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Abstract

Freezing of Gait (FOG) is a common movement disorder affecting patients with Parkin-

son’s disease in the advanced stage. Patients often describe it as feeling like their feet are

“glued to the floor” which suppresses their ability to start walking or to continue moving

forward. It significantly affects patients’ quality of life since the sudden and unpredictable

characteristic of FOG is a common cause of falls and related injuries. It interferes with

daily activities, and leads to a loss of independence. Freezing of gait is mainly perceived

as an alteration in the pattern of movement, and the accelerometer, which senses move-

ment, speed and direction, can be used as the main sensor in the detection of FOG in

research studies.

Although the accelerometer has been successfully applied in the detection of FOG, it is

only able to detect FOG as it occurs, which is often too late for prevention of injuries

such as falls. The research in this thesis introduces electroencephalography (EEG) as a

novel technique to address this problem. The EEG provides a window to see the transition

episode before a freezing episode. Freezing of gait occurs as a result of complex, dynamic

neurophysiology in the brain related to motor control as well as cognition and emotions,

and the EEG signal can capture the electrical activity of the brain while this is occurring.

In addition, scalp EEG has many other benefits, such as its portability, non-invasive na-

ture, relative inexpensive cost and simple operation, whilst providing high precision in

time measurements.

The study examined 16 patients (age 70.88± 6.92 years) with idiopathic Parkinson’s dis-
ease and significant FOG, consisted of 9 patients at Hoehn and Yahr (H&Y) stages 2 and

2.5 - the early stages (56.25%), 5 patients at stage 3 - the moderate stage (31.25%), and
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2 patients at stage 4 - the advanced stage (12.5%). This research studied the various fea-

tures of EEG which can be used as indicators of FOG and aims to introduce the effective

features as inputs for the FOG.

The first analysis was based on the classical power spectral density (extracted using Fast

Fourier Transform) and its counterpart (extracted using wavelet transform). By using

centroid frequency extracted from channel central zero (Cz) as input and artificial neu-

ral network as the classifier, the classification of two episodes (normal walking and 5 s

transition before freezing) in the in-group was obtained with a sensitivity, specificity and

accuracy of 77.0%, 74.1% and 79.5%, respectively.

The second analysis studied the cross correlation and coherence based features, aiming

to improve the performance of the FOG detection and to obtain a better understanding

of FOG. These features provide spatial properties of EEG which complement the time-

frequency characterization gained from classical power spectral analysis.

Beyond correlation of two brain locations, in the third analysis, the brain connectivity

dynamic analysis was explored further using the analysis of the causal influence between

the brain locations of interest. A squared Generalized Partial Directed Coherence was

used to evaluate this causal connectivity. This approach modelled effectively the inher-

ently multivariate nature of neuronal networks. All the features were investigated with

clinical EEG data. After the optimization using Independent Component Analysis and

Bayesian regularization, and applying squared Generalized Partial Directed Coherence

connectivity estimation, in the in-group the classifier achieved a sensitivity, specificity

and accuracy of 89.1%, 91.2%, and 90.2% , respectively. The results in the out-group

were relatively similar with a sensitivity, specificity and accuracy of 86.5%, 92.8% and

89.5%, respectively.

In addition, the physiology analysis provided the characterization of FOG. Beta oscilla-

tions in central lead were found to underlie the neural activity in transition to the freez-

ing episode in power spectral measurement. In coherence study, pairwise frontocentral

showed significant change, especially in the theta frequency. Effective connectivity also

showed significant alteration on the causality measurement in this area. This finding lead
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to the development of the predicted mechanism underlying FOG.

In summary, the techniques proposed in this dissertation contribute to the development

of the detection system of FOG that can be used by patients with PD to improve their

symptoms with satisfactory classification performance. In addition, the results of the ex-

periment provide the electrophysiological signature of FOG in PD lead to novel insights

into the pattern of spatiotemporal dynamic of the brain underlying this debilitating symp-

tom of PD.
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Chapter 1

Introduction

“I turned myself around. In fact, Parkinson’s has made me a better person. A better

husband, father and overall human being. Life delivered me a catastrophe, but I found a

richness of soul.”

-Michael J. Fox

1.1 Motivation

After Alzheimer’s disease (AD), Parkinson’s disease (PD) is the second most prevalent

neurodegenerative disorder which increases with age (Factor & Weiner, 2007a). It is

a slowly progressive, incurable, and complex neurodegenerative disorder, which mainly

but not only involves motor systems. In addition to the main motor symptomatology

(tremor, rigidity, akinesia, and postural disturbance) and the late onset motor symptoms

(such as gait disturbance including festinating gait and freezing of gait (FOG), speech

and swallowing disorders, gastrointestinal motor functions disturbance, postural instabil-

ity and falls), some non-motor symptoms such as depression, dementia, hallucinations,

sleep disorder, and personality change may be present and may become troublesome after

several years of the disease.

Identified clinically as idiopathic PD to distinguish it from more general Parkinsonism,

PD is widely understood to be caused mainly by the degeneration of a neurotransmitter
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which controls movement, called dopamine, in the substantia nigra, an area in the basal

ganglia of the brain (Wichmann et al., 2007). Developments in the study of the patholog-

ical process, reveal new insights into the complex and multi system abnormalities in the

neurotransmitter systems, which cause a wide range of non-motor symptoms, such as cog-

nitive and affective problems (Wolters & Bosboom, 2007). As a result, non dopaminergic

hypotheses have been developed along with the finding that the neurodegeneration in PD

also affects most of the brain neuromediators, such as acetylcholine (chemicals which are

stimulates muscle cells), noradrenaline-epinephrine (chemicals which are responsible for

vigilant concentration, in an anti-stress hormone in the body), serotoninergic (chemicals

related to serotonin, a contributor to feeling of well-being and happiness, positive and

negative moods), cholinergic (chemicals related to acetylcholine which has an important

role in the sensory perceptions, learning and memory), and glutamate (a neurotransmitter

which is involved in most aspects of normal brain function, including cognition, memory

and learning) (Devos et al., 2010).

PD is a relatively common disorder which affects between 4.1 and 4.6 million individuals

over age 50 in the Western Europe’s 5 most populous nations (Germany, France, the

United Kingdom, Italy, and Spain) and the world’s 10 most populous nations (China,

India, United States, Indonesia, Brazil, Pakistan, Bangladesh, Russia, Nigeria, and Japan)

in 2005 (Dorsey et al., 2007). The number of people with PD (PWP) has been predicted

to double over the next 20 years along with the ageing of the general population and the

increasing of life expectancy (Factor & Weiner, 2007a). It is estimated that over 64,000

Australians had a diagnosis of PD in 2011, approximately one in every 350 people, with

nearly 30 newly diagnosed PD cases each day (DeloitteAccessEconomicsPtyLtd, 2011).

One in five of those affected is estimated to be of working age (15-64) with 12.2 years the

median living years from onset to death.

Currently, neurological diseases, including PD, lead to 1% of deaths worldwide. Neuro-

logical diseases are predicted to become the second most common cause of death in the

world by 2040 (WHO et al., 2004). While PD by itself is not fatal, life expectancy of PWP

decreased due to the degrading impact of PD on the physical disabilities. A nine-year fol-

low up study on 170 PWP in Sweden reveals premature death due to cerebrovascular
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Figure 1.1: Projected growth rates in number of individuals over 50 with PD in the most
populous nations in Western Europe and the world from 2005 to 2030

(Dorsey et al., 2007).

diseases and swallowing problems led to pneumonia (Fall et al., 2003).

Society also pays an enormous price for PD. The personal financial cost impact of PD in

Australia in 2011 was estimated to be around $12,000, and the average life time financial

cost to be around $144,000 for PWP who lives for 12 years (DeloitteAccessEconomic-

sPtyLtd, 2011). The impact of the disease on an individual and societal basis was also

measured through the “healthy life” lost year due to disability and early death, which

is called Disability Adjusted Life Years, DALYs. For PD, the burden of the disease in

Australia in 2011 was estimated to be 46,069 DALYs. A recent Finnish study also found

PD to have the greatest negative impact on health-related quality of life among 29 major

chronic conditions including stroke, heart failure and cancer (Saarni et al., 2006).

The progression of motor symptoms becomes the main bases for the clinical diagnosis

of PD. The Hoehn and Yahr scale of PD, introduced in 1967, has wide utilization and

acceptance because it is very easy to administer to rate the progression of PD symptoms.

Its modified forms are still used in practice and clinical trials (Gancher, 2008). It applies 5

neuropathologic stages of PD as illustrated in Table 1.1. As the Hoehn and Yahr scale rat-

ing system measures motor movement impairment only, the Unified Parkinson’s Disease

Rating Scale (UPDRS) which is more complicated but covers more factors (for example
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behavior, mood and activities of daily living), has largely supplanted it.

Table 1.1: The Hoehn & Yahr Scale (1967)

Stage Characteristics
1 Unilateral involvement only. Usually minimal or no functional impairment.

Symptoms include tremor of one limb, and change in posture, locomotion and
facial expression.

2 Bilateral symptoms with minimal disability. Posture and gait affected.
3 Significant slowing of body movements. First signs of postural instability of

walking or standing, Mild to moderate disability.
4 Severe symptoms: walking limited, rigidity and bradykinesia. Severely dis-

abling, individual is markedly incapacitated and is unable to live alone.
5 Cachectic stage. Restricted to bed or wheelchair unless aided.

Freezing of Gait (FOG) is common in idiopathic PD and is found in a majority of ad-

vanced PD patients, generally accepted as related to those with Hoehn Yahr stages 3 and

4, with prevalence of FOG occurring in up to 53% of the population after 5 years of ill-

ness (Niewboer et al., 2004; Okuma, 2006; Giladi & Niewboer, 2008). However, other

studies show that FOG occurs in very early stages of idiopathic PD (Bloem et al., 2004),

with up to one quarter of the patients experiencing FOG in the early stages of PD (Moore

et al., 2008). A survey of 6620 PWP in Germany reported that 28% of the cohort ex-

perienced FOG daily, whilst 13% and 6% of the cohort experienced FOG weekly and

monthly, respectively (Macht et al., 2007).

Described by patients as a feeling like their feet are “glued to the floor”, this episodic

gait disorder suppresses patient ability to start walking or continue moving forward. The

alternating tremble of the leg and hastening or increase in cadence with a decrease in step

length (festination), often accompanies FOG. The sudden and unpredictable character of

FOG makes it a common cause of falls, interferes with daily activities, and significantly

impairs quality of life (Backer, 2006). FOG happened both in the “on” state (when medi-

cation is functioning effectively), but more frequently in the “off” state (when medications

has no effect). FOG was found to be the most distressing symptom and the least under-

stood symptom in PD. The poor efficacy of empirical treatments present the condition as

an important clinical issue (Nutt et al., 2011a; Shine et al., 2011).
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That patients do not have a proper understanding of what actual freezing looks like is a

challenge for clinicians, as this causes them to deny having FOG (Snijders, 2012). The

challenge for researchers lies in the difficulty to provoke FOG because during physical

examination, compared with normal daily life when FOG happens naturally, patients can

temporarily suppress FOG in a formal testing environment, simply through their extra

attention to gait.

FOG is difficult to measure because it is highly sensitive to environmental triggers, cogni-

tive input, and medication. The manifestation of FOG is intimately related to the external

environment of the individual. Several specific scenarios have been found to initiate FOG,

including dual tasking, passing through doorways or crowded areas, and stress and anxi-

ety, with turning around and fatigue found to be the strongest provoking factor (Rahman

et al., 2008). Together, the multifactorial nature of these triggers indicates a multi system

deficit in FOG, in which impaired information processing across cognitive, affective, and

motor domains leads to overwhelming inhibition over the brainstem structures that con-

trol gait (Shine et al., 2013a; Nieuwboer & Giladi, 2013a). This proposal is supported

by the results of functional neuroimaging (Bartels & Leenders, 2009; Shine et al., 2013b;

Almeida & Lebold, 2010).

As dopaminergic replacement therapy only partially alleviates FOG, different strategies

have been developed to trigger alternative neural circuits in behavioral control. So-

matosensory cues have been found to improve walking, with visual cues offering the

strongest influence, followed by tactile, emotional and auditory cues (Rahman et al.,

2008). A recent investigation on the effect of visual cues using laser on 7 PD patients

with FOG showed that “on-demand” cueing (only given when FOG episodes were ob-

served) is more efficient for reducing the duration of FOG periods than continuous cueing

(Velik et al., 2012) which indicates the importance of a FOG detection system.

1.2 Problem Statement

In recent years, few attempts to detect or predict the onset of FOG have been reported.

Because leg oscillations are so common in an episodes of freezing, they are used as a
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sign of the onset of freezing and as an indication for immediate special treatment to “un-

freeze” (Nutt et al., 2011a; Jovanov et al., 2009). There are 2 major approaches: that based

on characterizing FOG using a spatiotemporal kinematic parameter of gait (an increased

cadence, decreased stride length, and decreased angular excursion of leg joints) (Connor

et al., 2007); and that based on frequency analysis of leg movement (Delval et al., 2010).

Some research have reported Electromyography (EMG) patterns to detect the onset of

FOG (Niewboer et al., 2004; Popovic et al., 2010). A wearable device using “on-body”

acceleration sensors to measure patient’s movements has also been developed (Bachlin

et al., 2010).

While the above research give insight to the physiological characteristic signs, their reli-

ability as an indicator of FOG are limited by their large variability in data measurements

due to different walking styles among patients. Besides, the research cannot differenti-

ate akinesia of FOG and non-FOG gait disturbance during normal walking, which may

include stopping voluntarily, due to the similarity in characteristic of related motor per-

formance (Moore et al., 2008; Mazilu et al., 2012; Niazmand et al., 2011a). Furthermore,

applying the intervention after indicating gait problemmakes it less effective to un-freeze.

Thus there is need for a different approach to solve all of these problems, and using a

brain signal appears to be a potential effective solution, as it can provide information on

the motor progression before the onset of FOG, and it is not determine by the personal

gait movement styles.

Despite extensive research on the Electroencephalography (EEG) to identify and analyze

brain dysfunctions including AD (Trambaiolli et al., 2011), epilepsy (Adeli et al., 2007),

monitoring cerebral injury and recovery (Shin et al., 2008), there are very few studies

on EEG and PD (Velu et al., 2013). While EEGs have been used to study PD, includ-

ing symptoms relating to FOG, no implementation of EEG for FOG detection has taken

place. With the development of the EEG signal preprocessing (better sensor, amplifier and

filtering), EEG signal transmission data mode (wireless), EEG signal processing (artifact

handling, features of extraction and selection), and EEG signal classification, EEG ap-

pears as a promising device in the detection of FOG in PD’s patients due to its portability

and convenience of use.
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This research project have emerged as a further development of an initial discussion in

understanding and predicting FOG in PD patients using EEG signals, between Professor

Hung Nguyen, the Director of the Centre for Health Technologies, University of Technol-

ogy Sydney, and Associate Professor Dr Simon J.G. Lewis, the Director of the Parkinson’s

Disease Research Clinic, Brain and Mind Research Institute, University of Sydney.

1.3 Thesis Objective

The aim of this research is to develop new methodologies for FOG detection through the

development of algorithms which automatically interpret brain data associated with FOG

in PD patients. This research used a 4-channel wireless EEG system developed by Cen-

tre for Health Technologies - UTS research team. Brain signal dynamics were chosen

to predict the onset of freezing at the earliest time due to its ability to measure dynamic

physiological change in the brain before the occurrence of movement disturbances. Us-

ing EEG, both cortical and subcortical activity can be studied through the time-varying

changes in certain spectral bands, which also allow insights into the mechanism of FOG.

Hence, 3 areas are explored.

First, the feasibility of this novel method of using EEG for detecting FOG is assessed.

This research includes the extraction of valuable information from each single separated

channel measures, and the study of the potential use of EEG to discriminate between

normal walking and transition to freezing of PD patients with FOG. An Artificial Neu-

ral Networks (ANN) is implemented to classify the EEG signals from those 2 conditions

using the representation of the time frequency domain characteristic of EEG signals, ex-

tracted using Fast Fourier Transform and wavelet transform.

Second, the functional interactions of pairwise EEG channels related to the freezing

episode as indicators of FOG (which also can be used as features for a classification sys-

tem) are investigated. Moving further from analysis on single separated channel measures,

this study observes the statistical dependencies among spatially remote neurophysiologi-

cal measurement characterized by their correlations and coherences. The implementation

of ANN as a classifier for FOG detection with these features as inputs and its physiology
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was researched.

Third, the influence one neural system exerts over another in 4 different cortical levels

was studied and used to give insight for the neurophysiological explanation of FOG and

as inputs for classification system. The classification system is optimized by maximizing

separation between signals which represent different conditions (i.e. minimizing the mu-

tual information between the components of the input) using the independent component

analysis (ICA) and by building more robust training for ANN using Bayesian regulariza-

tion.

1.4 Thesis Contribution

The contributions of this doctoral research are presented as follows:

• Firstly, a method for extracting valuable information from EEG signals, and study
of the potential use of EEG to predict FOG, by discriminating the pattern of EEG

signals characterized by single channel measurement based during normal walk-

ing and transition to FOG. This novel application of EEG signals classification for

detecting FOG includes data collection and signal processing from 16 PD patients

with FOG. The preliminary study that showed the feasibility of using this new ap-

proach in FOG treatment has been reported in (Handojoseno et al., 2012).

• Second, neural networks predictive classification of FOG was augmented by con-
nectivity measures reflecting the functional interaction between pairwise electrode

taken from 4 locations of interest. This study of coupling and cross talk between

different locations of EEG channel lead to further exploration of the FOG phys-

iology mechanisms associated with motor, cognition and emotional systems and

parameters related to those mechanisms captured using EEG signals. This part of

the research has been presented in (Handojoseno et al. 2013; 2015a). The interpre-

tation on the pathophysiology underlying FOG based on the finding in the connec-

tivity proposed further insight into the understanding of this mysterious symptom

of PD (Shine et al., 2014).
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• Third, the direction of information flow on the pair of time series was determined
using partial directed coherence and used as inputs for FOG detection. An opti-

mization of the source information separation by implementing ICA to this effec-

tive feature was investigated and proved. It was found to increase the performance

significantly when combined with the application of Bayesian regularization as the

training methods for artificial neural networks using brain effective connectivity

estimation as inputs, as has been reported in (Handojoseno et al. 2014; 2015c).

1.5 Outline of Thesis

This thesis consists of 6 chapters, a bibliography and appendices. The following chapters

of this thesis are organized as below:

Chapter 2 reviews literature associated with the FOG detection. It covers the fundamental

keys to understanding of PD including the history, the pathophysiology, specially related

to gait movement, diagnosis and treatment. It also provides an explanation of FOG includ-

ing current research related to 5 hypotheses on the pathophysiology of FOG, especially

those which explore the brain dynamic during that episodic gait disorder. Then, the scope

is narrowed to focus on the existing strategies of FOG detection, and to provide a brief

outline of the proposed FOG detection strategy.

Chapter 3 presents the initial works on FOG detection based on power spectral analysis.

The classical Fourier transform based univariate feature is compared to its counterpart

extracted using wavelet transform based features. This part includes EEG acquisition

through timed up and go (TUG) test and the basic EEG signal analysis. It presents a

study of the characteristic of EEG data from 3 different episodes, that are normal walk-

ing, transition to freezing, and freezing, followed by the classification of the data for the

detection of freezing using artificial neural networks. This chapter is completed with a

discussion and conclusion.
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Chapter 4 presents an investigation on brain functional connectivity of EEG signals from

PD patients with FOG. Although basic spectral analysis already indicates a different pat-

tern of EEG signal during transition to freezing compared to normal walking, extracting

more information beyond the classical approach provides more insight into the physio-

logical dynamic of the brain following the growing interest of neuroscientists on the brain

networking. This analysis also provides additional information of EEG signals as inputs

for a classification system to improve the performance of FOG detection. The optimal

characterizations of the differences between normal walking and transition to freezing

were searched by combining different features based on their ranking, and their perfor-

mances when used as inputs of artificial neural networks, are evaluated. This chapter is

completed with a discussion and conclusion.

Chapter 5 presents the FOG detection strategy using brain effective connectivity analy-

sis which captures causality beyond correlation in multivariate analysis. Optimization of

the features was investigated using a combination of ICA and brain effective connectivity

measurement. Optimization of the classifier was investigated by using Bayesian regular-

ization instead of early stopping. Also presented in this chapter is the predicted mecha-

nism underlying FOG, which has been proposed, through the analysis of brain activity,

related with abnormal patterns of theta frequency oscillations during the FOG episode.

This chapter is completed with a discussion and conclusion.

Chapter 6 presents the overall discussion and conclusions for this research. The discus-

sion covers the advantages and the limitation of different methods utilized in the study

as well as their performance in achieving the objectives of developing methodologies for

FOG detection in patient with PD using EEG signals and computational intelligence. The

chapter ends with suggestions of possible directions for future works in FOG detection.
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Literature Review

“The disease, respecting which the present inquiry is made, is of a nature highly afflictive.

Notwithstanding which, it has not yet obtained a place in the classification of nosologists;

some have regarded its characteristic symptoms as distinct and different diseases, and

others have given its name to diseases differing essentially from it; whilst the unhappy

sufferer has considered it as an evil, from the domination of which he had no prospect of

escape.”

-James Parkinson

2.1 Parkinson’s Disease

Parkinson’s disease (PD) occurs worldwide and very likely was known thousands of years

ago (Goldstein, 2009). The description of a disease closely resembling PD was found in

ancient Sanskrit writing in India from around 2.500 B.C, and in ancient Egyptian pa-

pyrus text from around 1150 years later. It also appeared in the study on tremors of the

Greek physician Galen in the second century A.D., and the observation of the Italian artist

Leonardo da Vinci in the fifteenth century. However, it was not until early in the nine-

teenth century (1817) that we have accurate descriptions of the sequence of PD symptoms

by the English physician James Parkinson in his “An Essay on the Shaking Palsy”. This



Chapter 2. Literature Review

work received little initial attention until a French physician, Jean-Martin Charcot, con-

tinued the research, dissecting the 4 cardinal features of PD (tremor, rigidity, akinesia and

postural instability - gait disturbance) and naming the condition which mainly affected

the motor system, as Parkinson’s disease.

In the early 1960s, researchers identified the deficiency of an important chemical, dopamine,

as a hallmark of the disease. A 90% reduction in the concentration of dopamine was found

in the striatum and substantia nigra in the basal ganglia in the brains of patients dying

of PD (Simuni & Hurtig, 2008). Dopamine is one of the neurotransmitters which help

transmit messages to the striatum in the central area of the brain to initiate and control

movement and balance (see Fig. 2.1). Working with acetylcholine, the dopamine system

guarantees that muscles work smoothly without unintended movement.

Figure 2.1: Dopamine roles in the movement production as a neurotransmitter.

Fig. 2.2 shows the comparison between a healthy state and PD. Signals pass from the

brain’s cortex through the reticular formation and spinal cord (Pathway A) to the muscles

to make them contract. Other signals pass along Pathway B through the basal ganglia to

damp on the signal in Pathway A, reducing muscle tone to avoid jerky movements. In PD,

decreasing amounts of dopamine prevent modification of the nerve pathways that control

muscles contraction. The loss of damping effect makes the muscles overly tense, causing

tremor, joint rigidity, slow movement and freezing.

The motor control system can be seen as having 3 aspects: planning, programming and

14
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Figure 2.2: Comparison of control movement between healthy state and PD
(Arthur & Brown, 2009).

executing related mainly with 3 parts of brain: motor cortex, basal ganglia and cerebellum

(Reed, 1998)(Fig.2.3). While lack of motor execution is known as a major sign of PD,

researchers have different opinions whether the problem of voluntary movement in PD

occurs in motor programming or planning. Mixed findings have been reported, perhaps

due to different patient groups disease severity and the wide variation of PD symptoms

among patients.

Figure 2.3: Schematic diagram of the nervous system for normal movement
(Reed, 1998).
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A study of speeded sequential movements in a reaction time (RT) task, to consider the

cognitive processes that occur during the time period between the onset of a target stimu-

lus and the initiation of movement, proved that PD does not impair the response selection,

programming or execution processes themselves, but affects the smooth coordination of

those processes (Jennings, 1995). Research on the differences between preprogrammed

movements and those prepared online, found the increase of RT for more complex move-

ments, the variability of RT due to disease severity, and that complex movement needs

more online programming. This result supported the explanation of the disruption in the

motor planning process influenced by the basal ganglia (Reed, 1998). The different task

with a different amounts of attention assigned to the motor task, resulted in varying the

sign (i.e. increase or decrease in activation) in the frontal motor areas which are abnor-

mally activated in PD patients as they perform manual motor tasks (Rowe & Siebner,

2012).

In spite of difficulties of specifying which part of the process of movement is most af-

fected by PD, there is a general understanding on the movement process. To initiate

movement, the brain must have current information about the environment to determine

the positions of the body parts that are to be moved and the positions of any external

objects with which the body is going to interact with. Through the sensory organs, this

information is collected, projected to its proper location in the brain, and analyzed. As

seen in Fig.2.4, the inferior and posterior parietal cortex simultaneously receive highly

processed somaesthetic (parietal lobe), visual (occipital lobe), auditory (temporal lobe)

and movement-related input from the various association areas.

Figure 2.4: Schematic diagram of converging sensory flow to the inferior-posterior
parietal lobule (Joseph, 1996).
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Initial information about the position of the body parts and its environment from the pari-

etal lobe is sent to the frontal lobe and is used to plan movements. It is analyzed at the

prefrontal cortex (planning) and then projected to the premotor cortex and supplementary

motor area (programming) and to the primary motor cortex (executing)(Fig.2.5). From

the primary motor cortex, the signal is transmitted to the spinal cord and then to the pri-

mary regions where it is acted upon, so that neurons in the primary area also become

active before and during movement. Based on functional imaging, it is known that ac-

tual movement increases activation of the primary motor compared to merely preparing

to make movement, showing its significant role in executing the plan (Carlson, 2013).

Figure 2.5: Schematic diagram of the motor control flow (Carlson, 2013).

Since classically PD has been considered as a motor disorder, the motor circuit became

the focus of its studies. However, numerous studies have shown the influence of non-

motoric aspects in the movement disorders in PD including FOG. Anatomical and func-

tional studies on the basal ganglia, the main part of the brain affected by PD, show a more

complex system rather than simply motor control, as it also involves activities such as

learning, decision making, habit formation, temporal estimation, reward-related behavior,

and emotions.

A recent model of basal ganglia proposed that certain parallel cortico-subcortical “loops”

are responsible for specific behavioral aspects: motor (the putamen, projecting back to

motor cortices, that is the primary motor cortex, supplementary motor area, and premotor

17



Chapter 2. Literature Review

cortex), associative/cognitive (the dorsal caudate nucleus projecting to the prefrontal cor-

tex) and limbic/emotional (the ventral striatum projecting to the anterior cingulate cortex

and the medial orbitofrontal cortices) (Juri et al., 2010) (Fig.2.6). Another model subdi-

vided it into 5 loops including those 3 loops and 2 additional loops, the oculomotor and

the lateral orbitofrontal (Yelnik, 2002).

Figure 2.6: Main functional division of the cortio-basal connections (Juri et al., 2010).

At present the diagnosis of PD is made clinically on the basis of history and clinical exam-

ination. Laboratory tests and imaging techniques are helpful in excluding other processes

that may present with Parkinsonian symptoms, but none can definitively diagnose PD.

The difficulties come from the fact that PD affects people differently (Wieler, 2003): some

people have almost no symptoms while others have many. Moreover, the constellation of

motor impairments can be caused not only by PD, but by any number of conditions that

decrease available dopamine, for example metabolic disorder, exposure to toxins, drugs

that interfere with the dopamine pathways in the basal ganglia and heredity disorders.

However, while there is no early detection screening test for PD at this time, research

continues with many different approaches. A wide range of possible markers studied in-

clude: olfactory identification deficits, combine motor/smell/mood disorder, progression

of clinical scales, blood/cerebrospinal fluid/tissue indicators, neuroimaging indicators and

genetic indicators (Morgan et al., 2010). The drive is based on the progression is likely

to be fastest at the beginning of the disease. As a consequence, neuroprotective treatment
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should be given as soon as possible after the onset of signs and symptoms in order to slow

down or even prevent the degenerative progress of this disease.

2.2 Freezing of Gait

2.2.1 Gait Disturbance and Freezing of Gait in PD

In his paper An Essay on the Shaking Palsy in 1817, James Parkinson described the gait

disturbances characteristics integral of Parkinson’s disease (Giladi & Niewboer, 2008):

“The propensity to lean forward becomes invincible, and the patient is thereby forced to

step on the toes and fore part of the feet, whilst the upper part of the body is thrown so

far forward as to render it difficult to avoid falling on the face. In some cases, when the

state of the malady is attained, the patient can no longer exercise himself by walking in

his usual manner, but is thrown on the toes and forepart of the feet; being, at the same

time, irresistibly impelled to make much quicker and short steps, and thereby to adopt

unwillingly a running pace.”

This notation, recorded in the early research on PD, describes gait festination, a unique

disorder of locomotion highly associated with freezing of gait (FOG). Festination can be

seen as a kind of gait disturbance which often presents with FOG in PD patients. While

Charcot might have described a FOG episode in 1877, it was Souques who at 1921, cre-

ated a description of “a patient being glued to the floor”, which was used widely subse-

quently as a surrogate marker to diagnose FOG (Snijders, 2012):

“Un parkinsonien que j’ai observe, malade depuis dix ans, ne pouvait marcher que très

péniblement, les pieds collés au sol. Or, parfois, il pouvait courir et même soulever les

pieds assez haut pour sauter un obstacle.”
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Based on the observation of its process, characterized as a loss of efficient forward move-

ment generation, FOG can be classified in 3 subtypes (Giladi & Niewboer, 2008): first, a

complete akinesia (no limbs or trunk movement, the most severe subtype), second, trem-

bling in place (no effective forward motion whilst the patient makes an effort to overcome

the block), and third, a very small shuffling forward steps (the least severe subtype). Com-

monly in daily life, it occurs in 5 situations: starting, turning, walking in tight quarters,

upon reaching destination and during mental overload, where start hesitation has been

reported as the most common type of FOG (Giladi & Niewboer, 2008). In relation to

dopaminergic treatment, commonly FOG is classified as “off” freezing (which improved

with dopaminergic treatment) or “on” freezing (which does not improve with dopaminer-

gic treatment, and can be even worse given the treatment) (Linazasoro, 1996).

The sudden disability to start walking or continue moving forward causes regular falls

and related injuries, leading to a loss of independence with a strong negative impact on

patient quality of life (Walton et al., 2015). This vicious cycle of FOG can be seen in

Figures 2.7.

Figure 2.7: Clinical impact of FOG (Okuma, 2014).

Current clinical evaluation and quantification of FOG conducted by experienced examin-

ers in the gait laboratory has challenges because the medical environment improves FOG

(Giladi & Niewboer, 2008). Besides, the classification of the patient’s severity is based on

their subjective description of FOG, through the Freezing of Gait Questionnaire (FOG-

Q) (Giladi et al., 2009), the New Freezing of Gait Questionnaire (NFOG-Q) (Nieuwboer
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et al., 2009) or the Unified Parkinson’s Disease Rating Scale (UPDRS)(Factor & Weiner,

2007b). This standard approach has the limitation that not all patients are able to give a

correct assessment of their own freezing problems (Nieuwboer et al., 2009).

A recent review, based on an National Institute of Health - U.S. Department of Health

and Human Services sponsored gathering of experts, describes FOG as a mysterious phe-

nomenon (Nutt et al., 2011a) and proposes 5 directions for developing hypotheses on the

pathophysiology of FOG, based on publications between January 1966 and April 2011.

These 5 hypotheses attribute FOG to (1) abnormal gait pattern generation, (2) a problem

with central drive and automaticity of movement, (3) abnormal coupling of posture with

gait, (4) perceptual malfunction, and (5) frontal executive dysfunction. Table 2.1 shows

the contribution of recent studies to each of these hypotheses (Heremans et al., 2013).

Research has identified the areas of the brain that are affected by FOG (Table 2.2). Recent

study on gait planning in PD patients using motor imagery of walking in combination

with function Magnetic Resonance Imaging (fMRI) shows cerebral activity reduction in

the right superior parietal lobule in PD patients with FOG and PD patients without FOG

compared with controls in activity for motor imagery versus visual imagery (Snijders

et al., 2011) (Fig.2.8). It suggests the impairment of patients with PD in integrating the

prediction of the somatosensory consequences of a motor plan in Brodmann areas (BA)

5 and 7. The similar result with less motor imagery-related activity in PD patients than

control also happened in a deeper area of the brain, the anterior cingulate cortex (BA 24).

Figure 2.8: Imagery-related brain activity in right superior parietal area.
PD=Parkinson’s disease; F=patients with FOG; NF=patients without FOG; *=significant

difference of P ≤ 0.05 (Snijders et al., 2011).
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Table 2.1: Studies on pathophysiology of FOG
(Heremans et al., 2013)

Hypothesis on Study Methodology Main results
the origins of FOG
1. Abnormal gait pat-
tern generation

Peterson et al, in
press

Gait analysis Stepping coordination is worse in freezers.

Williams et al, in
press

Gait analysis Manipulation of step amplitude and rhythm
affects coordination in PD.

Bhatt et al,2013 Gait analysis Freezers have an abnormal gait pattern dur-
ing turning.

Cowie et al, 2012 Gait analysis Freezing is related to high stride time vari-
ability but not to reduced stride length.

Snijders et al,
2011

fMRI + VBM Freezers show altered brain activity in areas
involved in regulation of step amplitude.

2. Problem with cen-
tral drive (automaticity)
of movement

Spildooren et al,
2012a

Gait analysis
central drive

Freezers benefit more from cueing than
nonfreezers during turning.

Lee et al, 2012 Gait analysis Visual and auditory cues improve gait in
freezers.

Snijders et al,
2012

Gait analysis Dual tasking during gait augments the risk
to induce FOG.

Nanhoe-
Mahabier et
al, 2012

Gait analysis Auditory cueing improves gait in PD pa-
tients with and without FOG.

3. Abnormal coupling
posture & gait

Spildooren et al,
in press

Gait analysis Freezers have an abnormal head-pelvis cou-
pling during turning.

4. Perceptual malfunc-
tion

Cowie et al, 2012 Gait analysis The number of freeze-like events increases
when walking through narrow doorways.

Kostic et al, 2012 VBM Freezers show GM atrophy in regions in-
volved in visuomotor functioning.

Lord et al, 2012 Visuospatial tests Freezers have a dysfunction of dorsal
occipito-parietal pathways.

Nantel et al, 2012 Visuospatial tests Freezers have a dysfunction in visuospatial
perception and reasoning.

Tessitore et al,
2012

fMRI Freezers show reduced functional connec-
tivity in visual networks in freezers.

5. Frontal executive
dysfunction

Shine et al, 2013 fMRI Freezers showed reduced activation in cog-
nitive control network during virtual walk-
ing.

Imamura et al,
2012

rCBF Freezers show decreased brain perfusion in
areas involved in cognitive functioning.

Tessitore et al,
2012

rsfMRI Freezers have reduced functional connec-
tivity in executive attention networks.

Kostic et al, 2012 VBM Freezers show GM atrophy in regions in-
volved in executive functioning.

Vandenbossche et
al, 2011

Cognitive tests Freezers showed impairment in conflict res-
olution.

Vandenbossche et
al, 2012

Cognitive tests Freezers have a deficit in response selec-
tion.
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Table 2.2: Overview of selected studies of lower gait movement, FOG, and related brain
location

Authors Subjects Methodology Results Location of in-
terest

J. Youn et al., 2015 42 PWP: 19
PWF, 23 PWoF,
and 33 normal
control

MRI and whole
Voxel-based
analysis

The microstructural changes in the
pedunculopontine nucleus and con-
nected subcortical structures: basal
ganglia, thalamus and cerebellum

Fz, Cz

J. B. Toledo et al.,
2014

22 PWP with
subthalamic
nucleus (STN)
deep brain
stimulation
electrodes
implanted
bilaterally

local field po-
tentials, EEG

The increase of high-beta STN os-
cillations and cortico STN coher-
ence

C3, Cz, C4, F3,
F4

D.S. Peterson et al.,
2014

9 PWF and 9
PWoF

fMRI with
imagined task

The reducing activity in SMA re-
gion on the right side of the brain

C4

P.D. Velu et al.,
2013

2 PWF and 6
normal control

EEG, EOG,
and EMG with
virtual reality
glasses

The decreasing power in alpha band
power due to visual cues and the in-
creasing information flow from Oz
to Cz and P4 in beta band power.

P4, Oz, Cz

J. Cremers et al.,
2012

15 PWP and 15
normal control

fMRI with
imagined task
& Microbe
Genome Anno-
tation Platform
(MGAP)

The right posterior parietal cortex
was hypoactivated within patients
MGAP and its mental gait-related
activation decreased with increas-
ing severity of gait disturbances

C1, P1-P2(Pz),
F1-F2(Fz)

A.H. Snijders et al.,
2011

25 PWP: 13
PWF and 12
PWoF

fMRI & EMG
with imagined
task

Increased activity in the right supe-
rior parietal lobule and right ante-
rior cingulate cortex, decreased ac-
tivity in the SMA and increased ac-
tivity in the MLR

C1, P1-P2(Pz),
F1-F2(Fz)

M. Shoushtarian et
al., 2011

20 normal con-
trol (8 young,
12 older), 20
PWP: 9 PWF,
and 11 PWoF

EEG, EMG &
EOG

A significant larger early slope and
peak amplitudes at Cz for the HYA
group compared to PD groups, and
also the PWoF compared to PWF

Cz

M. Bakker et al.,
2008

16 healthy men fMRI & EMG
with imagined
task

The increasing of the cerebral activ-
ity in Superior Parietal Lobule and
superior middle occipital gyrus

P3-P1-P2-P4,
P6

H. Matsui et al.,
2005

55 PWP: 24
PWF and 31
PWoF

SPECT The medial frontal area perfusion of
the FOG group decreased compared
to that of no FOG group

AF7, FPz

PWP: patient with PD; PWF: patient with FOG; PWoF= patient without FOG
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According to recent brain activation studies (Snijders et al., 2011; Hashimoto, 2006;

Crémers et al., 2012), the medial frontoparietal cortex (the supplementary motor area or

SMA, and the adjacent areas: lateral premotor areas, medial primary sensory motor areas,

anterior cingulate cortex, and superior parietal cortex) is assumed as the brain site respon-

sible for FOG in PD patients because lesions here cause identical FOG in gait apraxia. In

the study using motor imagery and visual imagery of walking, decreased activity in the

SMA was detected in PD patients with FOG (see Fig.2.9).

Figure 2.9: Imagery-related brain activity in the left supplementary motor area.
F=patients with FOG; NF=patients without FOG; *=significant difference of P 0.05

(Snijders et al., 2011).

In an experiment of motor imagery walking along a narrow path, Bakker et al. (2008)

found increasing cerebral activity in the left and right superior parietal lobule and in the

right middle occipital gyrus, structures with strong sensory afferences (Fig.2.10). This

study revealed an increased activity in the dorsal premotor cortex caudal, right rostral

cingulate zone posterior, superior parietal lobule and putamen during motor imagery of

gait in general along a broad path. It suggests that cerebral activity in the cerebellum

and SMA increases with increasing path length and the involvement of the structures in

a timing function is specific for motor imagery of gait, such as the timing of walking

movements.

Some studies of the central mechanisms underlying the organization of motor function

and its impairments involved analysis of cortical movement-related potentials (MRP) ac-

quired by averaging EEG activity prior to and during voluntary movements (Fig.2.11).

The comparison of MRP of healthy young adult and healthy older adult patients with PD
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Figure 2.10: Imagery-related brain activity during motor imagery of gait along a narrow
path (Bakker et al., 2008).

(PWP) without gait initiation difficulties/FOG (PWoF), and of young and older healthy

adult patients with gait initiation difficulties/FOG (PWF) in a study by Shoushtarian et al.

(2011) showed that significant group differences on early slope and peak amplitudes were

mainly found at central zero. It showed gait-generatedMRPs malfunction in both prepara-

tory and execution stage.

Figure 2.11: Sample averaged MRP with two prominent peaks
(Yom-Tov & Inbar, 2003).

Using three-dimensional Stereotactic Surface Projections (3D-SSP) for analyzing Single
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Photon Emission Computed Tomography (SPECT), Matsui et al. (2005) located the brain

area affected by FOG in the bilateral BA 11 (Fig.2.12). This spot was reported as related

with emotional or affective information (motivation, depression, panic attack) and also

with cognition (decision making). The Amboni et al. (2008) study which focused on

the executive functions in PD patients, found that FOG correlated with lower scores at

frontal tests in patients with early-stage PD. It supports the hypothesis that “on” state

FOG is associated with cognitive frontal dysfunction and shows that the severity of FOG

is related to the severity of cognitive impairment.

Figure 2.12: Three-dimensional stereotactic surface projection image
colouring in BA 11 where perfusion decreased in FOG group compared with that of the

no FOG group (Matsui et al., 2005).

With the understanding that dysfunction in FOG occurs in the preparation period before

any movement, Velu et al. (2013) used portable EEG to examine how the effect of visual

cues in increasing the information flow from visual and parietal areas to the motor cortex.

Based on anatomical findings from prior functional magnetic resonance imaging (fMRI)

and positron emission tomography (PET) experiments, they focused on analysis of spec-

tral power and connectivity in occipital (Oz), parietal (P4) and motor (Cz) channels. The

result of their study on two subjects suggests that visual feedback cues have an impor-

tant role in the activity and information flow via the nodes of an occipital-parietal-motor

network.
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2.2.2 Treatment of FOG

The medical treatment of FOG is complicated due to the multifactorial mechanism related

with FOG, and that the pathogenesis of FOG is poorly understood (Nutt et al., 2011b).

Different stages of the disease and different types of FOG need different strategies to im-

prove FOG. As can be seen in Fig. 2.13, there should be no wearing off where dopamin-

ergic medication is increased in the under-treated patient. FOG is also improved in the

“off” state and in the “on” state in “pseudo-on” cases. However, reducing dopaminergic

medication is necessary in the “true-on” freezing.

Figure 2.13: Treatment of FOG (Okuma, 2014).

Compensation strategies to prevent or lessen FOG have been developed based on rhyth-

mical cueing on gait, the development of assistive devices and behavioural approach

(Okuma, 2014). The integration of the emotional activation as well as the aesthetic qual-

ities of music to auditory cuing instead of only metronome reduced the impairment of

perceptual and motor timing abilities of 15 PD patients from 73% into 40% (Benoit et al.,
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2014). Cognitive cuing using Virtual Reality improved dual-tasking ability in 13 PD pa-

tients with FOG measured by stepping time, rhythmicity and reaction time (Killane et al.,

2015).

Combination of a laser light cue with a cane or walker has been reported to improve

freezing, and has been commercialized while mobility and safety have been improved

using assistive devices such as a 4-wheeled walker (Okuma, 2014). The improvement of

freezing can be achieved also by various “tricks”, as seen from over 30% of responders

in a FOG study to improve walking, through paying attention to each steps, taking longer

steps, altering the distribution of body weight, going up stairs, consciously lifting one

limb higher, stamping of feet, and counting silently (Rahman et al., 2008).

Improvement of FOG in the “off” state can be obtained also by stimulating the subthala-

mic nucleus, and alternatively the globus pallidus, using deep brain stimulation surgery

(Okuma, 2014). Optimization of this treatment can be achieved by reducing the frequency

of deep brain stimulation. However, this method works only where the dopaminergic

treatment improves the FOG and only in the FOG “off” state, and may lead to postural

deficit postoperatively after several years (Snijders, 2012).

2.3 Current Strategies of FOG Detection

The existence of FOG in PD is often observed based on 3 different presentations of the

movement (Bloem et al., 2004). The most common FOG is associated with an effort to

overcome the block which causes the legs to “tremble in place”. Yet, the best-known

FOG is connected to symptoms of akinesia as the patient becomes unable to start walking

or fails to continue to move forward. Shuffling forward with small steps is the third

type of FOG. Studies of impairment on the initiation and termination of gait as well as

a sudden interruption of walking lead to the finding of the changes in the PD patients

compared to healthy person, for example the reduced movement speed, stride length,

step amplitudes, decreased ground reaction forces, and increased cadence at the onset of

gait (Niewboer et al., 2004). This finding becomes a fundamental aspect for many FOG

detection strategies as can be seen in Table 2.3.
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Table 2.3: Studies on the detection of FOG

Authors Subjects Methodology Characteristic features Results
Han et. al., 2003,
2006

5 healthy control and 2 PWP;5
healthy control and 5 PWP

3D-accelerometer, foot pressure sys-
tem, camcoder

WE(0−2.5Hz)
WE(10−20Hz) ;
A stopping threshold (Tst)

Increased of high frequency
component during FOG

Moore et al.,
2008

11 PWF and 10 healthy control Accelerometer, videotape, Bayesian
classifier

FI = PS(3−8Hz)
PS(0.5−3Hz)

episode > 3 s
A significantly higher
’freeze’ band power (3-8
Hz) during FOG

Johanov et al.,
2009

1 PWF and simulation data 3D-accelerometer, gyroscope, in real-
time

FI Average detection latency
was 332 ms

Bachlin et al.,
2009, 2010

10 PWF Accelerometer, wearable device, on-
line, window lenght=4.5s

FI Se=78.1%, Sp=86.9%

Delval et al.,
2010

10 PWoF, 10 PWF, 10 healthy
control

3D motion analysis system, goniome-
ters, videotape

FI Se=75-83%; Sp=95%

Popovic et al.,
2010

9 PWF Force Sensitive Resistors, accelerome-
ter, videotape

The Pearson’s correlation coeffi-
cient

A decreasing of the correla-
tion between a normal step
and the “freezing” steps

Cole et al., 2011 10 PWF and 2 healthy control 3D accelerometer, electromyograph,
dynamic neural networks

PSD< 2.5Hz), PSD> 2.5Hz), ratio
height of peak of highpass signal

Se=82.9%; Sp=97.3%

Niazmand et al.,
2011

6 PWF 3D-accelerometer integrated into smart
pants, videotape

the number of pulses, the shaking
foot time, FI

Se=88.3%; Sp=85.3%; lim-
itation to identify akinesia
of FOG

Mazilu et al.,
2012, 2014

10 PWF; 23 PWF Accelerometer, with smartphone and
rhytmic auditory cuing, online, PCA for
dimension reduction, various classifier

FI, mean, std, entropy, Signal Mag-
nitude Vector, Averaged Accelera-
tion Energy, etc.

Se=99.69%, Sp=99.96%,
latency=340 ms

Mancini et al.,
2012

21 PWP, 27 PWoF, 21 healthy
control

3D acceleromter, 3D gyroscopes PSD, Frequency Ratio Increase power in the
“freeze” band (3-8 Hz)

Tripoliti et al.,
2013

5 healthy control, 5 PWF, 6
PWoF,

Accelerometer, gyroscope, 4 classifier Entropy Se=81.94%, Sp=96.11%,
Acc=96.11%, AUC=98.6%

Coste et al., 2014 4 PWF 3D accelerometer, 3D magnometer, 3D
gyrometer, videotape

FOGCn = Cn.Lmin
Cmax.(Ln+Lmin)

C = f requency(cadence)
L = stridelength

FOGCn is more sensitive to
festination than FI

PWP: patient with PD; PWF: patient with FOG; PWoF= patient without FOG
WE: wavelet energy; PSD: power spectral density; FI= Freezing Index
Se=sensitivity; Sp=specificity; Acc=accuracy; AUC=area under receiver operating characteristic curve
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2.3.1 The Beginning of the FOG Detection Research: the Search for the Indicators

of FOG

Based on those clinical observations, to detect the onset of FOG and to ascertain the

need for “un-freeze” treatment, Han et al. (2003) pioneered a research in the detection

of FOG using 2 biaxial accelerometers to measure the leg oscillations. Collecting data

from 5 healthy controls and 2 patients with FOG (PWF), the study found that a freezing

gait has a higher main frequency acceleration (6 - 8 Hz) compared with a normal gait

(2 Hz) (Fig. 2.14). Then, the normal, FOG and resting state were classified based on the

comparison of the wavelet power level on different frequency bands. The group continued

their preliminary work by developing the wearable activity monitoring system using a 3

dimensional accelerometer with foot pressure system, and the camcorder for the reference

of gait detection (Han et al., 2006). They developed a general gait detection algorithm

beyond FOG to detect any abnormality, such as toe-walking and slowness. Based on the

sequential evaluation of gait signals parameters, it has detection accuracies of 94% (47

gaits of 50 gaits were correctly detected) and 93% (116 gaits of 125 gaits were correctly

detected) for normal and PD gait, respectively.

Figure 2.14: Frequency characteristics of normal (near 2 Hz) and FOG (6-8 Hz) of the 3
dimensional acceleration measurement (x: horizontal, Y: vertical, z: transverse)

(Han et al., 2003).

A 3-axis accelerometer emerges as the most popular sensor for FOG detection. In their

study of an ambulatory FOG in 11 PD patients and 10 healthy controls, Moore et al.

(2008) introduced the freeze index (FI) as the power of the considered body segment

acceleration signal in the freeze band (38 Hz) divided by the power of the signal in the
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“locomotor” band (0.53 Hz) (Fig. 2.15). For each instance t, FI(t) was defined as the

square of the area under the power spectra of a 6-s window of data (centred at time t) in

the freeze band, divided by the square of the area under the power spectra in the locomotor

band. The width of the sliding window was based on FOG duration. The optimal window

width was determined to be approximately twice the duration of the shortest FOG event

detected. Also, an individual FI threshold found to increase the accuracy and sensitivity

of the detection, was calculated as the mean plus one standard deviation of the peak FI

from data of volitional standing.

Figure 2.15: The freeze index (FI=red trace) was calculated from the power in the freeze
band (38 Hz) divided by power in the locomotor band (0.53 Hz). Large peaks occurred

during FOG (Moore et al., 2008).

Delval et al. (2010) introduced goniometer as a kinematic sensor located in the patient’s

knee in studying subtle FOG. They evaluated gait parameters in 10 PWF, 10 PWoF and

10 controls who walked on a motorized treadmill while avoiding obstacles dropped ran-

domly. They used the concept of FI from Moore et al. (2008) in their time-frequency

analysis using sliding windowed FFT with window size 4.1 s. A significant decrease

was found in step duration, minimum step length, and FI between trials with FOG and

trials without FOG of all 3 groups, revealing them as significant parameters associated

with FOG with sensitivity of 75 - 88% and specificity of >95%. While they presented

interesting observation on the presence of high frequencies in freezers during festination

linked to the FOG phenomenon and claim of the ability to detect subtle FOG episodes

using frequency analysis, they acknowledged their limitation for using an artificial form
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of “freezing” rather than FOG in “real life”.

The idea of ambulatory monitoring of FOG lead Popovic et al. (2010) to assess FOG in

9 PWF in the “on” state using a force sensitive resistor insoles and Pearson’s correlation

coefficient (Pcc). Accelerometer data was taken as a comparison. Bluetooth technology

was implemented for remote recording and processing of the sensor data. Aiming to

complement clinical examination of FOG, it claimed success in detecting all the FOG

episodes, when compared with those 24 FOG episodes estimated from the video. Pcc

values of less than ± 1 were signalled as “small steps” in FOG. This method claimed to
be equally sensitive to various freezing patterns. However, it is unclear how the system

would recognize various non-FOG pattern of walking whichmay be different from normal

walking.

Different groups continued to explore this method including Niazmand et al. (2011a),

Mancini et al. (2012) and Azevedo Coste et al. (2014). In their proposed MiMed-Pants

using five 3D acceleration sensors with the algorithm based on the frequency dominant

threshold, Niazmand et al. achieved a sensitivity of 88.3% and specificity of 85.3% from

experiment with 6 PWF, acknowledging that the system could not classify stillness and

could not detect akinesia of FOG. Mancini et al. (2012) verified an increased in power

in the ’freeze’ band and the usefulness of frequency ratio FI as an indicator of gait dis-

turbance during a freezing episode. Most recently, Azevedo Coste et al. (2014) proposed

as a new criterion, FOG frequency cadence (FOGCn), put forward as providing a better

indicator of freezing compared with FI.

2.3.2 Unfreeze Attempt and Online Detection of FOG

To improve the function of PWP using non medication means, researchers developed vari-

ous assistive devices such as canes or walking sticks, walkers and power wheelchairs. Ex-

ternal stimuli were found to improve gait performance in PWP (Rubinstein et al., 2002).

The modified inverted stick with an attached visual cue to abort freezing episodes was

found to help 2 of 8 PWP with “off” freezing during walking and in number of freez-

ing episodes (Dietz et al., 1990). Based on this idea, the Laser Cane was produced and
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commercialized (Fig. 2.16). However, resistance to this visual cue walking device was

reported in the “on” freezing in the majority of 28 PWP in the Kompoliti et al. (2000)

research. Moreover, these assistive devices may lead to falling when the device slips or

“catches” objects (Constantinescu et al., 2007).

Visual cue strategy has also been developed by giving visual feedback using virtual reality

device as a training device. This closed-loop apparatus generated a virtual tiled floor in a

checkerboard arrangement whilst responding dynamically to the patient’s self movement

(Fig. 2.16). The improvement in walking abilities of 68% of 20 PWP in 15 minutes

after device removal, and 36% of the patients after one week of the first test showed the

effectiveness of this approach in the therapy for PWP by creating a “cue memory” to

improve their stride length and walking speed (Baram et al., 2006).

Figure 2.16: Laser Cane, a walking stick with a bright red line laser beam projection to
help the PD patient overcome freezing episodes (Constantinescu et al., 2007).

The importance of cueing in the FOG treatment inspired Jovanov et al. (2009) to pro-

pose a new direction in the research of FOG by introducing the first real-time system for

detection of FOG system, complemented with the on-demand un-freeze using acoustic

stimulation. A prototype FOG sensor module with an accelerometer and a gyroscope

sensor in a small ARM7 processor based board which can be attached to the belt, knee,

ankle, or a shoe, was build. Then the Bluetooth module sends digital audio stimulus to

the wireless headset when freeze was detected. Borrowing the concept of FI from Moore

et al. (2008), the algorithm was optimized using 320 ms window instead of 6 s window

with the average detection latency of 332 ms for 5 experiments. While the results look
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Figure 2.17: The GaitAid Virtual Walker visual cueing device transmits image of tiled
floor to a projector fitted to glasses. The tiles image moves in response to the patient’s
movements, prompting the brain to keep the leg muscles going. Earphones provide

additional help to improve walking, by giving auditory feedback
(Chong et al., 2011)

promising, they were very limited recorded experiments from 4 simulated FOG events

and from 1 patient. No real-time detection experiment was conducted and no further

development of the proposed system has been made.

A similar real-time wearable device for FOG detection was reported from a study involv-

ing 10 PWF at the Movement Disorders Unit, Department of Neurology at the Tel Aviv

Sourasky Medical Center (TAMSC) (Bächlin et al., 2009). The system consisted of a

3D accelerometer and a 3D gyroscope, with data transmitted over a wireless Bluetooth

linked to a light wearable computing system based on the Intel XScale processor and a

complementary on demand rhythmic auditory stimulation (RAS) system (Fig. 2.18). The

main computational algorithm was based on FFT calculation of a 32 sample window (0.5

s) and the extraction of FI following Moore et al. (2008). A maximum delay of 2 s was

chosen as the detection tolerance.

The average sensitivity and specificity were reported as 73.1% and 81.6% respectively.

However, there were a large variations due to the different walking styles of patients

with patient 8 achieving only 34.1% sensitivity (with specificity of 88.9%) and patient 1

achieving only 39.7% specificity (with 99.1% sensitivity) (Fig. 2.19). Optimization of

the system developed by subject dependent parameter, increased detection performance
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up to 88.6% and 92.4% sensitivity and specificity, respectively (Bachlin et al., 2010).

The system performance also increased significantly with the worst result in patient 8

achieving both sensitivity and specificity at 80% (Fig. 2.19). Optimal window length was

4.5 s for the best detection performance.

Figure 2.18: FOG detection and feedback device developed by Bächlin et al. (2009) with
sensors attached to the shank, the thigh and the lower back .

2.3.3 Machine Learning in FOG Detection

Cole et al. (2011) integrated machine learning into a FOG detection. A dynamic neural

network (DNN) classified the input features derived from the outputs of 3 triaxial ac-

celerometer sensors and a surface EMG sensor worn by patients. The DNN consisted of

a 2-stage linear classifier FOG detection algorithm. The first stage of the algorithm de-

termined when the patient was upright using two inputs features from the Y-channel and

the Z-channel of accelerometer, where the subject was upright when the Y-channel was

dominant over the Z-channel. The second stage of the algorithm was applied in the in-

terval when the patient was upright. A multilayer perceptron neural network comprising

11 nodes input layers with various features extracted from 2 s windowed sections of the

accelerometer and EMG sensor signals, and 4 nodes hidden layers used the weights of a
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Figure 2.19: Sensitivity and specificity plots for the Bachlin et al. (2010)’s online
detection device accuracy using (a) global parameter (b) subject-dependent parameter

3-point finite impulse response filter applied to time-delayed and time-advanced versions

of the input. Eighty three percent sensitivity of the system from testing of 4 PWF and

ninety seven percent specificity from testing of 2 healthy controls, was found.

In developing their wearable device for FOG detection based on the input data of 3 ac-

celerometers and a smartphone as the computational unit, Mazilu et al. (2012) evaluated

several supervised classifier algorithms based on the Weka Application Program Interface

for Android: Random Forest, C4.5 Decision Trees, Naive Bayes, multilayer perceptron,

boasting and bagging methods. Machine learning (compared with manual thresholds)

deal better with the high dimensionality features of FOG, as did an automatically built

patient specific FOG detection model. The proposed system was tested on the off-line

data output of three 3D-accelerometers attached to the lower back, the thigh and the shank

of 10 PWF.

The performance and detection latency of the system optimized by a combination of cho-

sen machine learning algorithm, sensor location and window size of sample data. They

found that the ensemble methods obtained better results, when compared with the sin-

gle classifier. The AdaBoost showed the highest sensitivity and specificity, 98.35% and

99.72%, respectively, in case of window lengths of 1 s and user dependent experiments.
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However, the C4.5 and Random Forest classifier was chosen for use based on its advan-

tages in providing the shortest latency (0.24 s and 0.35 s, respectively). For the 1 s window

user independent experiment using Random Forest classifier, the system obtained 62.05%

sensitivity and 95.15% specificity. The large variability in motor performance among sub-

jects was seen as a main factor for these comparatively lower results for user-independent

FOG detection. A single sensor was found to provide sufficient data for FOG detection.

In the latest development (Mazilu et al., 2014), this group developed the GaitAssist which

provides 2 functionalities, FOG detection and training support using FI as its feature and

the C4.5 as its classifier system (Fig. 2.20).

Figure 2.20: The GaitAssist system for a PD patient daily-life assistant with inertial
measurement unit sensors (1), 2 functionalities for training support and FOG detection

(2 and 3), preferences setting (4), audio feedback (5) and logging module (6)
(Mazilu et al., 2014).

Tripoliti et al. (2013) proposed similar methods in their FOG detection experiments using

4 classification algorithms: Random Tree, Random Forest, Decision Trees, and Naive

Bayes. Using 6 accelerometers and 2 gyroscopes in the study of 5 PWF, 6 PWoF and

5 healthy control, the entropy was extracted using a sliding window with 1 s duration

and 0.5 s overlapping. Their result was in agreement with Mazilu et al. (2012), with

the ensemble methods having a better performance (compared with the selected single

classifier). The Random Forest classifier was proposed as giving the best result, with

sensitivity, specificity and accuracy of 81.94%, 98.74% and 96.11%, respectively.
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2.4 Discussion and the Proposed Strategy for FOG Detection

Most studies in FOG detection have been based on the measurement of the patient’s move-

ment using on-body acceleration sensors. While the results appear promising, with some

recent research claiming over 95% sensitivity, specificity and accuracy, this method has

limitations.

First, the results showed the system’s ability to detect a freezing condition after it has

happened. The physical changes monitored using various sensors (the accelerometer,

gyroscope, goniometers, force sensitive resistors and magnometer) were compared under

2 conditions: normal and freezing. However, the failures to start or continue movement

do not happen suddenly, and can be seen as the disruption of a series of motor planning

and execution. Thus, there is a possibility to detect the freezing episode while it is still in

transition and before it appears as a gait disturbance, which the physician recognizes as

freezing.

Second, as has been discussed by Mazilu et al. (2012), acceleration sensor measurement

is prone to personal walking style, and so it cannot always provide good measurement in

user-independent FOG detection system. In their system, for 1 s window experiments, a

user-independent system achieved 62.05% sensitivity and 95.15% specificity compared

to 97.76% and 99.75% in an user-dependent system using Random Forest as the classi-

fier. The comparison of the results of each patient provides further insights on using this

method, when the system detected a FOG event up to 98.19% sensitivity in one patient

(patient 09) but failed to detect FOG in another patient (patient 01) where it achieved only

20.53% sensitivity.

Third, Niazmand et al. (2011b) acknowledged that the system deployed -in common with

other acceleration sensor based FOG detection systems could not identify the akinesia

type of freezing and could not classify stillness. This limitationmay be due to the different

gait mechanism of akinesia especially in the start hesitation (freezing when trying to take

the initial step) compared with gait disturbance during normal walking with trembling legs

in place or shuffling forward with small steps. However, because there is no significant

change of acceleration in the change of gait which can be used to measure this type of
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freezing, a different approach is needed for its detection.

Electroencephalogram (EEG) appears as a novel approach in FOG detection which may

offer a more effective technique in the study and treatment of FOG, compared with the

current methods. First, the novel approach using EEG has the ability to measure dynamic

physiological change in the brain before movement disturbances occur. Using EEG, both

cortical and subcortical activity can be studied through the time-varying changes in cer-

tain spectral bands, which also allow insights into the mechanism of FOG. With its high

temporal resolution, EEG is well suited to capture electro-neurophysiological processes

related to freezing of gait, including motor, cognitive and emotional processes. Moreover,

the portability and relative ease of use of EEG make it far more useful for the mobile col-

lection of brain activity data compared to fMRI or Voxel-Based Morphometry (VBM).

Second, the advantage of using the EEG for the detection of FOG compared with using

sensors which measure body or gait movement, is that EEG is independent of an individ-

ual’s movement style. Thus, it provides a better user-independent FOG detection. The

analysis of the brain dynamic also presents the opportunity for detecting start hesitation,

which cannot be measured using gait/body movement based sensor. Combined with the

visual and auditory cues given on-demand, the system’s detection of the freezing at the

earliest time, allows it to be used to unfreeze at an earlier time than other methods.

Third, the EEG signal is actually multi-dimensional, measuring time, frequency, space,

power (the strength of activity) and phase (the timing position of activity along the sine

wave), although mostly presented as two-dimensional data of voltage changes over time

and space only (represented by different electrodes). This multi-dimensionality provides

many possibilities for characterization and conceptualization of freezing episodes as an

enormous complex biological system as well as the possibility of linking previous find-

ings related to various biophysical models of neural activity which may be related to this

debilitating symptom (Cohen, 2011).

The 4-channel EEG system used in this thesis, makes possible the analysis of the move-

ment signals propagated within the neural network of the brain. The analysis provides
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a better understanding of the FOG mechanism by analyzing the interaction and cross-

talk among the EEG electrodes and the correlation between various regions in the brain

represented by the electrodes. Further, as part of brain effective connectivity analysis, the

multichannel data will be used to measure the direction of coupling between two locations

of the EEG electrodes.

Computational intelligence based on multilayer perceptron neural networks (MLP-NN)

will be discussed, utilized and developed in this project. It will be used to draw a bound-

ary between different condition classes and to label the testing data based on the training

data. MLP-NN was chosen because of its good results in classification of EEG signals

(Lotte et al., 2007). Bayesian regularization will be used for training to optimize the

classification system. Therefore, the outcome of this research will contribute to a better

understanding on FOG, “the mysterious clinical phenomenon”, as well as aid the devel-

opment of the monitoring and detection of this debilitating symptom of PD.
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Electroencephalography-Based

Detection of Freezing of Gait Using

Artificial Neural Networks

“I have a form of Parkinson’s disease, which I don’t like. My legs don’t move when my

brain tells them to. It’s very frustrating.”

-George H. W. Bush

3.1 Introduction

Freezing of Gait (FOG) affects approximately half of the patients in the advanced stages

of the Parkinson’s disease (PD) (Giladi et al., 2001). It is characterized by a sudden in-

ability to initiate or continue walking, making it the most dangerous symptom of PD.

Besides, it is resistant to treatment and its pathophysiology still largely unknown (Nutt

et al., 2011a). Therefore, this study of brain signals activity of PD patients using EEG has

two main goals: to give insight into this largely unknown symptom including searching

for indicators of FOG, and using the extracted indicators of EEG signals for detection

of FOG. The goal of this chapter is to assess the feasibility of developing a FOG detec-

tion system using the time-frequency and power features of brain signals and multilayer
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perceptron neural networks (MLP-NN). Section 3.2 provides an overview of the system.

Section 3.3 discusses data acquisition and signal pre-processing. Section 3.4 explains fea-

tures extraction both linear and non-linear, focusing on the univariate analysis. Section

3.5 discusses the features selection using statistical analysis and section 3.6 presents the

Artificial Neural Networks. Section 3.7 presents the feature extraction and classification

results. The discussion and conclusion follows in section 3.8.

3.2 System Overview

An overview of the proposed system is illustrated in Fig. 3.1. Brain signal data was

acquired using the University of Technology, Sydney built 4-channel wireless EEG sys-

tem. After the raw EEG data was preprocessed, a feature extraction was applied on the

data set which was categorized into two conditions: normal walking and transition 5 s

before freezing. The third condition, FOG, was analyzed for further investigation on the

pathophysiology of FOG. The spectral and temporal pattern were examined using the non

parametricWilcoxon Sum Rank test to investigate the alteration of power spectral/wavelet

energy and centroid frequency/scale caused by FOG. Several features were selected based

on their statistical significant in differentiating those two conditions using MLP-NN.

Figure 3.1: Signal processing flows for detecting FOG from the EEG data
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3.3 Data Acquisition

3.3.1 Participants

Sixteen patients ranging in age from 62 to 85 years (mean: 70.88 years, std: 6.92 years)

with idiopathic PD and significant FOG were recruited from the Parkinson’s Disease Re-

search Clinic at the Brain and Mind Research Institute, University of Sydney. All of them

had a FOG history with different severity and frequency. The research protocol was ap-

proved by The Human Research and Ethics Committee from the University of Sydney

and by the University of Technology, Sydney. All the patients provided written informed

consent to participate as subjects for the study. The data collection was conducted at the

Parkinson’s Disease Research Clinic at the Brain and Mind Research Institute, University

of Sydney over a one week period.

All patients satisfied the inclusion criterion under the United Kingdom Parkinson’s Dis-

ease Study Brain Bank (Gibb & Lees, 1988) and were deemed unlikely to have dementia

according to the Movement Disorder Society Task force guidelines (Dubois et al., 2007)

or major depression under the Diagnostic and Statistical Manual of Mental Disorder,

Fourth Edition (DSM-IV) criteria of consensus rating of a Neurologist and a Neuropsy-

chologist. All patients underwent a neurological assessment to determine the stage of the

disease and the relative level of disability, applying the Unified Parkinsons Disease Rat-

ing Scale (UPDRS), Hoehn and Yahr stage (H&Y), and Freezing Of Gait-Questionnaire

(FOGQ). In addition, a Mini Mental State Examination (MMSE) was performed to esti-

mate cognitive impairment. Demographic information about the participants is shown in

Table 3.1

3.3.2 Procedure

The EEG was recorded with a custom-made 4-channel wireless EEG system. The gold

cup electrodes were placed on 4 scalp locations based on their roles in perceptual and

control movement (Fig.3.2): O1-visual, P4-sensorimotor affordance, Cz-motor execution

and Fz-motor planning. Bipolar EEG leads were used to acquire data from central zero
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Table 3.1: Patient’s demographics, neurological, cognitive and freezing characteristics

Number ID Age DD HY UPDRS MMSE NFOG-Q Frequency Percentage
(years) (years) III 2 and 3 of FOG of time FOG

1 JM 65 4 4 65 29 20 31 75.7
2 PJ 67 11 2.5 22 27 4 9 9.3
3 JB 76 11 3 43 30 26 63 38.3
4 JM 65 4 2.5 36 28 18 16 7.9
5 AM 65 14 2.5 28 29 20 4 1.2
6 PD 77 3 2 31 25 24 40 56.5
7 HB 75 16 3 72 29 21 37 70.6
8 BD 66 14 2.5 50 30 20 7 1.6
9 MC 64 7 2.5 46 29 18 10 1.3
10 FS 77 6 3 49 28 19 13 61.9
11 BH 62 10 2 19 28 17 35 24.0
12 DK 67 2 3 43 28 24 12 31.4
13 GW 69 26 4 47 28 25 9 56.2
14 GP 85 2 3 44 30 18 24 62.8
15 DR 76 6 2.5 52 23 22 21 5.8
16 WC 81 2 2 33 25 16 47 9.9
Mean 70.88 8.63 2.75 42.50 27.69 19.69 23.63 32.15
± STD 6.92 6.58 0.61 14.25 2.02 5.23 16.96 27.83
DD: Disease Duration, HY: Hoehn and Yahr scale, UPDRS: Unified Parkinson’s Disease Rating Scale
MMSE: Mini Mental State Examination, NFOG-Q: New Freezing of Gait Questionnaire

(Cz) and frontal zero (Fz) with the reference electrode placed at FCz, and from occipital

one (O1) and parietal four (P4) with the reference electrode at T4 and T3, respectively.

Henceforward, in this study, the measurements of EEG signal reported as taken from

channel Cz are referred to Cz-FCz, channel Fz are referred to Fz-FCz, channel O1 are

referred to O1-T4, and channel P4 are referred to P4-T3.

The EEG signals were amplified with the common-mode rejection ratio>95 dB, sampled

at a rate of 500 Hz, and band-pass filtered between 0.15 and 100 Hz using an analogue

electronic band-pass filter. Several studies have shown that information on EEG signals

relating to mental tasks or the physiological condition can be tracked using only a few

points of measurement (Wikström et al., 2012), (Picot et al., 2012). Clearly, fewer chan-

nels promotes patient ease, and limits noise and artifacts. Moreover, it reduces the cost in

signal processing, feature extraction and classification processes; and makes the setting

up of the system much easier and faster.

Patients were asked to perform a series of Timed “Up-and-Go” tasks on a standardized

course and were video recorded for evaluation as can be seen in Fig 3.3. The pathway
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Figure 3.2: Location of four electrodes related to cortical control of movement
(Carlson, 2013).

of the experiment was created to provoke different types of freezing episodes: turn hesi-

tations, runway freezes, freezing during narrow gaps, target hesitations, and start hesita-

tions. Starting from a sitting position, the patients walked approximately five meters to a

target 0.6 m X 0.6 m box marked on the floor and performs different turning movements:

(1) a standard turn within the box, (2) two revolutions within the box, (3) a walk around

the outside of the box, and (4) pass a narrow gap of <1 m as the patients return to the

chair, with turns to the patient’s left and right. An additional experiment based on the

effect of complex cognitive action in increasing freezing episodes was utilized by asking

the patients to vocalize the months of the year forwards and backwards whilst walking.

Patients also underwent the 10 m walk test in which they walked in a straight-line to

evaluate start hesitations, runway freezes and turn hesitations.

Two clinicians specializing in movement disorders reviewed the video recording and la-

beled the time of onset and offset of the freezing episodes. Only the freezing episodes

which have been logged by both of the raters were included as freezing episodes in the

further process and time synchronized with EEG data. This provided 5.5 hours of data

comprising 404 FOG episodes of duration between 1 s and 220 s. Two other episodes

were determined based on this period: transition episodes which cover a period between

5 s to 1 s before freezing and normal walking, defined as a period after freezing to 5 s

before the next freezing period. The variability of 16 patients conditions can be seen in

Table 3.1 where 4 patients were affected by less than 10 freezing episodes during testing
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Figure 3.3: (A) The timed up and go (TUG) task for FOG assessment. (B) Four different
trials with different additional tasks to trigger a freezing condition during walking from a

chair to a taped box on the floor and back to chair (Shine et al., 2012).

46



Chapter 3. EEG-Based Detection of FOG Using Artificial Neural Networks

and 7 patients were affected by FOG episodes for less than 10 % of the total test duration.

After manual inspection to remove epoch with bad and artifact-ridden data, a total of

1902 one s duration samples of 3 episodes (normal walking, transition, FOG), with each

episode contributed evenly (634 samples), were included in the analysis. Data from 11

patients were randomly chosen for training and testing (1386 samples, 462 in each class).

Another set of testing data files, not selected previously for the training process, was taken

from 5 other patients (516 samples, 172 in each class) to examine the robustness of the

system in classifying the EEG signals from out-group patients.

3.3.3 Signal Preprocessing

All data was passed through band-pass (0.5-60 Hz) and band-stop (50 Hz) Butterworth

infinite impulse response filters, in order to eliminate low frequency noise, high frequency

noise and 50 Hz line frequency noise as can be seen in Fig 3.4 and Fig. 3.5. Ocular

and muscular artifacts were removed using Stein’s unbiased risk estimate thresholding

based on wavelet transforms with the mother wavelet resembling the shape of the eye

movement, Coiflet (Coif5) wavelet (Geetha & Geethalakshmi, 2011), level 6. Since the

effect of ocular artifacts were expected to be dominant in the frontal and frontopolar area

and limited within the range of 0 to 16 Hz, this algorithm was applied only to EEG data

from Fz-FCz in the lower frequency band (delta, theta, alpha). Muscle artifacts correction

was made using the same methods with a different mother wavelet, Daubechies (dB5)

level 3 in all electrode locations and sub frequencies (Xizheng et al., 2010).

3.4 Feature Extraction

Features are variable constructs of data representation from the original input. Finding the

appropriate set of features is crucial step in achieving good prediction of class membership

for distinguishing the data. Moreover, in this study related to system neurophysiology, the

relevant features may give insight to the pathophysiological mechanisms underlying the

studied symptoms or diseases. In this chapter, the classical methods of power spectral
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Figure 3.4: The sample of EEG signal before and after the band-pass and the band-stop
filtering during freezing episodes in the time domain

0 50 100 150 200 250 300
0

0.2

0.4

0.6

0.8
The frequency spectrum of the original signal

Frequenzy [Hz]

Po
we

r[u
V2 /H

z]

0 50 100 150 200 250 300
0

0.2

0.4

0.6

0.8
The frequency spectrum of the filtered signal

Frequenzy [Hz]

Po
we

r[u
V2 /H

z]

Figure 3.5: Frequency distribution of the EEG signal before and after filtering stage
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analysis as well as its paired, wavelet energy (WE) analysis, were investigated to observe

their alteration during transition to freezing and freezing episodes. The shift of the cen-

ter of gravity of frequency band, spectral centroid frequency and its paired, WE centroid

scale, derived from the same analysis as other investigated features. These linear fea-

tures were compared to the non-linear features based on the information theory, which

measures the regularity of the signal, entropy.

3.4.1 Power Spectral Density

EEG signals are captured in the time domain and can be described as a sequence of num-

bers:

x(t) = [x(1),x(2),x(3), .....x(N)] (3.1)

Power spectral density (PSD), widely used and successfully applied to characterize sig-

nals in a system, shows the strength of energy as a function of frequency. It is based on

the Fourier transform which represents a time series in the frequency domain. It can be

defined as the average signal power over the interval [0,T] or as the Fourier transform of

the autocorrelation function rxx(t) and in continuous and discrete notation are given by

(Semmlow, 2011)

P( f ) =
∫ T

0
rxx(τ)e− j2π f τdτ (3.2)

P( f ) =
N−1
∑
n−0
rxx(n)e− j2π fT Ts (3.3)

The direct approach based on Parseval’s theorem led to the fast Fourier transform, which

relates the energy of an analog signal, x(t), to the magnitude of the signal squared, inte-

grated over time

E =

∫ ∞

−∞
|xt |2dt =

∫ ∞

−∞
|XT ( f )|2d f (3.4)

The power spectral density in the direct approach is then given by

P( f ) =
|XT ( f )|2
T

(3.5)
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Figure 3.6: The EEG signal is divided into 8 segments with a 50 % overlap between each
segment in the Welch method of spectral analysis. The output is the averaged data of the

8 transforms which are calculated separately.

Fourier transform implies stationary process during the time window. While EEG signals

are known as a non-stationary signal with non-linear behavior (Sanei & Chambers, 2008),

fragments of EEGwith length up to 290 ms can be treated as stationary (Schack &Krause,

1995). In this study, the spectra are calculated using the Welchs method (Welch, 1967).

This method uses overlapping segments and applies a window to each segment (Fig. 3.6).

The segmented and averaged data produce a periodogram which is significantly smoother,

thus reducing the noise of the data. This study used a 516 point Fast Fourier Transform

(FFT) and periodic Hamming windows with an overlap of 50 %. The duration of the

stationary fragments is assumed to be 220 ms with the sampling frequency 500Hz.

To eliminate inter-individual and inter-electrode variance in absolutemeasurements, power

spectra were normalized using z-score normalization:

xnew =
xold−μ

σ
(3.6)

where xold is the original value, xnew is the new value, and μ and σ are the mean and stan-

dard deviation of the original data range, respectively. The normalized power spectrum

in the transition period tends to increase significantly in the lower frequency band (see

Fig.3.7).
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Figure 3.7: Sample PSD from subject 7 channel P4; the mean of the PSD indicates the
significant increase of power during transition to FOG in alpha and beta frequencies

3.4.2 Centroid Frequency

The shift of the centre of gravity of the frequency band based on this normalized power

spectrum, Centroid Frequency (CF), has been reported to have the capability to classify

different types of EEG in various health conditions (Nguyen et al., 2012) (Staudinger &

Polikar, 2011) and is defined as:

CF =
∑i fi ∗P( f )

∑i P( f )
(3.7)

3.4.3 Power Spectral Entropy

Brain signals have been known as the output of a nonlinear system. Consequently, var-

ious measures which characterize the nonlinear behavior of EEG signals have also been

developed. Based on the concept of information theory, Shannon introduced entropy as

an index of signal complexity or irregularity (Shannon, 1948). This theory defines the

power spectral entropy (PSE) of EEG signal x as:
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PSE(x) =−
fh
∑
i= fl
PilogPi (3.8)

where Pi is the normalized power density from the signal’s spectrum so that ∑Pn = 1

while fl and fh are the frequency band of of interest. The higher the entropy, the greater

complexity of the signal.

3.4.4 Wavelet Energy

Over the past few decades, wavelet analysis has been developed as an alternative and im-

provement on Fourier analysis. Its main advantage in analyzing the physiological systems

is its capability to detect and analyze non-stationarity in signals and their related aspects

such as trends, breakdown points, and discontinuity. Unlike Fourier transform which is

limited to a scaled single sinusoidal function, wavelet transform uses “mother wavelets”

which were created by multiplying a sine wave and a Gaussian window, so that they be-

come stationary only during the period in which the wavelet looks like a sine wave in the

centre/peak frequency areas.

Wavelets are well localized in both time and frequency domain based on the Heisenberg

uncertainty principle. A wavelet in the high frequency signal (small-scale) has fine time

resolution but is poorly localized in frequency. On the other hand, a wavelet in the low

frequency signal (large-scale) has fine frequency resolution but lower time resolution.

This ability to contracting the wave-like scalable function to adapt the analysis to the

depth of focus of interest enabled it to perform a multi-scale inspection of data from

macro resolution (low-frequency) to micro resolution (high-frequency).

Unlike the Fourier transform which is limited to a scaled single sinusoidal function,

wavelet transform generates a 2 parameter family of wavelet function ψa,b(t) by scal-

ing (a) and shifting (b) the function. The correlation called continuous wavelet transform

(CWT) is given by (Semmlow, 2011).

CWT (a,b) =
∫ ∞

−∞
x(t)

1√|a|ψ
∗(
t−b
a

)dt (3.9)

with (∗) denotes the complex conjugation.
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The development of wavelet-based signal compression algorithm led to the invention of

the fast discrete wavelet transforms (DWT) which removes redundancy in the signals

and simplifies the numerical calculations. In the DWT time-scaled parameters (b,a) are

sampled on a dyadic grid with scales a = 2 j (reciprocal of frequency) and positions b =

2 jk (time localization), so that DWT is defined as,

DWT ( j,k) =
1√
|2 j|

∞

∑
t=−∞

x(t)ψ(
t−2 jk
2 j

). (3.10)

In the multi resolution analysis, signal x(t) with maximum cut-off frequency fm is split

into 2 components using a low-pass filter and a high-pass filter, and is down sampled by

2 to provide the approximation signals Aj and the detail signals Dj with a lower cut-off

frequency band [0 : fm/2] and upper cut-off frequency band [fm/2 : fm], respectively (Mal-

lat, 1999). Based on the Nyquist criterion, the maximum cut-off frequency is determined

by fm=fs/2(l+1) where fs is the sampling frequency of the original signal and l is the level

of decomposition. The approximation is subsequently decomposed and this process is

continued until the target level is achieved (Fig. 3.8).

The wavelet decomposition for a given EEG signal x(t) at scales j=1,2,..., J and time point

k then could be written as

x(t) = ∑
k
cJ,kϕJ,k(t)+∑

k
∑
j≤J
d j,kψ j,k(t) (3.11)

where cJ,k, dj,k, ϕ j,k(t) and ψ j,k(t) are the approximation coefficients, the detail coef-

ficients, scaling function and wavelet functions, respectively. The Daubechies (db4)

wavelet that has been found as properly representing EEG signals and spikes (Subasi,

2007) was selected as wavelet function.

With the EEG sampled at 500 Hz, a good match to the standard clinical EEG subbands

can be achieved using a 6 level decomposition (Table 3.2). Reconstruction of these signals

which are decomposed into 5 constituent EEG subbands is depicted in Fig. 3.9.
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Figure 3.8: Multi-Resolution Analysis

Table 3.2: Frequency bands corresponding to different decomposition levels

Decomposed signals Frequency bands (Hz) Decomposition Level
D1 125-250 1 (noises)
D2 62.5-125 2 (noises)
D3 31.3-62.5 3 (γ)
D4 15.6-31.3 4 (β )
D5 7.8-15.6 5 (α )
D6 3.9-7.8 6 (θ )
A6 0-3.9 6 (δ )
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Figure 3.9: Decomposition of EEG into detail (d1-d5) signals related to five standard clinical EEG subbands by db4 wavelet taken from
electrode P4 in subject 6 shows the amplitude and frequency alterations preceding and during freezing episode.
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According to Parseval’s Theorem, in wavelet analysis, the energy of signals which cor-

respond to PSD, WE can be partitioned at different levels of wavelet decomposition

( j = 1, ...l) and is expressed as a function of the scaling and wavelet coefficient (Bur-

rus et al., 1998):

ET =

∫
| f (t)|2dt = ∑

k
|cJ,k|2+∑

k
∑
j≤J

|d j,k|2. (3.12)

The analysis of each detail of decomposed signals also captured the temporal dynamics

of the signals in each electrode and frequency band through the calculation of the mean,

minimum and maximum values of signals.

3.4.5 Centroid Scale

Corresponding to CF, we also calculated Centroid Scale (CS) based on the CWT scalo-

gram to show the shift of the center of gravity of frequency band. The CWT was chosen

since it has a better frequency (scale) representation compared to the DWT. We used the

complex Morlet wavelet due to its narrow spectral band and its having an extended time

domain made it more suitable for extracting information in frequency domain (Misiti

et al., 2007). It is equivalent to a complex sinusoid with a Gaussian envelope and can be

written as (Addison, 2010)

ψ0(t) =
1
4√π
e j2π f te−

t2
2 . (3.13)

3.4.6 Wavelet Energy Entropy

The wavelet energy entropy (WEE) is found using a similar formula to PSE, with

Pi =
Ej
ET

(3.14)

where Ej refers to the energy of signals at jth frequency band of decomposition and ET

refers to the energy of all frequency bands of decomposition.
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3.5 Feature Selection

Feature extractions processes often yield a large number of candidates, including many

that are irrelevant to the target of the classification problem. The selection of a subset

of features aims to find the most informative and compact set of features, that are rich

in discriminatory information between different conditions. This is a crucial step to im-

prove classifier performance and the efficiency of data processing by avoiding an exces-

sive number of features used for classification, often known as the curse of dimensionality

problem. In other words, it aims to find the most informative and compact set of features.

There are 3 paradigms of evaluation strategies in the selection process: the filter, the wrap-

per and the embedded methods (Guyon et al., 2008). First, filter methods which rank each

feature according to some univariate metric (the score of significance test based on corre-

lation, information gain, and area under curve of the receiver operating characteristic), the

scoring of each feature reflecting its discriminative power. Under this method, only some

of the highest ranking features are taken as input for the classification system. Thus, it is

very efficient and fast. However it may miss features that are not useful by themselves but

can be very useful when combined with other features.

Second, wrapper methods which assess the quality of a set of features using an induction

algorithm together with an internal cross validation. It is therefore classifier dependent.

While they usually provide the best performing feature set for the related model, they in-

volve an exhaustive search and are computationally intensive. Third, embedded methods,

in which feature selection becomes part of the model building, such as in a decision tree.

Having regards to the computational complexity and the chance of an over fitting, the

probability of which are higher in the wrapper and the embedded methods, the filter

method is chosen as the feature selection method. Since the distribution of the features of

the experiment data cannot be assumed Gaussian, the Wilcoxon Sum Rank Test, a non-

parametric statistical analysis, was used. Only the most relevant features with significant

statistical differences between groups, that is of normal walking and transition to freezing

data (p-value <0.05), were chosen for further process and classification.
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Figure 3.10: Biological neuron (Carlson, 2013).

3.6 Artificial Neural Networks Classification Algorithm

An accurate model of the data has to be built to detect their hidden patterns of classi-

fication. Such a model can be very helpful also for the prediction and the description

necessary to extract knowledge of the process underlying the data. Where the process of

learning is unsupervised, input data is without any indicator/labels; where supervised, the

set of input representation data with their labels enables learning or the prediction a class

of new data representation sets.

Artificial Neural networks (ANN) are computational models of learning that taking their

inspiration from the biology of the human brain. Originally proposed by McCulloch and

Pitts (1943), they are built from artificial neurons, grouped in layers. Like a biological

neuron (Fig. 3.10), an artificial neuron called the perceptron by the psychologist Frank

Rosenblatt, Cornell University (Fig. 3.11), receives signals from the environments or

the outputs of other artificial neuron. This multiple input represents the dendrites in a

biological model. When fired, perceptron transmits a signal to the connected artificial

neuron, and simulates the axon which carries impulses away from the cell body of the

biological neurons. The perceptron collects all incoming signals and computes a net

input signal as a function of the respective connection or synaptic weights. The activation

function controls the firing and the strength of the exiting signals, usually [0,1] or [-1,1],

based on this net input.

58



Chapter 3. EEG-Based Detection of FOG Using Artificial Neural Networks

Figure 3.11: Perceptron, a model of a neuron.

3.6.1 Architecture

In its mathematical model, a relationship between the input and the output of a perceptron

can be described as the pair of equations

v=
m

∑
j=1
wjx j+w0 (3.15)

and

y= ϕ(v) (3.16)

where v is the linear combination output of the input signals x j, wj is a connection weight,

w0 is the weight coming from an extra bias unit bk, y is an output of the perceptron, and

ϕ(.) is the activation function. When m=1, the first equation can be seen as an equation

of a line with the slope w1 and the intercept w0. The line becomes a hyper plane when

the perceptron has more than one input, and can be used to separate two classes based on

the output of the perceptron. The 3-layer Multilayer Perceptron (MLP) ANN model (Fig.

3.12) is selected for this study with an input-output relationship mapping is calculated as

follows:

y= ϕout put(
J

∑
j=1
wjϕhidden(

I

∑
i=1
wi jxi+b0)+w0) (3.17)
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where J is the number of hidden nodes, I is the number of inputs, wi j is the weight of link

between input i and hidden nodes j, wj is the weight of link between hidden nodes j and

output nodes, b0 and w0 are the biases for hidden and output nodes, and xi is the i-th input

variable.

In this study, hyperbolic tangent transfer function, tansig, which accelerates the conver-

gence of the MLP (Vogl et al., 1988), is chosen as an activation function:

ϕ(v) = tansig(n) =
2

1+ e−2n
−1. (3.18)

3.6.2 Learning of Artificial Neural Networks

A learning process in the ANN, which shows its intelligence, can be seen as the pro-

cess of finding the optimum network architecture and connection weights based on the

representatives’ examples from available training patterns, to efficiently perform a spe-

cific task. The supervised learning paradigm is used in this study, based on the error

correction learning principle. In the following section, two ANN-training algorithms, the

Back-propagation and the Levenberg-Macquardt algorithms, are discussed further.

The Back-Propagation Algorithm of ANN

The Back-propagation (BP) algorithm is a generalization of the least mean squared al-

gorithm. It modifies networks weights to minimize the mean square error between the

Figure 3.12: Feedforward networks with 1 hidden layer and 1 output layer.
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Figure 3.13: A summary flow graphs of back-propagation learning with the forward pass
on the top part of the graph and backward pass on the bottom part of the graph

(Haykin, 2009).

desired and actual outputs of the networks. Backward path of BP propagates error signal

δi through the network in the backward direction. During this phase, using data for which

inputs as well as desired output are known, adjustments are applied to the weight matrices

of the network, so that the error values decreases. Once trained, the network weights are

stored and can be used to compute output values for new input samples.

The procedure for BP algorithm is illustrated in Fig. 3.13 and can be summarized as

follows (Haykin, 2009):

1. Initialization. Set synaptic weights w to small random numbers; set learning rate η

and momentum α .

2. Forward computation. Propagate the signal input pattern xn forward through the

network, layer by layer, and calculate the outputs y from all nodes using the activa-

tion function, which is in our study is tansig:

y=
2

1+ e−2ϕ(∑Ii=1wi j)
−1 (3.19)
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Compute the error signal

e j(n) = d j(n)−o j(n) (3.20)

where d j is the jth element of the desired response vector d(n) and o j is the output

signal of neuron j.

3. Backward computation. Compute local gradients of the output layer and hidden

layer networks, δ s:

δ (L)
j (n) = (d j(n)−o j(n))ϕ ′

j(v
(L)
j (n)) for neuron j in output layer L (3.21)

and

δ (l)
j (n) = ϕ ′

jv
(l)
j (n)∑

k
δ (l+1)
k (n)w(l+1)

k j (n) for neuron j in hidden layer l (3.22)

where ϕ ′
js is the differentiation with respect to the argument.

Update all the weights of the networks in layer l according to the generalized delta

rule:

w(1)ji (n+1) = w
(l)
ji (n)+α[w(l)ji (n−1)]+ηδ (l)

j (n)y(l−1)i (n) (3.23)

where η is the learning constant, α is a momentum term which is used to speed up

convergence and prevent the network from getting stuck in some local minimum.

4. Iteration. The learning process under point 2 and 3 is repeated until fulfill the

stopping condition.

During training, the progress is constantly updated and observed. Some common criteri-

ons are applied in this study for early stopping to avoid overfitting,:

1. Terminate when a maximum number of iterations, 1000, has been exceeded

2. Terminate when a maximum training time, has been exceeded

3. Terminate when it reaches minimum performance value (0.01), usually using the

mean square error (MSE) on the training set

Ec =
1
IJ

√√√√ I

∑
i=1

J

∑
j=1

(di j−oi j)2 (3.24)

where Ec is the cycle error, di j is the desired output, and oi j is the actual output.

4. Terminate when the validation error fails to increase after number of times (6 to

10), indicating that the training data is being memorized.
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The Levernberg Marquardt Algorithm of ANN

Levernberg Marquardt algorithm is chosen as a training method for its speed and stability

(Übeyli, 2009). Known as a combination of the Gauss-Newton technique and the steepest

descent method, the Levernberg-Marquardt algorithm is essentially an iterative technique

that located the minimum of an objective error function:

E(w) =
m

∑
i=1
e2i (w) = ‖ f (w)‖2 (3.25)

where e2i (w) = (ydi− yi)2 is an individual error (the difference between the desired value
of output neuron ydi and the actual output of that neuron, yi) and w is the weight vector.

The Levenberg-Marquardt algorithm is used to find the new weight vector wk+1 needed

to reach the optimum performance of the system:

wk+1 = wk− (JTk f (wk))(J
T
k Jk+λ I)−1 (3.26)

where Jk is the Jacobian of function f (.) at wk, λ is the learning rate and I is the identity

matrix.

Performance Evaluation of ANN

Classification data sampled using selected features was based on 3 layers MLP (Fig. 3.12)

with 56%, 25% and 19% of the data, randomly split, used for training, validation and

testing, respectively (Fig. 3.12). Validation set was used as a stopping criterion to avoid

over fitting and error goal 0.01. The number of neurons comprising in input layer is

varied corresponding with selected extracted features from EEG signals. The output layer

contains only 1 output node which indicates the condition of normal walking or transition

to FOG. The number of hidden nodes is varied from 2 to 12, corresponding to 11 different

networks architecture. The best architecture was selected based on trial and error, starts

from small number (2). Each feature was trained and tested 50 times based on the repeated

random sub-sampling and the mean result was recorded. The performance of the proposed

features was determined using following statistical measures:

1)Sensitivity=
TP

TP+FN
(3.27)
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2)Specivi f icity=
TN

FP+TN
(3.28)

3)Accuracy=
TP+TN

TP+FN+FP+TN
(3.29)

where

• TP (true positive) is the number of inputs which correspond to transition to FOG
classified as transition to FOG.

• TN (true negative) is the number of inputs which correspond to normal walking
classified as transition to FOG.

• FP (false positive) is the number of inputs which correspond to normal walking
classified as normal walking.

• FN (false negative) is the number of inputs which correspond to transition to FOG
classified as normal walking.

3.7 Experimental Results

In the statistical analysis of PSD and WE for differentiation of 2 EEG conditions, normal

walking and transition to FOG, from 16 PD patients with FOG, the discriminative value

(p-value <0.05) is found in almost all frequency bands as can be seen in Table 3.3. How-

ever, when effect size is taken into account, the alpha frequency band in parietal appears

as the most important feature signified with the decreasing of normalized PSD and WE

during transition to FOG compared to normal walking (PSD, z = 7.98 p <0.0001, r =

0.40; WE, z = 8.36, p <0.05, r = 0.42). In addition, there are significant increases in beta

power in occipital (PSD, z = 7.98, p <0.0001, r = 0.40; WE, z = 9.57, p <0.0001, r =

0.48), parietal (PSD, z = 7.98, p <0.0001, r = 0.40; WE, z = 8.87, p <0.0001, r = 0.45)

and central leads (PSD, z = 7.98, p <0.0001, r = 0.40; WE, z = 2.63, p = 0.0087, r =

0.13), along with theta activity in central (PSD, z =-12.80, p <0.0001, r = 0.62; WE, z =

-5.27, p <0.0001, r = 0.27 ).
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Table 3.3: Correlation analysis of normalized PSD and normalized WE between normal walking (N), transition to FOG (T), and FOG (F).
The result of the statistical analysis shows the separability of EEG signals using power based features.

Power Spectral Density Wavelet Energy
Elect. Freq. N T F N vs T N vs F N T F N vs T N vs F

δ 0.087 ± 0.060 0.082 ± 0.074 0.070 ± 0.047 ∗ ∗ 0.005 ± 0.009 0.008 ± 0.037 0.009 ± 0.004 ∗ ∗
θ 0.087 ± 0.057 0.081 ± 0.072 0.072 ± 0.045 ∗ ∗ 0.001 ± 0.001 0.000 ± 0.001 0.000 ± 0.001 ∗

O1 α 0.064 ± 0.036 0.058 ± 0.046 0.056 ± 0.031 ∗ ∗ 0.001 ± 0.002 0.000 ± 0.003 0.000 ± 0.002 ∗∗
β 0.069 ± 0.038 0.043 ± 0.025 0.061 ± 0.039 ∗∗∗ ∗ 0.001 ± 0.002 0.000 ± 0.003 0.001 ± 0.001 ∗∗∗ ∗
γ 0.042 ± 0.033 0.016 ± 0.016 0.034 ± 0.038 ∗∗ 0.000 ± 0.001 0.001 ± 0.008 0.002 ± 0.017 ∗∗∗ ∗
δ 0.144 ± 0.084 0.092 ± 0.065 0.115 ± 0.071 ∗∗ ∗ 0.013 ± 0.054 0.007 ± 0.033 0.006 ± 0.027 ∗∗ ∗∗
θ 0.146 ± 0.077 0.095 ± 0.063 0.121 ± 0.066 ∗∗ ∗ 0.001 ± 0.002 0.000 ± 0.001 0.000 ± 0.001 ∗ ∗

P4 α 0.110 ± 0.044 0.075 ± 0.045 0.099 ± 0.043 ∗∗∗ 0.001 ± 0.003 0.001 ± 0.004 0.001 ± 0.001 ∗∗∗ ∗∗∗
β 0.143 ± 0.071 0.101 ± 0.074 0.151 ± 0.082 ∗∗∗ ∗ 0.001 ± 0.004 0.001 ± 0.003 0.001 ± 0.003 ∗∗∗ ∗∗∗
γ 0.103 ± 0.083 0.066 ± 0.067 0.108 ± 0.072 ∗ ∗ 0.001 ± 0.003 0.001 ± 0.004 0.001 ± 0.005 ∗∗ ∗∗∗
δ 0.044 ± 0.055 0.147 ± 0.107 0.060 ± 0.068 ∗∗∗ ∗ 0.001 ± 0.002 0.005 ± 0.012 0.002 ± 0.008 ∗ ∗
θ 0.044 ± 0.054 0.144 ± 0.105 0.060 ± 0.067 ∗∗∗ ∗ 0.000 ± 0.001 0.001 ± 0.001 0.001 ± 0.001 ∗

Cz α 0.030 ± 0.035 0.097 ± 0.070 0.044 ± 0.047 ∗∗∗ ∗ 0.000 ± 0.000 0.000 ± 0.001 0.000 ± 0.001
β 0.020 ± 0.016 0.047 ± 0.033 0.026 ± 0.025 ∗∗∗ ∗ 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 ∗ ∗
γ 0.002 ± 0.002 0.004 ± 0.006 0.002 ± 0.003 0.000 ± 0.000 0.000 ± 0.001 0.000 ± 0.001 ∗
δ 0.002 ± 0.002 0.004 ± 0.009 0.004 ± 0.009 0.000 ± 0.000 0.000 ± 0.002 0.000 ± 0.000 ∗ ∗
θ 0.002 ± 0.002 0.004 ± 0.009 0.004 ± 0.008 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000

Fz α 0.001 ± 0.001 0.003 ± 0.005 0.002 ± 0.005 ∗ 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 ∗
β 0.000 ± 0.000 0.001 ± 0.002 0.001 ± 0.001 ∗ ∗ 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 ∗ ∗
γ 0.000 ± 0.000 0.000 ± 0.001 0.000 ± 0.001 ∗ ∗ 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 ∗ ∗

Elect. = Electrodes; Freq. = Subband Frequency
∗= p≤ 0.05 and r < 0.3
∗∗= p≤ 0.05 and 0.3 ≤ r < 0.4
∗∗∗ = p≤ 0.05 and r ≥ 0.4
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Common patterns shared by the Fourier transform based features and the wavelet trans-

form based features appear clearly in the shifting centroid frequency, in the beta, alpha

and theta frequency band during the transition and freezing episodes. The beta frequency

band stands out as the most affected frequency band in transition to freezing with the

most significant shift happening in the central lead (CF, z = 11.04, p <0.05, r = 0.56; CS,

z = -8.33, p <0.05, r = 0.42 ) (Fig. 3.14) while the frontocentral cortical region is more

affected than the parietooccipital region. When compared to the walking period, episodes

of freezing are associated with significant shifting in the theta frequency band with the

largest shift of centroid frequency in the frontal leads (CF, z = -4.11, p <0.05, r = 0.21;

CS, z = 4.55, p <0.05, r = 0.23)(Fig. 3.15).

The results of entropy analysis show a decrease of entropy in most of the frequency bands

and electrodes during FOG. The most significant change during transition to freezing is

detected in the beta frequency band both at central (PSE, z = 11.01, p<0.05, r = 0.56) and

frontal (PSE, z = 8.23, p <0.05, r = 0.42) (Fig.3.16). This trend continues in the onset of

freezing with lower effect size (Central: PSE, z = 4.35, p <0.05, r = 0.22; Frontal: PSE,

z = -5.44, p <0.05, r = 0.28).

The entropy analysis on WE which measures the temporal regularity of energy in each

frequency band also reveals the loss of complexity during transition in most of the fre-

quency bands and electrodes with the beta band appearing as the most affected frequency

band (Fig.3.17). There is a significant decreased regularity of gamma activity in the cen-

tral (WEE, z = 11.04, p <0.05, r = 0.56) during the transition, along with a decrease in

the beta band (WEE, z = 11.04, p <0.05, r = 0.56). While entropy is then increased at the

onset of the freezing period, it is still significantly lower compared to walking, unlike the

diminishing of all irregularity at the occipital and parietal leads.

The performance of the classifier using an ANN depends on different parameters: the

number of neurons in the hidden layer, the learning rate and the momentum. These have

different levels of importance, and must be decided upon in the design of the structure

(Haykin, 2009). The number of hidden neurons determines the effectiveness and effi-

ciency of the neural networks. Generalization of the system is reduced in a system with

too many hidden neurons as it becomes over specified. Moreover, the process will be
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Figure 3.14: Shift of CF in electrode Cz in 3 mid-range frequencies band. Decreasing of
centroid frequency in beta frequency band of normal walking signifies transition to

freezing episode.
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Figure 3.15: Shift of CS in electrode Fz in 3 mid-range frequency bands. Decreasing of
centroid frequency in theta frequency band of normal walking signifies freezing

episodes.
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Figure 3.18: Testing result of using CF at centroid zero as input for the MLP-NN with
different number of hidden nodes.

more time consuming. On the other hand, the system will not be properly fitting with the

input data in a system with too few hidden neurons, and therefore will be less robust. The

optimal number of hidden nodes is determined empirically through trial and error.

Figure 3.18 presents the average testing results of the classification system analysis over

50 runs using CF at centroid zero as an input parameter. It shows that accuracy improved,

as the number of hidden nodes increases from 1 to 4, when it reaches the best accuracy

of 79.73%. The accuracy is oscillated in the classifier system with 5 to 12 hidden nodes.

It steadily decreases as the number of hidden nodes increases from 12 to 20. Four hidden

nodes are chosen as it gives the best accuracy and highest sensitivity. The same process

is used to determine the number of hidden nodes in each ANN architecture with different

input features for classification. The optimum number of hidden nodes was found to be

between 2 and 12.

The strength of the alteration of EEG signals parameters differ from one location on the

scalp to another. This study evaluates the best indicator of freezing between 4 locations

of electrodes by comparing the performance of the classification system using data from

1 channel only. The combination of the extracted features from the related location data

was observed to determine the best combination of location in detecting freezing.
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Table 3.4 shows that central zero (Cz) provides the best indicator of freezing in all ex-

tracted Fourier transform based parameters, where the spectral centroid frequency (SCF)

and the power spectral entropy (PSE), obtained comparable result, both at around 79%

accuracy of testing of in-group and out-group, respectively. Not only do these locations

provide a better indication of freezing than other locations, the extracted data taken only

from these locations also lead to better performance of the classifier.

The strength of Cz in providing an indication of freezing in the frequency domain is

equally clear from the centroid scale (CS), with in-group results at 81.12%, 77.41% and

79.34% of sensitivity, specificity, and accuracy, respectively; and out-group results at

77.40%, 64.58% and 75.99% sensitivity, specificity, and accuracy, respectively (Table

3.5). This result is better than the classifier using CS from other channels, or with any

combination of 4 channels. However, when using WE, combined data from the 4 chan-

nels provided better results than similar features extracted from single channel only with

sensitivity, specificity, and accuracy in in-group at 86.00%, 74.43%, and 80.20%, respec-

tively. The performance was decreased when testing in out-group, with results at 73.19%,

80.16%, and 76.67% of sensitivity, specificity, and accuracy, respectively.

The result of the experiment shows that the Fourier analysis provided better result com-

pared to wavelet analysis in the extraction of the features related to centroid frequency

and entropy. However, the changes in the WE were found to be the best indicators of

transition to FOG.
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Table 3.4: Classification results of proposed Fourier Transform based features using MLP-NN in detecting transition 5 s before freezing
from normal walking.

In-group (11 patients) Out-group (5 patients)
Elec. Feat Training Validation Testing Testing

Se % Sp% Ac % Se % Sp % Ac % Se % Sp % Ac % Se % Sp % Ac %
PSD 74.53 76.47 75.46 73.14 75.37 74.31 72.56 73.79 73.12 71.51 55.38 63.40

1 CF 56.11 73.12 59.65 55.46 72.09 59.59 55.67 71.91 58.43 52.37 54.58 58.48
PSE 49.42 71.22 60.48 47.41 70.97 60.88 46.04 69.57 57.53 49.09 56.00 57.55
PSD 65.27 77.25 70.14 65.70 74.18 70.00 60.75 73.74 67.59 66.19 76.00 71.09

2 CF 71.19 49.18 58.20 71.29 48.09 59.05 71.21 47.85 55.90 71.14 42.62 55.45
PSE 74.64 43.25 59.41 74.38 42.33 58.11 73.09 41.89 56.33 75.42 43.14 59.28
PSD 66.74 84.66 77.35 67.03 84.41 77.17 62.62 83.46 77.38 63.65 80.72 75.19*

3 CF 78.68 80.23 80.37 78.72 76.51 79.32 76.69 74.05 79.54 75.21 80.65 79.91*
PSE 82.51 77.33 80.91 80.72 77.26 79.12 76.99 77.43 79.66 81.40 74.91 78.65*
PSD 59.01 71.21 59.86 57.22 70.15 58.11 55.71 70.87 58.19 51.44 67.02 54.73

4 CF 50.27 78.17 64.18 49.05 77.27 63.39 48.89 76.53 62.74 48.89 57.88 55.29
PSE 51.69 79.57 65.82 50.54 78.89 64.83 47.91 78.16 62.99 56.42 56.33 56.37

2,3 PSD 72.01 81.69 76.82 71.25 79.06 75.53 70.01 76.31 73.16 72.47 73.53 73.01
3,4 CF 83.36 81.21 81.15 79.56 78.77 80.71 77.71 77.20 77.38 74.28 87.26 75.77
1,3 PSE 79.56 82.98 81.30 77.66 81.74 79.73 76.98 79.72 78.30 84.86 74.86 79.86
1,2,3 PSD 80.43 81.12 80.71 77.27 80.21 79.25 77.40 77.66 77.49 78.53 71.09 74.81
1,3,4 CF 80.38 81.66 81.01 79.15 80.63 80.03 76.40 77.46 76.88 74.72 80.58 77.65
1,3,4 PSE 78.67 84.58 81.55 78.84 79.17 79.22 78.20 79.07 76.62 83.60 72.42 78.01
1,2,3,4 PSD 84.81 84.89 84.83 80.04 82.84 81.59 79.69 77.98 78.68 75.86 65.37 70.62
1,2,3,4 CF 85.12 82.29 83.67 83.58 81.27 82.44 81.00 78.96 80.00 68.51 83.65 76.08
1,2,3,4 PSE 83.46 82.54 83.00 82.72 80.23 82.58 79.45 76.94 78.10 70.63 77.86 74.24
Elect: Electrodes; Feat: Features; Se: Sensitivity; Sp: Specificity; Ac: Accuracy
Electrode 1: O1, Electrode 2: P4, Electrode 3: Cz, Electrode 4: Fz
PSD: Power Spectral Density; CF: Centroid Frequency ; PSE: Power Spectral Entropy
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Table 3.5: Classification results of proposed Wavelet Transform based features using MLP-NN in detecting transition 5 s before freezing
from normal walking.

In-group (11 patients) Out-group (5 patients)
Elec. Feat Training Validation Testing Testing

Se % Sp% Ac % Se % Sp % Ac Se % Sp % Ac % Se % Sp % Ac %
WE 82.49 68.31 75.26 82.01 68.20 76.05 81.23 67.76 74.21 76.44 67.35 56.90

1 CS 60.45 67.37 63.95 59.99 67.30 63.55 57.25 67.26 62.03 63.30 61.93 62.62
WEE 47.44 66.94 57.23 47.55 66.56 56.87 47.91 66.40 56.34 68.51 56.05 52.28
WE 80.56 55.05 67.40 80.45 55.20 67.32 80.08 55.39 67.76 64.02 57.40 65.71

2 CS 52.10 57.43 54.86 51.02 55.65 52.33 50.90 52.63 50.21 45.95 70.95 58.45
WEE 63.93 60.58 62.18 62.50 59.97 61.45 61.09 58.51 59.62 65.05 57.53 61.29
WE 80.49 71.09 75.71 80.05 70.67 75.44 78.96 69.80 74.24 77.88 64.51 66.20

3 CS 83.81 80.92 82.37 82.29 79.82 80.78 81.12 77.41 79.34 77.40 64.58 75.99 *
WEE 69.27 62.02 65.54 65.98 61.45 64.33 64.92 59.20 61.48 71.44 66.73 64.19
WE 73.44 59.19 66.24 73.22 59.04 65.74 73.10 59.75 65.00 62.91 66.40 54.65

4 CS 67.78 80.30 74.13 67.12 78.49 73.27 63.42 77.08 70.34 69.33 61.51 60.42
WEE 70.39 60.79 65.58 69.35 60.03 64.78 67.84 59.40 63.43 64.71 62.60 64.71

2,3 WE 85.58 73.73 79.54 82.88 72.41 78.42 82.56 69.07 75.79 70.19 76.12 73.15
3,4 CS 85.93 83.64 84.76 80.31 81.25 80.90 79.36 79.91 79.76 71.86 72.86 72.36
1,3 WEE 74.01 68.65 71.18 69.18 67.74 70.79 70.13 66.76 68.76 69.19 71.67 70.43
1,2,3 WE 83.34 78.49 80.94 83.23 73.75 78.31 82.52 71.71 77.93 71.34 77.21 74.29
1,3,4 CS 85.50 79.84 82.61 81.14 76.04 78.84 80.13 75.04 77.38 71.47 74.84 73.15
1,3,4 WEE 73.73 79.62 76.56 70.38 75.67 72.09 67.63 71.09 69.38 64.91 75.21 70.06
1,2,3,4 WE 89.28 78.21 83.75 86.58 74.80 80.11 86.00 74.43 80.20 73.19 80.16 76.67 *
1,2,3,4 CS 85.82 80.82 83.29 83.55 74.11 79.98 79.35 73.81 76.47 68.77 76.98 72.87
1,2,3,4 WEE 77.51 73.19 75.29 74.59 68.88 71.47 75.09 67.00 69.32 71.53 67.05 71.07 *
Elect: Electrodes; Feat: Features; Se: Sensitivity; Sp: Specificity; Ac: Accuracy
Electrode 1: O1, Electrode 2: P4, Electrode 3: Cz, Electrode 4: Fz
WE: Wavelet Energy P; CS: Centroid Scale ; WEE: Wavelet Energy Entropy
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3.8 Discussion and Conclusion

This study compares several Fourier analysis based features with their wavelet analy-

sis counterpart, and explores their roles in neural dynamics related to FOG in PD. The

observation on the power spectral density (Table 3.3) reveals that beta power changes sig-

nificantly in all locations of interest, when in transition to FOG. Previous research found

that worse motor severity in PD is associated with increase in beta activity, which implies

temporal impairment takes place during the freezing episode in the motor regions of the

cortex (Silberstein et al., 2005). This is in line with our finding of increasing beta power

in all locations of interest except at occipital.

The finding that the theta oscillations in the human cortex increases during the transition to

freezing, and remain high during freezing in the central region, is consistent with previous

studies which suggest that there is a relationship between FOG, and specific deficits in

cognition and impairment in the motor planning mechanism (Suchan et al., 2003)-(Knobl

et al., 2011).

The entropy analysis of the frequency domain based on the changing of the power spec-

tral shows increased regularity on nearly all frequency bands and most electrodes during

transition and that this continues in the freezing period. Therefore it can be inferred that

brain activity is “less complex” when patients undergo change from their normal walking

state to FOG.

The alteration in information processing during this stage is possibly due to an inacti-

vation of previously active neural networks, which resulted from the impairment of the

more “executive” functions of the brain. This finding is in line with the general “loss of

complexity” behavior in other diseases and states of the brain including epilepsy (Rosso,

2007), Alzheimer’s (Abásolo et al., 2008), and autism (Catarino et al., 2011).

In most extracted features, Cz provides the most statistically significant indicator of FOG.

This finding is supported by the result of the study on the classification system using single

electrode and combination of electrodes. In FFT-based features, the classification perfor-

mance in the testing set both in-group and out-group shows that information extracted
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from this site are generally stronger than other sites, even when combined.

The comparison between PSE based on the signals dynamic in the frequency domain and

WEE based on the signals dynamic in the time domain and their related statistics features,

revealed that information of EEG signals are coded in the frequency domain rather than

in the time domain. Along with the results of classification using CF and CS, it shows

that Fourier analysis provides better features in frequency domain compared to wavelet

analysis. This precision on frequency, following the Heisenberg Uncertainty Principle, is

at the cost of zero information about the temporal dynamic of the signal.

Optimization of classifier was done mainly by setting the number of the hidden nodes

which provided a better result. Interestingly, optimum result was achieved with less hid-

den nodes, between 4 to 12, even when the number of input was increased significantly.

Accuracy in classification was taken as the main indicator of the strength of the feature

in providing distinctive information related to the condition. In the detection of FOG, the

ability to correctly identify the transition to FOG episode, sensitivity, also significant in

giving indication of FOG and its treatment to unfreeze the episode.

The best accuracy of the FOG detection was achieved using CF as input of the classifier

extracted from channel Cz. The neural networks based classifier with this input obtains

79.54% and 79.91% accuracy when tested in in-group and out-group testing data set, re-

spectively. The accuracy of the system when using WE extracted from all four electrodes

locations as inputs is comparably the same at 80.20% and 76.67%, when tested using

in-group and out-group testing data set, respectively. A FOG detection system using WE

from all four channels also provides the highest sensitivity when tested using in-group

testing data set at 86.00%. The best sensitivity when tested using out-group testing data

set is 84.86% , obtained using PSE extracted from channel O1 and Cz as inputs for the

system.

This study demonstrated the potential use of the EEG features extracted using both the

Fourier and wavelet analysis to give increased insights into the pathophysiology of FOG

in PD. The results show the advantages of using wavelet analysis in extracting EEG basic

feature, energy, compared to Fourier analysis, providing a better indicator in classification

74



Chapter 3. EEG-Based Detection of FOG Using Artificial Neural Networks

system. This finding may be due to its representation of signals in 3 dimensions (ampli-

tude, frequency and time) compared to Fourier (amplitude and frequency), which is more

convenient for non-stationary EEG signals.
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Chapter 4

Detection of FOG Using Brain Signal

Spectral Coherence

“One cannot think of their taking place in any other way than through an infinitely com-

plex and involved interaction and cooperation of numerous elementary activities [...] We

are dealing with a physiological process extending widely over the whole cortical surface

and not a localized function within a specific region.”

-Korbinian Brodmann, 1909

Early detection of FOG episodes was developed using features based on the Fourier trans-

form (including power spectral density, spectral centroid frequency and power spectral

entropy). The study of the strength of each feature from each channel showed better infor-

mation did not result from using an increased number of features or number of channels.

Using only channel Cz gave the best classification of motor execution: 76.69% sensi-

tivity, 74.05% specificity, and 79.54% accuracy applying spectral centroid frequency to

the in-group patients and 75.21%, 80.65%, and 79.91% when applied to the out-group

patients. Compared to their paired measurement extracted using wavelet transform, the

combination of wavelet energies from 4 channels provided the best indicator of freezing

with the sensitivity, specificity and accuracy were up to 86.00% accuracy, 74.43% sensi-

tivity and 80.20% specificity in the in-group patients and 73.19%, 80.16% and 76.67% in

the out-group patients.
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In this chapter, we explore the strength of 3 functional integration based features when

used as an input for classifier to detect FOG: cross power spectral, spectral coherence and

phase synchronization.

4.1 Introduction

4.1.1 Limitations of Segregated Spectral Analysis in EEG-Based FOG Detection

Chapter 3 examined brain functions exclusively as an intrinsic feature of isolated network

nodes. The EEG features were extracted and computed separately on each EEG channel,

identifying a particular brain region with a specific function following German physician

Franz Joseph Gall’s ideas of phrenology in 1796 (Friston, 2011). While functional local-

ization brain mapping such as Brodmann Areas (1909) (Fig. 4.1) made great contribution

to neuroscientific and clinical brain research, it was realized early on that localization

which discounted interaction integration among different brain areas was insufficient to

explain the cortical organization (Friston, 2011). This popular segregation method does

not provide information of the interrelation between signals reflecting neural activity at

locations of interest, because it is based on measuring each single channel and assumes

the brain as a “set of segregated tissues with static specialized functions” (Sameshima &

Baccalá, 1999).

4.1.2 Advantages of Functional Integration Features

More recently, a new mathematical approach based on a more holistic paradigm of anal-

ysis of connectivity in neuronal networks, gained significant prominence in the neuro-

science community. This emerging network science also impacted real-world observation

in social, technological, biological and other domains. In the last 20 years, driven by

the emergence of neuroimaging as the predominant technique in systems neuroscience

systems, the emphasis of study by the neuroscience community shifted from functional

localization to functional integration in segregated brain areas (Friston, 2011). Func-

tional segregation analysis has been used to study neurological conditions and disorders,
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Figure 4.1: Brodman area functional atlas.

such as autism (Belmonte et al., 2004), Alzheimer’s disease (Supekar et al., 2008), and

schizophrenia (Skudlarski et al., 2010). A search of the U.S National Library of Medicine

shows that annually, from 2010, the number of publications on “connectivity” surpassed

publications on “activation” (Fig. 4.2).

Observation of the interaction between EEG channels based on the concept of synchro-

nization beyond the simple mapping of the activity of each measured cortical location

is important for several reasons (Quian Quiroga, 2009). First, in the assessment of syn-

chronization, the similarity between 2 areas, time lag/delay and phase, reveals the level

of functional connectivity between the locations of interest. The analysis provides funda-

mental insights into the integrative functions of the brain, and its complex and irreducible

dynamic network patterns (Sporns, 2011). For example, empirical evidence shows that re-

peated synchronous oscillation strengthened the functional connections between neurons

in the study of neuronal plasticity in the cortex of adult monkeys (Ahissar et al., 1992).

Second, synchronization change can be used as a bio-marker for pathology or different

brain states activities, which are less (or non) observable with amplitude comparisons
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Figure 4.2: Publications search rates recorded by PubMed.gov. U.S. National Library of
Medicine shows an increase in the number of studies looking for information on
functional segregation (activation) and functional integration (connectivity)

(Friston, 2011).

(Blinowska & Zygierewicz, 2011). Using EEG measurement in intelligence prediction,

Thatcher et al. (2005) found the EEG network properties (coherence and phase delay) to

have (a) a stronger correlation to intelligence quotient (IQ) than power measures of EEG,

and (b) a decreased coherence positively correlated with IQ as spatial differentiation and

complexity of the brain increase. The Coben et al. (2008) study on an autistic spec-

trum disorder found coherence to decrease across inter-electrode, and across the frontal,

temporal, and posterior regions. This pattern of under-connectivity in autistic is more

pronounced than the group differences in power.

Third, synchronization measures may reveal the operational principles of neurons and

neuronal system in the transmission information between different brain locations. Tas

et al. (2015) found lower interhemispheric alpha coherence in unipolar and bipolar de-

pression. This suggests that the cognitive processes create an excessive increase of infor-

mation transfer by primary signals, leading to bipolar (rather than unipolar) depression.

Fourth, synchronization measures provide meaningful information and useful character-

ization of subject conditions as inputs for detection of various physiological conditions.

Using cross correlation and phase-locking synchrony to extract the spatio-temporal pat-

tern of EEG synchronization in 15 epilepsy patients, Mirowski et al. (2009) predicted
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seizure with 71% sensitivity and without false alarms. Lee & Hsieh (2014) classified

different emotional states of 40 young participants. They used 3 connectivity indicators,

correlation, coherence and phase synchronization, as inputs for Quadratic Discriminant

Analysis, to estimate the dynamic coupling between EEG channels associated with emo-

tion. The classification accuracy was 0.61 % for correlation, 0.62 % for coherence, and

0.82 % for phase synchronization. These results are superior to classification accuracy at

0.53 % using features extracted, based on EEG power.

This chapter considers the advantages of the functional integration features, and the EEG

functional connectivity of PD patients, for detecting FOG. The temporal dynamic cou-

plings were estimated using the 3 connectivity indicators correlation, coherence, and

phase locking, and show statistical dependencies of different measurements among re-

mote neurophysiological events.

Figure 4.3: System overview of FOG detection using functional integration features of
EEG data
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4.2 System Overview

Fig. 4.3 presents an overview of the system, using functional integration features. A 4

channel wireless EEG system was used to collect brain signal data from 16 PD patients

with FOG. Low frequency noise, high frequency noise, and 50 Hz line frequency noise

were eliminated using a Band Pass Filter (0.5-60 Hz) and a Band Stop Filter (50 Hz).

The classification system labelled the data set according to 2 conditions: normal walking,

or the 5 s transition before FOG. The pathophysiology of the FOG condition was anal-

ysed; functional integration measures were calculated between pairs of electrodes and

their strength investigated in differentiating normal walking and the 5 s transition, apply-

ing the non parametric Wilcoxon Sum Rank test. Selected features components were used

as input for the MLP-NN classifier, for individual features, and also in combination with

other features (including the single channel based measures discussed in chapter 3).

4.3 Synchronization of the Cortical Activity Measurements

There is a growing interest in studying nervous system, particularly the (dynamic) or-

ganization of communication within the nervous system, which may be related to FOG.

Their focus includes its diverse functions such as motor activity (Press et al., 2011; Weiss

et al., 2015), attention (Loo & Makeig, 2012; Gruzelier et al., 2014), memory (Morison

et al., 2012) and emotion (Frølich et al., 2015). The signals from multiple channels were

joined to detect the alteration of the connectivity in the brain, related to different brain

conditions.

4.3.1 Magnitude-Squared Coherence

Cross-correlation is a classical interdependence measurement between 2 simultaneously

measured EEG signals (Pereda et al., 2005). The linear correlation between 2 signals vari-

ables x and y is measured as a function of their time delay (τ) which may reflect a causal

relationship between those 2 signals. It has values between -1 (complete linear inverse

correlation) and +1 (complete linear direct correlation)and is defined as (Van Drongelen,
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2006)

Rxy(τ) = E{x(t)y(t+ τ)} (4.1)

where x(t) and y(t + τ) are 2 joint signals, τ is the number of time units that the signal

y(t+ τ) is lagged in regards to x(t), and E{.} is the expectation operator.

The cross-correlation integral can be denoted as

sxy(t) =
∫ ∞

−∞
x(τ)y(t+ τ)dτ. (4.2)

The Fourier transform of s(t), the cross correlation in the frequency domain, is given by

Sxy(ω) =

∫ ∞

−∞
sxy(t)e− jωtdt =

∫ ∞

−∞
[

∫ ∞

−∞
x(τ)y(t+ τ)dτ]e− jωtdt. (4.3)

By changing the order of integration, we get

Sxy(ω) =

∫ ∞

−∞
x(τ)

[∫ ∞

−∞
y(t+ τ)e− jωtdt

]
dτ. (4.4)

Substitution of the term in the brackets into the Fourier transform of function Y gives

Sxy(ω) =

∫ ∞

−∞
x(τ)Y (ω)e− jωtdτ =Y (ω)

∫ ∞

−∞
x(τ)e− jωtdτ. (4.5)

With complex conjugates
∫ ∞

−∞
x(τ)e jωtdτ = X∗(ω), the final equation of cross-correlation

S in the frequency domain, cross power spectral density (CPSD), can be seen as

Sxy(ω) =Y (ω)X∗(ω). (4.6)

The ratio of CPSD to the product of the related auto power spectral densities (APSD), a

generalization of correlation in the frequency domain, shows the coherency, which is a

measurement of amplitude and phase coupling, and is defined as

Cxy(ω) =
|Sxy(ω)|2

Sxx(ω)Syy(ω)
(4.7)

with

Sxx(ω) = X(ω)X∗(ω) (4.8)

Syy(ω) = Y (ω)Y ∗(ω). (4.9)
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Figure 4.4: Subject 1 - samples extracted from electrodes P4 and O1 of cross power
spectral density and magnitude-squared coherence under 3 conditions.

In practice, both the CPSD and the coherency value are estimated by approximation in

which the finite time series x and y are divided into N overlapping segments in the same

way as the Welch method for power spectra calculation, x j and y j, where j= 1, ...,N. The

CPSD are estimated by averaging the coefficientsCj over the N segments:

Sxy(ω)≈ S̃XY (ω) =
1
N

N

∑
j=1
Cj(ω) =

1
N

N

∑
j=1
Xj(ω).Y ∗

j (ω). (4.10)

The APSD is calculated with the same approximation:

S̃xx(ω) =
1
N

N

∑
j=1
Xj(ω).X∗

j (ω). (4.11)
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S̃yy(ω) =
1
N

N

∑
j=1
Yj(ω).Y ′∗

j (ω). (4.12)

The magnitude squared coherence (MSC)is defined as the modulus of the coherency. It is

determined by averaging both CPSD and APSD over n epochs, indicated by 〈...〉n

Cxy(ω) =
|〈Sxy(ω)〉n|2

〈Sxx(ω)〉n〈Syy(ω)〉n (4.13)

Coherency function is a function of frequency. It can be used to analyse which frequency

of 2 sets of time series data is coherent. While cross correlation emphasizes the similarity

of waveform between 2 signals, and gives information on their time coupling, coherency

measures the stability of that similarity with respect to power asymmetry and phase rela-

tionship (Guevara & Corsi-Cabrera, 1996).

Correlation is sensitive to polarity, and has values from -1 to +1. Squaring the signal in the

calculation of coherence omits the polarity information, and produces values from 0 (no

relationship) to 1 (maximal synchronous change). Coherence, also called the magnitude

squared coherence (MSC), is defined as the modulus of the coherency. This measure is

analogous to the squared Pearson correlation, r2, describing the proportion of variance of

channel X at frequency f accounted for by a linear transformation of the complex spectral

coefficient derived from channel Y (Nunez & Srinivasan, 2006).

In the present study, the cross spectrum coefficient is estimated in the same way of the

Welch method for power spectra calculation using the Hamming window as a weighting

function, with the duration of the stationary fragment assumed to be 220ms with 50%

overlap.
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4.3.2 Wavelet Coherence

Methods based on the simple Fourier analysis are inadequate in estimating the non-

stationary signals because they cannot provide the temporal structure information of sig-

nals (Lachaux et al., 2002). Therefore, wavelet analysis is used as an alternative in es-

timating the time varying coherence among non-stationary signals, including neural sig-

nals. A real wavelet function is used to detect peaks and discontinuities, while a com-

plex wavelet function is more suitable for extracting information about phase difference.

Moreover, a complex wavelet function works better in capturing oscillatory behaviour.

This study uses a complex Morlet wavelet, proven to provide the best time frequency res-

olution in the EEG analysis compared to other wavelet functions (Sitnikova et al., 2009),

and is defined by Teolis (1998) as:

Ψ(t) =
1√
π fb

e2iπ fcte
t2
f b (4.14)

where Ψ(x) can be seen as a sinusoidal wave, centred at frequency fc which is windowed

by the Gaussian envelope with the variance σ =
√

fb
2 at time t. Morlet wavelet has 2

parameters. The first parameter, fb, represents a bandwidth parameter. The second pa-

rameter, f0, is a central frequency. It determines the number of oscillations of the Morlet

wavelet and requires a minimum value of 2π f0=6 to provide a good balance between time

and frequency localization (Farge, 1992). This frequency can be interpreted as a local-

ized Fourier frequency, f = f0/a with a as the scale parameters of continuous wavelet

transform in (3.8) (Priestley, 1996).

Corresponding to a similar concept in the Fourier analysis, the autocorrelation function of

the wavelet transformation produces a wavelet power spectrum (WPS) which describes

the power of the signals x(t) at a certain time ti on a scale s:

WPSi(s) =Wi(s)Wi(s)∗ (4.15)

whereWi(s)∗ is the complex conjugate of wavelet transformWi.

The extension of the univariate WPS to a comparison of 2 time series x and y at time shift

index i and scale s with their wavelet transform coefficientsWxi andWyi , the wavelet cross
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correlation spectrumWCSi(s), is defined as

WCSxyi(s) = S(Wxi(s)W
∗T
yi (s)) (4.16)

where S is a smoothing operator in both time and scale. These filters are designed ac-

cording to the wavelet used. For the Morlet wavelet a suitable smoothing operators is

(Grinsted et al., 2004)

Stime(W )|s =
(
Wi(s)∗ c

−t2
2s2
1

)
(4.17)

and

Sscale(W )|s = (Wi(s)∗ c2Π(0.6s))|i, (4.18)

where c1 and c2 are normalization constants and Π is the rectangle function.

The interaction between signals x and y at the given frequency is measured by the product

of 2 spectra expressed by wavelet coefficients of the time scale representation of EEG

sub-bands. Since the Morlet function includes both a real and an imaginary part, the

WCS is complex valued. The average amplitude of this local WCS over time samples

t (|WCSixy(t,s) |) shows the global WCS at related EEG sub-bands (see Fig.4.5). Total
wavelet cross spectrum of EEG sub-bands is obtained by calculating the sum of the global

wavelet spectrum over scale (frequency) sub-bands and is taken as features.

Analogous to the Fourier-based coherence, wavelet coherence (WCO) is defined as the

amplitude of the WCS normalized to the 2 single WPS:

WCOxyi(s) =
S(WCSxyi(s))√

S(|WPSxxi(s)|2)
√
S
∣∣WPSyyi(s)∣∣2 (4.19)

where S is a smoothing operator. WCOxyi has values between 0 (no coherence) and 1

(maximum coherence).

4.3.3 Weighted Phase Lag Index

Analysis of the stability of phase shift over the specified time interval also provides mea-

surement of phase difference between 2 signals. If phase difference between 2 signals,

Δφ , is constant, the signals are in phase synchrony. Rosenblum et al. (1996) introduced
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Figure 4.5: Wavelet cross spectrum for transition of freezing at gamma sub-band. The
upper panels shows EEG signals from electrode pairs O1 and P4. The right panel
presents the global wavelet spectrum obtained by averaging over time samples.

the weaker version of phase synchrony in noisy system, phase entrainment, which is de-

fined as:

|Δφn,m|= |nφ1−mφ2|< const (4.20)

where Δφn,m is the phase difference, φ1 and φ2 are the phases of 2 oscillators, and n and

m are some integers.

Detecting this phase-locking when the phase difference is constant using correlation and

coherence can pose a problem since they are affected by the amplitude component which

can be noisy or uncorrelated. Furthermore, it is also susceptible to a transmission of

electric field from a source activity through biological tissue towards the EEG sensors.

Nolte et al. (2004) proposed to use the imaginary component of the coherence (ImC),

defined as ℑ{C}, as an index of phase synchronization to solve these problems. The
rationale is that the linear mixing of uncorrelated sources (volume conduction) produces

the real component of the cross-spectrum E{ℜ{X}} �= 0, corresponding to a spurious
coherence. However, it does not have impact on the imaginary component of the cross-

spectrum, E{ℑ{X}}. The imaginary component of the coherence ℑ{C} is zero follows
from E{ℑ{X}}= 0 in the case where all sources are uncorrelated, so that it reflects true
interaction of the sources of signals of interests.
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Stam et al. (2007) identified that the magnitude of phase delay and the amplitude of sig-

nals strongly influence on ImC. Thus, to find the consistent, nonzero phase lag from a

single source that is not caused by volume conduction, Stam et al. (2007) discarded the

phase differences that center around 0 mod π by applying an asymmetry index for the

distribution of phase difference of 2 times series, Δφ . The phase delay captured using this

estimation showed that axonal transmission properties may have accounted for commu-

nication between brain regions.

Stam et al. (2007) proposed the Phase Lag Index (PLI), defined as

PLI ≡ |〈sgn[Δφ(tk)]〉|= |E{sgn(ℑ{X})}| (4.21)

where ℑ{X} is the imaginary component of the cross spectrum.

Vinck et al. (2011) proposed the Weighted Phase Lag Index (WPLI) as a further im-

provement of PLI in phase-synchronization measurement since the PLI was limited by

the discontinuity of its estimation between zero and infinitesimally small non-zero phase

lags. The WPLI demonstrated reduced sensitivity to noise, increased capacity to detect

changes in phase synchronization and was not affected by volume-conducting correlated

sources of interest. It outperformed coherence, imaginary coherence, and the PLI with

real local field potential data (Vinck et al., 2011). Furthermore, the WPLI has been used

to detect complex and variable EEG activity patterns during human movement (Lau et al.,

2012) and during the resting state in children (Ortiz et al., 2012).

The WPLI limits the effect of cross spectrum elements around a real axis by weighting

the cross spectrum to the magnitude of the imaginary component of the cross spectrum:

Φ ≡ |E{ℑ{X}}|
E{|ℑ{X}|} =

|E{|ℑ{X}|sgn(ℑ{X})}|
E{|ℑ{X}|} . (4.22)

4.3.4 Phase-Locking Value

The Phase Locking Value (PLV), also known as mean phase coherence (Mormann et al.,

2000), is the index of phase synchronization. Lachaux et al. (1999) used the PLV to mea-

sure phase synchrony based on the wavelet transform. The phase of signal x(t) and signal
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y(t) is determined by the convolution of the respective signals with a mother wavelet Ψ:

Wx(t) = (Ψ◦ x)(t) =
∫

|Ψ(t
′
)x(t− t ′)|dt ′ = AWx (t)eiφ

W
x (t). (4.23)

Wy(t) = (Ψ◦ y)(t) =
∫

|Ψ(t
′
)x(t− t ′)|dt ′ = AWy (t)eiφ

W
y (t). (4.24)

The phases are defined as

φWx (t) = arctan
ImWx(t)
ReWx(t)

. (4.25)

φWy (t) = arctan
ImWy(t)
ReWy(t)

. (4.26)

The PLV is obtained by calculating the absolute value of the mean difference between 2

signals (Mormann et al., 2000)

PLVt =
1
N

∣∣∣∣∣
N

∑
n=1
Nei|θx(t j)−φy(t j)|

∣∣∣∣∣ . (4.27)

As in the WPLI, the value of the PLV is always in the interval [0,1]. The maximum value

of 1 signifies perfect phase synchronization, in which 1 signal perfectly follows another.

The minimum value of 0 corresponds to no phase synchronization.

4.4 Feature Selection and Artificial Neural Networks Classification

The abnormal functional connectivity patterns during freezing can be represented by fea-

tures which indicate the highly discriminating functional connections. In a classifier sys-

tem. these features are good indicators for the prediction of the target labels y for new data

input x (Guyon et al., 2008). The selection of the most predictive features will lead to the

improvement of performance prediction and data understanding, and reducing computa-

tional and data storage requirements. In the evaluation of a single feature, simple feature

is ranked based on the strength of correlation between 2 conditions of interest: normal

walking and transition to freezing. A non-parametric statistical analysis - the Wilcoxon

Sum Rank Test, with the significant statistic difference threshold p-value <0.05, is used.

Only the most relevant features with significant statistical differences between groups are

chosen as input for the classifier.

89



Chapter 4. Detection of FOG Using Brain Signal Spectral Coherence

A combination of features is investigated using forward selection to make the best use of

the data acquired through different features. The performance of the individual features

is used to rank their discriminative power in the features in the classification system.

Further feature selection is done by constructing combinations of features, starting from

the most distinctive feature, and progressively adding the less powerful features (Guyon

et al., 2007).

Classification data sampled using selected features based on 3 layers MLP-NN with 56%,

25% and 19% of the data, randomly split, are used in training, validation and testing,

respectively. The number of of the input layer, corresponding with the number of selected

extracted features from the EEG signals, therefore varies. The output layer in the FOG

detection classifier has 1 output node which indicates the condition of normal walking or

transition to FOG. The number of hidden layers ranging from 4 to 12 neurons is applied

randomly and selected based on performance.

Early stopping base on cross-validation using validation set and error goal 0.01, decreased

generalization error and overfitting (see 3.6.2). The Levernberg Marquardt algorithm is

applied to each feature for training and tested 50 times based on the repeated random

sub-sampling, and the result is recorded. The performance of the classifier is measured

by calculating the sensitivity, specificity, and accuracy of classification system.

4.5 Experimental Results

Generally, the transition to FOG condition had greater CPSD and WCS value on the 3

mid-range frequency bands in all pairwise channels (Table 4.1). The estimation of power

cross correlation tended to remain high during FOG. Correlation analysis on the CPSD

andWCS showed a strong statistical significance difference in both features, between nor-

mal walking and transition to freezing, and between normal walking and freezing. Pair-

wise correlation based on wavelet transform, the WCS, appeared to be more promising

for use as inputs than pairwise correlation based on the FFT (CPSD) for FOG detection

with p≤ 0.05 and r≥ 0.4 in all pairs of electrodes between normal walking and transition
to FOG except for the Cz-Fz at beta frequency band.
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Table 4.1: Correlation analysis of CPSD and WCS between normal walking (N),
transition to FOG (T), and FOG (F) in 3 mid-range frequency bands

Electrode Pairs Normal Walking Transition to FOG Freezing of Gait N vs T N vs F
O1-P4 0.0363 ± 0.0473 0.0424 ± 0.0569 0.0488 ± 0.0691
O1-Cz 0.0147 ± 0.0279 0.0610 ± 0.1110 0.0404 ± 0.0902 *** *

CPSD O1-Fz 0.0182 ± 0.0051 0.0096 ± 0.0261 0.0075 ± 0.0230 *** **
Theta P4-Cz 0.0205 ± 0.0422 0.0772 ± 0.1067 0.0483 ± 0.0985 *** ***

P4-Fz 0.0023 ± 0.0056 0.0111 ± 0.0194 0.0096 ± 0.0261 ***
Cz-Fz 0.0022 ± 0.0095 0.0195 ± 0.0412 0.0151 ± 0.0508 *** ***
O1-P4 0.0172 ± 0.0229 0.0243 ± 0.0356 0.0263 ± 0.0354 ** ***
O1-Cz 0.0057 ± 0.0088 0.0185 ± 0.0286 0.0150 ± 0.0254 *** ***

CPSD O1-Fz 0.0005 ± 0.0015 0.0031 ± 0.0092 0.0027 ± 0.0078 *** ***
Alpha P4-Cz 0.0097 ± 0.0188 0.0245 ± 0.0326 0.0174 ± 0.0247 *** ***

P4-Fz 0.0006 ± 0.0016 0.0028 ± 0.0062 0.0031 ± 0.0092 ** ***
Cz-Fz 0.0003 ± 0.0014 0.0040 ± 0.0119 0.0040 ± 0.0182 *** ***
O1-P4 0.0242 ± 0.0356 0.0354 ± 0.0549 0.0365 ± 0.0503 ** ***
O1-Cz 0.0055 ± 0.0060 0.0162 ± 0.0263 0.0140 ± 0.0213 *** ***

CPSD O1-Fz 0.0003 ± 0.0008 0.0026 ± 0.0085 0.0024 ± 0.0101 *** ***
Beta P4-Cz 0.0014 ± 0.0021 0.0027 ± 0.0038 0.0022 ± 0.0038 *** **

P4-Fz 0.0005 ± 0.0015 0.0028 ± 0.0073 0.0026 ± 0.0085 *** ***
Cz-Fz 0.0002 ± 0.0005 0.0022 ± 0.0076 0.0018 ± 0.0054 *** ***
O1-P4 0.0449 ± 0.0850 0.0571 ± 0.0857 0.0387 ± 0.0616 *** ***
O1-Cz 0.0163 ± 0.0198 0.0138 ± 0.0188 0.0629 ± 0.0116 *** ***

WCS O1-Fz 0.0161 ± 0.0190 0.0731 ± 0.0135 0.0592 ± 0.0161 *** ***
Theta P4-Cz 0.0184 ± 0.0231 0.0105 ± 0.0176 0.0044 ± 0.0078 *** ***

P4-Fz 0.0214 ± 0.0257 0.0463 ± 0.0885 0.0385 ± 0.0808 *** ***
Cz-Fz 0.0090 ± 0.0135 0.0955 ± 0.0161 0.0560 ± 0.0131 *** ***
O1-P4 0.0507 ± 0.0644 0.0333 ± 0.0337 0.0440 ± 0.0967 *** ***
O1-Cz 0.0234 ± 0.0307 0.0596 ± 0.0775 0.0834 ± 0.0209 *** ***

WCS O1-Fz 0.0028 ± 0.0029 0.0193 ± 0.0395 0.0548 ± 0.0177 *** **
Alpha P4-Cz 0.0306 ± 0.0451 0.0511 ± 0.0645 0.0619 ± 0.1382 *** ***

P4-Fz 0.0029 ± 0.0025 0.0154 ± 0.0335 0.0310 ± 0.0106 *** **
Cz-Fz 0.0013 ± 0.0015 0.0252 ± 0.0626 0.0670 ± 0.0217 *** **
O1-P4 0.3625 ± 0.5374 0.1154 ± 0.1527 0.1347 ± 0.2022 *** ***
O1-Cz 0.1643 ± 0.1784 0.1236 ± 0.1681 0.1029 ± 0.2292 *** ***

WCS O1-Fz 0.0002 ± 0.0002 0.0025 ± 0.0084 0.0049 ± 0.0017 *** **
Beta P4-Cz 0.1285 ± 0.1103 0.1848 ± 0.2360 0.1819 ± 0.3196 *** ***

P4-Fz 0.0003 ± 0.0004 0.0027 ± 0.0083 0.0051 ± 0.0016 *** **
Cz-Fz 0.0001 ± 0.0002 0.0034 ± 0.0134 0.0041 ± 0.0014 ** **

CPSD: Cross Power Spectral Density; WCS: Wavelet Cross Spectrum
∗= p≤ 0.05 and r < 0.3
∗∗= p≤ 0.05 and 0.3 ≤ r < 0.4
∗∗∗ = p≤ 0.05 and r ≥ 0.4
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Figure 4.6: Boxplot of MSC of EEG signals during normal walking and transition to FOG (frequency band 5, used electrode 4) with number
1, 2, 3, 4, 5 and 6 in the x-axes referring to O1-P4, O1-Cz, O1-Fz, P4-Cz, P4-Fz and Cz-Fz respectively. The asterisk indicates p-value

<0.05. A higher number of the asterisk refers to a higher r-value.

92



C
hapter4.D

etection
ofFO

G
U
sing

B
rain

SignalSpectralC
oherence

Figure 4.7: Boxplot of wavelet coherence of EEG signals during normal walking and transition to freezing of gait (frequency band 5, used
electrode 4) with number 1, 2, 3, 4, 5 and 6 in x-axes refer to O1-P4, O1-Cz, O1-Fz, P4-Cz, P4-Fz and Cz-Fz respectively. The asterisk

indicates p-value <0.05. A higher number of the asterisk refers to a higher r-value.
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During transition to freezing, and during freezing, the EEG signal change in the beta fre-

quency band measuring the CPSD and WCS, was strong. This finding is consistent with

the previous finding in the single channel based power spectral measurement in Chapter

3. The increasing CPSD in the theta frequency band between normal walking and transi-

tion to FOG in the pairwise (which included central region (O1-Cz, P4-Cz, Cz-Fz)) also

reflects the power spectral measurement in the single channel.

In the coherency analysis, both the MSC and WCO indicated a significant different co-

herency during transition to freezing in parieto occipital pairwise of electrodes, in the

theta, alpha and beta frequency bands as illustrated in Fig. 4.6 and Fig. 4.7. There was no

significant change of coherency in parietal-central and parietal-frontal cortices connec-

tion.

Pairwise fronto-central showed alteration of coherence in all frequency bands detected

using WCO and in the 3 lowest band frequencies using MSC. The most significant of all

the changes observed was in the theta frequency band at this pairwise of electrode (PSD:

z = -8.11, p <0.05, r = 0.41; WE: z = -5.05, p <0.05, r = 0.26).

Fig. 4.9 and Fig. 4.8 show the results from the phase synchrony analysis obtained from

electrodes pairs during 3 conditions: normal walking, transition to freezing and FOG.

According to the WPLI analysis, the occipital frontal, parietal frontal and central frontal

cortices connections in the beta and gamma frequency bands were strongly synchronized

in phase. When the PLV analysis was applied, a strong synchronization was measured in

theta frequency band in all pairwise of electrode except the parietal central. A stronger

synchronization was also indicated in the phase synchronization measured using the PLI

except in occipital-parietal.

Based on those statistical results, the functional integration features at all 4 channels were

selected as inputs for classification. Table 4.2 and Table 4.3 show the comparison of

classifier performance when using different features as inputs. Not all features extracted

from available pairwise electrodes were of sufficient statistically significance enough to

be used as input for classifier. No significant phase synchronization (the WPLI) was

extracted from P4-Cz and P4-Fz, and coherence (MSC and WCO) of P4-Cz.
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Figure 4.8: Phase synchronization measured using the WPLI.
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Figure 4.9: Phase synchronization measured using the PLV.
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Table 4.2: Classification results of proposed Fourier transform based features using
MLP-NN to detect the 5 s transition before freezing from normal walking

In-group (11 patients) Out-group (5 patients)
Elect. Feat. Training Testing Testing

Se % Sp% Ac % Se % Sp % Ac % Se % Sp % Ac %
CPSD 47.18 57.05 52.48 44.18 54.34 46.95 44.18 54.34 49.26

1 MSC 50.87 54.83 52.55 46.01 53.18 48.53 60.78 53.99 57.38
WPLI 45.35 59.35 52.34 41.04 57.06 47.23 45.62 37.95 41.78
CPSD 69.8 77.10 73.55 65.23 74.29 69.38 86.82 60.19 73.51

2 MSC 64.09 60.05 61.90 62.00 59.79 61.07 62.75 42.13 52.44
CPSD 63.23 72.93 68.06 62.96 74.18 68.19 71.05 52.25 61.65

3 MSC 40.62 68.52 54.47 48.13 67.41 51.81 54.42 63.6 59.01
WPLI 42.06 77.96 60.00 40.34 77.78 58.98 32.98 82.25 57.62
CPSD 64.76 63.07 63.86 62.88 57.65 60.06 64.27 62.43 63.35

4 WPLI 45.39 56.07 50.85 42.51 53.15 46.95 47.21 52.79 50.00
CPSD 54.93 69.16 61.75 57.11 68.74 62.94 65.27 49.27 47.15

5 MSC 59.75 44.53 52.68 57.56 43.27 47.34 58.18 43.33 50.76
CPSD 59.47 72.33 65.82 59.60 70.20 64.75 68.91 67.48 68.20

6 MSC 48.07 72.18 60.07 50.21 69.92 59.66 56.63 72.25 64.44
WPLI 54.68 70.52 62.59 54.89 70.21 62.43 49.42 78.68 54.05

2,6 CPSD 76.46 74.87 75.62 74.70 73.33 73.84 87.40 56.94 72.17
6,2 MSC 69.05 62.79 66.03 68.14 58.77 63.16 77.71 53.10 65.41
3,6 WPLI 55.02 80.08 67.63 51.64 70.43 65.03 41.9 72.21 57.05
2,6,3 CPSD 72.04 78.42 75.11 68.90 77.28 73.05 82.48 62.60 72.54
6,2,3 MSC 69.54 66.97 68.24 65.17 60.76 62.99 72.91 56.98 64.94
3,6,4 WPLI 53.88 79.59 66.73 50.49 78.77 63.95 49.11 73.57 56.34
2,6,3,4 CPSD 77.26 78.03 77.55 71.96 76.86 74.58 79.88 69.11 74.58 *
6,2,3,1 MSC 72.91 59.96 66.45 69.87 54.39 61.75 77.25 50.93 64.09
3,6,4,1 WPLI 63.70 80.43 72.10 64.20 81.22 72.88 54.88 87.09 70.99 *
2,6,3,4,5 CPSD 79.30 73.34 76.25 77.33 67.57 72.09 82.13 61.94 72.03
6,2,3,1,5 MSC 71.92 77.14 74.58 70.75 71.73 70.75 66.16 72.88 68.42 *
2,6,3,4,5,1 CPSD 81.31 81.49 81.71 74.88 74.76 74.88 68.40 68.77 68.56
Elect.: Electrodes Pairs; Feat.: Features; Se: Sensitivity; Sp: Specificity; Ac: Accuracy
Elect. 1: O1-P4, Elect. 2: O1-Cz, Elect. 3: O1-Fz, Elect. 4: P4-Cz, Elect. 5: P4-Fz, Elect. 6: Cz-Fz
CPSD: Cross Power Spectral Density; MSC: Magnitude-Squared Coherence ; WPLI: Weighted Phase Lag Index

The best performance accuracy using only single pairwise electrodes in FFT based func-

tional integration features, was achieved when using the CPSD in O1-Cz pairs with testing

in-group results at 65.23%, 74.29% and 69.38% of sensitivity, specificity, and accuracy,

respectively; and testing out-group results at 86.82%, 60.19% and 73.51%. When using

more than 1 pair of channels, the best results were obtained using combined CPSD ex-

tracted from 4 pairwise channels: O1-Cz, Cz-Fz, O1-Fz, and P4-Cz. It achieved 71.96%,

76.86% and 74.58% of sensitivity, specificity, and accuracy, respectively, in the testing of

the in-group; and 79.88%, 69.11% and 74.58% in the testing of the out-group.

The Wavelet Transform based functional integration features had a better performance

compared to the FFT based functional integration features. The classifier achieved the
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Table 4.3: Classification results of proposed wavelet transform based features using
MLP-NN to detect the 5 s transition before freezing from normal walking

In-group (11 patients) Out-group (5 patients)
Elect. Feat. Training Testing Testing

Se % Sp% Ac % Se % Sp % Ac % Se % Sp % Ac %
WCS 75.66 68.38 71.89 71.88 65.19 68.19 80.7 48.91 64.81

1 WCO 43.44 73.65 58.64 43.3 70.5 56.44 45.78 58.84 47.31
PLV 45.93 72.06 59.03 41.99 68.2 53.22 52.29 51.01 51.65
WCS 73.78 81.5 77.78 68.67 78.93 73.16 81.32 71.63 76.47

2 WCO 53.17 69.84 61.41 51.92 66.64 59.04 46.94 59.42 53.18
PLV 45.03 81.97 63.5 44.86 78.25 61.24 47.29 68.49 57.89
WCS 69.72 87.58 78.71 66.81 84.74 75.59 77.87 57.71 62.7

3 WCO 64.57 77.95 71.25 59.19 77.96 68.64 53.06 61.05 57.05 *
PLV 44.98 69.77 57.29 45.02 70.27 57.34 49.03 65.66 52.34

4 WCS 69.3 81.77 75.55 70.77 81.11 76.05 73.14 82.98 78.06
PLV 61.83 59.88 60.71 60.18 59.68 59.49 47.44 41.36 44.4

5 WCS 59.68 85.61 72.63 59.71 84.85 71.64 52.91 80 66.45
WCO 49.69 68.26 58.86 48.42 65.45 56.1 46.94 57.17 52.05
WCS 72.43 84.63 78.52 77.43 83.9 78.87 74.53 77.79 76.16

6 WCO 48.58 87.68 68.14 48.56 85.62 66.55 48.56 65.27 52.62
PLV 45.7 75.96 60.64 43.61 73.25 58.42 53.37 55.47 54.42

6,4 WCS 73.76 86.82 80.2 73.18 85.49 79.77 71.55 83.22 77.38 *
3,6 WCO 62.02 81.85 72.02 55.58 79.69 67.34 52.79 54.84 53.82
2,6 PLV 59.07 76.89 68.03 53.88 72.31 62.43 69.96 43.1 56.53 *
6,4,2 WCS 74.61 87.01 80.81 72.93 84.01 78.42 67.95 85.78 76.86
3,6,2 WCO 69.03 75.26 72.02 62.47 72.66 67.46 56.78 49.22 53.00
2,6,3 PLV 59.77 74.86 67.32 52.16 71.33 61.92 65.97 47.44 56.71
6,4,2,3 WCS 78.18 85.94 81.95 73.07 82.19 77.85 69.61 82.91 76.26
3,6,2,5 WCO 62.92 81.76 72.16 55.25 75.92 65.71 49.5 55.85 52.67
2,6,3,1 PLV 56.52 81.95 69.35 56.52 76.41 61.41 61.32 52.36 56.84
6,4,2,3,5 WCS 77.21 88.15 83.04 77.19 86.07 78.31 68.41 86.01 77.21
3,6,2,5,1 WCO 75.66 78.88 78.67 66.33 67.71 69.42 57.51 53.72 52.16
2,6,3,1,4 PLV 70.02 74.15 72.07 60.80 66.13 62.47 73.07 54.42 52.13
6,4,2,3,5,1 WCS 78.73 87.22 83 72.76 82.89 77.42 69.93 85.16 77.55
Elect.: Electrodes Pairs; Feat.: Features; Se: Sensitivity; Sp: Specificity; Ac: Accuracy
Elect. 1: O1-P4, Elect. 2: O1-Cz, Elect. 3: O1-Fz, Elect. 4: P4-Cz, Elect. 5: P4-Fz, Elect. 6: Cz-Fz
WCS: Wavelet Cross Spectral; WCO: Wavelet Coherence; PLV: Phase-Locking Value
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Table 4.4: Features Rank based on the average of the classification accuracy

Features Accuracy Group
Ingroup Outgroup Mean rank

PSD 77.38 75.19 76.28 3
Segregated CF 79.54 79.91 79.73 1

FFT PSE 79.66 78.65 79.16 2
based CPSD 74.58 74.58 74.58 4

Integrated MSC 70.75 68.42 69.59 6
WPLI 72.88 70.99 71.94 5
WE 80.2 76.67 78.44 2

Segregated CS 79.34 75.99 77.66 3
Wavelet Transform WEE 69.32 71.07 70.19 4
based WCS 79.77 77.38 78.57 1

Integrated WCO 68.64 57.05 62.84 5
PLV 62.43 56.53 59.48 6

PSD: Power Spectral Density; CF: Centroid Frequency ; PSE: Power Spectral Entropy
CPSD: Cross Power Spectral Density; MSC: Magnitude-Squared Coherence ; WPLI: Weighted Phase Lag Index
WE: Wavelet Energy; CS: Centroid Scale ; WEE: Wavelet Energy Entropy
WCS: Wavelet Cross Spectral; WCO: Wavelet Coherence; PLV: Phase-Locking Value

Table 4.5: Classification results of combination features using MLP-NN in detecting
transition 5 s before freezing from normal walking

Features Training - Ingroup Testing-Ingroup Testing-Outgroup Mean
Sens Spec Acc Sens Spec Acc Sens Spec Acc Acc

CF 78.68 80.23 79.37 76.69 74.05 79.54 75.21 80.65 79.91 79.73
CF, PSE 83.36 78.96 81.18 80.10 74.56 77.18 83.57 72.44 78.00 77.59

CF, PSE, PSD 79.42 79.35 79.35 78.31 74.86 76.61 80.43 77.71 79.07 77.84
CF, PSE, PSD, CPSD 81.02 86.23 83.59 75.98 81.47 78.76 79.69 82.44 81.07 79.92 *

WCS 73.76 86.82 80.20 73.18 85.49 79.77 71.55 83.22 77.38 78.58
WCS, WE 86.82 92.69 89.78 83.22 91.50 87.06 72.36 81.78 77.07 82.07 *

WCS, WE, CS 90.68 89.84 90.26 85.30 86.06 85.48 68.80 86.78 77.79 81.64
WCS, WE, CS, WEE 90.31 90.97 90.65 80.55 84.12 83.32 68.64 81.59 75.12 79.22
PSD: Power Spectral Density; CF: Centroid Frequency ; PSE: Power Spectral Entropy
CPSD: Cross Power Spectral Density; MSC: Magnitude-Squared Coherence ; WPLI: Weighted Phase Lag Index
WE: Wavelet Energy; CS: Centroid Scale ; WEE: Wavelet Energy Entropy
WCS: Wavelet Cross Spectral; WCO: Wavelet Coherence; PLV: Phase-Locking Value
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best performance when using the WCS from pairwise Cz-Fz and P4-Cz, with testing

in-group resulted at 73.18%, 85.49% and 79.77% of sensitivity, specificity, and accuracy,

respectively; and testing out-group resulted at 71.55%, 83.22% and 77.38%. These results

showed the significance of the central area in the alteration of connectivity related with

FOG.

Generally, the performance of features extracted from the single channel based measure-

ment of its activation (Chapter 3) was stronger than pair channels based measurement

of their connectivity. The exception was the WCS which provides slightly better accu-

racy than its single channel based measurement, WE. Both the sub-band power spectrum

and the sub-band wavelet energy features gave better results compared to their pairwise

mode, cross power spectrum and wavelet cross spectrum. The coherence based features

performed poorly when applied to out-group patients. It may indicate that connectivity

based features are less robust against the inter individual variability, compared to single

channel activation based features.

When both measures were combined as inputs of artificial neural networks, the perfor-

mance of the classifier increased significantly in the in-group patients when using wavelet

transform based features. The best results were achieved when correlation information

between channel Cz-Fz and P4-Cz were used as inputs, combined with the wavelet en-

ergy extracted from all 4 channels, with sensitivity, specificity and accuracy were up to

83.22%, 91.50%, and 87.06% on average, respectively.These features produced better

classification than either class of features alone, increased nearly 10%, 6%, and 8% of

sensitivity, specificity, and accuracy, respectively (see Table 4.4. and Table 4.5.). These

classifier performance improvements implied that WCS based features contain informa-

tion that is different from that contained in the WE in transition to FOG episodes.

4.6 Discussion and Conclusion

While there are clear differences in the result of phase synchrony calculation using the

WPLI and the PLV, both showed an increase of beta synchronization during transition to

FOG in any pairwise related to frontal area. This result is aligned with the work of E.
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Heinrichs-Graham et al. (Heinrichs-Graham et al., 2013) who used magnetoencephalog-

raphy (MEG) and found beta desynchronisation before and during movement onset as

well as increased gamma activity in PD patients. The analysis of the primary motor cor-

tex arm area by Hemptinne et al. (de Hemptinne et al., 2013) found exaggerated coupling

between the beta-phase and gamma amplitude in those areas in PD patients. This coupling

has been reported in relation to movement preparation and control of different cognitive

functions including memory and attention. Interestingly, we also noticed the significant

coherence in the gamma frequency band at pairwise O1-Cz and Cz-Fz, was detected using

wavelet coherence.

This study demonstrates the potential of the EEG synchronization-based features, ex-

tracted using both the Fourier and wavelet analysis to give greater insights into the patho-

physiology of FOG in PD. Results in Chapter 3 show the advantage of using wavelet

analysis in extracting EEG basic feature, energy, compared to Fourier analysis, providing

a better indicator in classification system. This finding may be due to its representation

of signals in three dimensions (amplitude, frequency and time) compared to Fourier (am-

plitude and frequency), which is more convenient for non-stationary EEG signals. The

synchronization measure from two pairwise channel based on correlation of power also

shows the advantage of features extraction using wavelet transform (WCS) over Fourier

transform (CPSD), as it provides a better performance when it is applied as input of clas-

sifier.

Different aspects of the EEG signal, when combined, provide more significant informa-

tion, and lead to a better classification of the signal. The classification results of com-

bination features show that using features measure from a single channel and pairwise

channel as inputs for the classifier, improve the performance of the system. In the FFT

based features, the accuracy of detection of the FOG system is decreased when SCF is

used as input with PSE and PSD. However, when they are used as input with CPSD, the

pairwise based measurement, the accuracy of the system improves slightly. Detection of

FOG using WCS, measured from pairwise Cz-Fz and P4-Cz, and WE measured from all

4 channels as inputs provides the best result with accuracy of 87.06% and 77.07% when

tested in in-group and out-group testing data sets.
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Chapter 5

Advanced FOG Detection Using

Independent Component Analysis and

Brain Effective Connectivity

“Far from being able to accept the idea of the individuality and independence of each

nerve element, I have never had reason, up to now, to give up the concept which I have

always stressed, that nerve cells, instead of working individually, act together [ . . . ].

However opposed it may seem to the popular tendency to individualize the elements, I

cannot abandon the idea of a unitary action of the nervous system [ . . . ]”

-Camillo Golgi, 1906

The strong negative impact on patient quality of life from frequent falls, related injuries

and resultant loss of independence in PD patients with FOG, call for novel therapies that

can predict the freeze and hence prevent falls. The feasibility of developing devices that

can detect FOG preceding the symptom, using brain parameters as inputs of the computa-

tional detecting methodology, was demonstrated in previous chapters. Chapter 4 reported

that the ability to provide information to distinguish between normal walking and tran-

sition to FOG improved, when combined with additional spatial information based on

cross correlation, coherence and phase synchronization. When information of correlation
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between channels Cz-Fz and P4-Cz was used as inputs combined with wavelet energy ex-

tracted from O1, P4, Cz, and Fz, the classification results of FOG detection was enhanced

with sensitivity, specificity and accuracy up to 83.22%, 91.50%, and 87.06% on aver-

age, respectively. Against the background of growing interest amongst neuroscientists

in integration and interaction of networks analysis, functional connectivity also opened

the way to a better understanding of several important aspects of the pathophysiological

mechanism underlying FOG, beyond the brain’s localized function in segregation.

This chapter applies an advanced brain signal connectivity analysis to detect FOG, and

aims to enhance the performance of the developed neural networks based classifier in

predicting the FOG episode. The study uses the brain effective connectivity (BEC) mea-

sure: generalized partial directed coherence (sGPDC). It is compared to directed direct

transfer function (dDTF) and its original forms, partial directed coherence (PDC) and

directed transfer function (DTF). The optimization of algorithm is achieved by applying

independent component analysis as part of preprocessing signals, and by using Bayesian

regularization instead of early stopping to prevent over fitting.

5.1 Introduction

Different methods have been used to study the information processing in the brain to get

a better understanding of neuronal disorder and diseases, including PD. Estimation of

power spectra, obtains by FFT, appears to be the most used methods of single channel

analysis. Chapter 3 showed that changes in EEG spectral characteristics are proven to be

useful markers in FOG.

Signal power measured in one channel can come from superposition of the activity of

coherent sources. This interdependence between EEG signals, often seen as synchroniza-

tion between EEG signals, can be found by a cross correlation or coherence (presented in

Chapter 4). The analysis of the influences that one system can exert over others, leads to

the development of the concept of causality.

In his 1956 study of feedback system, mathematician Norbert Wiener (1956) proposed
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the earliest formulation of causality, asserting that a time series X causes another time

series Y , if the past of X has a strictly positive influence on the quality of prediction of Y .

In his paper, neuroscience was already given as example:

“...in the study of brain waves we may be able to obtain electroencephalograms more or

less corresponding to electrical activity in different parts of the brain. Here the study of

coefficients of causality running both ways and of their analogues for sets of more than

two functions f may be useful in determining what part of the brain is driving what other

part of the brain in its normal activity.”

The Nobel Prize winning economist Clive Granger adapted Wiener’s definition of causal-

ity, emphasizing a measurement of statistical dependence between the past of a process

and the present of another. In 2 time-series X and Y , Yt would “Granger cause” Xt+1 if

Yt :(a) occurs before Xt+1; and (b) contains information useful in forecasting Xt+1 that is

not found in a group of other appropriate variables. The current activity process X can be

predicted based on the past activity process Y , if Y causes X . This “Granger cause” is dif-

ferent from causation in the classical philosophical sense. But because “correlation does

not imply causation” (Wright, 1921), it provides estimation of causation above simple

contemporaneity correlated by chance (Geweke, 1982).

The search for a better understanding of the human brain function leads to further develop-

ment of generative models of coupling or directed causal influence among observed brain

regions based on Granger causality. As Granger causality is not reciprocal, it can there-

fore be used to determine the direction of information flow between hypothetical models

built and tested using this connectivity measurement on the study of brain diseases or

states, such as autism (Deshpande et al., 2013), schizophrenia (Mutlu & Aviyente, 2009),

and general anaesthesia (Nicolaou et al., 2012). Furthermore, measures of neuronal signal

causality have been applied in some research on PD.

In the PD study of the EEG recorded simultaneously with subcortical oscillation mea-

sured using the local field potential from the pedunculopontine nucleus (PPN), the alpha
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sub-band synchronization was reported to have been promoted by the administration of

levodopa (Androulidakis et al., 2008). The directed transfer function (DTF) was used to

investigate the causal connectivity between the cortex area (FPz) and the PPN area. This

result suggests that medication impacts on the motor related attentional process.

Study of the causal interaction on control and PD patients with FOG using re-normalized

partial directed coherence (PDC) was conducted by Velu et al. (2013). Increasing infor-

mation flow was found in the beta range from visual area (O1) to motor region (Cz) and

integrating sensory region (P4) before and after visual cuing during the walking task. The

results suggest that alteration of visual feedback is related to the cortical neural process.

With only 2 PD patients and 6 control patients involved in the study, further validation is

needed in larger cohorts of subjects.

Compared to synchronized estimates using pairwise analysis cross correlation and coher-

ence, the causal connection estimation has 3 advantages.

1. Coherence has been used to give insight to the underlying anatomical structures of

brain connectivity related with certain condition such as epilepsy (Mormann et al.,

2000), autism (Catarino et al., 2013), and obsessive-compulsive disorder (Olbrich

et al., 2013). While this structural connectivity generates behavior, many neurobi-

ological processes are modulated also by the dynamical process operating on that

structure (Sporns et al., 2004). Spectral causality analyzes this brain dynamic and

provides a causal description to give new insights to complex brain networks (Seth,

2005).

2. Pair-wise analysis of bivariate signals is prone to mistakenly finding correlation

between 2 responses, because of the difference in the delays information is received

from a common driver component, even when the signals are independent of each

others (Kus et al., 2004) (see Fig. 5.1). Multivariate estimate reveals all covariance

structure information of the full data to avoid this type of error.

3. The multi-channel causal estimate can be used to differentiate between direct and

indirect interactions. For example, a simple pairwise analysis would be unable

to distinguish the 2 connectivity patterns in Figure 5.2. A multichannel analysis
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Figure 5.1: False flow (dotted arrows) of signal from B to C can be found as the result of
the different delays (Δ1 and Δ2) of the propagation of signals (blue arrow) from A to B

and A to C

amongst groups of 3 simultaneously recorded signals recognizes direct interactions

between channel A and C beyond those signals mediated by B. This more accurate

description of the connectivity can be very useful in building a pathophysiological

model of FOG as well as in capturing the alteration of brain signals during transition

to FOG.

Figure 5.2: 2 different patterns of connectivity amongst 3 channels. In the left networks,
there is a direct pathway from A to C, while in the right networks there is 1 indirect

pathway from A to C only

5.2 System Overview

Fig. 5.3 shows an overview of an advanced FOG detection strategy system using BEC.

A 4-channel wireless EEG system was used to collect brain signal data from 16 PD pa-

tients with FOG (reported in Chapter 3). Noise and artifact handling followed. Indepen-

dent sources embedded in these filtered signals is de-mixed using fastICA to maximize

separation between independent components (ICs). The direct causal influence in brain

networks is then estimated using square Generalized PDC (sGPDC) among channels of

ROIs. The non parametric Wilcoxon Sum Rank test is used to select features (mean, min-

imum and maximum of sGPDC from 5 frequency sub-bands). Based on these selected

features as input, using multilayer perceptron artificial neural networks, brain signals are

classified into 2 conditions: normal walking or transition to freezing.

105



Chapter 5. Advanced FOG Detection Using ICA and Brain Effective Connectivity

Figure 5.3: System overview for detecting FOG from the EEG data using BEC features
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Figure 5.4: Mixing and blind separation of the EEG signals using ICA

5.3 Data Preprocessing: Maximization of Non-Gaussianity of the EEG

Feature Set Using FastICA

Claude Shannon established the information theory in his classic paper which addressed

the need to design efficient and reliable communication systems (Shannon, 1948). His

theory provides a benchmark to compute the optimal representation and transmission of

information bearing signals. Optimization of the mutual information between certain

variables of the system by minimizing the statistical dependence between the components

of the output vector Y from the input vector X with the equal dimensionality, leads to the

development of the Independent Component Analysis (ICA).

ICA also can be seen as an extension of the principal-components analysis (PCA). PCA

is based on second-order statistics (variances), where data fit Gaussian distribution yields

orthogonal vectors, thus minimizing the covariance of the data and de-correlating a mul-

tivariate signal. ICA minimizes higher-order statistics such as skew and kurtosis by de-

mixing independent sources for non-Gaussian signals. This is equivalent to minimizing

the mutual information between the components of the output (Comon, 1994). Since the

EEG and its derived statistical measurement rarely have a Gaussian probability distribu-

tion, ICA can be said to be more appropriate for use in EEG signal processing than PCA.

ICA was originally developed to solve the blind source separating problem (BSS), also

called the cocktail-party problem. The EEG data records from many different locations

107



Chapter 5. Advanced FOG Detection Using ICA and Brain Effective Connectivity

on the scalp, measure the electrical potential generated by mixing some underlying com-

ponent of brain activity. It presents a situation similar to the cocktail-party problem with

different speakers involved in it. Based only on the observation of input vector X at the

recoding channels, BSS estimates the independent source signals S in the output vector Y

as illustrated in Fig.5.4.

A noise-free linear BSS model is expressed as

X = AS (5.1)

where X = [X1,X2, ...,Xn]T denotes observed linear mixtures of n independent elements,

S = [S1,S2, ...,Sn]T is the random vector represents n source signals, and A denotes an m

x m full-rank mixing matrix. The objective of ICA is to estimate the un-mixing matrix

W = A−1 that recover the sources S:

Y =WX ∼= S (5.2)

where Y is independent component (IC).

The statistical IC estimations in the ICA algorithm are based mainly on the minimization

of mutual information or on the maximization of non-Gaussianity (Langlois et al., 2010).

In this present study, fastICA is used for its fast convergence and robustness (Hyvarinen,

1999).

A quantitative measure of non-Gaussianity in fastICA estimation is defined by negen-

tropy. This is based on the information-theoretic quantity of differential entropy which

found that a Gaussian random variable has the largest entropy among all other random

variables of equal variance (Hyvärinen & Oja, 2000). Negentropy measures a distance

from normality and is defined as

N(X) = H(XGaussian)−H(X) (5.3)

where H(X) is the entropy of X and XGaussian is a Gaussian random variable whose co-

variance matrix is equal to that of X .

Statistically, negentropy appears as the optimal estimator of non-Gaussianity. However, it

is highly demanding in computational term. Hyvärinen & Oja (2000) have proposed the

approximation of negentropy to solve this problem:
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N(Y ) ∝ [EG(Y)−EG(ν)]2 (5.4)

where Y is a non-Gaussian random variable (assumed to be of zero mean and unit vari-

ance), ν is a standardized Gaussian variable, and G is a non-quadratic function. The

stepwise implementation of the fastICA algorithm can be seen in Algorithm 1 [(Hyväri-

nen et al., 2004)].

Algorithm 1 A fastICA algorithm
1: procedure FASTICA(MatrixInput)
2: x← x− xm,xm = Ex � center the data x to make its mean zero
3: z= ∨Λ1/2VTx,∨ΛVT = E{xx{T}} � whiten x by linearly transforming the data
to uncorrelated the components

4: ‖w‖= random vector of length N � choose an initial random vector, w
5: while not converge do � update w, maximally non-Gaussian direction
6: w= E{z∗g(wT}−E{g′(wTz)}w,
7: g(y) = tanh(a1y),1< a1 < 2
8: w w

‖w‖
9: s= [w1w2...wn]x � obtained the independence component

5.4 CausalityMeasures of Brain Signals for Detecting FOGEpisodes

Friston (1994) proposed 3 aspects of connectivity when applied to the brain: structural

connectivity, functional connectivity and effective connectivity. Structural connectivity

refers to physical pattern of connections between sets of neurons or neuronal elements.

Functional connectivity corresponds to the measurement of statistical dependencies (cor-

relation, coherence, and phase locking) between distributed neuronal units. Effective

connectivity can be seen as the union of structural and functional connectivity, presenting

networks of causal influences of one neural element over another. This type of connec-

tivity can be estimated by building a model related to anatomical pathways between brain

regions and their directional interaction (Friston et al., 2003). Another way to estimate

effective connectivity is by using time-series analysis. This study uses sGPDC to analyze

directed connectivity, based on frequency domain Granger causality of multivariate au-

toregressive models of time series modeling causality measures Granger causality on the
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frequency domain.

5.4.1 Multivariate Autoregressive Process

Time series modeling of neuroscience data, has two main goals: prediction and charac-

terization of the “dynamic brain” from the observed time series data (Ozaki, 2012). The

one-variable model, for instance, will give a prediction error εt from the prediction of a

value x(t) using p previous values of time series x.

x(t) =
p

∑
n=1
anxt−n+ εt . (5.5)

Extending the model into two-variable models, with xt and yt representing the temporal

dynamic of 2 time series, shows Granger causality, and can be characterized as:

x(t) =
p

∑
n=1
anxt−n+

k

∑
n=1
bnyt−n+ εxyt ,

y(t) =
p

∑
n=1
cnyt−n+

k

∑
n=1
dnxt−n+ εyxt

(5.6)

where an, bn, cn, dn are the model parameters, t is time points, k is the model order,

and εxyt and εyxt represent an error residual associated with the bivariate model. In the

sense of Granger causality, y can be said to cause x if the variance prediction error εxyt is

reduced after including series y to the prediction of series x. Those equations also show

that the influence of x on y, as is indicated by coefficient vector d, can be distinct from the

influence of y on x, as is expressed by b.

Given a set of cortical waveform x(t) = x1(t),x2(t), ...,xN(t) that are simultaneously ob-

served from several cortical ROIs where t refers to time and N is the number of channels,
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the data set can be described using MVAR process with order p as (Blinowska & Zy-

gierewicz, 2011): ⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

x1(t)

· · ·
· · ·
· · ·
xN(t)

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
=

p

∑
r=1
Ar

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

x1(t− r)
· · ·
· · ·
· · ·

xN(t− r)

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
+

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

w1(t)

· · ·
· · ·
· · ·
wN(t)

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(5.7)

where x(t) is the data vector in time t, Ar are the model coefficients, and w(t) represents

the vector of independent Gaussian white noise.

In this study, because of its robustness, Schwarz-Bayes Criterion (SBC) is used to deter-

mine the model order p (Porcaro et al., 2009), by means of ARfit algorithm (Schneider

& Neumaier, 2001). SBC involves estimating the model order p so that it minimizes the

estimated residual variance V̂ and a number of freely estimated parameters (Blinowska &

Zygierewicz, 2011):

SBC(p) = log[det(V̂]+ log(N)
pk2

N
, (5.8)

where k is the number of channels, and N is number of data points. The selected model

will model the data accurately without too many parameters. With model order p, an

estimate of the remaining MVARmodel parameters for each Hamming windowed signals

is computed by means of the Nuttall Strand algorithm (multivariate Burg) implemented

in the Biosig toolbox (Schlögl, 2006).

5.4.2 Squared Generalized Partial Directed Coherence

The signals collected from more than 2 channels can be related directly or indirectly

through other channels. Coherence obtained by pair-wise analysis in Chapter 4 cannot

determine this directionality. In their study to get a better understanding of cerebral in-

formation processing by means of multivariate statistical time series analysis, Walter &

Adey (1965) developed a basic concept of partial coherence (PCoh) which is analogous
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to partial correlation, “to determine the degree of relationship between 2 chosen traces, if

both were to be freed of the effects of all other traces”.

Referring to this idea, in their research to identify the site of epileptic focus using simul-

taneous examination of brain data collected from three electrodes, Gersch & Goddard

(1970) proposed “Gersch causality” in their partial coherence based driver identification

approach “one channel is said to drive the other channels if the first channel explains or

accounts for the linear relation between the other two”. Since the above, various neuro-

biological data including EEG signals have been analyzed using PCoh to identify the pat-

tern of neural circuits underlying the studied physiological condition (Saito & Harashima,

1981; Cohen et al., 1995; Waser et al., 2013).

The PCoh can be seen as a measurement of the level of synchronization between 2 signals

in the multi channel data set when the shared influence from all other signals has been

removed. For signals X , Y , and Z, this direct interrelation is obtained by calculating

the partial cross-spectrum (PCS) by subtracting all linear influences from other processes

(Blinowska & Zygierewicz, 2011):

Pxy|z( f ) = Pxy( f )−Pxz( f )P−1zz ( f )Pzy( f ) (5.9)

so that three channels partial coherence is defined as normalized PCS:

PCohxy|z( f ) =
|Pxy|z( f )|√
Pxx|z( f )Pyy|z( f )

. (5.10)

For n number of channels, PCoh can be defined as:

PCohi j( f ) =
Mi j( f )√

Mii( f )Mj j( f )
(5.11)

and Mi j( f ) is a minor obtained by removing ith row and jth column from the cross-

spectral power density matrix P( f ). Unlike ordinary coherence, PCoh is non zero only

for direct relations between channels. The PCoh of any signal in a given channel which

appeared as a result of indirect relations between channels will be low.

The concept of partial coherence inspired Baccalá & Sameshima (2001) to propose the

partial directed coherence (PDC). PDC is a frequency version of the concept of Granger
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causality in a full multivariate spectral measure. PDC estimates only direct flows between

channels and has values at the interval [0,1] where higher values reflect stronger inflow of

signals from channel j to i. PDC is normalized to the total outflow of information from

channel j. The PDC from channel j to i could be calculated as

PDCj→i( f ) =
Ai j( f )√

∑Nk=1Ak j( f )A∗k j( f )
, (5.12)

where Ai, j is the i, jth element of A( f ), (.)∗ denotes complex conjugation, and Ak j( f ) is

the Fourier transformation of the coefficient matrices Ak j,r.

Baccald & de Medicina (2007) improved PDC in their further proposal, the squared Gen-

eralized Partial Directed Coherence (sGPDC). This connectivity estimate addresses the

problem of dependency of PDC on a signal’s dynamic ranges, the need to shift the empha-

sis from the sinks to the sources following the interest in neurophysiological applications,

and increase sensitivity. It is defined by:

sGPDCj→i( f ) =
( 1σi

∣∣Ai j( f )∣∣)√
∑Nk=1

1
σ2k
Ak j( f )A∗k j( f )

. (5.13)

Analysis of connectivity on frequency and time to investigate the dynamical change of

signal propagation leads to the development of short time PDC. It has already been applied

in the motor task experiment (Kuś et al., 2005) and in the analysis of EEG data from a

newly born (Omidvarnia et al., 2011).

In this study, the MVAR model of EEG signals obtained by 4 EEG electrodes is fitted

to short data windows. A window size of 128 points length (256 ms) is shifted by 32

points (64 ms) consecutively. The 4 methods, DTFs, dDTFs, PDCs, and sGPDCs for each

window time are computed over 1-60 Hz frequency range, and the causal connectivity of

5 clinical EEG frequency bands, delta, theta, alpha, beta and gamma are extracted.

To construct a specific threshold for discriminating between deterministic measurement

of data connectivity and noise induced randomness, a surrogate data method based on
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Figure 5.5: sGPDC Flowchart
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(b) Surrogate data

Figure 5.6: sGPDC functions calculated for experimental data and surrogate data of
subject 7. The results of surrogate data show the “leak flows” between channels, which

determine the thresholds for considering the significant flows.

Theiler algorithm was used (Theiler et al., 1992). The connectivity measured using sur-

rogate data reflects the presence of correlations in the noise (“leak flows”), which always

present even in the uncorrelated signals. The objective of this method is to compare the

measured topological properties of an ensemble of random nondeterministic surrogate

data sets to the measured topological properties of the experimental time series of data.

This algorithm estimates levels of confidence for causality measurement by constructing

the FFT of the experimental time series data. Then, it applies a set of randomized phases

to the FFT data. Finally, the surrogate data are obtained by constructing the invert FFT

from the randomized data. This process destroys nonlinear-phase relations while main-

taining the spectral properties of the original data sample (the same mean, variance and

Fourier power spectrum). This process is repeated many times to estimate the thresholds

for the function values. Only a directed causal influence which passed a test at the 99%

level of significance based on these threshold values, indicating a less than 1% probability

of occurrence by chance, are taken to the next process (Kus et al., 2004).

The individual trial DTF, dDTF, PDC and sGPDC spectrograms are averaged within each

subject and then averaged across all subjects within each group, for all directions of con-

nectivity between pairs of electrode regions. These measures represent the strength and

the number of causal interactions originating at each electrode, and provide a measure of
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the source activity arising from each node in a network. Figure 5.6a shows sGPDC for

the EEG data of subject 7 linearly transformed and their corresponding average of 20 sets

of surrogate data (Fig. 5.6b) which was used to determine the significance of the data.

5.5 Feature Selection and Artificial Neural Networks Classification

In this study, the detection of FOG was based on the recognition of the brain connectivity

alteration in EEG signals during the transition to freezing compared to normal waking.

These changes were signified by the statistical properties of directed connectivity mea-

sures (the mean, the maximum and the minimum values of the 4 methods, DTF, dDTF,

PDC and sGPDC) for each pairs of electrodes (without ICA) or components (with ICA).

The characterization of brain connectivity patterns were then fed to the classifier to test

whether the patterns differentiate between EEG signals of transition to FOG from those

typical normal walking. Only features with a p-value<0.05 and r-value>0.2 tested using

the non parametric Wilcoxon Sum Rank Test were chosen as input for the classifier.

For classification, MLP-NNwas used because of its superior results in the classification of

EEG signals (Lotte et al., 2007). A 3-layer Back Propagation Neural Networks with 4 to

12 hidden nodes was built, corresponding to the architecture of 8 different networks. The

best architecture was selected based on trial and error, starting from the smallest number.

Early stopping was used to avoid over fitting (see 3.6.2), in which the training stopped

mostly when the mean squared error reached the minimum performance value (0.01) or

otherwise when the validation error failed to increase after 6 to 10 times. The performance

of the proposed features in differentiating brain signals collected during normal walking

from those collected during transition to FOG, was measured using sensitivity, specificity

and accuracy. The average and standard deviation of 50 training and testing were recorded

for further analysis.
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5.5.1 Improving the Generalization Using Bayesian Regularization

ANNs are one of the most popular classifiers used with EEG signals, selected because of

their highly non-linear characteristic, and do not require any relationship to the data (Lotte

et al., 2007). As a multilayer ANN can be highly prone to over fitting during the training

period, it will not generalize well. Cross validated early stopping appears to be the most

popular method of avoiding this over training problem. Yet, it has some drawbacks in

the need to divide the data set into 3 subsets (training, validation and testing sets), thus

restricting its use in systems with limited data.

Probabilistic interpretation of network training in the Bayesian regularization method pro-

vides a solution for this problem because it does not need a validation set. It modifies the

objective function of the networks such as the sum of squared error (MSE)

F = Ed =
1
I

√
I

∑
i=1

(di−oi)2 (5.14)

where Ed is the MSE, di is the desired output, and oi is the actual output.

The regularization improves the model’s generalization by adding the sum of squared

weights, Ew, to the objective function component:

F = βEd+αEW (5.15)

where β and α are 2 Bayesian hyperparameters which indicate minimal error, and min-

imal weights to seek in the learning process. MacKay (1992) proposed the finding of

the best generalization by optimizing these parameters in the Bayesian framework. To

improve the efficiency of the optimization, Foresee & Hagan (1997) proposed to add the

Bayesian regularization to the Levenberg-Marquardt and to use the Gauss-Newton ap-

proximation to the Hessian matrix, available in this optimization algorithm for learning.

In this study, the Bayesian regularization was used to improve generalization, with 80%

of the data trained by the Levenberg Marquardt algorithm and 20% of the data being used

for testing.
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5.6 Experimental Results

Estimate of BEC is based on the spectral analysis of the autoregressive (AR) model pa-

rameters, fitted to the EEG data. The MVAR model characterizes interregional depen-

dence between data. Therefore, analysis of this model creates advanced measures of

relations between signals of multichannel set, including an investigation of the influence

between signals (causality). One important problem in the model parameters estimate is

finding the optimal model order. Too low, the model is less fit, whilst a higher model order

is prone to creating false signal components. In this study, SBC was used to select the

model order for each data epoch separately, with orders range from 1 to 20. The minimum

value of the criterion (Eq. (5.8)) indicates related model order is the optimal one (see Fig.

5.7). Model order varied between 2 to 6 in this study.

0 5 10 15 20
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Figure 5.7: Optimal model order selection using SBC on the study data sample of
transition condition in subject 1. The minimum value, 6, is the optimal model order.

Table 5.1 shows the result of the extraction of BEC using dDTF and sGPDC from all in

group patients (11 patients) under 3 conditions in whole frequency band of interests (0-60

Hz). There was an agreement between the 2 methods in the significant alteration of infor-

mation flow related to the central area during transition to FOG (O1→ Cz, P4→ Cz, Fz

→ Cz, Cz→ O1, Cz→ P4, Cz→ Fz). Observation of the connectivity dynamic strength
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indicated that during the transition to FOG, there was a relatively increase of information

flow from central to frontal, occipital, and parietal. On the other hand, information flow

to central from other locations of interest decreased.

Information transmission strength was subdued when patients experienced FOG, yet re-

maining significant in some connectivity (O1→ Cz, P4→ Cz, Fz→ Cz, Cz→ O1, Cz

→ P4). These dynamics are inline with the previous results in Chapters 3 and 4, where

change of the signals during transition to FOG, is more significant than during FOG it-

self. The correlation analysis results offer further support to the central area as the best

indicator of FOG neurophysiological processing.

Table 5.1: Correlation analysis of effective connectivity in 0.5-60 Hz frequency band
between normal walking, transition to FOG, and FOG estimated by dDTF and sGPDC

Source→ Sink Normal Walking Transition to FOG Freezing of Gait N vs Tr N vs FOG
O1→ P4 0.0043 ± 0.0027 0.0046 ± 0.0036 0.0043 ± 0.0025
O1→ Cz 0.0052 ± 0.0033 0.0037 ± 0.0036 0.0043 ± 0.0034 ** *
O1→ Fz 0.0045 ± 0.0027 0.0051 ± 0.0039 0.0042 ± 0.0030
P4→ O1 0.0052 ± 0.0027 0.0039 ± 0.0025 0.0043 ± 0.0026 ** *
P4→ Cz 0.0060 ± 0.0049 0.0040 ± 0.0052 0.0052 ± 0.0061 ** *

dDTF P4→ Fz 0.0053 ± 0.0033 0.0052 ± 0.0041 0.0054 ± 0.0035
Cz→ O1 0.0048 ± 0.0025 0.0075 ± 0.0039 0.0059 ± 0.0031 ** *
Cz→ P4 0.0046 ± 0.0026 0.0078 ± 0.0037 0.0055 ± 0.0030 *** *
Cz→ Fz 0.0050 ± 0.0031 0.0078 ± 0.0039 0.0055 ± 0.0032 **
Fz→ O1 0.0038 ± 0.0021 0.0033 ± 0.0022 0.0037 ± 0.0026 *
Fz→ P4 0.0037 ± 0.0019 0.0034 ± 0.0021 0.0039 ± 0.0024
Fz→ Cz 0.0036 ± 0.0020 0.0031 ± 0.0021 0.0032 ± 0.0021 * *
O1→ P4 0.0756 ± 0.0670 0.0988 ± 0.0852 0.0844 ± 0.0692 *
O1→ Cz 0.1139 ± 0.0962 0.0588 ± 0.0779 0.0865 ± 0.0838 ** *
O1→ Fz 0.1027 ± 0.0704 0.1456 ± 0.1191 0.0983 ± 0.0818 *
P4→ O1 0.0955 ± 0.0698 0.0975 ± 0.0819 0.0915 ± 0.0735
P4→ Cz 0.1283 ± 0.1157 0.0752 ± 0.1105 0.1103 ± 0.1372 ** *

sGPDCP4→ Fz 0.1112 ± 0.0744 0.1545 ± 0.1183 0.1233 ± 0.0840 *
Cz→ O1 0.0845 ± 0.0654 0.1397 ± 0.1040 0.1100 ± 0.0853 ** *
Cz→ P4 0.0669 ± 0.0619 0.1324 ± 0.0917 0.0887 ± 0.0760 *** *
Cz→ Fz 0.1069 ± 0.0841 0.1681 ± 0.1004 0.1055 ± 0.0774 **
Fz→ O1 0.0748 ± 0.0584 0.0837 ± 0.0814 0.0830 ± 0.0755
Fz→ P4 0.0638 ± 0.0502 0.0776 ± 0.0743 0.0748 ± 0.0693
Fz→ Cz 0.0712 ± 0.0527 0.0409 ± 0.0407 0.0541 ± 0.0487 ** *

∗= p≤ 0.05 and r < 0.2
∗∗= p≤ 0.05 and 0.2 ≤ r < 0.4
∗∗∗ = p≤ 0.05 and r ≥ 0.4

Figure 5.8 presents examples of sGPDC results from the EEG data in matrix layout plots

and diagrams for patient 8. It depicts the causal influences of EEG signals from each

channel location to the other channel locations. It shows the interaction of signals between
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those 4 locations from four locations of interest from which EEG data were collected.

The causality measures obtained from surrogate data which reflecting the “leak flows”

caused by noise between channels, were relatively small. This indicates that sGPDC was

insensitive to artifact or noise which have no causal relationship with the signals. Inter-

estingly, for this patient, while channel Cz has substantial influence over other channel

locations and appears as the main source of activity during transition to FOG, it was rel-

atively free of direct influence from other channels locations. The inflows to channel Cz

during transition to FOG were below the threshold, as determined by surrogate data.

In the mapping the causality measures between signals in Fig. 5.8 (left column), the prop-

agation of the low frequency bands signals was stronger than those of the high frequency

bands. This indicates that the information flows between locations of interest during nor-

mal walking and transition to FOG were practically occur in the delta, theta, alpha and

beta frequency band. There was no significant differences between flows for higher fre-

quency band, except during transition to FOG, when here were strong information flows

from Cz to other channel locations, in all frequency bands.

Before FOG, comparison of the connectivity between normal walking and transition to

FOG, showed a significant increased of outflows from Cz to the other channel locations.

On the other hand, inflows to Cz from other channel locations were decreased. There was

a drop of activity in outflows to Fz from O1 and P4, but not from Cz. During transition to

FOG, the reducing number of significant connectivity between channels indicated loss of

connections between several locations of interest, anticipating the freezing episode.

Observation of the connectivity estimate in the overall data on more specific frequency

band theta (4 - 8 Hz) also underlines the significant effective connectivity from central

zero to the remaining of the location of interest (O1, P4, Fz), especially during the tran-

sition to freezing episode (Fig. 5.9, Fig. 5.10). This alteration of effective connectivity,

shown in both dDTF and sGPDC (Fig. 5.11), may signify the overload of cognitive re-

sources as a consequence of a loss of automaticity which shifted neural activation from

the subcortical (basal ganglia) to more cortical areas (Shine et al., 2011). The alteration

of this connectivity appears to be the strongest indication of the freezing episode, whilst
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Figure 5.8: Information flow between locations of interest during normal walking and
transition to FOG, estimated with the sGPDC function for 0.5-60 Hz frequency band in
patient 8. The arrow width in the diagram (right column) depicts the connectivity

strength between locations of interest.
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Figure 5.9: Causality values in the theta frequency bands of the overall population of
subjects extracted using dDTF. The asterisk symbol indicates significant difference
between normal waking and transition to freezing in the locations pair (p-value <0.05;

r-value >0.2).

the change of effective connectivity at P4→ Cz, which also inline with earlier finding of

the alteration of power spectral density at Cz during transition to freezing (Table 3.3).

The alteration of causal connectivity in electrode pairs involving Cz during transition to

FOG in theta band frequency is in line with the results in the study of coherence in Chapter

4 (Figure 4.6, Figure. 4.7) where pair-wise O1-P4, O1-Cz and Cz-Fz appeared to change

significantly during transition to FOG. The difference in this study is the ability of the

BEC analysis to determine the direction of causality between the location pairs.

The application of ICA in data preprocessing aims to minimize the mutual information

between signals. It is done by minimizing the statistical dependence between the compo-

nents of the output vector Y from the input vector X to increase the separation between

signal ICs. Consequently, instead of measuring the causal connectivity between locations

of interests, this optimization provides analysis of causal connectivity between ICs.

Table 5.2 shows that this approach increases the level of significant difference between

connectivity measurements. The dDTF and sGPDC algorithms extracted 6 strong con-

nectivity alterations in the frequency range 0.5-60 Hz, which then were taken as inputs

for the classifier.

Fig. 5.12 presents the comparisons of the BEC measured using dDTF and sGPDC with

and without ICA. Effect size measures based on the Pearson correlation coefficient (r) is
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Figure 5.10: Causality values in the theta frequency bands of the overall population of
subjects extracted using sGPDC. The asterisk symbol indicates significant difference
between normal waking and transition to freezing in the locations pair (p-value <0.05;

r-value >0.2).

Figure 5.11: The schematic alteration interaction between 4 locations of EEG electrodes
during normal walking and transition to FOG estimated using (A) dDTF and (B) sGPDC
at theta band frequency. The solid line arrow represents the significant increase in
connectivity strength and the dash line arrow indicates the significant decrease in

connectivity strength.
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Table 5.2: Correlation analysis of Effective Connectivity in the 0.5-60 Hz frequency
band between normal walking, transition to FOG, and FOG estimated using dDTF and

sGPDC with ICA

Source→ Sink Normal Walking Transition to FOG Freezing of Gait N vs Tr N vs FOG
IC1→ IC2 0.0080 ± 0.0029 0.0053 ± 0.0022 0.0064 ± 0.0025 *** *
IC1→ IC3 0.0082 ± 0.0030 0.0058 ± 0.0024 0.0063 ± 0.0026 *** **
IC1→ IC4 0.0078 ± 0.0027 0.0057 ± 0.0024 0.0067 ± 0.0026 *** *
IC2→ IC1 0.0066 ± 0.0025 0.0096 ± 0.0030 0.0077 ± 0.0025 *** *
IC2→ IC3 0.0066 ± 0.0025 0.0095 ± 0.0030 0.0077 ± 0.0026 *** *

dDTF IC2→ IC4 0.0067 ± 0.0025 0.0100 ± 0.0032 0.0079 ± 0.0026 *** *
IC3→ IC1 0.0069 ± 0.0025 0.0065 ± 0.0026 0.0087 ± 0.0030
IC3→ IC2 0.0067 ± 0.0024 0.0057 ± 0.0024 0.0090 ± 0.0031 * **
IC3→ IC4 0.0067 ± 0.0024 0.0060 ± 0.0024 0.0089 ± 0.0032 * **
IC4→ IC1 0.0066 ± 0.0025 0.0068 ± 0.0026 0.0067 ± 0.0025 **
IC4→ IC2 0.0067 ± 0.0025 0.0063 ± 0.0027 0.0066 ± 0.0025
IC4→ IC3 0.0066 ± 0.002 0.0065 ± 0.0025 0.0064 ± 0.0025
IC1→ IC2 0.2121 ± 0.0951 0.1281 ± 0.0834 0.1904 ± 0.0924 *** *
IC1→ IC3 0.2189 ± 0.0992 0.2193 ± 0.1064 0.1628 ± 0.0920 *
IC1→ IC4 0.2055 ± 0.0958 0.2053 ± 0.1070 0.2327 ± 0.0958 *
IC2→ IC1 0.1676 ± 0.0852 0.2525 ± 0.1069 0.2185 ± 0.0925 *** *
IC2→ IC3 0.2159 ± 0.0920 0.2267 ± 0.1082 0.1643 ± 0.0939 *

sGPDC IC2→ IC4 0.2123 ± 0.0960 0.2058 ± 0.1077 0.2310 ± 0.1004 *
IC3→ IC1 0.1699 ± 0.0928 0.2524 ± 0.1054 0.2166 ± 0.0892 *** *
IC3→ IC2 0.2127 ± 0.0986 0.1309 ± 0.0837 0.1922 ± 0.0900 *** *
IC3→ IC4 0.2106 ± 0.0974 0.2060 ± 0.1053 0.2278 ± 0.1008
IC4→ IC1 0.1682 ± 0.0927 0.2525 ± 0.1054 0.2138 ± 0.0895 *** *
IC4→ IC2 0.2130 ± 0.0965 0.1294 ± 0.0842 0.1973 ± 0.0928 ***
IC4→ IC3 0.2157 ± 0.09703 0.2211 ± 0.1012 0.1688 ± 0.0942 *

∗= p≤ 0.05 and r < 0.2
∗∗= p≤ 0.05 and 0.2 ≤ r < 0.4
∗∗∗ = p≤ 0.05 and r ≥ 0.4
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Figure 5.12: Comparison of the levels of separation of BEC features extracted from EEG
data during normal walking and transition to FOG using dDTF (top row) and sGPDC
(bottom row), without ICA (left column) and with ICA (right column) measured with

Pearson’s correlation coefficient r.

a quantitative measure of the strength and direction of relationship between 2 variables

(Ellis, 2010). A larger value of absolute effect size indicates a stronger difference between

2 different groups (Sullivan & Feinn, 2012). It is clear that applying ICA as data prepro-

cessing increased separation of signals of normal walking and those of transition to FOG,

reflected by larger r-value in data preprocessed using ICA (right column). In the case

of dDTF, the increasing separation also increased the number of connectivity measures

which fulfill the threshold (p-value <0.05 and r-value >0.2 ) and were taken as input for

the classifier.

A neural network structure of N inputs nodes, comprising 4 to 12 hidden nodes, and 1

output node was developed as the classification unit for detection of FOG. The N input

varied for each of the 4 methods, DTF, dDTF, PDC, and sGPDC. It was determined by

the number of extracted features which display significant differentiation between the

transition to FOG and the normal walking conditions. Table 5.3 presents the results of the
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analysis of the neural networks based classification system using sGPDC preprocessed by

ICA as a input parameter, and trained using Bayesian regularization. It presents the mean

values which were calculated by averaging over 50 runs. It shows that as the number

of hidden nodes was increased from 1 to 12, accuracy increased, and at 12 nodes, it

attained the best accuracy of 90.15% in in-group data testing and 89.52% in out-group

data testing. No significant statistical enhancement occurred when the number of hidden

nodes was increased further. Thus, the final neural networks structure of 12 hidden nodes

was derived.

Table 5.3: Comparison between classification performance of the neural network
structure of 1 to 20 hidden nodes with input sGPDC+ICA+BR

Number of Testing: in-group Testing: out-group

hidden nodes Sen. (%) Spe. (%) Acc. (%) Sen. (%) Spe. (%) Acc. (%)
1 88.48 87.74 88.11 84.30 88.89 86.67
2 90.32 86.39 88.36 87.42 88.52 87.79
3 90.37 86.72 88.54 86.20 87.83 86.91
4 89.23 89.60 89.41 84.23 90.49 87.59
5 86.04 89.27 89.34 86.83 91.73 89.22
6 89.37 88.67 89.02 86.03 90.33 88.20
7 89.27 88.81 89.04 85.57 90.63 88.16
8 89.74 87.72 88.73 87.04 89.61 88.27
9 88.79 89.72 89.25 85.88 90.90 88.37
10 89.39 89.79 89.59 86.17 90.91 88.50
11 89.53 89.46 89.50 86.87 90.18 88.54
12 89.11 91.20 90.16 86.47 92.75 89.52
13 88.86 90.72 89.79 86.94 91.06 88.84
14 89.00 90.11 89.55 85.92 90.53 88.20
15 89.11 90.74 89.93 85.08 91.70 88.27
16 88.90 90.67 89.79 86.25 92.05 89.11
17 88.95 91.41 90.18 85.12 92.98 88.98
18 89.11 90.86 89.98 84.83 92.67 88.74
19 89.41 90.25 89.83 86.02 90.26 88.03
20 88.86 90.34 89.60 85.50 92.90 89.15

Four classifier algorithms were used: (1) non-ICA preprocess data as input with early

stopping training, (2) non-ICA preprocess data as input with Bayesian regulation training,

(3) ICA preprocess data as input with early stopping training, and (4) ICA preprocess data

as input with Bayesian regularization.

Table 5.4 presents classification results of the first algorithm. It shows the feasibility of
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Table 5.4: Classification results of the neural network with BEC as feature, using early
stopping in training, to detect the 5 s transition before freezing in normal walking

DTF dDTF PDC sGPDC
Sen. (%) 78.40 79.17 79.43 79.45

Training Spe. (%) 77.89 79.71 76.82 74.38
Acc. (%) 77.97 79.34 78.05 76.94

Sen. (%) 67.31 69.25 71.00 70.63
In-group Validation Spe. (%) 65.08 69.70 68.21 65.30
(11 patients) Acc. (%) 66.68 70.35 69.84 68.03

Sen. (%) 64.67 67.84 69.40 68.80
Testing Spe. (%) 64.90 67.38 65.91 62.79

Acc. (%) 64.32 67.33 67.53 65.71

Sen. (%) 64.95 73.67 59.14 65.44
Out-group Testing Spe. (%) 57.44 64.26 61.09 60.98
(5 patients) Acc. (%) 61.20 68.97 60.12 63.21

BEC feature in distinguishing the transition to FOG episode from the normal walking

episode. The improvement of methods in dDTF from DTF and sGPDC from PDC also

resulted in the improvement of their strength when they were used as features to detect

FOG especially when the classifier system was tested with out-group data. The best result

in generalization was achieved when using dDTF as feature with sensitivity and accuracy

are 73.67% and 68.97%, respectively.

Table 5.5 presents the results of the optimization strategy using (a) Bayesian regulariza-

tion in training to improve generalization, and (b) ICA in preprocessing data to increase

the separation between signals. There was a significant performance improvement of the

classifier system using the ICA in preprocessing data. It offered a marked increase of sen-

sitivity, specificity and accuracy compared with using Bayesian regularization. While the

performance of system using dDTF and sGPDC was comparable when optimized using

Bayesian Regularization in training, the classifier system using the sGPDC measure as

input provided the best performance in testing, in both the in-group patients and the out-

group patients, with 85.43% and 85.08% accuracy, and 84.28% and 80.60% specificity,

respectively.

Additional significant performance improvement was achieved when both types of opti-

mization were combined and used together in the classification. Table 5.6 (compared to
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Table 5.5: Classification results of the neural network using BEC as the features,
optimized by using Bayesian regularization in training or ICA data preprocessing

DTF dDTF PDC sGPDC
Sen. (%) 82.14 81.33 89.68 88.91

Training Spe. (%) 82.00 84.45 85.78 85.55
Acc. (%) 82.07 82.91 87.73 87.25

Sen. (%) na na na na
In-group Validation Spe. (%) na na na na

Bayesian (11 patients) Acc. (%) na na na na

Regularization Sen. (%) 72.68 79.53 77.13 73.84
training Testing Spe. (%) 71.12 74.26 69.92 72.1

Acc. (%) 71.75 74.65 73.22 71.69

Sen. (%) 72.09 68.61 65.12 71.76
Out-group Testing Spe. (%) 56.59 69.77 62.33 68.49
(5 patients) Acc. (%) 64.34 71.3 63.72 71.16

Sen. (%) 94.48 94.98 92.89 96.25
Training Spe. (%) 97.20 96.14 91.28 97.67

Acc. (%) 95.83 95.52 92.07 96.93

Sen. (%) 83.85 85.56 81.15 87.08
In-group Validation Spe. (%) 88.54 87.97 79.39 88.30

ICA (11 patients) Acc. (%) 86.41 86.84 80.24 87.84

preprocessing Sen. (%) 82.3 84.69 78.48 84.28
data Testing Spe. (%) 85.51 85.74 75.33 86.66

Acc. (%) 83.71 85.08 76.86 85.43

Sen. (%) 84.09 81.33 81.37 80.60
Out-group Testing Spe. (%) 82.21 82.40 73.05 89.56
(5 patients) Acc. (%) 83.15 81.86 77.21 85.08

Table 5.4) shows the application of ICA and Bayesian regularization results in a signifi-

cant increase of 68.80% to 89.11% in sensitivity, and an increase of 65.71% to 86.47%

in accuracy, when using sGPDC as a feature input in the testing of the in-group patients.

When the classifier system was tested in the out-group patients, there was an increasing of

65.44% to 90.16% in sensitivity, and 63.21% to 89.52% in accuracy. These results, with

approximately 1% difference in accuracy, indicates the method improved generalization.

Lastly, using sGPDC as input, provided stronger signals of FOG compared to using PDC,

but it was only slightly better, compared to DTF and dDTF. However it has the advan-

tage of faster processing because it does not use the inversion of matrix A as required to

calculate DTF and dDTF.
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Table 5.6: Classification results of the neural network using BEC as the features,
optimized by using Bayesian regularization in training and ICA data preprocessing at a

time.

DTF dDTF PDC sGPDC
Sen. (%) 90.59 90.63 87.84 88.98

Training Spe. (%) 95.40 95.99 91.97 95.93
Acc. (%) 93.02 93.31 89.92 92.49

Sen. (%) na na na na
In-group Validation Spe. (%) na na na na
(11 patients) Acc. (%) na na na na

Sen. (%) 85.26 85.67 85.97 89.11
Testing Spe. (%) 92.12 94.70 86.88 91.20

Acc. (%) 88.47 90.11 85.45 90.16

Sen. (%) 84.46 85.89 79.46 86.47
Out-group Testing Spe. (%) 93.72 91.12 84.92 92.75
(5 patients) Acc. (%) 89.09 88.51 82.99 89.52

5.7 Discussion and Conclusion

The primary objective of the study in this chapter is to increase the performance of de-

tection of FOG using brain signal dynamics, by means of effective connectivity and ICA

in Parkinson’s disease patients. Using BEC as a feature allows the extraction of dynamic

brain information which integrates spatial, spectral and temporal information. Applying

ICA to the EEG signals opened a way to analyze ICs related with FOG in order to de-

velop a better model for the symptom. It has already been successfully applied in previous

studies investigating other conditions (Ding & Lee, 2013), (Demirci et al., 2009).

More recent BEC analysis methods (dDTF, PDC, sGPDC) which were introduced as an

improvement of the previous method (DTF) generally achieved better classification re-

sults (Table 5.3). However, when using ICA, the results of this study show a different

trend. Classifier results acquired with DTF as a feature were relatively better than PDC,

and were comparable to dDTF and sGPDC. These results indicate that by providing ICs

as an input for BEC instead of the original “mixed” EEG signal captured in regions of

interest, ICA may enhance the analysis of the direct flows between components as well as

reduce the influence of noise.
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ICA has been used previously for identifying and removing artefacts. It has been re-

ported to improve the classification performance during preprocessing when compared

to systems without ICA (Melissant et al., 2005; Molavi & Bin Yunus, 2012). This study

demonstrates the benefit of decomposing multivariate EEG signals into their additive non-

gaussian subcomponents which maximized separation between ICs before extracting the

effective connectivity for classification. The performance of the classifier increased in

all the parameters that are used, obtaining significantly higher sensitivity, specificity and

accuracy.

Furthermore, used together with Bayesian regularization in classifier training, there was

marked improvement in the classification performance of both in-group and out-group

patients. Chapter 3 (Table 3.4) reported that using centroid frequency as the input fea-

ture in the mean classification of 50 running times, in the in-group testing data set, ob-

tained 76.69% sensitivity and 79.54% accuracy. With the out-group testing data set, the

MLP classifier obtained 75.21% sensitivity and 79.91% accuracy. Chapter 4 (Table 4.5)

presented that the inclusion of spatial brain dynamic information through spectral coher-

ence analysis improved the performance of the classifier algorithm. Simultaneous use of

wavelet cross correlation and wavelet energy as input classifiers resulted in 82.33% sensi-

tivity and 87.06% accuracy in the in-group testing data set. The MLP classifier obtained

81.78% sensitivity and 82.07% accuracy when it is tested in the out-group testing set.

The proposed FOG detection method using BEC optimized with ICA and Bayesian reg-

ularization provides significant improvement of the system. Using sGPDC to extract

the strength of causality values between inputs signals, the system provided 89.11%

sensitivity and 90.16% accuracy in the in-group testing data set, and 86.47% sensitiv-

ity and 89.52% accuracy in the out-group testing data set. This supports the proposed

BEC+ICA+Bayesian regularization strategy as an effective enhancement in the perfor-

mance of the classifier. There was no significant difference in the classifier performance

between in-group and out-group testing data. This support the optimization of informa-

tion separation using ICA and generalization of training using Bayesian regularization

eliminate the variability of EEG signals in patients.
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Lastly, the brain connectivity analysis in Chapter 4 and this Chapter 5 proposes further in-

sight into the pathophysiology underlying the freezing phenomenon (Shine et al., 2014).

In particular, the large increase in theta activity in the Cz electrode, located above the Mo-

tor cortex (Table 3.3), spreads to the Fz electrode when the patient experiences difficulty

in starting or continuing the movement (Figure 4.6 and 5.8). This may reflect increased

theta activity in the pre-supplementary motor area (pSMA) which controls stability during

walking, coordinates sequences of movements, prepares and executes voluntary move-

ments as well as linking cognition to action (Penfield & Welch, 1951; Nachev et al.,

2008; Arai et al., 2012). The association of freezing behavior in PD with a paroxysmal

increase in 5-7 Hz (i.e. theta) oscillation has been reported in many clinical studies (Gatev

et al., 2006), (Follett & Torres-Russotto, 2012). Figure 5.13 proposes that the predicted

mechanism underlying FOG.

Figure 5.13: Graphical depiction of the predicted mechanism underlying FOG
(Shine et al., 2014).

Motor blocking in freezing may appear as a result of the dysfunctional caudate (a “sen-

sory” component of the basal ganglia which integrates sensory information from visual,

somatosensory, and auditory inputs), with freezing-related decreases of glucose and fluro-

L-dopa uptake in the right anterior parietal cortex is indicated (Bartels et al., 2006). The

increase of connectivity strength between central to parietal during transition to FOG (Fig.

5.11) suggests that FOG is related to this sensory over-load in environments with complex

visual stimuli leads to FOG (Moreau et al., 2007).
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Discussion and Future Work

“The most important thing is to bring people with Parkinson’s into our world and for the

public to have a real understanding of it, as they’re beginning to have with autism”.

-Helen Mirren

6.1 Discussion

As people live longer and many countries have an ageing population because of the im-

provements in nutrition, public health and medicine, more individuals will be affected by

PD, and consequently, FOG.

FOG is a common gait deficit in persons with advanced PD. During FOG, abruptly, pa-

tients would lose their ability to initiate or continue gait. Often it is experienced as if

the feet are glued to the floor (Nutt et al., 2011b). Found in a majority of advanced PD

patients, it presents in up to 53% of the population after 5 years of illness, especially in

those with Hoehn Yahr stages 3 and 4 (Okuma, 2006; Niewboer et al., 2004). However, a

study shows that up to 26% of patients experienced FOG in the early stages of PD (Moore

et al., 2008).

Inability to move forward disturbs balance and is connected with an increased number in

falls for PD patients, resulting in injuries and creating a loss of independence for these

patients. These physical and psychosocial consequences in turn reduce the quality of life
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for patients with PD, making FOG a highly important symptom to study (Moore et al.,

2007).

Investigating FOG is difficult due to its paroxysmal and unpredictable nature (Giladi &

Niewboer, 2008). Important aspects of the underlying pathophysiology of FOG (for ex-

ample, the important role of temporal information processing between neural circuits as-

sociated with freezing), remain unclear (Shine et al., 2013a). Treatment options offer

limited benefit (for example, non invasive treatments and cueing strategies only offer lim-

ited relieve to the patients and often lose their effect over time). Furthermore, currently,

no device or mechanism can detect FOG effectively before it occurs, to allow time for a

sufferer to avert a freezing episode.

The likelihood of an increased proportion of the population experiencing PD and FOG

which diminish patient quality of life, the current lack of complete therapeutic or other

relief, calls for novel therapies that can predict the freeze and prevent falls. This thesis

has chosen to investigate the effectiveness of brain signal dynamics to predict the on-

set of freezing at the earliest possible time because of their ability to measure dynamic

physiological change in the brain before movement disturbances occur.

The objective of this thesis is to develop newmethodologies to detect FOG through the au-

tomatic interpretation of brain data associated with FOG in PD patients. The investigation

addresses 2 main concerns: (a) finding indicators in EEG signals which signify transition

from normal walking to FOG; (b) detecting FOG using classifier system that applies the

representation of the time, frequency, and space domain characteristics of EEG signals.

The investigation finds using neural network algorithm and brain effective connectivity

measures, optimized by ICA, provides an advanced non-invasive detection method, with

high accuracy in FOG prediction.

The investigation detected significant brain activity change in the brain’s central area re-

lates to FOG. Investigation over the power spectral of 4 locations of interest reveals the

significant alteration of power spectral density and spectral centroid frequency shifting

in this area. The performance of classifier using PSD, SCF and PSE from centroid zero

channel only, supports this finding.
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The coherence analysis uncovers the frontocentral functional connectivity alteration dur-

ing transition to FOG. The significant increase of information flows from central to the

other location of the brain shown in the brain effective connectivity analysis, supports

this finding. It points to the area for further investigation and for development of the

mechanism to predict underlying FOG followed through this thesis.

A neural network-based classifier is used as a computational algorithm to predict FOG by

detecting the transition to FOG episode. Input classifier which characterized FOG from

the basic power spectral density to the advanced power measurement application in au-

toregressive model of EEG to analyze effective connectivity between locations of interest

are explored. The strength of those EEG characteristic in differentiate normal walking

from transition to FOG is investigated. The best experiment results of the detection of

FOG in each proposed methods are presented in Table 6.1.

Table 6.1: Best performance of proposed methods in detecting transition 5 s before
freezing from normal walking

Features - Classifier Sensitivity Specificity Accuracy
(%) (%) (%)

CF + ANN Training 78.68 80.23 79.37
Validation 78.72 76.51 79.32

Testing - Ingroup 76.69 74.05 79.54
Testing - Outgroup 75.21 80.65 79.91

WCS,WE + ANN Training 86.82 92.69 89.78
Validation 83.87 91.74 87.85

Testing - Ingroup 83.22 91.50 87.06
Testing - Outgroup 72.36 81.78 77.07

ICA + sGPDC Training 88.98 95.93 92.49
+ ANN(BR) Testing - Ingroup 89.11 91.20 90.16

Testing - Outgroup 86.47 92.75 89.52
CF: Centroid Frequency; ANN: Artificial Neural Networks;
WCS: Wavelet Cross Spectral; WE: Wavelet Energy;
ICA: Independent Component Analysis; sGPDC: squared Generalized
Partial Directed Coherence; BR: Bayesian Regularization

Power spectral density is one of the most popular features for extracting information of

the brain condition. It shows distribution of energy over the frequency. This measure has

been proven to be effective in detecting transients in many different signals. The pro-

posed methodology for FOG detection using EEG signals and neural networks classifier

were shown to produce acceptable classification results when using power spectral den-

sity extracted from 4 channels (O1, P4, Cz and Fz) as input. It is obtained classification

performance of 78.68 % and 70.62 % accuracy when tested in in-group and out-group
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testing data set, respectively.

The performance of the neural networks-based classifier, trained by Levernberg-Marquardt,

provides better accuracy of the FOG detection when using CF as input of the classifier ex-

tracted from channel Cz. It is obtained classification performance of 79.54% and 79.91%

accuracy when tested in in-group and out-group testing data set, respectively. Using more

recent method in transforming time series signals to frequency domain, wavelet transfor-

mation, a FOG detection system provides a significant improvement in term of sensitivity.

Using WE from all four channels as feature inputs, the neural networks based classifier

provides the highest sensitivity of 86.00% when tested using in-group testing data set,

with specificity of 74.43%.

The segregated spectral features characterize signals based on the information extracted in

time and frequency domain. Brain functions are examined exclusively as an intrinsic fea-

ture of isolated network nodes as EEG features are extracted by computed on each EEG

channel separately. Thus, this method does not provide information of the interrelations

between signals reflecting neural activity which may indicate a pathophysiology of FOG.

In order to extract the information regarding the synchronization between signals, to im-

prove the performance of the FOG detection, more advanced feature extraction techniques

named cross spectral, coherence and phase synchrony are explored. These connectivity

measures are based on the application of cross power spectral in pairwise of channel to

reveal the interdependency strength between two simultaneously measures EEG signals.

By utilizing advantage of synchronization measures in extracting information in spatial

domain and capturing interdependency between signals, the neural networks based classi-

fier is shown to increase significantly the classification performance. When information of

correlation between channel Cz-Fz and P4-Cz are used as input combined with wavelet

energy extracted from all four channels, the classification result are 83.22% sensitivity

and 87.06% accuracy on the in-group testing data set, and 72.36% sensitivity and 77.07%

accuracy on the out-group testing data set.

In order to further enhance the performance of FOG detection and overcome the inabil-

ity of ordinary coherence analysis in capturing the dynamical process operating on the

anatomical structure beyond the correlation, a brain effective connectivity based on partial
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coherence strategy is applied in this thesis. Unlike ordinary coherence, partial coherence

is non zero only for direct relations between channels, while any signal which appeared as

a result of indirect relations between channels will be low. The squared generalized partial

directed coherence (sGPDC) applies the concept of Granger causality in full multivariate

spectral measure to capture the transmission of information strength between different

channel locations. This effective connectivity is used as input for the FOG detection.

FastICA is applied in this thesis to improve input recognisability through maximizing the

separation between the component of the classifier input, leading to increasing classifier

system performance. It uses negentropy to maximizing non-Gaussianity of the extracted

independent components from the original EEG data. This pre-processing data allows

source separation from a multivariate signals which reveals hidden factors underlying

signals in extracted additive subcomponents. The effective connectivity analysis on the

more precise sources signals enhances the identifiability of transition to FOG in the neural

networks-based classifier. To further enhance the performance of the classifier, Bayesian

regularization is used in the training process of the Levenberg-Marquardt. Unlike early

stopping, it does not need validation set, so that it optimized the uses of all collected data.

6.2 Conclusion

This thesis has presented the contributions to FOG detection technology. Several EEG pa-

rameters appear as the indicators of FOG has been investigated into a better understanding

of FOG. A model of pathophysiological underlying FOG has been proposed based on this

study. It emphases the alteration of information flow in theta frequency band, related to

motor cortex and pre-supplementary motor area (pSMA), which controls stability during

walking, coordinates sequences of movements, prepares and executes voluntary move-

ments as well as linking cognition to action.

A final advanced FOG detection algorithm using ICA and brain effective connectivity is

proposed. With the data from 16 PD patients who participated in the FOG study, the neu-

ral networks based classifier using sGPDC of EEG data preprocessed by fast ICA, trained

by the Levenberg-Marquardt and applying Bayesian regularization is shown to achieve
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significant improvement of classification performance. This method provides 89.11%

sensitivity and 90.16% accuracy on the in-group testing data set, and 86.47% sensitivity

and 89.52% accuracy on the out-group testing data set. These results demonstrate that the

proposed BEC+ICA+Bayesian regularization strategy is an effective method for detecting

FOG using EEG data.

6.3 Future Directions

The FOG detections in this thesis have focused on episodes of freezing that had mixed

provocation factors. The future works should extend the study into 5 subtypes FOG based

on their trigger factors: starting, turning, walking in narrow quarters, upon reaching desti-

nation and stressful situations such as mental overload (Giladi & Niewboer, 2008). Differ-

ent mechanisms responsible for different subtypes of FOG and might reflected different

pathophysiologies. Thus, they are correlated with different brain activity patterns. FOG

study by Fling et al. (2013) found the general trend of the reduced connectivity in the right

hemisphere’s locomotor networks of the patient with FOG involving frontal and prefrontal

cortical areas. However, they also presented different characteristic of brain connectivity

for two different tasks related to FOG, the Stroop conflict task and the Flanker’s congru-

ent task. Schaafsma et al. (2003) also shows different FOG subtypes response differently

to levodopa medication during a walking task, highlighting the need to find more precise

characterization of EEG signals for each subtype of FOG. This expanded approach to in-

clude 5 different subtypes of FOG rather than 1 general type of FOG will add complexity

of the classification system, yet it will lead to a further improvement of the classifier’s

performance. Our group has started this further step by studying turning freeze (Hando-

joseno et al., 2015b).

The study on the EEG signals related to FOG provides an insight into effective features

that can be used to characterize FOG. Feature extraction greatly affects the accuracy of

the detection system. The better extracted features, the higher the performance of classifi-

cation methods. The advanced FOG detection based on the effective connectivity required

the using of all proposed four channels (O1, P4, Cz, Fz). The using of ICA to find the
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independent components from these channels before quantifying the time varying inter-

action in the frequency domain using sGPDC, are proved to provide strong features as

inputs of the classification algorithm. In the future, the application of PCA for dimension

reduction and the using of fewer channels which might provide higher portability, com-

putational efficiency and complexity, noise resilience, and performance of the system, can

be explored. In addition, the exploration and the integration of different aspects of brain

dynamics which significantly marking the FOG episode may also contribute to further

improvement of the FOG detection system.

Standard ANN with Bayesian regularization for training has been employed as a classi-

fier. With current inputs based on the extraction of brain effective connectivity on the

independent components of the EEG processed by ICA, the FOG detection yields satis-

factory performance. This shows the strength of ANN as a classifier in the detection of

FOG in PD patients as well as ICA as a preprocessing signals and brain effective connec-

tivity as features. The development of more advanced classifier could be further explored

to improve the performance of the FOG detection system. It can be done by applying

different methods of regularization in training, by applying various advanced Neural Net-

works such as deep neural networks and spiking neural network, or by combining ANN

with other computational intelligence such as fuzzy logic, evolutionary computation and

swarm intelligence.

Mechanism responsible for the FOG is still unclear. All proposed models (Table 2.1)

are likely to play a role in the occurrence of FOG (Nieuwboer & Giladi, 2013b). While

our study has obtained several finding on the characterization of FOG which are in line

with previous studies of FOG, more rigorous evaluations and descriptions of some EEG

patterns with respect to the normal condition are needed.

Improving efficiency of the methods in balance to the high level of accuracy and sensitiv-

ity is one of the main tasks for the future. Further validation involving a larger number of

patients is also required, before the translation of the methods studied in this thesis into a

practical FOG detection system.
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An EEG Study of Turning Freeze in Parkinson’s Disease Patients:
The Alteration of Brain Dynamic on the Motor and Visual Cortex

A.M. Ardi Handojoseno1, Student Member, IEEE, Moran Gilat2, Quynh Tran Ly1, Hayat Chamtie2,
James M. Shine3, Tuan N. Nguyen1, Member IEEE, Yvonne Tran1,4,
Simon J.G. Lewis2,∗, Hung T. Nguyen1,∗, Senior Member, IEEE

Abstract— Freezing of gait is a very debilitating symptom
affecting many patients with Parkinson’s disease, leading to a
reduced mobility and increased risk for falls. Turning is known
to be the most provocative trigger for freezing of gait. However,
the underlying brain dynamic changes associated with a turning
freeze remain unknown. This study therefore used ambulatory
EEG to investigate the brain dynamic changes associated with
freezing of gait during turning. In addition, this study aimed
to determine the most suitable EEG sensor location to detect
freezing of gait during turning using our classification system.
Data from four Parkinson’s disease patients with freezing of
gait was analysed using power spectral density and brain
effective connectivity, comparing periods of successful turning
with freezing of gait during turning. Results showed that
freezing of gait during turning is associated with significant
alterations in the high beta and theta power spectral densities
across the occipital and parietal areas. Furthermore, brain
effective connectivity showed that freezing during turning was
associated with increased connectivity towards the visual area,
which also had the highest accuracy to detect freezing episodes
in the O1 regions by using power spectral density in our
classification analyses. This is the first study to show cortical dy-
namic changes associated with freezing of gait during turning,
providing valuable information to enhance the performance of
future freezing of gait detection systems.

I. INTRODUCTION

Freezing of Gait (FOG) is a common gait deficit in persons
with advanced Parkinson’s disease (PD), often described by
patients as a feeling of ”being glued to the floor” [1]. This
absence of forward progression disturbs balance and has
been interconnected with an increase number in falls for PD
patients resulting in injuries and creating a loss of indepen-
dence for these patients. These physical and psychosocial
consequences in turn reduce the quality of life for patients
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with PD, making FOG a highly important symptom to study
[2]. This calls for the need for novel therapies that can aid
in predicting a freeze and preventing falls.

Whilst many triggers of FOG have been described, the
most precipitant is turning. In controlled timed-up-and-go
(TUG) experiments, turning accounts for 48.4% of all wit-
nessed FOG [3]. Turning is a complex motor task requiring
both motor and cognitive processing to enable the correct
selection, timing and scaling of movement. In addition, in
PD patients with FOG the symptom can be exacerbated by
emotion, attention and dopaminergic therapy, suggesting the
existence of a complex pathophysiological process that not
only involves the locomotor networks but also differing cor-
tical areas and the basal ganglia system [3],[4],[5]. Despite
advances in our understanding of FOG from recent neu-
roimaging work [6], the neurobiology specifically associated
with turn provoked FOG remains unknown.

One method to advance our understanding of FOG would
be through using surface ambulatory EEG techniques. Unlike
neuroimaging studies this approach allows the potential
to identify and detect FOG episodes during walking due
to its ability to track the dynamic physiological changes
throughout the brain in real time. The use of this portable
measuring system allows the replication of an actual freezing
event, allowing the patient to execute movements with timing
and scaling as they would usually do outside of the testing
environment. Being able to reflect actual gait planning whilst
turning through the use of this system is a much more
effective measurement of freezing which could allow for the
prediction of FOG in a future treatment device.

Our group has developed a detection algorithm for recog-
nizing FOG by analyzing energy power, entropy, correlation
and brain effective connectivity (BEC) of EEG signals, pro-
viding valuable insights into the underlying brain mechanism
[3],[7],[8]. However, these previous studies have focused
on episodes of freezing that had mixed provocation factors.
The current paper sought to analyse the EEG specifically
associated with successful turning and turning associated
with FOG.

As we have demonstrated from our previous studies, ”clas-
sical” Power Spectral Density (PSD) and BEC are powerful
methods for feature extraction from surface EEG recordings
[7],[8]. Whilst we have established the role of PSD in ana-
lyzing FOG previously, BEC is a more recent and advanced
approach, which might provide valuable insights into a better
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understanding of the complex physiological mechanisms of
freezing in the brain. We hypothesized that there would be
a distinct signal change (PSD and BCE) detectable by EEG
comparing freezing whilst turning to successful turning with
a loss of functional connectivity across the fronto-parietal
networks processing visual information [9].

II. METHODS

A. Subjects and Task

Four patients diagnosed with idiopathic PD with signif-
icant FOG were recruited from the Parkinson’s Disease
Research Clinic at the Brain and Mind Research Institute,
University of Sydney. The study was approved by The
Human Research and Ethics Committee from the University
of Sydney and all subjects read and signed written informed
consent. They were assessed in the practically-defined ”off”
state following overnight withdrawal of dopaminergic ther-
apy.

The EEG were recorded from 32 Ag/AgCl scalp electrodes
of Biosemi ActiveTwo system, band-passed filtered from
0.15 to 400 Hz, segmented to 1-s durations and digitized
at 512 Hz. Only 8 location of interest were used based on
previous finding of the affected location of the brain by FOG
in a study using fMRI [10]: F3, Fz, F4 (motor planning and
working memory), Cz (motor execution), P3, P4 (sensory
integration), and O1, O2 (visual area). References was taken
by averaging 2 EXG electrodes placed on the ear lobes.

The protocol consisted of several video-recorded TUG
tasks that required subjects to walk 5 meters between a chair
and a 0.6 x 0.6 m square target defined by a taped box on
the floor. Subjects were asked to either make a right or a
left turn (180 degrees or and 540 degrees) inside the taped
box before returning to the chair. The video footage was
labelled by two physicians specialized in movement disorders
for the start and end of a turn and for periods of freezing of
gait, defined as an absolute cessation or marked reduction of
forward progression of the feet despite the intention to walk
[1]. EEG data was extracted for periods of freezing of gait
during turning (FT) and for periods of normal turning (NT),
during which the subject was able to turn effectively inside
the box during the TUG tasks. No distinctions were made
between either left or right and 180 or 540 degrees turns to
improve the power of the analyses.

B. Feature extraction

In this study, 341 selected samples data (117 NT and 224
FT) were filtered using a band-pass (0.5-60 Hz) and band-
stop (50Hz) Butterworth IIR. To eliminate differences in
source strength due to variance in absolute measurement be-
tween electrodes and individual subject, a Z-transformation
was applied. Five frequency bands were analysed, namely:
theta (4-8 Hz), alpha (8-13 Hz), low beta (13-21 Hz), high
beta (21-38 Hz), and gamma (38-60 Hz) [Fig. 1]. The
beta frequency band was divided into high and low, based
on previous findings showing that specifically high beta
frequencies correlate with FOG [11]. A Wilcoxon Sum Rank
Test with an alpha of 0.05 was used to investigate the power

Fig. 1. Decomposition of EEG into four frequency bands in subject 1
shows the alteration of amplitude and frequency signals during a turning
freeze (5001-1000 ms) as opposed to a normal turning (1-5000 ms)

spectral densities between periods of normal turning and
periods of freezing turning. This feature was used as the main
parameter for evaluating the significance of the electrode
location during freezing turning.

Effective connectivity analysis was mapped between four
brain regions (i.e. frontal, central, parietal, and occipital) by
taking the mean of each related electrode in those regions
and between electrode locations in subregions of interest,
namely fronto-parietal regions (F3, Fz, F4, P3, P4) locations
often associated with ”executive-attention” and visual net-
works affected by in PD patients with FOG [12]. Squared
generalized partial directed coherence (sGPDC) was used to
describe the dynamics of the interactions between brain areas
as it provides the best indication of FOG compare to several
other methods [7].

Based on the concept of Granger causality, partial directed
coherence (PDC) described the exclusive directional flow of
information from the activity in the region of interest (ROIs)
sj(n) to the activity in si(n) [13]. The squared generalized
PDC is a modification of PDC to increase its sensitivity,
create an absolute strength of the coupling score, make it
scale-invariant, emphasize the sources, and defined as [14]:

sGPDCj→i(f) =
( 1
σi

∣∣Āij(f)
∣∣)2∑N

k=1
1
σ2

k

Ākj(f)Ā∗kj(f)
. (1)

This connectivity measures were obtained using the Nut-
tall Strand methods to estimate multivariate autoregressive
models of time series, a frequency domain representation
of the existing multivariate relationships between simulta-
neously analyzed time series. A short data sliding windows
that tracts fast changes in the brain signals with a size of
128 points (256 ms) was consecutively shifted by 32 points
(64 ms) to calculate a cross-spectral power density matrix,
which allowed us to translate time domain into a frequency
domain. Schwarz’s Bayesian Criterion (SBC) was then used
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to estimate the model order p, which was used due to its
superiority over other methods [15].

The statistical significance of nonzero PDC values at each
frequency domain was obtained using a bootstrap approach
based on a Theiler algorithm to discriminate between noise
induced randomness and as a deterministic measurement of
data connectivity. The MVAR model coefficients were drawn
from 20 different signal realizations, with a 99% level of
significance being employed as the rule for rejecting a value
that occurred by chance.

C. Statistical Test and Classification

The mean, maximum and minimum values of PSD from
each electrode’s location in each EEG frequency band were
taken to evaluate their strength in detecting FOG. Only
features with a p-value of <0.05, as computed by the non
parametric Wilcoxon Sum Rank Test were chosen for this
test. A three layer Back Propagation Neural Networks with
4 to 5 hidden nodes were used as a classifier with early
stopping that helped prevent over-fitting and improved gen-
eralization. Using Levenberg Marquardt’s algorithm, 59% of
the data were trained, validated and tested by 25% and 19 %
of the total data. The prediction of sensitivity, specificity and
accuracy were measured based on mean squared prediction
errors. The average and standard deviation of 20 training and
testing data were recorded for further analysis.

III. RESULT AND DISCUSSION

Table 1 shows the power spectral density results between
periods of normal turning and periods of freezing turning,
with smaller p-values indicating stronger feature differences
between the two conditions. The strongest significant differ-
ences between the two conditions were found in the beta
bands of the occipital areas O1 and O2 (p ≤ 0.0001). In
addition, these results also showed that the parietal areas P3
and P4 were significantly affected by freezing in the theta,
alpha, and high beta frequency bands (p ≤ 0.0005).

This finding is supported by the inter-region BEC analysis
[Fig. 2(A)], in which we found a significant increase of
information flow toward the occipital areas from the three
other areas (P → O, C → O, F → O). This indicates the
freezers are ’over-relying’ on visual information during a
turning freeze. One can argue that patients adopt this strategy
to compensate for a loss of kinaesthetic feedback [16], and
especially during a FOG episode their feedback from the
muscles and joints are a lot different than what they expected.
Therefore freezers might need to use more of their visual
system to gain information about what is happening so that
Cz is able to come up with a motor plan again [16]. As
an addition, the trouble of integrating visual information
into a motor plan often associated with parietal regions,
which were also significantly affected in all the frequency
bands of interest except low beta [17]. Finally, the decreased
information flow between the frontal regions (F3, Fz and
F4) and right parietal regions P4 [Figs. 2(B) and 3] could
indicate a loss of attention [18].

TABLE I

CORRELATION ANALYSIS OF NORMALIZED POWER SPECTRAL DENSITY

BETWEEN NORMAL TURNING AND FREEZING TURNING

Lead Freq. Normal Freezing p-value
Turning Turning

F3 θ 0.0324 ± 0.0183 0.0291 ± 0.0177 0.1029
α 0.0231 ± 0.0124 0.0210 ± 0.0117 0.1036

low β 0.0116 ± 0.0060 0.0108 ± 0.0051 0.2980
high β 0.0044 ± 0.0060 0.0044 ± 0.0024 0.0010

Fz θ 0.0296 ± 0.0129 0.0267 ± 0.0136 0.0349
α 0.0214 ± 0.0092 0.0194 ± 0.0093 0.0366

low β 0.0110 ± 0.0049 0.0102 ± 0.0043 0.1669
high β 0.0035 ± 0.0019 0.0041 ± 0.0021 0.0131

F4 θ 0.0506 ± 0.0281 0.0462 ± 0.0303 0.0318
α 0.0355 ± 0.0180 0.0328 ± 0.0199 0.0244

low β 0.0169 ± 0.0071 0.0160 ± 0.0080 0.0397
high β 0.0054 ± 0.0062 0.0052 ± 0.0028 0.0645

Cz θ 0.0271 ± 0.0114 0.0230 ± 0.0110 0.0017
α 0.0198 ± 0.0084 0.0169 ± 0.0075 0.0033

low β 0.0105 ± 0.0047 0.0094 ± 0.0036 0.0779
high β 0.0040 ± 0.0023 0.0048 ± 0.0024 0.0020

P3 θ 0.0330 ± 0.0152 0.0264 ± 0.0108 ≤0.0001
α 0.0238 ± 0.0095 0.0200 ± 0.0070 0.0001

low β 0.0125 ± 0.0041 0.0120 ± 0.0034 0.4643
high β 0.0058 ± 0.0036 0.0082 ± 0.0044 ≤0.0001

P4 θ 0.0292 ± 0.0136 0.0234 ± 0.0106 0.0002
α 0.0213 ± 0.0093 0.0176 ± 0.0070 0.0005

low β 0.0116 ± 0.0046 0.0107 ± 0.0036 0.0967
high β 0.0061 ± 0.0042 0.0079 ± 0.0042 ≤0.0001

O1 θ 0.0455 ± 0.0321 0.0492 ± 0.0318 0.1645
α 0.0328 ± 0.0190 0.0381 ± 0.0193 0.0013

low β 0.0200 ± 0.0080 0.0284 ± 0.0120 ≤0.0001
high β 0.0217 ± 0.0192 0.0359 ± 0.0222 ≤0.0001

O2 θ 0.0455 ± 0.0240 0.0425 ± 0.0255 0.1391
α 0.0330 ± 0.0139 0.0335 ± 0.0156 0.4778

low β 0.0198 ± 0.0067 0.0255 ± 0.0110 ≤0.0001
high β 0.0183 ± 0.0142 0.0302 ± 0.0190 ≤0.0001

Freq.: Frequency

In the classification analysis where we used input from one
channel at a time [Table 2], the occipital channel appeared
to be providing the best information for detecting a turning
freeze with the sensitivity and accuracy of testing data being
74.61 % and 68.63 %, higher relatively to the classification
result obtained from the other locations of interest. These re-
sults support the previous finding of the significant alteration
of power spectral and information flow in the visual cortex.

Fig. 2. The significant alteration of information flow during turning freezing
(A) between region and (B) intra-frontoparietal region estimated using
sGPDC causality. The regional analysis reveals an increase of information
flow to occipital area while the fronto-parietal analysis shows a decrease of
information flow affected right region of parietal and frontal.
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Fig. 3. Frontoparietal sGPDC causality.
TABLE II

CLASSIFICATION RESULTS OF PSD FEATURES USING MLP-NN IN

DETECTING TURNING FREEZING

Lead Training Testing
Sens Spec Acc Sens Spec Acc

% % % % % %
F3 65.32 50.79 70.98 63.78 48.99 66.27
Fz 69.51 47.14 64.22 68.22 48.38 62.35
F4 71.00 44.99 69.02 67.74 43.65 65.39
Cz 66.79 57.65 69.80 60.40 47.72 60.00
P3 61.62 51.92 70.39 60.92 48.07 66.27
P4 68.90 53.75 70.00 69.98 44.20 69.22
O1 76.88 50.62 71.08 74.61 48.43 68.63
O2 66.27 53.84 66.37 64.61 50.56 62.35

Sens: Sensitivity; Spec: Specificity; Acc: Accuracy

IV. CONCLUSIONS

While frontoparietal processing is known to be associated
with directing attention and integrating visual information
into a motor plan, in this study we found that the occipital
area was more affected during a turning freeze. The results of
a classification system using data from one location only also
suggests that this visual cortex region is the optimal reference
location for the detection of a turning freeze, whilst also pro-
viding possible insights into the neural processes underlying
freezing of gait during turning. Further studies using larger
cohorts of patients are needed to further validate this finding.
Using combination of input data from different locations
instead of using a single channel can be expected to increase
the performance of the system. Finally, the application of this
novel observation in more advanced feature extraction and
classifier systems will provide a better performance of the
FOG detection system.
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Prediction of Freezing of Gait Using Analysis of Brain Effective
Connectivity
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Abstract— Freezing of gait (FOG) is a debilitating symptom
of Parkinson’s disease (PD), in which patients experience
sudden difficulties in starting or continuing locomotion. It
is described by patients as the sensation that their feet are
suddenly glued to the ground. This, disturbs their balance,
and hence often leads to falls. In this study, directed transfer
function (DTF) and partial directed coherence (PDC) were used
to calculate the effective connectivity of neural networks, as
the input features for systems that can detect FOG based on
a Multilayer Perceptron Neural Network, as well as means for
assessing the causal relationships in neurophysiological neural
networks during FOG episodes. The sensitivity, specificity and
accuracy obtained in subject dependent analysis were 82%,
77%, and 78%, respectively. This is a significant improvement
compared to previously used methods for detecting FOG,
bringing this detection system one step closer to a final version
that can be used by the patients to improve their symptoms.

I. INTRODUCTION

Freezing of gait (FOG) is a common symptom affecting
more than 70% of advance Parkinson disease (PD) patients
[1]. It is characterized by an ”episodic” incapability to start
walking, suddenly failing to continue to move forward, a
reduction of forward progression of the feet so that the
patient ”shuffles” forwards (the festination), or a complete
absence of movement despite the intention to walk (akinesia)
[2]. Even a brief FOG episode may lead to falls, affecting
a patients’ level of activity and reducing quality of life [3].
It is resistant to pharmacological treatment, especially in the
advanced stages of the disease [4], making FOG prediction
systems highly important.

Early detection of FOG episodes has already been de-
veloped by our group by analyzing energy, entropy and
correlations of electroencephalography (EEG) signals. This
system enabled to detect FOG with a sensitivity of 83%,
however the specificity was only 58% and accuracy 70%
[5]. Compared to motion sensors, such as accelerometers

1A.M. Ardi Handojoseno, Tuan N. Nguyen and Hung T. Nguyen are
with Faculty of Engineering and Information Technology, University of
Technology, Sydney, Broadway, NSW 2007, Australia. (AluysiusMari-
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or EMG [6], EEG has an advantage in its ability to track
the physiological process of freezing from the earliest stage
throughout the analysis of brain dynamics, which also pro-
vides insights into possible pathophysiological mechanisms
underlying neurological development and disease.

It is known that neural connectivity plays a crucial role
in determining the functional properties of neurons and
neuronal system. Therefore, the concept of brain connectivity
is central for our understanding of organized behaviour of
cortical regions beyond the simple mapping of their activity.
It has been successfully used to study neurological conditions
and disorders, such as Autism [7], Alzheimer’s disease [8],
and Schizophrenia [9]. In this paper, directed transfer func-
tion (DTF) and partial directed coherence (PDC) were used
to investigate the connectivity pattern of PD patients’ brain
area’s of interest during freezing episodes. DTF and PDC
were used due to their reliability and robustness in neuronal
directionality assessment, beyond correlational analyses [10].
The measures of DTF and PDC were taken as the input
for the Multilayer Perceptron Neural Network (MLP-NN) to
detect the transition of brain signals before freezing episodes.

II. METHODS

A. Data Collection and Preprocessing

The EEG data used in our study were collected from 10
patients (age 75.1 ±6.3 ) with idiopathic Parkinson’s disease
and significant FOG as measured during a structured series
of video-recorded timed up-and-go tasks (TUG). The patients
were recruited from the Parkinson’s Disease Research Clinic
at the Brain and Mind Research Institute, University of
Sydney. EEG data were acquired using a 4 channel wireless
EEG system with gold cup electrodes. Based on their role
in control movement, the electrodes were placed at the
following bipolar EEG channels: O1-T4 (visual), P4-T3
(sensorimotor affordance), Cz-FCz (motor execution) and
Fz-FCz (motor planning). The recordings were bandpass
filtered between 0.15 and 100 Hz and were segmented to
1-s durations and digitized at 500 samples per second.

Two physicians specialized in movement disorders in-
spected and labeled the start and duration of the freezing
episodes. Based on this analysis, two other groups were
determined: normal walking data and transition data (5
seconds before freezing), as has been reported elsewhere [5].
After removing the EEG data segment that were affected by
artifact using visual inspection, 843 selected samples data

161



Appendix B. Publications

were filtered from the low and high frequency noise and 50
Hz line frequency using band-pass (0.5-60 Hz) and bandstop
(50Hz) Butterworth IIR with zero phase shift. The EEG
data were normalized with a z-transformation to eliminated
differences in source strength due to inter-individual and
inter-electrode variance in absolute measurements.

B. Multivariate Autoregressive Process

DTF and PDC estimations are based on the application
of the Granger causality into multivariate autoregressive
(MVAR) models of time series. They are defined as a
frequency domain representation of the existing multivariate
relationships between simultaneously analyzed time series,
which provide a linear measures of causality, indicating the
direction and strength of the interactions between multiple
coupled variables [11]. When considering a set of stationary
EEG signals time series X(t) = X1, X2, ..., XN (N EEG
signals simultaneously observed), then the MVAR model is
defined as:⎡

⎢⎢⎢⎢⎣
x1(t)
·
·
·

xN (t)

⎤
⎥⎥⎥⎥⎦ =

p∑
r=1

Ar

⎡
⎢⎢⎢⎢⎣
x1(t− r)

·
·
·

xN (t− r)

⎤
⎥⎥⎥⎥⎦+

⎡
⎢⎢⎢⎢⎣
w1(t)

·
·
·

wN (t)

⎤
⎥⎥⎥⎥⎦ (1)

where Ar are the model coefficients, p is the model or-
der, and wi(t) represents a random Gaussian white noise.
The model order p was estimated by means of Schawarz’s
Bayesian Criterion (SBC) due to its robustness [12]. The
Nuttall Strand method (multivariate Burg) which has been
reported as superior to other methods was used to estimate
the MVAR parameters [13].

The time domain representation was then translated to
frequency domain by computing the cross-spectral power
density matrix:

S(f) = H(f)
∑

HH(f) (2)

where the superscript H indicates the Hermitian transpose
and H(f) is a transfer function matrix

H(f) = A−1(f) = [I −A(f)]−1 (3)
where

A(f) = I −
p∑

r=1

Are
−2iπfr (4)

is the Fourier transform of the model coefficient matrix.

C. Directed Transfer Function

The directed transfer function (DTF) estimates the causal
influence of the cortical waveform in the channel j on
channel i at a certain frequency f , and normalized by
dividing the inflow from channel j to channel i by all the
inflows to channel i. It is defined as [14]

DTF 2
j→i(f) =

|Hij(f)|2√∑N

k=1 |Hik(f)|2
. (5)

This normalization resulted in the interval [0, 1] values,
with 1 indicating that all of the signal in channel i is
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Fig. 1. Sample of estimated sGPDC values (solid lines) and their
corresponding surrogates as a threshold of significance estimation (dotted
lines), between O1 (channel 1), P4 (channel 2), Cz (channel 3) and P4
(channel 4) from patient 9 during transition preceding the FOG. Only values
between 0 Hz and 60 Hz were shown due to physiological significance. An
asterisk indicates channel pairs with significant sGPDC causality.

caused by the signal from channel j. The denominator of
this ratio depends on the frequency, making it difficult when
comparing the outflows at different frequencies. Besides, it
does not distinguish between direct and cascade flows.

For estimation of direct connections, different normal-
ization has been introduced as the full frequency Directed
Transfer Function (ffDTF) [14]

ffDTF 2
j→i(f) =

|Hij(f)|2√∑
f

∑N

k=1 |Hik(f)|2
. (6)

When multiplied by the partial coherence, this modifica-
tion of DTF results in the direct DTF (dDTF) [14]:

dDTF 2
j→i(f) = ffDTFij(f)PCohij(f) (7)

where

PCoh2
ij(f) =

M2
ij(f)

Mii(f)Mjj(f)
(8)

and Mij(f) is the minor obtained by removing ith row and
jth column from the spectral matrix S.

D. Partial Directed Coherence

The partial directed coherence (PDC) was introduced to
improve and add more information to DTF by distinguishing
direct from indirect flow between channels. It does not
involve the inversion of matrix A, making it computationally
more efficient and precise compared to DTF. With Āi,j being
the i, jth element of Ā(f), the PDC from channel j to i could
be calculated as [15]
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PDCj→i(f) =
Āij(f)√∑N

k=1 Āki(f)Ā∗kj(f)
. (9)

As in the DTF, the PDC has values between 0 and 1,
with higher values indicating a higher strength of signals
transmission from channel j to i at this frequency.

PDC emphasizes the sinks rather than the sources as it is
normalized to show a ratio between the outflow from channel
j to channel i to all the outflows from the source channel j.
Normalization factor was modified in the squared generalized
PDC to make PDC scale-invariant, has an absolute strength
of the coupling, emphasizes the sources, and has a greater
sensitivity[15] [10]:

sGPDCj→i(f) =
( 1
σi

∣∣Āij(f)
∣∣)2∑N

k=1
1
σ2

k

Ākj(f)Ā∗kj(f)
. (10)

Signals from four EEG electrodes were included in the
MVAR model. The short-time DTF, and PDC method was
used to measure the connectivity of the data due to its
ability to tract fast changes in the brain signals [12]. A data
epoch of one second was divided into short overlapping time
windows, with a window length of 256 ms and a quarter
overlap window. The DTF, dDTF, PDC, and sGPDC were
computed in each window over the 1-60Hz frequency range,
and were analyzed in five clinical EEG frequency bands:
delta, theta, alpha, beta and gamma. A surrogate data method
based on Theiler algorithm with 20 realizations was used to
select only a directed causal influence, which has less than
1% probability occurring by chance [14]. Surrogates, which
indicated the ’leak flows’ between channels, were produced
by randomizing the signal so that they maintained the
spectral properties of the original data sample but destroyed
nonlinear-phase relations. Fig.1 illustrates sGPDC measures
of the EEG data of subject 9 during the transition to freezing.

For connectivity analysis, individual trial DTF, dDTF,
PDC and sGPDC spectrograms were averaged within each
subject and then averaged across all subjects within each
group, for all directions of connectivity between pairs of
electrode regions. These measures represent the strength
and the number of causal interactions originating at each
electrode, which provides a measure of the source activity
arising from each node in a network.

E. Statistical Classification

The mean, the maximum and the minimum values of
DTF, dDTF, PDC and sGPDC for each pair of electrodes in
each EEG frequency band were taken from two conditions,
normal walking and transition to freezing, as features for
the prediction of FOG. The non parametric Wilcoxon Sum
Rank Test was used to select the most significant feature to
feed the classifier for each experiment. A p-value <0.05 and
r -value >2.5 were chosen for further process.

For classification, MLP-NN was used due to its good
results in classification of EEG signals [16]. A three layer
Back Propagation Neural Networks with 4 to 5 hidden nodes
was built. Bayesian regularization [17] was used to prevent
over-fitting and to improve generalization, with 80% of the

Fig. 2. The mean value of sGPDC from 10 patients which indicates the
connection between four locations of EEG electrodes

Fig. 3. The schematic interaction between four locations of EEG electrodes
during normal walking and FOG estimated using dDTF and sGPDC at theta
band frequency. The arrow line width shows the connectivity strength.

data trained by Levenberg Marquardt algorithm and 20% of
the data being used for testing. Mean squared prediction error
was used to measure the prediction of sensitivity, specificity
and accuracy. The average and standard deviation of fifty
training and testing were recorded for further analysis.

III. RESULT AND DISCUSSION

The first row of Fig. 1 indicates a lot of noise on the elec-
trode which picks signals from the occipital one (channel 1),
making the ”leak inflows” from this electrode relatively high.
When only directed causal influence which were higher than
the threshold were taken, we noticed that FOG episodes were
characterised by abnormal EEG hyperconnectivity involving
the frontal region. It received stronger outflows connection
from other regions (Fig. 2 and Fig. 3), especially in the lower
frequency bands (the theta and alpha band). This suggests
that the frontal region, which supports spatial attention,
motor intention, cognitive and decision making processes is
prominently involved in generating the hypersynchronization
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TABLE I

CLASSIFICATION RESULTS OF PROPOSED FEATURES USING MLP-NN IN

DETECTING TRANSITION 5 SECOND BEFORE FREEZING

Features training testing
Sens Spec Acc Sens Spec Acc

% % % % % %
DTF 70.62 75.49 73.09 65.80 69.52 67.40

dDTF 83.18 85.42 84.31 68.55 73.17 70.86
PDC 82.73 81.51 80.27 71.11 69.07 70.02

sGPDC 79.96 81.62 80.80 72.76 70.28 71.67
Sens: Sensitivity; Spec: Specificity; Acc: Accuracy

TABLE II

CLASSIFICATION RESULTS OF TESTING DATA USING SGPDC AS A

FEATURE FOR INDIVIDUAL SUBJECT IN DETECTING TRANSITION 5

SECOND BEFORE FREEZING

Subj Sens Spec Acc Subj Sens Spec Acc
% % % % % %

1 85.93 70.24 77.50 6 85.28 74.10 75.33
2 93.24 88.41 91.00 7 96.53 95.27 94.80
3 74.37 70.64 70.00 8 83.54 87.98 86.17
4 86.80 73.71 78.57 9 60.40 63.67 59.33
5 74.50 73.73 70.67 10 81.77 75.40 77.00

Average: Sens: 82.24%, Spec: 77.32%, Acc: 78.04%

Subj: Subject; Sens: Sensitivity; Spec: Specificity; Acc: Accuracy

underlaying FOG. This finding supports the hypotheses that
attribute FOG to frontal executive dysfunction and visuo-
spatial impairment in PD patients with FOG [18].

Both dDTF and sGPDC revealed significant connectivity
of P4 >Fz and P4 >Cz in normal walking. They were also in
agreement when indicating O1 >Fz and Cz >Fz connectivity
during transition and a stronger P4 >Fz connectivity during
freezing episodes. The dDTF analysis shows that the signifi-
cant outflows from Cz to the other 3 electrode locations may
signify the overload of cognitive resources as a consequence
of a loss of automaticity which shifted neural activation from
the subcortical (basal ganglia) to more cortical areas [19].

When used as features for the early detection of FOG,
both dDTF and sGPDC show significant increases in perfor-
mance of the prediction system compared to their original
form, DTF and PDC. In addition, sGPDC appears to be
the strongest indicator of the transition to freezing with an
average sensitivity, specificity, and accuracy of 73%, 70 %,
and 72%, respectively (see Table 1). In the subject-dependent
analysis where training and testing data were taken from
the related subject only, the performance of classification
increased to 82%, 77%, and 78% of an average sensitivity,
specificity, and accuracy, respectively, with the best results
of all performance measures at around 90% obtained by 2
patients (see Table 2). However, the system achieved the
performance of all measures at around 60% in 1 patient. This
indicates the variability in brain connectivity among subjects.

IV. CONCLUSIONS

This study revealed that the information outflows from the
central area during the transition to FOG and the information
inflows to the frontal area during freezing episodes were
enhanced. This estimation, based on DTF and PDC, also

provides useful features for the prediction of FOG, especially
in the customized system, with an accuracy of 94.80%
obtained in one patient. The inclusion of more data from
more patients, the additional feature selection procedure and
the optimization of the algorithm on the brain connectivity
estimation and classification will be our future work, to
obtain a better performance of this potential approach.
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Abstract— Parkinson’s Disease (PD) patients with Freezing
of Gait (FOG) often experience sudden and unpredictable
failure in their ability to start or continue walking, making it
potentially a dangerous symptom. Emerging knowledge about
brain connectivity is leading to new insights into the pathophys-
iology of FOG and has suggested that electroencephalogram
(EEG) may offer a novel technique for understanding and
predicting FOG. In this study we have integrated spatial,
spectral, and temporal features of the EEG signals utilizing
wavelet coefficients as our input for the Multilayer Perceptron
Neural Network and k-Nearest Neighbor classifier. This ap-
proach allowed us to predict transition from walking to freezing
with 87 % sensitivity and 73 % accuracy. This preliminary
data affirms the functional breakdown between areas in the
brain during FOG and suggests that EEG offers potential as a
therapeutic strategy in advanced PD.

I. INTRODUCTION

Freezing of gait (FOG) is common in advanced Parkin-
son’s Disease (PD) affecting over half of all patients after 5
years of illness [1]. In addition, up to a quarter of patients can
experience FOG in the early stages of disease [2]. Patients
with FOG are paroxysmaly unable to initiate or continue
walking, feeling as if their feet are ”glued” or ”magnetized”
to the ground. This symptom causes both physical and
psychological distress and is a common cause of fall, often
leading to social withdrawal with only partial amelioration
from current treatments [1].

Several techniques have been explored to detect FOG such
as using electromyogram (EMG) [3], acceleration sensors
[4], functional neuroimaging [1] and electroencephalogram
(EEG) [5]. Amongst these approaches, EEG offers predictive
capability due to its greater temporal resolution and ability to
measure dynamic physiological change. Previous work from
our group using sub-band wavelet energy and total wavelet
entropy of EEG signals has shown the ability of EEG to
identify the onset of FOG before it appeared, with average
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values of accuracy, sensitivity and specificity are 76 %, 74
%, and 78 %, respectively [5].

A pathophysiological model of FOG has been proposed
highlighting breakdown in the integration of information
from across neural networks related to motor, cognitive and
limbic functions in various regions of the brain [6]. This is
aligned with recent research exploring the brain as a network
of coupled dynamic systems with functional interactions
between areas across the brain [7]. Several studies also give
insight into Cortico-Subcortical cross-talk (CSC-ct) indicated
by the coupling between slow wave (SW) and fast wave
(FW) activity related to behavioural inhibition, motivation,
emotion and decision making [8]. This paper attempts to
establish a link between such bio-markers for the onset of
FOG. We propose that based on wavelet decomposition and
statistical analysis of its coefficients, both EEG sub-band
cross spatial correlation (by means cross spectral correlation)
and SW/FW EEG ratio can serve as electrophysiological
signatures of FOG. We improved the performance of our
work using this method with 87 % classification sensitivity
in predicting transition from walking to freezing.

II. METHODS

A. Experimental Setup and Data Acquisition

EEG signals were recorded in twenty-six PD patients
with significant FOG (age 69.8 ± 8.41) during timed up-
and-go tasks (TUG) using EEG videomonitoring for FOG
assessment at the Parkinson’s Disease Research Clinic, the
Brain and Mind Research Institute, University of Sydney.
EEG was digitally recorded at 4 different locations on the
scalp relating to their roles in the general control movement
(O1-primary visual receiving area, P4-navigational move-
ment area, Cz-primary motor area and Fz-supplementary
motor area). The bipolar electrodes O1-T4 and P4-T3, and
monopolar electrodes Cz and Fz with CFz as a reference
were used in this study. All data were sampled at 500
Hz. Three groups of data were analyzed: normal walking,
transition of FOG (5 seconds before freezing) and FOG.

B. Data Preprocessing

For this study, the first 10 patients without significant
artifacts were selected, and 400 samples, each of 1 second
length, were taken from each group (i.e. 1200 samples).
Low frequency noise, high frequency noise and 50 Hz line
frequency noise were eliminated using band-pass (0.5-60 Hz)

166



Appendix B. Publications

and band-stop (50 Hz) Butterworth IIR filters. Stein’s unbi-
ased risk estimate thresholding based on wavelet transforms
is used to remove ocular and muscular artifacts.

C. Feature Extraction and Selection

Wavelet transform (WT) is chosen to extract the individual
EEG data due to its strengths in time-scale (frequency)
localization and multirate filtering [9]. It is defined as the
convolution between the signal f(t) and the wavelet function
ψu,s(t) generated by dilations (contraction) and translation
(shift) of mother wavelet ψ(t)

W f (u,s) = f � ψ̄s(u) =
∫ +∞

−∞
f (t)

1√
s

ψ∗(
t −u

s
) (1)

The discrete wavelet transforms (DWT) based on dyadic
scales and position is used in which the EEG signal is
decomposed into progressively finer details by means of
multi-resolution analysis using complementary low and high
pass filter, and is down sampled by 2. The scaling coefficients
as the result of low pass filter are further decomposed into
low-pass and high-pass coefficients of WT. Each EEG sample
x(t) at scales j=1,2,..., J and time point k is then can be
represented in terms of DWT as

x(t) = ∑
k

cJ,kϕJ,k(t)+∑
k

∑
j≤J

d j,kψ j,k(t) (2)

where ϕj,k(t) = 2−j/2ϕ(2−jt− k), ψj,k(t) = 2−j/2ψ(2−jt− k),
cJ,k is the approximation coefficient and dj,k is the detail co-
efficient. These wavelet coefficients under certain conditions
completely represent the original signal and can be used for
description, analysis, approximation and filtering.

After six levels of decomposition, the coefficients retained
from EEG samples at 500 Hz are c6 (0-3.9 Hz), d6 (3.9-
7.8 Hz), d5 (7.8-15.6 Hz), d4 (15.6-31.3 Hz), and d3 (31.3-
62.5 Hz). Noises d2 (62.5-125 Hz) and d1 (125-250 Hz)
are discharged from further analysis as their magnitudes are
negligible in a normal EEG. Daubechies wavelet of order 4
(db4) are used since its smoothing feature has been proved
to work well in detecting changes of EEG signals [10].
Reconstruction of these five coefficients using the inverse
wavelet transform approximately corresponding to the five
physiological EEG sub-bands delta, theta, alpha, beta, and
gamma, can be seen in Fig.1. The results of this filtering
and decomposition are further processed to extract spatial,
spectral and temporal parameters based on three feature
extraction methods.

1) Wavelet Cross Spectrum : The brain can be seen as
a complex network of interacting and coupled subsystems
which determines its functions. Wavelet cross spectrum
(WCS) based on the continuous WT is used to investigate
changes among EEG signals being recorded at different
locations on the scalp. It can be interpreted as an indicator
of functional relationship between different brain regions.

We calculate the Morlet wavelet transform of EEG sub-
band electrodes at 4 different positions as a function of both
time t and frequency (scale) s, defined as [11]:

W n
j (t,s) =

1√
s

T

∑
τ

xn
j(τ)ψ

∗[
(τ − t)

s
] (3)
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Fig. 1. Wavelet decomposition of EEG into five EEG sub-bands. It covers
3 conditions: normal walking, transition and freezing. Changing in wavelet
energy between those three conditions are discernable.

where ψ∗[] is the complex conjugate of the Morlet function.
WCS measures the strength of a relationship between pairs
of locations and can be defined as:

WCSn
jk(t,s) =W n

j (t,s)W
n
k (t,s)

∗ (4)

The product of two spectra expressed by wavelet coeffi-
cients of the time scale representation of EEG sub-bands is
a local measure of the interaction between signals j and k
at the given frequency. Since Morlet function includes both
real and imaginary part, as a result the WCS is complex
valued. The average amplitude of this local wavelet cross
correlation spectrum over time samples t (|WCSn

jk(t,s) |)
shows the global wavelet cross spectrum (GWCS) at related
EEG sub-bands (see Fig.2). The first feature, total wavelet
cross spectrum (TWCS) of EEG sub-bands, is obtained by
calculating the sum of the global wavelet spectrum over scale
(frequency) sub-bands. In addition, the centroid frequency
wavelet cross spectrum (CFWCS) is calculated to show the
center of gravity of each pair of signals at related EEG sub-
bands and defined as follows [12]:

CF =
∑i fi ∗P( f )

∑i P( f )
(5)

where f is a pseudo-frequency corresponding to the scale s,
and P(f ) is the GWCS power.

2) Wavelet Cross Frequency Energy Ratios: The coupling
between slow and fast frequency in the EEG spectrum has
been studied as an indicator of cortico-subcortical cross-talk
[8]. Studying the relations between the different frequency
bandwidth could reveal some of the physiological dynamics
of brain function related to different arousal systems. In PD
research using quantitative EEG, some EEG electrode loca-
tions showed increased SW (delta and theta) and decreased
FW (alpha and beta) which correlate with cognition decline
in PD patients [13].

Wavelet energy is computed on each retained wavelet
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Fig. 2. Wavelet cross spectrum for transition of freezing at gamma sub-
band. The upper panels shows EEG signals from electrode pairs O1 and P4.
The right panel presents the global wavelet spectrum obtained by averaging
over time samples.

scale (c6, d6, d5, d4, d3) by squaring and summing the
wavelet coefficients of the decomposed level [5]. In this
study, wavelet cross frequency energy ratios (ER) (δ/β ) and
(θ/β ) were observed and selected as features since they are
part of major frequency bands of oscillation in the basal
ganglia which may have a functional role in movement [14].

3) Statistical Features: Various simple statistical prop-
erties of the EEG time series have already been used in
preceding brain studies. It was proven to be effective for
discriminating different brain conditions. In this study some
popular methods were applied to extract information from
wavelet coefficients of the EEG epoch x(t): quantifying
the central tendency (mean), degree of dispersion (standard
deviation), asymmetry (skewness) and peakedness (kurtosis,
maximum, minimum). They were used to represent the time
frequency distribution of the EEG signals in each sub-band.

In view of the data having a non-normal distribution and
to reduce false positives arising from the large dataset, non-
parametric statistical analysis Wilcoxon sum rank test with
continuity correction of 0.5 was implemented. Only features
with significant statistical differences between those groups
of data (p-value <0.05) were chosen for further processing.

D. Classification

Multilayer perceptron neural network (MLP) analysis was
used to classify data samples based on selected features. The
Levernberg Marquardt algorithm was chosen as a training
method of a three layer MLP with 56%, 25% and 19% of
the data used for training, validation and testing, respectively.
The validation set was used as a stopping criterion to avoid
overfitting as well as error goal 0.01 in single MLP with 8
to 12 hidden layer neurons. For comparison, the obtained
features were also used to train and test using k-nearest
neighbors (kNN) classifier with 15 to 40 nearest neighbors
based on the Euclidian distance. Each feature and their
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Fig. 3. Scatterplots of significant θ /β (electrode P4) correlation in the
normal walking condition which is different with no significant correlation
in the transition five seconds before freezing condition (upper panel). Two
bottom scatterplots show a non-significant difference between δ /β (electrode
P4) correlation in normal walking condition and the transition five seconds
before freezing condition.

combination were trained and tested for twenty times and
the mean result was recorded.

III. RESULTS AND DISCUSSION

The selected spatial and spectral features with p-value
<0.05 are presented in Table 1 from two of four features
(CFWCS and ER). One can see that the freezing condition
in PD patients significantly affected neural synchronization
of different brain regions. Amongst four different regions
under study, P4 and Cz appeared as the most important sites
contributing in nine out of sixteen most important CFWCS
features selected for their statistical significance during the
transition of freezing (N-T). This result supports our view
in the previous report that the freezing condition has a deep
impact in the area that is responsible for integrating sensory
information from various parts of the body [5].

The assessment of WCS between each EEG channel pair
and CFWCS in each channel demonstrated an altered pattern
of synchronisation in the theta sub-band during transition
from walking to freezing and and in the freezing period.
This finding is aligned with prior studies in FOG and PD
in general, which suggests this activity is associated with
motor-task changing [15]. In addition, since the freezing
phenomenon has also been associated with non-motor fea-
tures, the coupling of delta and beta oscillation during the
transition and freezing periods may represent factors such as
increased cognitive activity, a rise in anxiety levels or other
perceptual processing [16]. Fig. 3 show the dynamics of sub-
band wavelet energy as a result of transition from walking
to freezing in electrodes P4 which have significant changing
in θ /β but not in δ /β .

For classification, only features that were statistically sig-
nificant (p-value <0.05) between two conditions were taken
for input. We took 131 features representing the spatial spec-
tral temporal characteristics of EEG signals based on spectral
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TABLE I

SENSITIVITY OF CENTROID FREQUENCY WAVELET CROSS SPECTRUM

AND WAVELET CROSS FREQUENCY ENERGY RATIOS FEATURES

Feature N-T N-F Feature N-T N-F
p-value p-value p-value p-value

CF-O1P4-β 0.0047 0.0659 CF-P4Cz-α 0.0005 0.1258
CF-O1Cz-γ 0.0001 0.0257 CF-P4Cz-θ 0.0001 0.2431
CF-O1Cz-β 0.0003 0.0037 CF-P4Fz-γ ≤0.0001 ≤0.0001
CF-O1Cz-α 0.0001 0.0032 CF-P4Fz-β 0.0012 ≤0.0001
CF-O1Cz-θ 0.0139 0.4326 CF-P4Fz-α 0.0078 ≤0.0001
CF-O1Fz-θ 0.0001 0.0001 CF-P4Fz-θ 0.0060 ≤0.0001
CF-P4Cz-γ ≤0.0001 0.0121 CF-CzFz-γ 0.0004 0.7581
CF-P4Cz-β 0.0031 0.0250 CF-CzFz-θ 0.0001 0.0001

δ /β O1 0.0079 0.5862 θ /β O1 ≤0.0001 0.0431
δ /β Cz ≤0.0001 0.0288 θ /β P4 ≤0.0001 0.2335
δ /β Fz ≤0.0001 ≤0.0001 θ /β Cz ≤0.0001 ≤0.0001

N: normal walking; T: transient; F: freezing

cross correlation (magnitude and centroid frequency), cross
frequency energy ratios and statistics of wavelet energies of
EEG signals from 3 different conditions. The discriminant
capability of each feature and their combination in differen-
tiating normal walking and transition to freezing were then
examined.

The performance of classification did not necessarily
increase when different features were combined. As can
be seen in Table 2, utilizing MLP, the highest result for
sensitivity has been achieved using only WCS (83.37 %
mean) whilst applying only the statistic features as the input
of classifiers gave the best result for accuracy (73.47 %
mean). Interestingly, WCS gave the best result for accuracy
in differentiating normal walking and transition to freezing
using kNN (72 % mean) while the combination of all
features has increased sensitivity up to 87.25 %. However,
both MLP and kNN consistently showed the strength of
WCS in correctly detecting a transition condition, which
presumably related to the combined information within this
metric (spatial, spectral, and temporal). While stronger abil-
ity to correctly assess both conditions (accuracy) is still on
the agenda, how good the test is at detecting freezing is
determined by its sensitivity, as we are more concerned on
correctly predicting transient/freezing than correctly predict
normal walking. Our result suggest that -except for CFWCS-
all other features (WCS, ER, and statistical information of
wavelet coefficients) represent good candidates for further
development.

TABLE II

CLASSIFICATION RESULTS OF PROPOSED FEATURES USING MLP-NN

AND KNN CLASSIFIER IN DETECTING TRANSITION 5 SECOND BEFORE

FREEZING FROM NORMAL WALKING

Inputs MLP kNN
Features Se % Sp % Acc % Se % Sp % Acc %

WCS 83.37 57.63 69.9 83.50 60.50 72.00
CFWCS 63.51 62.6 62.73 64.25 61.50 62.87

ER 77.60 59.02 68.13 61.00 54.75 57.88
Stat 75.47 71.47 73.47 82.75 57.25 70.00

WCS,Stat 79.19 66.57 73.00 83.75 59.00 71.38
WCS,Stat,ER 74.28 69.89 72.18 87.00 52.00 69.50

All 76.27 67.29 71.75 87.25 52.75 70.00
Se: sensitivity; Sp: specificity; Acc: accuracy

IV. CONCLUSIONS AND FUTURE WORK

This study demonstrates that a novel approach combining
the spatial, spectral and temporal features of surface EEG
recording may prove effective for the prediction of FOG in
PD. In addition, a greater understanding of these recordings
will offer insight into the pathophysiological mechanisms
underlying this devastating symptom. We propose that this
higher sensitivity for event prediction has been achieved due
to the integration of features measuring a dynamic pattern
of space-time-frequency in EEG signals during transition to
a freezing condition. The application of all four features
proposed in this study has increased capacity to correctly
detect a FOG attack. Therefore, they can serve as useful
parameters in discriminating EEG signals. Future work will
hone the use of these electrophysiological parameters, with
dimensional reduction and classification methods that should
hopefully improve the utility of this approach.
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Abstract— Freezing of Gait (FOG) is one of the most dis-
abling gait disturbances of Parkinson’s disease (PD). The
experience has often been described as ”feeling like their feet
have been glued to the floor while trying to walk” and as such
it is a common cause of falling in PD patients. In this paper,
EEG subbands Wavelet Energy and Total Wavelet Entropy
were extracted using the multiresolution decomposition of EEG
signal based on the Discrete Wavelet Transform and were used
to analyze the dynamics in the EEG during freezing. The
Back Propagation Neural Network classifier has the ability to
identify the onset of freezing of PD patients during walking
using these features with average values of accuracy, sensitivity
and specificity are around 75 %. This results have proved the
feasibility of utilized EEG in future treatment of FOG.

I. INTRODUCTION

After Alzheimer’s disease (AD), Parkinson’s disease (PD)
is the second most prevalent neurodegenerative disorder
which increases with age [1]. It is a slowly progressive
neurologic disorder caused by degeneration of dopamine
and other sub-cortical neurons in the substantia nigra, an
area in the basal ganglia of the brain. Dopamine is one
of neurotransmitters which help transmit a message to the
striatum in the central area of the brain to initiate and control
movement and balance.

The freezing of gait (FOG) is defined as a ’brief, episodic
absence or marker reduction of forward progression of the
feet despite the intention to walk’ [2]. It was found to
be the most distressing symptom of PD. It is a common
cause of fall, interferes with daily activities, makes people
with Parkinson’s lose confidence in walking and significantly
impairs quality of life [3]. It is one of the least understood
symptoms in Parkinson’s disease and empirical treatments
are of poor efficacy, making it an important clinical problem
[2], [4].

In recent years, a few attempts have been reported on
the detection and prediction of FOG. Since leg oscillations
are so common in episodes of freezing, they are used as

A.M. Ardi Handojoseno, Tuan N. Nguyen and H.T. Nguyen
are with Faculty of Engineering and Information Technology,
University of Technology, Sydney, Broadway, NSW 2007, Australia.
AluysiusMariaArdi.Handojoseno@student.uts.edu,
tnnguyen.uts@gmail.com,Hung.Nguyen@uts.edu.au

James M. Shine and Simon J.G. Lewis are with Parkinson’s Dis-
ease Research Clinic, Brain and Mind Research Institute, Univer-
sity of Sydney, Level 4, Building F, 94 Mallet Street, Camper-
down, NSW, 2050, Australia. mac.shine@sydney.edu.au,
simonl@med.usyd.edu.au

Yvonne Tran is with the Key University Research Centre for Health Tech-
nologies, University of Technology, Sydney and the Rehabilitation Studies
Unit, University of Sydney, Australia. Yvonne.Tran@uts.edu.au

a sign of the freezing’s onset and as an indication that
special treatment to ’un-freeze’ needs to be done immediately
[2], [5]. Two major different approaches are based on char-
acterizing freezing of gait using spatiotemporal kinematic
parameter of gait (an increased cadence, decreased stride
length, and decreased angular excursion of leg joints) and
based on frequency analysis of leg movement [6]. Some
works have also been reported using an Electromyographic
(EMG) pattern to detect the onset of FOG [7], [8]. A wear-
able device using on-body acceleration sensors to measure
the patients’ movement has been developed [9]. Functional
MRI and virtual reality-based walking tasks were utilized in
recent research to identify direct neural correlate underlying
freezing behavior in a patient with PD [4].

Electroencephalogram (EEG) has been used to identify
and analyze brain dysfunctions including Alzheimer Disease
(AD) [10], Epilepsy [11], monitoring cerebral injury and
recovery [12] and Parkinson’s Disease [13]. To the best of
our knowledge, there is no implementation of EEG for FOG
detection except in a preliminary experiment [14] . In this
paper, we present a methods for detection of FOG using EEG
signals based on Wavelet decomposition and patterns recog-
nition techniques. The propose features, subband Wavelet
Energy and Total Wavelet Entropy, were chosen as they were
reported has significant advantages in detecting changes in
a short segment of EEG signals [15]. Complemented with
the Multilayer Perceptron Neural Network, they showed a
significant change in the brain signals before freezing.

II. METHODS

A. Experimental Setup and Data Acquisition

Twenty-six patients (age 69.8 ± 8.41) with idiopathic
Parkinson’s disease with significant FOG were recruited from
the Parkinson’s Disease Research Clinic at the Brain and
Mind Research Institute, University of Sydney. All patients
underwent a structured series of video-recorded timed up-
and-go tasks (TUG). Freezing episodes were defined as the
paroxysmal cessation of a patient’s footsteps during a TUG
task and were analyzed by two independent raters.

The EEG signals were obtained using a-4 channel wireless
EEG system developed by UTS with sensors are located at
occipital one (O1-primary visual receiving area), parietal four
(P4-navigational movement area), central zero (Cz-primary
motor area) and frontal zero (Fz- supplementary motor area).
Only the differential channels O1-T4 and P4-T3 were used
in this study. Raw data were acquired at sampling rate of 500
Hz in 1 to 2 hours periods for each patient and an epoch of 1
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second from individual freezing events was taken. Afterward
EEGs data were divided into three groups. The first group
was recorded prior to an onset of Freezing (normal walking).
The second group is referred to a period of onset of FOG
(5 seconds before freezing). The third group contains the
EEG signals during the FOG. These data are then processed
in three stages: preprocessing stage, feature extraction and
selection stage, and classification stage.

B. Data Preprocessing

Based on visual inspection on raw data, data from 10
patients were selected and 40 samples of data from each
chosen subject were taken for each group (i.e.1200 sam-
ples). Afterwards, EEGs were filtered using band-pass and
band-stop butterworth IIR filters in order to eliminate low
frequency noise and high frequency noise (BPF 0.5-60 Hz)
and cancel out the 50 Hz line frequency (BSF 50 Hz). Then,
a simple threshold filter was applied for further eliminated
noise, based on comparison of the signal data with its
neighbor and the standard deviation of the data.

C. Feature Extraction and Selection

Compared to a traditional Fourier Transform, Wavelet
Transform has the advantages of time-frequency localization,
multiscale zooming, and multirate filtering for detecting and
characterizing transients since its building block functions
are adjustable and adaptable [16]. It gives an excellent feature
extraction from non-stationary signals such as EEGs. In this
research, the discrete wavelet transforms (DWT) based on
dyadic scales and positions is used. The DWT is defined as,

DWT ( j,k) =
1√
|2 j|

∫ ∞

−∞
x(t)ψ(

t −2 jk
2 j )dt (1)

where 2 j and k2 j are the scale (reciprocal of frequency) and
translation (time localization) respectively.

In the procedure of multiresolution decomposition of sig-
nal x(t) based on the DWT, each signal is simultaneously
passed through a complementary high pass filter (HPF) and
low pass filter (LPF) and is down sampled by 2. The outputs
of the high pass and low pass filters provide the detail Dj

with the frequency band [fm/2 : fm] and the approximation
Aj with the frequency band [0 : fm/2], respectively. Frequency
subbands are related to the sampling frequency of the original
signal fs in which fm=fs/2(l+1) where l is the level of
decomposition.

The Wavelet decomposition for a given EEG signal x(t)
that shows the DWT with their coefficients could be written

x(t) =
∞

∑
k=−∞

A(k)ϕk(t)+
∞

∑
j=0

∞

∑
k=−∞

D( j,k)ψ j,k(t) (2)

The EEG signals then can be considered as a superposition
of different structures occurring on different time-scales at
different times. For EEG sampled at 500 Hz, a six level
decomposition results in a good match to the standard clinical
EEG subbands: delta (A6: 0-3.9 Hz), theta (D6: 3.9-7.8
Hz), alpha (D5: 7.8-15.6 Hz), beta (D4: 15.6-31.3 Hz),
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Fig. 1. Wavelet decomposition of EEG into five EEG subbands

gamma (D3: 31.3-62.5 Hz). Two of the highest resolution
components are noises: D2 (62.5-125 Hz) and D1 (125-250
Hz). Daubechies (db4) wavelets are selected as the wavelet
function due to their smoothing feature which is suitable
for detecting changes of the EEG signals. Reconstruction of
these signals into five constituent EEG subbands is depicted
in Fig.1.

The energy in these components and their wavelet co-
efficients are related to the energy of the original signal,
according to Parseval’s Theorm. This partition at different
time (k) and in scale (j=1,....,l) can be presented as:

EDj =
N

∑
k=1

|D j,k|2, j = 1, ....l (3)

EAl =
N

∑
k=1

|A j,k|2 (4)

where N is the number of the coefficients of the detail or
approximation at each decomposition level.

The energy distribution diagrams of EEG subbands at
channel O1 and P4 of three groups of signal: a) normal; b)
onset; c) freezing shows that EEG wavelet energy increases
before freezing in all subbands (Fig. 2). In comparison with
the EEG signal from normal stage, subbands alpha, beta,
and gamma of freezing stage have a bigger percentage of
the values of the total energy of the signal.

Total energy of the wavelet coefficients will be

Etot = EAl +ED j (5)

Normalization values of each subbands wavelet energy
(WE) results in the Relative Wavelet Energy (RWE)

p j =
E j

Etot
(6)

where E j refers to ED j and EAl . Further analysis on the
distribution energy using the Shannon information entropy
theory reveals the shift of the degree of complexity of the
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Fig. 2. Group means of wavelet energy of EEG subbands at O1 and P4

signal. Based on distribution of the RWE, the total wavelet
entropy (TWE) is defined as [15]:

H(x) =−∑
j

p j,klogp j,k (7)

Comparison of the TWE in three groups data (Fig.3) sug-
gests that EEG activity in freezing stage is less regular (more
complex) than in a normal condition in the occipital and
parietal regions. Significant changes happen even between
normal and onset with channel P4 appears as a stronger
indicator of changing than channel O1.

Non-parametric statistical analysis the Wilcoxon Sum
Rank Test was implemented to evaluate the statistical dif-
ferences between those features of three groups of data and
to select the significant one that differentiates those groups
of data.

D. Classification

Based on the feature selection and their combination
possibilities for classification, different Neural Networks
with different set of inputs are developed. A three layer
Back Propagation Neural Networks (BP-NN) is used, with
56% of the data trained by Levenberg Marquardt algoritm
(25% and 19% of the data are used for validation and
test, respectively). Tangent Sigmoid is chosen for activation
function and training process is stopped by the validation
set. The number of hidden nodes is selected between 4
to 7 depending on the number of inputs dimension and
the number of training pairs. Twenty separated training and
testing were done for each feature. Mean, standard deviation
and the best result were recorded for further analysis.

III. RESULTS AND DISCUSSION

Statistical analysis indicates that group Normal differs
from the other two groups (Onset and Freezing) at its Wavelet
Energy subbands delta, theta, and alpha as well as their
TWE (Table I). The higher subbands Wavelet Energy (beta
and gamma) in channel O1 do not appear to be significantly
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Fig. 3. The Box Plot of the TWE of three groups data of PD patients

different from each other as their confidence level less than
99% (p-value >0.01). However, all subbands wavelet energy
at channel P4 are statistically different, suggesting this region
has been deeply affected by the FOG. The degree of order
of wavelet energy significantly increased from onset stage
to freezing stage at occipital region (O1) in contrast with
continuous decreasing regularity at parietal region (P4) as the
general trend of dynamic from normal to freezing. This trend
was contrary to the pattern of EEG signal of AD and epileptic
patients during seizure which becomes more organized and
has less complexity and chaoticity [10], [11].

While the subband delta is likely to be affected by noise,
it is observed that the theta subband wavelet energy shows
the most considerable difference between all three groups.
It is consistent with a previous study of spectral analysis
using Fast Fourier Transform on the same data in which
theta appears as the most significant EEG subband affected
by freezing [14]. However, contrary to Palmer’s study [17]
in which beta band EEG is found to be more important for
dual task performance in PD which may lead to FOG, in
this study alpha has a more significant contribution to task
performance than beta.

For classification, four features of channel O1 were taken
as they have a significantly high confidence level beyond
criterium (p-value <0.01): WE delta, WE theta, WE alpha
and TWE. All EEG subbands WE and TWE of channel P4
were implemented as inputs. Experiments were conducted
for each location of brain (O1, P4) and combination of it.

The Back Propagation Neural Networks using Levenberg
Marquardt algoritm for training shows a promising result in
testing set as is indicated in Table II. Using only channel P4
has already given more than 76.57 % correct in classifying
normal-onset. Performance was slightly increased in accu-
racy and specificity when it was combined with channel O1
to differentiate between normal and freezing. The success
rate of differentiate between normal and onset (76.6 ± 3.4)
is slightly higher than between normal and freezing (73.88
± 79.6) implied that the neurological process of freezing in
the brain started in 5 second periods before it appeared as
freezing of gait. Compared to other works in different brain
diseases such as AD and epilepsy which obtain accuracy up
to 87.1 % [11] and sensitivity on average 83 % [18], clearly
more research needs to be done to increase the performance
of the system.
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TABLE I

STATISTICAL CORRELATION ANALYSIS BETWEEN 3 DIFFERENT STAGES OF PD’S PATIENTS

Channel- mean±std p-value
Feature Normal (N) Onset (O) Freezing (F) N-O N-F O-F

O1-WE δ 16939.779±26347.684 20781.927±28844.102 12840.539±21509.292 0.002 0.016 ≤ 0.001
O1-WE θ 1250.205±1496.056 2824.346±4010.260 1593.678±1997.817 ≤0.001 ≤0.001 ≤0.001
O1-WE α 1761.528±1828.380 2399.470 ±2168.370 2105.513±2200.471 ≤0.001 0.004 0.002
O1-WE β 2054.270±2776.284 2193.293±2729.281 2075.393±2411.743 0.028 0.174 0.290
O1-WE γ 2250.084±3129.022 2543.499 ±4003.021 2659.319±4233.292 0.339 0.083 0.373
O1-TWE 0.932±0.395 1.070±0.322 0.976± 0.353 ≤0.001 ≤0.001 ≤0.001
P4-WE δ 14132.911±20644.905 25843.544±32521.796 15637.085±18483.045 ≤0.001 ≤0.001 ≤0.001
P4-WE θ 1319.528±1366.631 3593.649±3857.009 2657.609±2045.397 ≤0.001 ≤0.001 0.002
P4-WE α 2622.983±2874.563 4546.447±3056.553 5271.596±3766.857 ≤0.001 ≤0.001 0.013
P4-WE β 2694.404±2835.144 4038.314±3000.283 4622.378±3257.461 ≤0.001 ≤0.001 0.007
P4-WE γ 3012.389±3562.820 3922.334±3108.741 4248.954±2950.425 ≤0.001 ≤0.001 0.020
P4-TWE 0.820±0.372 1.160±0.292 1.163±0.319 ≤0.001 ≤0.001 0.998

TABLE II

CLASSIFICATION RESULTS OF PROPOSED FEATURES USING BP-NN

Normal - Onset
Inputs Accuracy (%) Sensitivity (%) Specificity (%)

mean±std best mean±std best mean±std best
O1 59.2±3.4 66.4 61.6±8.4 80.5 57.0±8.5 72.7
P4 76.6±3.4 81.6 74.2±6.8 86.8 78.9±7.3 89.7

O1,P4 75.0±3.4 80.3 72.0±7.0 87.3 77.2±5.4 88.6
Normal - Freezing

Inputs Accuracy (%) Sensitivity (%) Specificity (%)
mean±std best mean±std best mean±std best

O1 52.1±3.9 57.9 54.2±11.9 74.4 50.2±9.4 76.3
P4 73.4±3.2 78.9 72.3±6.3 86.1 74.4±5.0 86.5

O1,P4 73.9±2.8 79.6 71.2±6.1 88.1 77.2±4.7 82.9

IV. CONCLUSIONS AND FUTURE WORK

We presented results of study of early detection of FOG
in PD’s patient using EEG signals. Complemented with
special treatment such as sensory cuing, this classification
system could be used in helping PD’s patient with FOG to
’unfreeze’ this symptom before it affected the movement.
EEG subbands Wavelet Energy and Total Wavelet Entropy
features can be used to represent changing during onset
and freezing period. Classification done by BP-NN has a
promising result and shows the feasibility of using EEGs
for FOG detection. Moreover, this study support analysis of
physiological brain dynamics during FOG. It may lead to
better understanding of its underlying mechanism. Further
exploration on other features, different area of the brain and
classification methods will be our near future work before
implementing it in a device.
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Kuś, R., Ginter, J.S., & Blinowska, K.J. 2005. Propagation of EEG activity during finger

movement and its imagination. Acta Neurobiologiae Experimentalis, 66(3), 195–206.

Lachaux, J.P., Rodriguez, E., Martinerie, J., Varela, F.J., et al. 1999. Measuring phase

synchrony in brain signals. Human Brain Mapping, 8(4), 194–208.

Lachaux, J.P., Lutz, A., Rudrauf, D., Cosmelli, D., Le Van Quyen, M., Martinerie, J., &

Varela, F. 2002. Estimating the time-course of coherence between single-trial brain sig-

nals: an introduction to wavelet coherence. Neurophysiologie Clinique/Clinical Neu-

rophysiology, 32(3), 157–174.

Langlois, D., Chartier, S., & Gosselin, D. 2010. An introduction to independent compo-

nent analysis: InfoMax and FastICA algorithms. Tutorials in Quantitative Methods for

Psychology, 6(1), 31–38.

Lau, T.M., Gwin, J.T., McDowell, K.G., & Ferris, D.P. 2012. Weighted phase lag in-

dex stability as an artifact resistant measure to detect cognitive EEG activity during

locomotion. Journal of Neuroengineering Rehabilitation, 9(1), 1–9.

Lee, Y.Y., & Hsieh, S. 2014. Classifying Different Emotional States by Means of EEG-

Based Functional Connectivity Patterns. PloS one, 9(4), e95415.

Linazasoro, G. 1996. The apomorphine test in gait disorders associated with parkinson-

ism. Clinical Neuropharmacology, 19(2), 171–176.

Loo, S.K., & Makeig, S. 2012. Clinical utility of EEG in attention-deficit/hyperactivity

disorder: a research update. Neurotherapeutics, 9(3), 569–587.

185



BIBLIOGRAPHY

Lotte, F., Congedo, M., Lécuyer, A., Lamarche, F., Arnaldi, B., et al. 2007. A review of

classification algorithms for EEG-based brain–computer interfaces. Journal of Neural

Engineering, 4.
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Silberstein, P., Pogosyan, A., Kühn, A.A., Hotton, G., Tisch, S., Kupsch, A., Dowsey-

Limousin, P., Hariz, M.I., & Brown, P. 2005. Cortico-cortical coupling in Parkinson’s

disease and its modulation by therapy. Brain, 128(6), 1277–1291.

Simuni, T., & Hurtig, H. 2008. Parkinsons Disease: Diagnosis and Clinical Manage-

ment. 2nd edition edn. New York: Demos Medical Publishing. Chap. Levodopa: A

pharmalogic Miracle Four Decades Later, pages 471–490.

Sitnikova, E., Hramov, A.E., Koronovsky, A.A., & van Luijtelaar, G. 2009. Sleep spindles

and spike–wave discharges in EEG: their generic features, similarities and distinctions

disclosed with Fourier transform and continuous wavelet analysis. Journal of Neuro-

science Methods, 180(2), 304–316.

Skudlarski, P., Jagannathan, K., Anderson, K., Stevens, M.C., Calhoun, V.D., Skud-

larska, B.A., & Pearlson, G. 2010. Brain connectivity is not only lower but different in

schizophrenia: a combined anatomical and functional approach. Biological Psychiatry,

68(1), 61–69.

Snijders, A.H. 2012. Tackling freezing of gait in Parkinson’s disease. Nijmegen, the

Netherlands: [Donders Institute for Brain, Cognition and Behaviour, Radboud Univer-

sity Medical centre, Nijmegen, the Netherlands].

Snijders, A.H., Leunissen, I., Bakker, M., Overeem, S., Helmich, R.C., Bloem, B.R., &

Toni, I. 2011. Gait-related cerebral alterations in patients with Parkinsons disease with

freezing of gait. Brain, 134(1), 59–72.

Sporns, O. 2011. Networks of the Brain. MIT press.

Sporns, O., Chialvo, D.R., Kaiser, M., & Hilgetag, C.C. 2004. Organization, development

and function of complex brain networks. Trends in Cognitive Sciences, 8(9), 418–425.

193



BIBLIOGRAPHY

Stam, C.J., Nolte, G., & Daffertshofer, A. 2007. Phase lag index: assessment of functional

connectivity from multi channel EEG and MEG with diminished bias from common

sources. Human Brain Mapping, 28(11), 1178–1193.

Staudinger, T., & Polikar, R. 2011. Analysis of complexity based EEG features for the

diagnosis of Alzheimer’s disease. Pages 2033–2036 of: Engineering in Medicine and

Biology Society, EMBC, 2011 Annual International Conference of the IEEE. IEEE.

Subasi, A. 2007. EEG signal classification using wavelet feature extraction and a mixture

of expert model. Expert Systems with Applications, 32(4), 1084–1093.

Suchan, B., Zoppelt, D., & Daum, I. 2003. Frontocentral negativity in electroencephalo-

gram reflects motor response evaluation in humans on correct trials. Neuroscience

Letters, 350(2), 101–104.

Sullivan, G.M., & Feinn, R. 2012. Using effect size-or why the P value is not enough.

Journal of Graduate Medical Education, 4(3), 279–282.

Supekar, K., Menon, V., Rubin, D., Musen, M., & Greicius, M.D. 2008. Network analysis

of intrinsic functional brain connectivity in Alzheimer’s disease. PLoS Computational

Biology, 4(6), e1000100.

Tas, C., Cebi, M., Tan, O., Hızlı-Sayar, G., Tarhan, N., & Brown, E.C. 2015. EEG power,

cordance and coherence differences between unipolar and bipolar depression. Journal

of Affective Disorders, 172, 184–190.

Teolis, A. 1998. Computational signal processing with wavelets. Springer Science &

Business Media.

Thatcher, R.W., North, D., & Biver, C. 2005. EEG and intelligence: relations between

EEG coherence, EEG phase delay and power. Clinical Neurophysiology, 116(9), 2129–

2141.

Theiler, J., Eubank, S., Longtin, A., Galdrikian, B., & Farmer, J.D. 1992. Testing for

nonlinearity in time series: the method of surrogate data. Physica D: Nonlinear Phe-

nomena, 58(1), 77–94.

194



BIBLIOGRAPHY

Trambaiolli, L.R., Falk, T.H., Fraga, F.J., Anghinah, R., & Lorena, A.C. 2011. EEG

spectro-temporal modulation energy: a new feature for automated diagnosis of

Alzheimer’s disease. Pages 3828–3831 of: Proceeding of the 33rd Annual Interna-

tional Conference of the IEEE EMBS.

Tripoliti, E.E., Tzallas, A.T., Tsipouras, M.G., Rigas, G., Bougia, P., Leontiou, M., Konit-

siotis, S., Chondrogiorgi, M., Tsouli, S., & Fotiadis, D.I. 2013. Automatic detection

of freezing of gait events in patients with Parkinson’s disease. Computer Methods and

Programs in Biomedicine, 110(1), 12–26.
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