy 1331 

Disgust 868 

Surprise 1329 

Fear 546 

Sadness 548 

 
Our two-stage classification obtained 97.25% accuracy on the Enterface dataset. The two-step 
classifier enhanced the system’s accuracy, for only 86.60% accuracy was obtained using 1 stage 7-way 
classification, while 95.14% accuracy was obtained using 2 stage 7-way classification. These results 
show that the classifier is neither biased towards a particular dataset nor over-fitted, but can be 
scalable.    
 
Part 2 Feature Extraction in PD patient 
Feature extraction analysis found significant differences between the PD patient and control group for 
distance between right eye and left eye (D(0,1)), distance between the upper and lower line of the left 
and right eye (D(35,38), D(40,41)) and distance between the left, right eyebrow inner and outer corner 
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(D(12,13), D(14,15)). Table 9-2 lists the FCPs found to have the most difference from the control 
database. Table 9-3 describes the facial points and their corresponding measurements.  
 
We found that the blink rate was much lower in PD versus controls. Based on the movements of the 
facial points on the eyes we found the average eye tremor frequency of the PD data was between 4-6 
Hz. 
 
 

Table 9-2 Most Significant FCPs 
Facial Point Description 

0 Left Eye 

1 Right Eye 

24 Left Eye Inner Corner 

23 Left Eye Outer Corner 

38 Left Eye Lower Line 

35 Left Eye Upper Line 

29 Left Eye Left Irish Corner 

30 Left Eye Right Irish Corner 

25 Right Eye Inner Corner 

26 Right Eye Outer Corner 

41 Right Eye Lower Line 

40 Right Eye Upper Line 

33 Right Eye Left Irish Corner 

34 Right Eye Right Irish Corner 

13 Left Eyebrow Inner Corner 

16 Left Eyebrow Middle 

12 Left Eyebrow Outer Corner 

14 Right Eyebrow Inner Corner 

17 Right Eyebrow Middle 

54 Mouth Top 

55 Mouth Bottom       
 

 
 
 

Table 9-3 Facial points and corresponding measures 
Features Distance Measure 

Distance between 
right eye and left eye 

D(0, 1) 

Distance between 
the inner and outer 
corners of the left 
eye 

D(23,24) 
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Distance between 
the upper and lower 
lines of the left eye 

D(35,38) 

Distance between 
the left Irish corner 
and the right Irish 
corner of the left eye 

D(29,30) 

Distance between 
the inner and outer 
corners of the right 
eye 

D(25, 26) 

Distance between 
the upper and lower 
lines of the right eye 

D(40, 41) 

Distance between 
the left Irish corner 
and the right Irish 
corner of the right 
eye 

D(33,34) 

Distance between 
the left eyebrow 
inner and outer 
corner 

D(12, 13) 

Distance between 
the right eyebrow 
inner and outer 
corner 

D(14, 15) 

Distance between 
top of the mouth 
and bottom of the 
mouth 

D(54, 55) 

 

9.2.4 DISCUSSION  
Part 1  
The supervised classifier demonstrated ability to classify sentiment from images with 97.25% 
accuracy. The system requires additional training and testing to improve accuracy with a larger and 
more varied dataset. Additional emotions beyond Ekman’s 6 categories should also be explored. 
Future work will train and test classification of PD and non-PD facial images. 
 
Part 2  
Preliminary results demonstrate that facial feature extraction may be a valuable for tool for PD 
detection. Measures such as low blink rate and rigidity could potentially be detected by video and 
machine learning algorithms. Our analysis found that the patient with PD had a lower blink rate 
compared to the control database. Also, distance between right eye and left eye (D(0,1)), distance 
between the upper and lower line of the left and right eye (D(35,38), D(40,41)) and distance between 
the left, right eyebrow inner and outer corner (D(12,13), D(14,15)) in the PD patient showed 
differences from the control database. These differences could be indicators of hypomimia. 
 
Limitations of the study 
The PD video data was only from one patient. Comparing one PD patient against a set of controls is 
not the best method, the comparison should have an equal number of age matched patients and 
controls. We cannot be sure that all the subjects in the control group were, in fact, healthy. Additional 
analysis needs to be performed with more data from PD patients at different stages and age matched 
controls.  
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9.2.5 CONCLUSION 
This chapter explored the ability of machine learning algorithms to classify sentiment and analyze 
facial feature characteristics from images. Analyzing facial expression could be a potentially valuable 
method   for PD detection because it evaluates both motor impairment and emotional states (Bowers et 
al., 2006; Ekman, 1993; Jacobs et al., 1995; Katsikitis and Pilowsky, 1988; Keltner et al., 2003). 
Analysis of both spontaneous and voluntary facial expressions, as well as facial features such as 
rigidity, could lead to new PD biomarkers. Part one of the data analysis demonstrated the potential 
accuracy of a supervised classifier to detect sentiment from images. Future work will further test the 
sentiment classifier on larger datasets, which will include both healthy controls and PD patients. The 
second part of the data analysis showed that there may be value in analyzing facial features for PD 
detection purposes. There were significant differences in several feature characteristic points of the PD 
patient compared to a universal database. Although there were limitations of this study, the preliminary 
findings suggest that there may potentially be PD facial biomarkers. The results of this initial 2-part 
data analysis provide a feasibility basis for future work, which will require larger databases and testing 
of additional facial features to match classifiers with the symptoms most common in early PD, such as 
masked face. Noninvasive facial expression and facial feature analysis may offer an additional data 
stream to be combined with movement and speech for detecting early indicators of PD. Facial 
expression and facial feature analysis could potentially be achievable on a daily basis with video 
recording in the home or on a smartphone platform. 
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10 CHAPTER TEN: SUMMARY AND CONCLUSIONS 
 
This chapter provides an overview of the thesis, a review of the research contributions and discusses 
directions for future work. 
 
PD is characterized by a triad of movement symptoms: tremor at rest, muscle rigidity, and 
bradykinesia (Barton et al., 2012; Calne et al., 1992; Fahn, 2003; Jankovic, 2008; Levine et al., 2003b; 
Meara et al., 1999; Tolosa et al., 2006). In addition to the three classic symptoms, there are a host of 
movement impairments, such as gait (Ebersbach et al., 1999; Han et al., 2006; Niazmand et al., 2011; 
Rosin et al., 1997), postural stability(Adkin et al., 2003; Błaszczyk and Orawiec, 2011; Horak et al., 
1992; Mitchell et al., 1995), and upper limb kinematics (Bond and Morris, 2000; Dounskaia et al., 
2009a; Dounskaia et al., 2009b; Flash et al., 1992; Isenberg and Conrad, 1994; Konczak et al., 2009; 
Sande de Souza et al., 2011; Tresilian et al., 1997), that have been observed in PD. In PD the loss of 
motor control is progressive and irreversible, a manifestation of an overall trajectory of neural 
deterioration. Impairments of motor control are linked with factors related to the severity of the 
neurodegenerative disease; it represents a valuable domain space to track neural deterioration over 
time. Motor impairments typically follow the observable deterioration of global cognitive functioning. 
Measurements of the motor system in PD patients therefore represent potentially powerful indicators 
of disease onset and neurodegeneration.  
 
Movement is not only derived from anatomical properties of the limb; brain motor control processing 
makes it smooth and efficient. The brain controls movements and communication deficits between the 
musculoskeletal and nervous system can lead to direct changes in (motor) behavior. Motor patterns 
alter during our lifetime and changes are likely to alter the development of neural mechanisms that 
underlie the control of the arm and hand (Zoia, Pezzetta et al. 2006). Measurements of arm movement 
may inform us about neurological functioning throughout normal and impaired development.  
 
However, motor impairment is only one of many possible indicators of PD disease. Cognitive 
impairments and neuropsychological problems, such as depression and dementia-like symptoms, are 
associated with PD (de la Monte 1989; Jankovic 2008; Starkstein et al. 1989; Wertman et al. 1993). 
Studies suggest that neuropsychological changes, such as depression, anxiety, and panic attacks, can 
predate motor symptoms by years (Aarsland et al., 2007; Bottini Bonfanti, 2013; Bower et al., 2010; 
Caballol et al., 2007; Shiba et al., 2000; Starkstein et al., 1989; Walsh and Bennett, 2001). Thus, 
cognitive function is another domain space in which features can be measured for detection and 
symptom tracking. Changes in cognitive function can potentially be detected from language, and facial 
expression (Bowers et al., 2006; Cardona et al., 2013; Jacobs et al., 1995; Katsikitis and Pilowsky, 
1988; Monetta and Pell, 2007; Ooi et al., 2013b; Roberts and Kassel, 1996). Abnormal oscillations 
have been indicated in PD, but mostly as it relates to motor impairments and tremor (Brown et al., 
2001; Liu et al., 2002; Moran et al., 2011; Tachibana et al., 2011b) and most often found using in vivo 
recording.  
 
Speech motor impairments have also been suggested as possible markers of onset and progression of 
PD (Afza, 2013; Howard et al., 2013g; Illes et al., 1988; Little et al., 2009; Skodda et al., 2012; Tsanas 
et al., 2011; Tsanas et al., 2012) (Skodda, Gronheit, & Schlegel 2011; Tsanas et al., 2011). Like motor 
symptoms, speech impairments may not be immediately observable in PD. However, when combined, 
speech and movement data may offer an earlier picture of neurological health and decline. Measures of 
speech production relate to the motor system domain, whereas analyzing language content pertains to 
measures of cognitive function.  
 
Unfortunately, early detection of neurodegenerative disorders remains more an art than a science, 
dependent largely on the intuition and experience of individual clinicians. Notably, there is a lack of 
objective, clinically applicable tools and techniques for measuring global cognitive function during 
everyday life. The approach presented in this thesis seeks to fill this gap by developing non-invasive 
detection methods that measure features of clinical interest during everyday life. By coding and 
analyzing meta-characteristics of speech and movement it may be possible to identify patterns 
associated with varying levels of cognitive function and dysfunction. This work builds on recent 
studies of behavioral, linguistic, and cognitive signatures for neurodegenerative diseases. For example, 
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researchers Ghilardi et al. (2000) and Mittal et al. (2010) have found that movement impairments and 
cognitive deficits provide external markers of underlying neural processes associated with the onset of 
PD.  
 
This work aims to develop tools and methods that can objectively measure features of the motor 
system, cognitive function, and brain activity to detect PD before symptoms are apparent. To detect the 
earliest deviations from normal neurocognitive functioning, multiple data streams from everyday living 
can be combined. The work described in this thesis represents initial development and validation of 
methods and tools towards achieving the approach. The upper limb movement, knee joint stability, 
speech, neural oscillation, and facial expression are the initial measures of interest discussed in this 
thesis.  
 
This thesis had ten specific aims:  

1. Test the accuracy of measuring upper limb movement with a body sensor network against the 
gold standard optical system. 

2. Test if BSN system and wavelet analysis can be used to quantify user interactions with 
everyday objects. 

3. Test if wavelet analysis can be used to define spatial and temporal changes in shoulder motion 
between patients and “healthy” controls. 

4. Test if BSN can measure acceleration under extreme conditions 
5. Test if BSN can measure movement with functional placement 
6. Test an Integrated Clothing Sensing System (ICSS) to measure joint stability 
7. Explore to what extent combining everyday motion and speech tasks affect cognitive 

function.  
8. Explore correlations between speech and movement symptoms 
9. Test if EEG can detect a biomarker found with DBS and the minimal number of electrodes 

required.  
10. Test emotion classification and facial feature extraction using machine learning algorithms 
 

I hope these results and findings considered in a broader context, will have significant implications for 
early detection, treatment, and management of PD for patients, practitioners, and researchers alike. 

10.1 EMPIRICAL FINDINGS  
The findings to date represent small steps towards development of a non-intrusive system to measure 
speech and movement during everyday life with potential future addition of video and EEG 
measurements to measure facial expression and brain activity  
 
This work demonstrated that sensor networks and wavelet analysis can be used to accurately measure 
and differentiate complex movement in real-life situations. Data collection from complex arm 
movements and joint stability showed that the BSN sensors can measure activities of daily living with 
similar accuracy to gold standard optical tracking (Bergmann et al., 2012b; Bergmann et al., 
2013b).   Recent motion studies have primarily been concerned with two sets of two-dimensional 
values: the position of the object where the patient was instructed to point, and the position of the 
patient’s finger (i.e., pointing at the object or not). BSN methods instead allow all three spatial 
dimensions to be used, and thus provide a potentially more comprehensive analysis of movement. 
Most studies measure only the result of movement; instead, I aim to measure the process of movement 
in a more fine-grained manner, which lends itself to analysis that is more complex.  
  
My research has emphasized data-heavy early detection algorithms because the most feasible way to 
overcome the signal-noise ratio problem when searching for subtle variations in upper limb, balance, 
speech or cognitive states is to analyze high volumes of high-resolution data. Data capture for these 
algorithms depends largely on the establishment of cognitive and physiological baselines, or 
significant samples of  “normal” behavior, so that detection of  the earliest changes is possible  What 
follows is a summary of my work in terms of the specific aims. 
 
Specific Aim 1: Test the accuracy of measuring upper limb movement with a body sensor 
network against the gold standard optical system. 
Experiment 1 tested BSN system to measure of the distal point of the left arm (hand plus wrist) during 
elbow movements. Complex arm movements were measured for three different activities: 90-degree 
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elbow flexing from an upright sitting position, 90° shoulder abduction with the elbow fully extended, 
and 90° shoulder abduction and 90° elbow flexion with an internal rotation, followed by moving to 45° 
shoulder retroflexion and 120° elbow flexion. 
This data was obtained using two measurement devices (optical and inertial), and the resulting data 
streams were compared by calculating a two-tailed Pearson product-moment correlation coefficient (r). 
The root mean square error (RMSE) was then calculated for each of the two signals. Independent 
analysis of each direction of movement, referred to as X, Y and Z, was also performed. We found that 
the BSN performed comparably to its optical counterpart, with correlations in the X, Y, and Z 
dimensions reaching 0.99, 0.95, and 0.99 respectively. 
 
Specific Aim 2: Explore if the body sensor network can be used to quantify user interactions with 
everyday living objects. 
The use of this system was further validated by measuring differences in motor behavior, in response 
to a changing environment. In Experiment 2, three subjects were asked to perform a water-pouring task 
with three slightly different containers. Wavelet analysis was used to measure behavioral changes 
within each subject and between all three subjects. There were significant differences in movement 
with each container. Results showed that body sensors and wavelet analysis can quantify subtle 
behavioral adjustments due to environmental changes. This preliminary validation shows the potential 
utility of a BSN system to measure during ADL, which involves a range of object interaction. 
 
Specific Aim 3: Test if wavelet analysis can be used to define spatial and temporal changes in 
shoulder motion between patients and “healthy” controls. 
Experiment 3 demonstrated that wavelet analysis can differentiate between patients and “healthy” 
controls (Howard, Pollock et al. 2013). Seven healthy participants and eight rotator cuff patients 
performed five range-of-motion tasks under different speed conditions. The results showed differences 
in range of motion and speed of movement between the patient and healthy groups. Rotator cuff 
patients exhibited ROM limitations compared to control subjects with significant differences across all 
elevations at “normal” speed.   
 
Specific Aim 4: Test if BSN can measure acceleration under extreme conditions 
After testing accuracy of the BSN to measure movement, we considered engineering and design 
criteria for use in real world environments. In Experiment 4, the BSN was tested for robustness in an 
extreme environment. Accelerometer data was collected from a wearable sensor and  high frequency 
camera. Pilot testing showed that decelerations during water-ski jumping were out of the measurement 
range using a 5 g accelerometer system. Our analysis computed two 100g accelerometers would be 
required to measure decelerations during water-ski jumping. The sensor, circuitry and interface 
remained working under these extreme conditions. Findings suggest that BSNs are capable of 
measuring in harsh-environments and would be adequate to measure ADL, which do not present 
conditions as extreme as water-ski jumping. Design criteria will need to consider acceleration demands 
such as traveling on a plane, train etc. 
 
Specific Aim 5:  Test if BSN can measure movement with functional placement 
 Most sensor systems interfere with everyday life and prevent normal activities from being carried out. 
Better functional placement should provide higher levels of conformity. For this reason, a truly 
unobtrusive system, integrated into objects that are already used on an everyday basis, would be 
beneficial for the quality and quantity of data collection. With this in mind, we began to assess the 
potential for sensor integration into smart phones by testing the BSN's adaptability to functional 
placement in a pocket. Experiment 5 was conducted to compare traditional and functional body sensor 
placement. The goal of this analysis was to show the viability of inertia-based activity recognition 
sensors to determine what types of behaviors a subject is engaging in. Results suggest that the 
directional shifts of median frequency are independent of the placement, meaning there is a greater 
possibility of using more functional placement and there is potential to use the BSN in a pocket.  
 
Specific Aim 6: Test an Integrated Clothing Sensing System to Measure Joint Stability 
By testing the body sensor networks in a harsh environment such as water-skiing, we validated that the 
current sensors can be used in real world situations. However, less obtrusive methods are necessary to 
integrate these systems into activities of daily life. More functional placements of the sensors should 
provide higher levels of conformity, but may affect the quality and generalizability of the signals. 
Differentiation of the signal into a translational and gravitational component decreased the level of 
agreement further, suggesting that combined information streams are more robust to changing 
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locations then a single data stream. Integrating multiple sensor modalities to obtain specific 
components is not likely to improve agreement across sensor locations. This study confirmed the 
potential to measure signals with more user-friendly sensor configurations that will lead to a greater 
clinical acceptance of body-worn sensor systems.  
 
 
In Experiment 6, knee joint stability was measured using an Integrated Clothing Sensing System 
(ICSS) and compared to the gold standard measurement system (Vicon). Results found that the ICSS 
is capable of measuring different levels of joint stability. An overall correlation coefficient of 0.81 
(p<0.001) was calculated, meaning there was a strong association between the ICSS and the optical 
tracking system during different levels of stability.  
 
Specific Aim 7: Explore to what extent combining everyday motion and speech tasks reveals 
cognitive function. 
We often perform speech and movement tasks simultaneously, but it remains unclear how cognitive 
processing is effected by multiple demands. Cognition is affected across several dimensions of 
functioning and requires attention sharing across these functions. Experiment 7 explored whether 
attentional demands could be assessed using a cognitive load experiment requiring speech, movement, 
and an auditory Stroop task simultaneously. It focused on everyday living routines previously 
identified in the Motor Activity Log (MAL) for the upper extremity (Uswatte et al., 2005). This work 
explored how everyday motion and speech tasks can affect cognitive processing measured by 
performance on a Stroop task. The single loaded tasks consisted either of speaking or making a 
sandwich, while the dual task required both. Results indicated that cognitive function is affected by 
loaded conditions. Correct responses were lowest under dual task conditions.  
 
Specific Aim 8: Explore correlations between speech and movement symptoms 
Experiment 8 explored correlations between speech and movement symptoms in a 2-year UPDRS 
dataset. Measures for speech, walk and balance, tremor, freeze, salivation, and swallow were analyzed 
using statistical methods. Results were somewhat unclear given the resolution of the data, but indicated 
symptom correlations that should be explored further. Speech and salivation showed the highest 
correlation, which was expected. Walk/freeze and salivation/freeze also showed a significant 
correlation. Findings support the need for further analysis of speech, walk, balance, and tremor, which 
can be quantitatively measured with BSN and voice recording. We propose that 
spontaneous/conversational speech should be collected as opposed to phonations.  
 
Specific Aim 9: Test if a biomarker found with in vivo recording can be detected in EEG 
recordings using NOD algorithm and the minimal number of electrodes required 
Studies on neural oscillations in PD have produced interesting yet inconclusive findings, but require 
additional research. In Experiment 9, we wanted to test whether the NOD algorithm could identify a 
biomarker, originally detected in LFPs, using EEG recordings. A signature for neuropathic pain 
identified in deep brain electrodes LFPs was used to test the NOD algorithm with raw EEG collected 
from chronic pain patients. The NOD algorithm was able to detect the signature and distinguish pain 
and control subjects from EEG recordings. The validation of the NOD algorithm with pain data 
suggests that it may also be useful for PD. In future work, EEG may become a means to link motor and 
cognitive function, but for now it is being explored as a reference measurement. 
 
 
Specific Aim 10: Test emotion classification and facial feature extraction using machine learning 
algorithms 
To better understand facial expressions as they relate to both motor control and emotions Experiment 
10 conducted a 2 part data analysis to test a sentiment classifier and analyze facial feature points of a 
PD patient compared to a universal database. The emotion classifier algorithm was trained and tested 
using control data and demonstrated 97.25% accuracy. Given this level of accuracy, future work will 
develop a PD classifier and database. Luxland analysis of one PD patient indicated several differences 
between the FCP’s of the PD face compared to “normal” averages of a universal database. Significant 
measures included lower blink rate, distance between right eye and left eye, distance between the 
upper and lower line of the left and right eye, distance between the left, right eyebrow inner and outer 
corner. In addition, 4-6Hz rate of random eye movement was found in the PD patient. Although there 
were several limitations in the study, the preliminary findings  encourage further research on facial 
features  to measure motor impairment and facial expression to detect emotional states.  
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10.2 FUTURE WORK 
The findings have demonstrated that the BSN performs at a sensitivity level adequate for further 
development of the detection system (Bergmann et al. 2012; Bergmann et al., forthcoming).  

10.2.1 AN EXPLORATORY PILOT STUDY OF THE UTILITY OF A BSN IN THE CLINICAL 
DETECTION OF PD 35 

 
The ultimate aim of this case-control study will be to develop a simple, pragmatic tool that can be used 
clinically for the early diagnosis of PD. The specific aim of this preliminary study is to: 

(1) Determine which data streams are most sensitive and specific to changes occurring in early 
PD within the context of the mind state algorithm. 
 

The approach will utilize a BSN. The body sensor system consists of several inertia measurement units 
(IMUs). A separate microphone will be used to record spontaneous speech production. In this study, 
we will collect speech and movement data streams simultaneously using the BSN system. These 
information streams will be analyzed using a linguistic computational algorithm, the Mind State 
Indicator (MSI) algorithm that will be adapted to include posture and arm movement. 
The primary objective will be to determine whether the BSN is able to distinguish early PD from 
normal healthy age-matched controls, the secondary objective is to determine whether the BSN is able 
to distinguish early PD from mild Alzheimer’s disease. Sixty subjects will be involved in the study: 20 
PD patients within 5 years of diagnosis, 20 age-matched control subjects, and 20 subjects with mild 
AD (MMSE 21-26). Assessments for PD severity, cognition, and depression will be given, including 
UPDRS, MMSE, and Becks Depression Inventory. While wearing the BSN system, each subject will 
perform three different activities of daily living: preparing a meal, putting on a cardigan, and opening 
and closing a lock. During the three daily living tasks, the subjects will be asked to continuously talk to 
the researcher what they are doing and how comfortable or uncomfortable they find the BSN. 
Synchronized video collection will be conducted to relate obtained signals to specific activities and for 
quality assurance purposes. Each task will be repeated three times. 
 
Joint stability and arm movement will be measured using the BSN (Xsens) measurement tool.  
 
The ‘Mind state indicator’ algorithm will be computed based on joint stability and arm movement 
trajectory related variables (including position, velocity and acceleration) and linguistic parameters. 
Speech parameters are dependent on LXIO configuration (Howard & Guidere, 2011), but can also 
include the following: latency between prompt and spoken answer, the number of speech errors or 
involuntary tics per minute, and the time taken to pronounce individual syllables; each experimental 
evolution may involve a separate speech parameter. data will be analyzed across groups, within 
groups, and for each individual subject for each of the three tasks. Based on initial data analysis, we 
will further breakdown data for specified movements and for specific time segments and areas of 
interest. We will use a continuous wavelet transform (CWT) to divide the signal into wavelets, 
allowing us to analyze the frequency content over time. At successful completion of this study we will 
have determined whether the ‘mind state indicator’ derived from the BSN is able to reliably 
differentiate patients with PD from healthy age-matched controls and from patients with AD.  

10.2.2 DEVELOPMENT OF A GENERAL METHOD TO STUDY THE BRAIN  
A method needs to be developed to provide an abstract technique to encode and integrate many 
different kinds of data. More knowledge could be gained if it was possible integrate neural information 
with cognitive and behavioral outputs. A model is proposed as a computational method is proposed to 
combine behavioral and cognitive data. The “brain code” is a model to reflect the emergent properties 
of the brain neuronal system (Howard, 2012a; Howard, 2012b; Howard, 2013b; Howard, 2013c; 
Howard and Stein, 2013c). Future work will focus on developing the Brain Code and Fundamental 
Code Unit framework to integrate and analyze different measurements within the same coordinate 
system, setting a potential testable multi model collection of data and fusion of heterogeneous data sets 
                                                             
35 See Appendix C for full protocol  
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and classes (Ioannides et al., 2012). By combining EEG, measures of movement, and speech data into 
one multimodal signature, a valuable temporal tool can be developed for early detection.  

10.3 DISCUSSION  
I offer this thesis as a step towards the development of novel clinical methodologies to improve 
detection and diagnosis of neurological disorders. The goal of this research was to develop and validate 
tools and methods to lay the foundation for a non-invasive detection system using BSN and data 
analysis techniques. The vision is that one day a noninvasive routine test wearing a sensor system at 
home, akin to an arm band or knee brace, will be able to detect neurodegenerative disease years before 
the onset of clinical symptoms. If PD or AD has been diagnosed, a smartphone will automatically 
collect speech and movement data on a daily basis to monitor your progression and communicate with 
your doctor, perhaps by that time also we will be able to treat brain disorders by controlling or 
directing stimulation of appropriate specific neurons, by either electrical, ultrasound, light or chemical 
interventions. This technology may one day be possible and could save lives, improve quality of living, 
and reduce the cost of neurodegenerative disease currently burdening healthcare systems.  
 
 In addition to the methods outlined in this thesis, a key component of the detection approach will be 
tracing the relationships between data streams. This occurs at two levels. The first level will be 
empirical; that is, we will measure the correlation between aberrations in data stream pairs such as 
speech and movement to determine which are most closely related. To that end, we will use 
specifically designed hardware to extract properly formatted and temporally congruent speech and 
movement data. The second and subtler linkage between these data streams occurs within the brain. 
Many studies have explored the link between thought patterns and brain region activation; the 
proposed approach will combine the various media used for assessing brain function into a unified 
method that compensates for each of the weaknesses associated with each individually.  
 
Because none of these measures can provide a complete diagnosis by itself, it will be important to 
develop a method that integrates all of them, allowing each to compensate for the others' shortcomings. 
For instance, EEG monitoring alone cannot reveal the precise neural webs being activated during 
exposure to a stimulus. However, as the amount of data increases, pattern analysis based on a 
combination of electroencephalographic monitoring, linguistic assessment and behavioral tracking 
should be able to identify those concepts from a cognitive perspective, as well as the neurological 
phenomena related to them. Detection may be achievable by analyzing each of these data streams, 
performing interdependent time series analysis on each, and linking them, ultimately to yield a deeper 
insight into PD and other NDD. Ultimately, these tools, methods, and techniques will need to facilitate 
integrated analysis of both high-level behavioral and low-level neuronal data, accounting for shared 
dimensions, such as time. 
 
The research described here was conducted with the deepest of convictions and admiration for the 
value we gain as scientists from interdisciplinary research collaborations. I quote the greatest mind of 
our time who stated that, "after a certain high level of technical skill is achieved, science and art tend 
to coalesce in esthetics, plasticity, and form. The greatest scientists are always artists as well" (Albert 
Einstein). I learned through this medical journey that when one becomes aware of inner hidden human 
capacities; they are as much of a mystery as a thrill, likened to climbing a high mountain for the first 
time. 
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12 APPENDIX B: UPDRS ANALYSIS 

12.1 PATIENT PLOTS 

Each graph displays patient UPDRS scores for speech and other variables. The Y-axis displays the 
UPDRS rating, the X-axis displays time.  

 
Patient 3001 correlation between speech and tremor over a 1.5 year sample period. (note: 

each line shares the same value so only one is apparent). 
 
 

 
Patient 3003 correlation between speech and salivation (note: each line shares the same 

value so only one is apparent).  
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 Patient 3010 correlation between speech and tremor aberrations over a 1.7 year period. 
The correlation between these two variables is more apparent than in patient 3001. This 
may indicate that the more advanced state of the disease in Patient 3010’s case provides 

an illustrative example of the relationship between symptoms over time, rather than 
simply charting individual factors over time. 

 

 
Patient 3051 correlation between speech and salivation, and speech and tremor, over a 2-

year period. 
 

 
Patient 3422 correlation between speech and tremor, and speech and freeze, over a 1.5 

year period. In this case, there appears to be a stronger relationship between tremor and 
freeze than between speech and tremor or speech and freeze. 
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Patient 3456 
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Patient 3501 
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 Patient 3506 

 

 
Patient 3507 
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 Patient 3514 

 

 
Control: Patient 3069 

 
 

 
 Control: Patient 3071 
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 Control: Patient 3072 

12.2 LINEAR REGRESSION 
 

 
Figure 12-1. Shows the spearman correlation coefficients for symptom pairs  

 

 
Figure 12-2.  Distribution of p-values for spearman pair correlations 
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Figure 12-3. Linear regression values for symptom pairs 

 

 
Figure 12-4. Linear Regression values were normally distributed.  

12.3 ADDITIONAL ANALYSES 
Variance was calculated for NP2SPCH and NP2WALK variables and found to be 0.5737 and 0.3207, 
respectively. Variance was also calculated for the NP2SPCH/NP2WALK pairing and 
NP2SPCH/Composite pairing (see figures 12-1 and 12-2 below)  
 

 
Figure 12-5 Histogram of residuals for the linear model used to approximate the 

NP2SPCH/NP2WALK variable pairing. 
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Figure 12-6. Histogram of residuals for the linear model used to approximate the 

NP2SPCH/Composite variable pairing. 
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13 APPENDIX C: 2014 PILOT STUDY - AN EXPLORATORY 
STUDY OF THE UTILITY OF A BSN IN THE CLINICAL 
DETECTION OF PARKINSON’S DISEASE 

 
Chief Investigators: Dr Camille Carroll (UK), Dr Newton Howard (US)  
Co-Investigators: Dr Jeroen Bergmann 
Collaborators: Dr Rupert Noad, Dr Steve Pearson  
 
Hypotheses 

(1)  The combined measurement of movement and speech parameters will allow the 
determination of a ‘cognitive signature’ or ‘mind state indicator’ of an individual with early 
Parkinson’s disease;  

(2) The ‘mind state indicator (MSI)’ will allow differentiation from controls and those with other 
forms of neurodegenerative disease (such as Alzheimer’s disease).  

Aims 
The ultimate aim of the project is to develop a simple, pragmatic tool that can be used clinically for the 
early diagnosis of PD. The specific aim of this preliminary study is to: 

(2) Determine which data streams are most sensitive and specific to changes occurring in early 
PD within the context of the mind state algorithm. 
 

Approach 
In order to address these hypotheses and aims we will utilize a Body Sensor Network (BSN). The body 
sensor system consists of several inertia measurement units (IMUs). A separate microphone will be 
used to record spontaneous speech production.  
 
In this study we will collect speech and movement data streams simultaneously using the BSN system. 
These information streams will be analyzed using a linguistic computational algorithm that will be 
adapted to include posture and arm movement, the Mind State Indicator (MSI) algorithm. 
 
Protocol 
Primary Objective:  
To determine whether the BSN is able to distinguish early PD from normal healthy age-matched 
controls 
 
Secondary Objective: 
To determine whether the BSN is able to distinguish early PD from mild Alzheimer’s disease 
 
Method:  
 
Design:  
This will be a case-control study.  
 
Body sensor network (BSN):  
The BSN consists of 5 sensors, of which 2 are attached to the left upper and lower arm, 2 to the right 
arm and one on the back. A headset containing a microphone and orientation sensor will be used to 
collect speech. The orientation sensor can be used to pick up noise artifacts due to head movements 
during speaking.  
 
Participant selection and recruitment:  
Sixty subjects will be involved in the study: 20 PD patients within 5 years of diagnosis, 20 age-
matched control subjects and 20 subjects with mild AD (MMSE 21-26). Potential participants will be 
identified from patient registers, at regular specialist clinics within Plymouth Hospitals NHS Trust 
(PHNT) (UK) as well as at relevant events hosted by societies such as patient charities. 
 
Inclusion Criteria (PD) 
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• Age	
  greater	
  than	
  18yrs	
  	
  
• Diagnosis	
  of	
  Parkinson’s	
  disease	
  according	
  to	
  UK	
  Brain	
  Bank	
  criteria	
  within	
  last	
  5	
  years 
• MMSE > 26 
• Hoehn	
  and	
  Yahr	
  stage	
  1-­‐3 
• No	
  motor	
  fluctuations	
  
• Willing	
  and	
  able	
  to	
  give	
  informed	
  consent	
  for	
  participation	
  in	
  the	
  study	
  	
  
• Able	
  and	
  willing	
  to	
  comply	
  with	
  all	
  study	
  requirements	
   

 
Inclusion Criteria (AD) 

• Age	
  greater	
  than	
  18yrs	
  	
  
• Diagnosis	
  of	
  Alzheimer’s	
  disease 
• MMSE 21-26 
• Willing	
  and	
  able	
  to	
  give	
  informed	
  consent	
  for	
  participation	
  in	
  the	
  study	
   
• Able	
  and	
  willing	
  to	
  comply	
  with	
  all	
  study	
  requirements 

 
Inclusion criteria (carer/unaffected volunteer) 

• Age	
  greater	
  than	
  18yrs	
  	
  
• No	
  known	
  neurodegenerative	
  disorder	
  
• Willing	
  and	
  able	
  to	
  give	
  informed	
  consent	
  for	
  participation	
  in	
  the	
  study	
  	
  
• Able	
  and	
  willing	
  to	
  comply	
  with	
  all	
  study	
  requirements	
  	
  

 
Exclusion Criteria 

• Inability	
  to	
  comply	
  with	
  study	
  protocol	
  
• Any	
  other	
  significant	
  disease	
  or	
  disorder	
  that	
  is	
  known	
  to	
  affect	
  motor	
  function	
  or	
  

cognition	
  
• Use	
  of	
  alcohol,	
  benzodiazepines,	
  or	
  other	
  sedating	
  drugs	
  in	
  the	
  12	
  hours	
  prior	
  to	
  study	
  

visit	
  
• Non-­‐fluent	
  English	
  speaker	
  
• Severe	
  visual	
  impairment	
  	
  

 
Study Procedure: 
Participation involves one clinic visit which will last approximately 2-2.5 hours including a 15 minute 
break. This includes time for consent, assessment and debrief. The visit will take place at the clinical 
research facility at PHNT, although patients may undergo assessment at home if attendance at a study 
clinic is difficult for them. Informed consent will be taken. Patients will then undergo a brief medical 
history and examination during which demographic details and details of their condition will be taken, 
as well as a brief examination. The following assessments will then be undertaken: 
 
PD Patients: 

• PD Severity 
o UPDRS 
o Hoehn and Yahr staging 

• Cognition 
o MMSE 
o ACE III 
o MOCA 

• Depression 
o Becks Depression Inventory 

• BSN assessment 

AD Patients: 
• Cognition 

o MMSE 
o ACE III 

• Depression 
o Becks Depression Inventory 
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• BSN assessment 

Controls: 
• Cognition 

o MMSE 
o ACE III 

• Depression 
o Becks Depression Inventory 

• BSN assessment 

BSN assessment: each participant will wear the Body Sensor Network (BSN) system on their arms and 
back, as well as a headset with a microphone (see Figure 14-1). 

 

 
Figure 13-1. Experimental setup of BSN system. 

 
All participants will wear the same BSN to standardize the experimental protocol. Each subject will 
perform three different activities of daily living that have previously been identified in the Motor 
Activity Log (MAL) for the upper extremity: 
 
1- Preparing a meal (contains items “use fork/spoon” and “Pick up glass”) 
2- Putting on a cardigan (contains items “put arm to clothes” and “button clothes”) 
3- Open and close a lock (contains item “open door with key”) 
 
Although the activities are predefined the subjects are allowed to move freely in order to complete 
them as they see fit. 
 
An initial reference measurement will be obtained for each subject. To obtain the reference 
measurement each participant will be asked to stand as motionless as possible, simultaneously they 
will be asked to count upwards from one. The subjects are informed that this is a reference 
measurement to test if the system is working correctly. This measurement should provide a normative 
dataset for both stability and speech, as there is little cognitive action required during the reference 
task. The reference task will be obtained over a 2-minute time period. Each subject will be asked to 
stand in front of a table where they will be performing the 3 activities of daily living during the 
reference measurement.  
 
The order in which subjects will perform the activities will be randomly assigned. During the three 
daily living tasks, the subjects will be asked to continuously talk to the researcher what they are doing 
and how comfortable or uncomfortable they find the BSN. The objects (e.g. cup, cardigan etc.) 
required for each task will be strategically placed in front of them. Synchronized video collection will 
be conducted to relate obtained signals to specific activities and for quality assurance purposes. Each 
task will be repeated three times. 
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Analysis 
Data processing will be performed using Matlab software (Mathworks, MA, USA). 
 
Data Collection: Joint stability and arm movement will be measured using the BSN (Xsens) 
measurement tool.  Speech, which is a secondary data stream to upper limb and back movements, will 
be collected using a voice recording system during free speaking.  
 
The prediction algorithm will be offered one optimization data set of 10 controls, 10 PD and 10 AD 
patients. The optimized algorithm will subsequently be tested with a new data set consisting of 30 
subjects (10 controls, 10 PD patients and 10 AD patients). Kappa (κ) statistic will be used to compare 
observed agreement between the prediction and ordinal scale consisting of clinical diagnosis of stages. 
This method will correct for chance and the κ statistic can be seen as the asymptotically equivalent to 
the infraclass correlation coefficient. The sensitivity and specificity of the prediction will determine 
subsequently the quality of the predication. 
 
Dependent variables: ‘Mind state indicator’ as computed based on joint stability and arm movement 
trajectory related variables (including position, velocity and acceleration) and linguistic parameters. 
Speech parameters are dependent on LXIO configuration (Howard & Guidere, 2011), but can also 
include the following: latency between prompt and spoken answer, the number of speech errors or 
involuntary tics per minute, and the time taken to pronounce individual syllables; each experimental 
evolution may involve a separate speech parameter.  
 
Independent Variable: Severity of disease as assessed by disease-specific measures. 
 
Data Processing and Analysis:  Using Matlab, data will be analyzed across groups, within groups, and 
for each individual subject for each of the three tasks.  Based on initial data analysis, we will further 
breakdown data for specified movements and for specified time segments and areas of interest. We 
will use a continuous wavelet transform (CWT) to divide the signal into wavelets, allowing us to 
analyze the frequency content over time. This information can then be used to compare signals and 
find relationships. Speech data will be analyzed for temporality and mood changes using the Mind 
State Indicator (MSI) algorithm in combination with other various speech signal processing algorithms 
and methods used in previous studies (Tsanas et al. 2011). Patterns and correlations can be further 
analyzed using statistical modeling to compare axiology and cognitive states between PD subjects and 
healthy subjects. 
 
Study Outcome 
At successful completion of this study we will have determined whether the ‘mind state indicator’ 
derived from the BNS is able to reliably differentiate patients with PD from healthy age-matched 
controls and from patients with AD. If this is shown to be the case, then we will plan to further 
investigate the potential for this technology to provide clinically useful information gathered in 
patients’ own homes. Specifically we will design studies to determine whether (1) measurements are 
reliable and reproducible in ‘real-life’ home environments; (2) mind state indicator changes correlate 
with disease progression; and (3) mind state indicator changes are detectable in at-risk groups (e.g. 
genetically defined).  
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